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Computational studies of pH sensing design
principles in proteins
Diego Garrido Ruiz

Changes in pH are important regulatory signals for biological function, under
physiological and pathological conditions. Recent advances in computer simulations
strategies have made the exploration of the effects of charge titrations on protein
function possible. In this work, I make use of these strategies to investigate the
thermodynamic coupling between conformation and protonation states that give rise
to pH-dependent function.
As motivation for the rest of the work, I start by presenting a collaborative
investigation on a pH-sensing mutant of the EGFR tyrosine kinase common to a set
of distinct cancers. From then, I reduce the complexity of the systems under study to
build models where exact enumeration of states is possible to inquire about the
nature of the couplings between protonation states and conformation. Finally, I
discuss detailed simulations of pH-sensing proteins for which I use the expectations
and insights generated with simple models to identify and interpret couplings of
interest for pH-dependent behavior.
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Introduction

Changes in intracellular pH regulate many processes important biological
processes, both in normal1 and disease conditions2. Increases in the intracellular pH
(pHi) are linked to cell cycle progression3,4, differentiation5–8 , proliferation9,10 and
chemotaxis11,12, as well as a distinct hallmark of certain types of cancer13–15.
Decreased intracellular pH is linked to apoptosis16 and neurodegeneration17,18.
Under normal physiological conditions, cytosolic pH is kept at around 7.2, under
pathological conditions, the pHi of transformed cells being ~0.3-0.5 units higher, and
apoptosis is observed at ~0.3-0.4 units below it. Slight changes in intracellular pH
can lead to significant changes in phenotype, so cells maintain a tight regulation on
pH homeostasis19. Even though changes in pHi have an effect on the protonation
states of all titratable residues, only certain proteins have been shown to exhibit pHdependent functionality. A common thread among pH sensors seems to be a
change in the pKa of a few residues between functionally relevant conformations.
Thus, identification and characterization of the ionization state of these residues
within the context of conformational transitions is key to gain a mechanistic
understanding of pH sensors. Despite the importance of pH homeostasis for
biological processes and the effects of dysregulation on disease, biophysical
characterization of pH sensors remains challenging.
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We are interested in studying the role of equilibrium side chain titrations as
potential factors in long-range coupling in proteins. To dissect the nature of the
interactions that couple two distant sites across a protein we make use of
progressively detailed models, starting from first principles all the way to atomistic
molecular dynamics simulations with explicit discrete protonation states, inspired by
the work of Ken Dill20,21. The titration behavior of proteins and their response to
changes in pH has been extensively studied for a long time, both experimentally22
and theoretically23. The basis for the thermodynamics of proton binding are well
understood24, however, methods that explore the structural implications of the
titration of specific residues are still being developed25; computational methods in
particular.
The rigorous way to estimate the pKa of a particular side-chain is through free
energy simulations26 that connect the protonated and deprotonated forms of the
molecule involved. However, this approach comes at a high computational cost27, in
particular if there are non-local reorganizations in the transition between relevant
states.
Due to the high computational cost and the constraints that it imposes on the
simulations, there have been efforts to simplify the problem. One of the proposed
alternatives is to run simulations using continuum solvent models to solve the
Poisson-Boltzmann equation for the electrostatic field28,29. Using implicit solvent
models to simulate a protein in water comes with a tradeoff between reduced
computational cost and loss of accuracy. The simplest of these models treats the
solvent as a high dielectric medium separated by a carefully parameterized
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boundary from the inside of the protein, which is described as a continuous medium
with a low dielectric constant30. Water molecules are small and can reorient with
ease, so approximating them as a continuous dipole density is appropriate. The
same assumption is not as appropriate for a protein, which have a heterogeneous
distribution of charges that fluctuate in conformation around a basal state and can be
coupled to other charges in their environment. Because of this, the approximation of
the inside of a protein by a low dielectric constant can be problematic31. To get
around this, most continuum methods now incorporate a certain degree of protein
flexibility into the calculations by considering multiple conformations of the system of
interest32–34. However, most of these approaches are still limited in the degree of
conformational fluctuations that they simulate.
An alternative to continuum methods is to couple the pKa calculation with a
molecular dynamics simulation to sample the protein’s thermal ensemble. There are
two main ways to do this: continuous protonation state models and discrete
protonation state models.
Some continuous protonation state models make a mean-field approximation
in which titratable groups interact with their pH-dependent average protonation. This
approach uses continuous electrostatics to calculate the protonation average for
each titratable group, then runs molecular dynamics while recomputing the
distribution of protonation states at regular intervals35. Other models use λ-dynamics
for the protonation states of titratable residues36. For this, a potential for the λ
coordinate is built by interpolating the protonated and deprotonated states and then
propagated. Intermediate λ coordinates are made unfavorable so that the system
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explores preferentially states that are closer to the fully protonated or fully
deprotonated states36,37.
Discrete protonation models use molecular dynamics to sample the
conformation ensemble of the protein and periodically update the force field
parameters for the current conformation using Monte Carlo trials to attempt changes
in the protonation state of titratable residues. There are two types of discrete
protonation methods: those that solve the Poisson-Boltzmann equations to calculate
protonation state energies38 and those that use the Generalized Born model to
calculate transition probabilities between protonation states39. Using implicit solvent
models (Generalized Born) increases the efficiency of the method when compared
to the Poisson-Boltzmann approach. This in turn allows for more Monte Carlo trials
to exchange protonation state, providing better sampling of the protonation state
distribution of the system. Recent development in this direction has provided the
possibility of coupling the Generalized Born Monte Carlo trials to explicit solvent
molecular dynamics40.
Claude Shannon established the bases for information theory in a seminal
1948 paper41. Information theory describes the processing, transmission, extraction
and use of information, based on probability theory and statistics. Information is
defined as the decrease of uncertainty. Information theory is agnostic to the details
of the system under study, which allows for its application across many different
disciplines42–44. In particular, it has been applied to study many aspects of molecular
biology45–48, including its use in the analysis of protein dynamics to better understand
their function49,50. In this work, we use information theory to quantify the degree of
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coupling between pairs of random variables, that is, to quantify the reduction on the
uncertainty of one random variable through obtaining information on the specific
outcome of another random variable, through use of the appropriate information
theory tool: mutual information.
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Introduction

Increased pHi is an established feature of most cancers regardless of tissue
of origin or genetic background (1). This increased pHi can enable tumorigenic
properties such as increased proliferation, cell survival, and metastasis (1-5). Recent
work suggests increased pHi may be both a cause and a consequence of tumor cell
evolution (6). While the evolutionary theory of cancer has largely been shaped by
genomic analysis of tumor samples (7, 8), cancer cell adaptation is mediated not by
nucleotide changes but by proteomic changes that alter cell biology and enable
6

cancer cell behaviors. Determining how distinct amino acid mutational signatures
contribute to the physiological changes seen in cancer evolution is an understudied
but important area of research. Recent work has analyzed cancers by amino acid
substitution signatures (9-11) and found that arginine to histidine (Arg>His)
mutations are dominant in a subset of cancers. Anoosha and colleagues also
showed that Arg>His mutations are enriched in driver mutations compared with
passenger mutations (10). However, the physiological implications of this Arg>His
amino acid mutation signature has not been determined or proposed. Arg>His
mutations are of particular interest given recent work on the molecular mechanisms
of His switches in pH sensors, or proteins with pH sensitive functions or activities
(12). Arginine with a pKa ~12 should always be protonated, while histidine with a
pKa ~6.5 can titrate within the narrow cellular pH range and exhibit a shift in
population from the protonated to the neutral species at the higher pHi of cancer
cells. With a gain in pH sensing, Arg>His substitutions could provide an adaptive
advantage to cancer cells by altering protein binding or activity specifically at
increased pHi.
Supporting this prediction, we tested two recurring Arg>His mutations in the
epidermal growth factor receptor (EGFR-R776H) and p53 (p53-R273H). We
selected these mutations because they are recurrent in human cancers (13), occur
in functionally important regions of the proteins, and are candidates with predicted
opposite effects induced by increased pHi—an increase in EGFR enzyme activity
and a loss of p53 transcriptional activity. We found that these Arg>His mutations
confer pH sensitive functions that are not seen with the wild-type proteins. We also
7

present molecular mechanisms for how protonation changes at a single amino acid
substitution can alter protein structure and activity of EGFR. We show that the
adaptive pH sensing conferred by these Arg>His mutations enable cancer
phenotypes specifically at increased pHi. Moreover, lowering pHi can effectively limit
the tumorigenic effects of the Arg>His mutants. Our findings suggest that recent
broad analyses of somatic amino acid substitutions in cancer can inform and direct
studies of functional effects of somatic mutations at the protein level and, more
importantly, may open new avenues for better classification and treatment of
cancers.

Results
EGFR-R776H has pH sensitive kinase activity in vitro.

We first tested our hypothesis that some Arg>His mutations can confer a gain
in pH sensing by investigating an EGFR-R776H mutant. Point mutations of Arg776
are recurrent in lung cancers and 60% of mutations at this site are Arg>His (13). In
the inactive crystal structure of wild-type EGFR (EGFR-WT) (14), Arg776 is involved
in hydrogen bonding interactions with backbone carbonyl groups in the C-helix,
which are not present in the active crystal structure (15) (Figure 1 A). These
structural data suggest that Arg776 may help stabilize the inactive form of the kinase
through a hydrogen-bonding network. Conformational reorganization of the αC helix
is critical for kinase activity (16), and other activating EGFR mutations destabilize the
inactive state (17, 18). We predicted that protonated His776 at lower pH might
preserve the hydrogen-bonding network, while neutral His776 at higher pH would
8

disrupt this network, causing a shift in the conformational equilibrium to active EGFR
even in the absence of EGF.
We tested pH-dependent EGFR kinase activity in vitro using recombinant
EGFR containing the intracellular kinase domain and juxtamembrane segments
(residues 645-998) (14). Activity of EGFR-WT was pH insensitive, with similar
amounts of autophosphorylation and substrate phosphorylation at pH 7.5 compared
to pH 6.8 (Figure 1 B). In contrast, EGFR-R776H activity was pH sensitive, with
greater autophosphorylation and substrate phosphorylation at pH 7.5 than at pH 6.8
(Figure 1 B). To confirm that the pH-dependent activity observed is the result of
titration at His776 and not due to the loss of Arg776, we tested a glycine substitution at
position 776 (EGFR-R776G), which also occurs in human cancers (13). When Arg776
was mutated to a non-titratable glycine residue, autophosphorylation and substrate
phosphorylation were pH insensitive, suggesting that His776 specifically confers the
pH-dependent activity observed with EGFR-R776H.
A pH titration revealed that EGFR-R776H was pH sensitive within a narrow
range of pH 7.3 to 7.6. These data suggest that the activity of EGFR-R776H is
greater at the pHi of cancer cells (7.5-7.6) compared with the pHi of normal cells
(7.2).

Additionally, we observed a marked increase in EGFR-R776H activity

between buffer pH of 7.3 and 7.6, which suggests that the histidine is titrating within
that pH range. This result suggests that the pKa of His776 is upshifted compared to
the pKa of histidine in solution (pKa 6.5).
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EGFR-R776H confers increased pathway activation at higher pHi.

We confirmed pH-sensitive activity of EGFR-R776H when transiently
expressed in MDA-MB-453 clonal breast cancer cells. Parental MDA-MB-453 cells
are EGFR-null and have no response to EGF; but with transiently expressed wildtype EGFR, we observed an EGF-dependent increase in phosphorylated
extracellular signal-regulated kinase 1 and 2 (ERK1/2). We used incubation with
ammonium chloride (NH4Cl) to increase pHi and incubation with 5-(N-ethyl-Nisopropyl) amiloride (EIPA), a selective inhibitor of the sodium proton exchanger
NHE1, to decrease pHi. While EGFR-WT activity was pH independent at the pH
values we tested, EGFR-R776H was pH sensitive with increased activity at higher
pHi (Fig. 1C). In both the absence and presence of EGF, EGFR-R776H
autophosphorylation (pTyr1173, Figure 1 C, D) and downstream phosphorylation of
Akt (p-AKT) (Figure 1 C, E) were greater at higher pHi. Moreover, in the absence of
EGF, phosphorylation of both AKT and ERK in cells expressing EGFR-R776H was
greater at pHi 7.5 compared to 7.2, and greater than observed with EGFR-WT
(Figure 1 E, F). This indicates EGFR-R776H produces increased pathway activation
at higher pHi in the absence of ligand.
In contrast to EGFR-R776H, EGFR-R776G did not show pH-dependent
activity under any condition tested (Figure 1 C-F). These data suggest that His776
specifically confers the pH-dependent autophosphorylation and downstream
pathway activation observed with EGFR-R776H in mammalian cells. In the absence
of extracellular EGF, EGFR-R776G did induce increased downstream pathway
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activation compared to WT-EGFR (Figure 1 E, F). Additionally, we confirmed that
EGFR-R776H had pH-dependent activity when expressed in Chinese hamster ovary
(CHO) cells, which are also EGFR-null.
We also measured phosphorylation at three other EGFR autophosphorylation
sites to determine whether the pH-sensitive activity of EGFR-R776H discriminated
between the PI3K:AKT and Grb:MAPK signaling pathways. In the absence of EGF,
we found that EGFR-R776H had pH-dependent autophosphorylation of Tyr992, which
couples to PI3K:AKT, as well as Tyr1068 and Tyr1086, which activate the Grb:MAPK
pathway. In the presence of EGF, EGFR-R776H autophosphorylation of Tyr992 and
Tyr1068 was pH dependent, with increased phosphorylation at increased pHi. Both
WT-EGFR and EGFR-R776G had pH-independent autophosphorylation at all sites
and under all conditions tested. These data suggest that the pH-dependent kinase
activity observed with EGFR-R776H does not discriminate at the level of EGFR
autophosphorylation for one downstream signaling pathway over another. Molecular
dynamics simulations reveal a mechanism for pH sensing by EGFR-R776H.
To identify a potential molecular mechanism for gain of pH sensing by EGFRR776H, we used molecular dynamics (MD) simulations, an approach previously
used to reveal EGFR transitions between active and inactive states (19, 20),
regulatory mechanisms (21), and the impact of cancer mutations (22). A previous
investigation of the activation mechanism of R776H in the EGFR kinase domain also
focuses on the interactions around the αC – β4 loop, but does not take into
consideration the effect of different protonation states for the mutant (23). Here, we
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explore the pH-dependent activation mechanism by explicitly comparing wild-type
and both protonated and neutral R776H mutants.
We obtained 300 ns of molecular dynamics trajectories for EGFR-WT and
EGFR-R776H with protonated and neutral His776. We performed the information
theory-based Jensen-Shannon (JS) divergence analysis (24) to identify statistically
significant differences in protein structure and dynamics for EGFR-R776H with
protonated and neutral His776. We identified changes in structure and dynamics in
the vicinity of His776 as expected. However, we also observed high JS divergence
(0.5-0.61 nats) induced by changing the protonation state of His776 localized around
the αC helix N-terminal region (Figure 2 A), suggesting that protonation changes the
conformational dynamics of the entire αC helix.
We calculated average root mean squared deviation (RMSD) of the αC helix
in our simulations to the αC helix in the active crystal structure and obtained an
RMSD of 2.07Å ± 0.10 for neutral His776 compared with 2.27Å ± 0.11 for WT, and
2.42Å ± 0.16 for protonated His776. To characterize the αC helix conformation, we
used two angle measures that quantify tilting and displacement of the helix relative
to the conformation observed in the active crystal structure. We observed again that
the neutral His776 trajectory explored αC helix conformations that more closely
resemble the active crystal structure than WT and protonated His776 (Figure 2 B). A
superposition of final snapshots for each simulation shows the differences in
conformations explored for WT and each protonation state of the R776H mutant
(Figure 2 C-E). αC helix conformations sampled by neutral His776 (Figure 2 D) were
less constrained than those sampled by protonated His776 (Figure 2 E). Wild-type αC
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helix conformations were also constrained near Arg776 (Figure 2 C), however the Nterminal region had more flexibility than protonated His776. In contrast, molecular
dynamics simulations with EGFR-R776G showed that this mutant explored a wider
range of αC helix conformations sampling both active- and inactive-like
conformations. These data suggest that the protonation state of His776 can induce
localized and dynamic conformational changes in a functionally critical region of
EGFR.

EGFR-R776H enhances cancer phenotypes at higher pHi.

We also observed pH-dependent proliferation and transformation of cells
expressing EGFR-R776H but not wild-type EGFR or EGFR-R776G. For these
studies we stably expressed wild-type or mutant EGFR in NIH3T3 cells (Figure 3 A).
We used NIH3T3 fibroblasts because they are a normal line, express extremely low
amounts of EGFR (undetectable by immunoblot, although they are not true nulls),
and undergo transformation with activating EGFR mutants but not wild-type EGFR
(25). We experimentally changed pHi in these NIH3T3 cells with NH4Cl and EIPA
(Figure 3 B). We found that while proliferation of EGFR-WT and EGFR-R776G cells
were comparable across tested pHi values, EGFR-R776H cells had greater
proliferation at pHi 7.6 than at pHi 7.2 (Figure 3 C). Consistent with previous findings
that decreased pHi slows proliferation (26), proliferation of parental cells was lower
at pHi 7.2 compared with 7.4, but there was no increase in proliferation between pHi
7.4 and 7.6. Additionally, transformation with EGFR-R776H, determined by colony
13

formation in soft agar, was two-fold greater with increased pHi induced by NH4Cl
(Figure 3 D, E). In contrast, there was no transformation with EGFR-WT, and
transformation with EGFR-R776G and oncogenic BRAF-V600E were both pHindependent (Figure 3 E). Taken together, these findings indicate that the dynamic
pH sensitive activity of EGFR-R776H results in increased pathway activation,
proliferation, and transformation at the higher pHi of cancer cells, which could confer
an adaptive advantage to the cancer cells.

p53-R273H has pH sensitive transcriptional activity.

We showed with EGFR-R776H that increased pHi can enhance activity of an
oncogenic mutation. To test the prediction that gain in pH sensing can suppress
activity of a tumor suppressor at high pHi, we investigated p53-R273H, a recurrent
somatic mutation in p53. Amino acid substitutions at Arg273 are the most frequent
point mutations in p53 and 40% of these are Arg>His (13, 27). The co-crystal
structure of p53 with DNA (28) suggests direct binding of positively charged Arg273
with the negatively charged phosphate backbone of DNA (Figure 4 A). We reasoned
that protonated His273 could also form favorable electrostatic interactions with DNA
but neutral His273 would not, thus conferring pH-sensitive DNA binding with
decreased binding at higher pHi. Although several studies have measured
decreased DNA binding by p53-R273H (29, 30), to our knowledge pH-dependent
binding and transcriptional activity have not been reported.
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We used a luciferase reporter assay (31) to measure p53 transcriptional
activity with experimentally changed pHi. We performed these assays first in PS120
fibroblasts deficient in the sodium-proton exchanger NHE1 but engineered to stably
express an inactive NHE1 mutant (32, 33). These cells are a good model because
they are untransformed, transfect very well, and we previously established protocols
to manipulate pHi in these cells (34). We transiently expressed wild-type or mutant
p53, altered pHi, and induced a DNA damage response with etoposide. While
transcriptional activity of p53-WT was pH insensitive, activity of p53-R273H was pH
sensitive and decreased at higher pHi (Figure 4 B). In contrast, p53-R273L and p53R175H both exhibited pH-independent and low transcriptional activity (Figure 4 B).
These controls suggest that the pH-dependent transcriptional activity observed with
p53-R273H is due to the titration of a histidine specifically located at the protein-DNA
interface.

Cells expressing p53-R273H have pH sensitive transcriptional profile and
survival.

Because PS120 fibroblasts have endogenous p53, we confirmed our findings
on transcriptional activity using p53-null MDA-MB-157 clonal breast cancer cells
stably expressing p53-WT or p53-R273H. We changed pHi in these cell lines and
induced a DNA damage response with etoposide. Etoposide treatment had no effect
on pHi under the conditions used. Using an RT-PCR p53 profile array (Qiagen), we
simultaneously quantified transcript abundance for 83 members of the p53 signaling
15

pathway at pHi 7.2 and 7.6. We found a pH-dependent transcriptional profile in cells
expressing p53-R273H, with 20 transcripts differentially expressed at lower pHi in
p53-R273H expressing cells (Figure 4 C).

Nineteen transcripts, including pro-

apoptotic or arrest transcripts such as ATM, BRCA1, CHEK1, and FADD, were more
abundant at lower pHi in p53-R273H expressing cells and one pro-growth transcript,
PTTG1, was less abundant at lower pHi. We also noted that a linear regression of
2^-ΔC(t) values for pHi 7.2 vs. pHi 7.6 gave a slope of 1.3 ± 0.09 (R2 = 0.83) for
p53-R273H and 0.87 ± 0.02 (R2 = 0.99) for wild-type p53. These data suggest that
overall transcriptional activity of p53-R273H is decreased at higher pHi and that
decreasing pHi can partially restore p53-R273H transcriptional activity of proapoptotic genes. At low pHi in cells expressing p53-R273H we observed that
transcript abundance of CHEK1 and BRCA1 were equivalent to that observed with
p53-WT.
We also determined cell death in response to double strand breaks under
conditions identical to the RT-PCR assay. We found that the p53-WT cell line
exhibits pH-insensitive induction of cell death but p53-R273H has decreased cell
death at increased pHi (Figure 4 D). Therefore, transcriptional activity and induction
of cell death in response to DNA damage is decreased at higher pHi with p53R273H, suggesting transcriptional activity of this mutant is attenuated at the higher
pHi of cancer cells. Furthermore, we were able to rescue functional p53-R273H
response to double strand breaks by simply lowering pHi.
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Discussion

Our study indicates that p53-R273H and EGFR-R776H substitutions confer a
gain in pH sensing not seen with wild-type protein, enabling cancer cell behaviors at
higher pHi. These findings add to an emerging list of tumorigenic behaviors enabled
by the established higher pHi of cancer cells (5). We previously described how the
higher pHi of cancers increases cell proliferation and promotes hyperplasia and
metastatic progression (2, 4). Our new findings suggest that increased pHi can work
in concert with mutant proteins to enhance oncogenic signaling and limit tumor
suppression. Moreover, lowering pHi attenuates some of the oncogenic effects of
EGFR-R776H and partially restores p53-R273H tumor suppressor functions.
Despite published work reporting a higher than expected frequency of
Arg>His mutations in cancer (9-11), functional effects or physiological relevance of
recurring Arg>His substitutions has not been reported. Our data show that Arg>His
mutations can confer a gain in pH sensing to mutant proteins and suggest that
Arg>His substitutions may provide a fitness advantage to the increased pHi of
cancer cells. This work provides the first analysis of potential physiological relevance
of the higher than expected frequency of Arg>His mutations observed in cancer (9,
10). Furthermore, our functional assays in cells suggest that the tumorigenic effects
of some somatic Arg>His cancer mutations become penetrant only at high pHi, and
suggest that lowering pHi in cancer cells may reduce the deleterious effects of some
Arg>His mutations. These findings lay the groundwork for future studies on the
functional effects of other amino acid substitutions that may allow adaptive and
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advantageous

responses

to

either

altered

pHi

dynamics

or

dynamic

microenvironment pressures in cancers such as oxidative stress, oxygen and
nutrient availability, as well as metabolic reprogramming.
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Materials and Methods

Cloning and expression. EGFR substrate peptide: pGEX6P-GST-Peptide
Complementary oligos for EGFR substrate peptide TAENAEYLRVAPQ (15) flanked
by EcoRI and XhoI sites were ordered, annealed, and ligated into pGEX6P digested
with EcoRI and XhoI.
FP:AATTCCCACCGCGGAAAACGCGGAATATCTGCGCGTGGCGCCGCAGTGAC
RP:TCGAGTCACTGCGGCGCCACGCGCAGATATTCCGCGTTTTCCGCGGTGGG
Construct was transformed into and expressed in BL21-DE3 E. coli. Cells were
grown in Luria broth + 100 µg/mL ampicillin (37 °C, with shaking) until OD600= 0.5
and induced (1 mM isopropyl-β-D-1-thiogalatapyranoside (IPTG), 12 h, room
temperature, with shaking). Cells were pelleted (6,000×g; 10 min at 4 °C),
resuspended in binding buffer (25 mM Tris pH 7.5, 150 mM NaCl, 1 mM
ethelendiaminetetracetic acid (EDTA), protease inhibitor cocktail (Roche)), and lysed
by passing 6 times through a microfluidizer (Microfluidics; M110-S), cooling lysate
between passages. Clarified supernatant (14,000×g; 10 min at 4 °C) was loaded
onto to a pre-equilibrated glutathione-agarose column (Thermo Fisher), washed with
20 column volumes binding buffer, and the protein was eluted in binding buffer with
15 mM reduced glutathione, pH 8.0. GST-Peptide was concentrated and dialyzed
into storage buffer: 10 mM Tris, 50 mM NaCl, 1 mM dithiothreitol (DTT), 5% glycerol,
pH 7.5. Aliquots were flash frozen in liquid nitrogen and stored at -80 °C.
EGFR kinase: pFASTBAC-EGFR(645-998) (plasmid gift of N. Jura Lab) was
mutated

(Quickchange;

Stratagene)

to
19

create

pFASTBAC-EGFR-R776H.

Recombinant baculovirus production, expression and purification of both wild-type
and mutant EGFR (residues 645-998) from Hi5 insect cells were performed as
described (15). We note that expression of EGFR-R776G at high abundance
required increased MOI (5 vs. 2) and larger expression volumes. For EGFR-R776G
expression was performed in 6×500mL flasks before pooling and purifying. Proteins
were concentrated to 5−10 mg/mL and dialyzed into storage buffer: 20 mM Tris, 50
mM NaCl, 2 mM DTT, 2 mM Tris(2-carboxyethyl)phosphine (TCEP), and 10%
glycerol, pH 8.0. Aliquots were flash-frozen in liquid nitrogen and stored at -80 °C.

EGFR in vitro kinase assays. Reactions were assembled with 1 µM purified EGFR
and 1 mM ATP with 25,000 cpm mol-1 of [γ-32P]-ATP in kinase buffer (50 mM
HEPES, 10 mM MgCl2, 100 µM DTT, at pH 6.8 or 7.5) and pre-incubated at 25 °C
for 10 min. After pre-incubation, 3 µM GST-substrate peptide (TAENAEYLRVAPQ
(15)) fusion (Cf) was added, reactions incubated at 25 °C for 10 min, then quenched
(EDTA; 25 mM Cf). Reactions were mixed with Laemmli buffer, boiled, run on 10%
SDS-PAGE gels, and dried using a gel dryer (Biorad, Model 853). Autoradiograph
film (Denville Hyblot CL, E3018) was exposed overnight at -20 °C. For pH titration,
reactions were performed as above in kinase buffers prepared at a range of pH
values. Using ImageJ software, background-subtracted autoradiography intensities
were determined and normalized within each experiment to autophosphorylation
observed with WT-EGFR or R776H at pH 6.8. Quenched reactions were divided in
half, captured on duplicate Whatman P-81 disks, and washed as described (35).
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[32P] incorporation was measured by scintillation counting (Packard; TriCarb
2100TR) and averaged.

Cell culture. MDA-MB-453 (ATCC) and MDA-MB-157 (J. M. Bishop Lab): Leibovitz
L15 Medium with 15% fetal bovine serum (FBS), grown in atmospheric conditions at
37 °C. CHO (ATCC): Minimum Essential Medium-alpha with 10% FBS, grown in 5%
CO2 at 37 °C. NIH3T3 (J. Roose Lab): Dulbecco’s Modified Eagle’s Medium (DMEM,
GIBCO) with 10% FBS, grown in 5% CO2 at 37 °C. PS120-E266I: DMEM (GIBCO)
with 5% FBS, grown in 5% CO2 at 37 °C.

EGFR activity. Cells were plated (1×105 per well; 6-well plate) and 24 h later
transfected with 1 µg per well of pcDNA3-EGFR-WT (or EGFR-R776H, -R776G)
using Lipofectamine 2000 (Invitrogen) according to mfg’s protocol. 24 h posttransfection, medium changed to complete medium for 24 h and then cells were
serum-starved for 24 h. pHi control. After serum-starvation, to raise pHi, cells were
incubated with serum-free medium (SFM) containing 15 mM NH4Cl for 10 min. To
lower pHi, cells were incubated with SFM + 15 mM NH4Cl for 10 min, then incubated
with SFM + 1 µM 5-N-ethyl-N-isopropyl-amiloride (EIPA) for 5 min. Where indicated,
cells were treated with epidermal growth factor (EGF, 50 ng/mL; 5 min) added to pHcontrol media. Cells were washed twice with ice-cold phosphate buffered saline
(PBS) and incubated with 100 µl of ice-cold lysis buffer (50 mM Tris, 150 mM NaCl,
1 mM NaF, 1% Triton X−100, protease inhibitor cocktail (Roche), pH 7.5) for 15 min
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on ice. Cells were scraped and clarified lysate (10,000 rpm; 10 min) was used
immediately for immunoblotting or flash-frozen and stored at -80 °C.

Immunoblotting and quantification. For each sample, 10 µg of total protein per
lane (Bradford assay) was prepared (add Laemmli loading buffer, boiled) and loaded
on duplicate 10% SDS-PAGE gels. Proteins were transferred to 0.45 µm PVDF
membranes (Immobilon) (50V, 2.5 h, on ice). Membranes were blocked in 5% fatfree milk in TBST (0.1% Tween in Tris buffered saline (TBS)) for 1 h at room
temperature and then divided for blotting based on pre-stained protein ladder. 100+
kDa for total EGFR (Cell Signaling 2232), EGFR-pTyr1173 (Cell Signaling 4407),
EGFR-pTyr992 (Cell Signaling 2235), EGFR-pTyr1068 (Cell Signaling 2234), EGFRpTyr1086 (Cell Signaling 2220); all 1:1,000 in 5% bovine serum albumin (BSA) in
TBST). 50−100 kDa for AKT-pSer473 (Cell Signaling 9271; 1:1,000 in 5% milk:TBST).
10−50kDa for total ERK (Santa Cruz sc93; 1:5,000 in 5% milk:TBST) and ERK1/2pThr202/Tyr204 (Cell Signaling 4377; 1:5,000 in 5% milk:TBST). Where indicated,
actin was blotted (Millipore MAB1501; 1:10,000 in 5% milk:TBST). Primary
antibodies were incubated overnight (4 °C, with shaking). Membranes were washed
(3×5 min, TBST) with shaking. Secondary HRP-conjugated antibodies against
mouse and rabbit (Biorad 1706515 and 1706516; 1:10,000 in 5% milk:TBST) were
incubated for 1 h (room temperature, with shaking). Membranes were washed with
shaking (3×5 min, TBST), developed (Supersignal West Femto; Pierce), and
visualized (Alpha Innotech FluorChem Q). Using ImageJ software, backgroundsubtracted densitometries for phospho-antibodies (EGFR-pTyr1173, -pTyr992, 22

pTyr1068, -pTyr1086, AKT-pSer473, or ERK1/2-pThr202/Tyr204) were normalized to
background-subtracted densitometries for total EGFR for each condition.

Molecular dynamics structure preparation. A complete structure for initiating
molecular dynamics simulations was created using (2J6M) (18) and adding missing
residues (Arg984-Asp1003) from another crystallographic structure (3POZ) (36). The
two structures were aligned, missing residues were built in, and energy minimization
performed on the composite model in PLOP (37). For histidine mutants with fixed
protonation states, the Arg776 in the WT model structure file was mutated.

Molecular dynamics simulations. Amber’s LEaP program was used with the
Amber ff99SB force field and GAFF. The TIP3P water model was used to solvate
the system in a cubic periodic box, such that the closest distance between any atom
in the system and the periodic boundary is 10 Å. Net negative charge on EGFR was
neutralized by adding counterions (Na+). Energy minimization was performed in two
steps: using harmonic restraints on the protein (500.0 kcal mol-1 Å-2) and an
unrestrained minimization. For each step we ran 500 steps of steepest descent and
500 steps of conjugate gradient minimization at a constant volume with a nonbonded cutoff of 9 Å. The equilibration was done in three steps. First, the system
was heated from 0 to 300 K with a restrained equilibration (10.0 kcal mol-1 Å-2) for 20
ps at constant volume with a non-bonded cutoff of 9 Å, using the SHAKE algorithm
to constrain bonds involving hydrogens, and the Andersen thermostat. The second
round of equilibration was performed lowering the harmonic restraints (1.0 kcal mol-1
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Å-2) on the system for 20 ps (other parameters identical). The third round was
performed for 10 ns at constant pressure of 1.0 bar with non-bonded cutoff of 9 Å at
300 K with the Andersen thermostat. Simulations were performed without restraints
using new velocities with random seeds at constant pressure of 1 bar with nonbonded cutoff distance of 9 Å. Six independent 50 ns simulations were run with 2 fs
timestep, for a total of 300 ns of simulation time per EGFR construct. Coordinates
and energy were saved every picosecond (500 steps).

Molecular dynamics analysis. Convergence of the simulations was confirmed by
RMSD plots. For each trajectory, the structures were aligned to a reference structure
(active, 2GS6). To characterize the conformation of the αC helix, we calculated the
angle of the axis of the αC helix (residues 757-761 amide nitrogens’ center of mass
to residues 764-768 amide nitrogens’ center of mass) and the angle of the axis
defined by the vector from the αC helix center of mass to the center of mass of the
full tyrosine kinase domain to the corresponding axes in the active crystal structure.
Additionally, we calculated the distance between the center of mass of the αC helix
(residues 756-767) to the center of mass of the tyrosine kinase. Conformational
ensembles from molecular dynamic simulations were compared using the JensenShannon divergence, which is a measure of dissimilarity between probability
distributions. A discrete distribution of sampled torsion angles for each dihedral
angle in the system is created for trajectories at each condition (WT, R776H
protonated and neutral). These distribution are then compared using the JS
divergence, based on Kullback Leibler (KL) divergence:
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DKL ( P Q) = ∑i P(i)ln

€

P(i)
Q(i)

1
1
DJS ( P Q) = DKL ( P M ) + DKL (Q M )
2
2

€
where M =

1
(P + Q)
2

With the JS divergence we can quantify the degree of dissimilarity between two

€ dihedral angle distributions simulated under different conditions. Our calculations
take into consideration sample variability using a statistical bootstrap approach with
the full 6 independent simulations as reference (24).

Stable expression of EGFR in cells. NIH3T3 cells were transfected with pcDNA3EGFR-WT, -R776G or -R776H (3.5 mm dish; Lipofectamine 2000, Invitrogen). 24 h
post-transfection, cells were trypsinized and replated for selection (10 cm dish; 800
µg/mL zeocin, Invitrogen). When visible, individual colonies were isolated (cloning
cylinders, Corning), EGFR expression was analyzed, and clones with similar
expression propagated.

Cell proliferation. NIH3T3 parental or stable NIH3T3 cell lines expressing EGFRWT, -R776G, or -R776H were plated (1×103 per well; 24-well plate) in pHi control
media (6 wells per condition). pHi control. Control: DMEM + 10% fetal bovine serum
(FBS). Increased pHi (NH4Cl): DMEM + 10% FBS + 5 mM NH4Cl. Decreased pHi
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(EIPA): DMEM + 10% FBS + 10 µM EIPA. 24 h and 72 h after plating, 3 wells of
each condition were trypsinized and living cells counted (Trypan blue exclusion).

Cell transformation. Cells were plated on a solidified bed of 0.5% agarose in
growth media in 3.5 cm plates. For plating, 1×104 3T3-EGFR-WT, 3T3-EGFRR776G, 3T3-EGFR-R776H, or 3T3-BRAF-V600E stable cell lines were resuspended
in 0.35% agarose in growth medium. Agar was topped with 2 mL of growth medium
and incubated overnight. 24 h after plating, top medium was removed and replaced
with pHi control medium. For BRAF plates, BRAF-V600E expression was induced (1
µM tamoxifen). pHi control. Control—DMEM + 10% FBS; NH4Cl—DMEM + 10%
FBS + 5 mM NH4Cl. Medium was replaced every 3 days until day 15, when cells
were washed twice in PBS, fixed with 4% paraformaldehyde (PFA) in PBS for 1 h,
washed twice in PBS, and stained with 0.0005% crystal violet for 2 h. After PBS
washes to remove excess crystal violet, images were acquired (Alpha Innotech
FluorChem Q). Colonies were counted using Analyze Particles function on Image J
software. Particles larger than 8 square pixels were quantified and averaged from
two technical replicates per condition.

Luciferase assay. PS120 cells stably expressing NHE1-E266I (32) were plated
(4×104 per well; 24-well plate). 24 h later, cells transfected (Lipofectamine 2000,
Invitrogen) with 100 ng each of PG13-Luciferase (31) and pRK-β-galactosidase
(control reporter) as well as 500 ng of p53 plasmid (pCB6-p53, p53-R175H, p53R273L, or p53-R273H; wild-type plasmid provided by K. Vousden, Beaston
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Institute). Conditions with a non-specific reporter plasmid (MG13-Luciferase) (31)
were used for background subtraction. pHi control. 24 h after transfection, pHi was
altered. To raise pHi: 5 mM NH4Cl for 48 h. To lower pHi: 0.1 µM concanamycin A
(Sigma, C9705), a V-ATPase inhibitor, for 48 h. To induce p53 response, 10 µM
etoposide (Millipore, 341205) was added for the final 12 h. Luciferase and βgalactosidase activities were measured using Dual-Light Luciferase Assay (Roche)
according to mfg instructions. Briefly, 10 µl of lysate was measured in duplicate for
each condition and background-subtracted ratios of luciferase:β-galactosidase RLUs
determined.

RT-PCR. MDA-MB-157 cells stably expressing either wild-type p53 or p53-R273H
were plated in 10 cm dishes and grown to ~50% confluency before beginning
experimental modulation of pHi. pHi control. 24 h after transfection, pHi was altered.
To raise pHi: medium supplemented with 5 mM NH4Cl for 48 h. To lower pHi in
MDA-MB-157: medium supplemented with 10 µM EIPA for 48 h. To induce a p53
response, 10 µM etoposide (Millipore, 341205) was added for the final 12 h. Cells
were harvested and total RNA extracted using the RNAeasy Mini Kit (Qiagen). For
each condition, 0.5 µg total RNA was used. Synthesis of cDNA was performed using
the RT2 first strand synthesis kit (Qiagen) and the 96-well RT2 Profiler PCR Array
plates (Qiagen, PAHS-027ZA) were prepared according to manufacturer’s
instructions. The assay was performed on three independent preparations of cells
for each condition. The RT2 PCR Array datasets were processed using the SAB
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PCR Array Data Analysis Web portal with a boundary cutoff of 3-fold increase in
expression.

Cell death assays. Cells were prepared as described in the RT-PCR section and
treated identically to alter pHi. Three wells of each condition were trypsinized and
mixed with Trypan blue for counting. Cells were counted using a hemocytometer and
percent dead cells reported and normalized within each experiment to that observed
with p53-WT at low pHi.

pHi measurements. For each condition, triplicate wells were plated (2×104 per well;
24-well plate). Steady-state pHi was measured (38) under conditions outlined in pHi
control sections.
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Figures

Figure 1
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Figure 1 - EGFR-R776H has pH-sensitive activity and downstream signaling, with increased
activity at higher pHi. A) Structures of inactive (left, 3GT8) and active (right, 2GS6) wild-type (WT)
776
EGFR. Arg
shown in stick, αC helix in red, heteroatom distances (Å) noted in yellow. B) In vitro
32
kinase activity of WT and EGFR-R776H (R776H) determined by [γ- P]-ATP incorporation into
enzyme (autophosphorylation) or substrate peptide (substrate) at two pH values. Data normalized to
autophosphorylation of WT at pH 6.8. Data are from 4 independent experiments, mean ± SEM.
Representative gel and autoradiograph in Fig. S1A. C) Representative immunoblots of lysates from
quiescent MDA-MB-453 cells transfected with EGFR WT, R776H, or R776G with (+) or without (-)
EGF (50 ng/mL; 5 min) at indicated pHi values. Blots of total EGFR (EGFR), EGFR
1173
473
202
204
autophosphorylation (pTyr ), AKT-perS
(pAKT), ERK1/2 (ERK), and ERK1/2-pThr /Tyr
1173
(pERK). D-F) Quantification of pTyr
(D), pAKT (E), and pERK (F), with data normalized to amount
of total EGFR present. Data are from 4 independent experiments; Tukey boxplots. For B and D-F:
Student’s t-tests, unpaired, two-tailed, with Holm-Sidak multiple comparisons correction were used. *
p<0.05, ** p<0.01, *** p<0.001.
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Figure 2
Figure 2 - Protonation state of His776 alters EGFR αC helix conformations sampled in MD
simulations. A) Jensen-Shannon divergence of protonated vs. neutral R776H highlights major nonlocal differences localized around the N-terminal end of the αC helix. B) αC helix conformational
distribution for 300 ns molecular dynamics simulations defined by two angle measures (see Fig. S5A)
that describe tilting and displacement of the helix relative to the active crystal structure. Circles
denote the tilt and displacement of active (yellow) and inactive (black) crystal structures. See Fig. S5
776
for comparisons including R776G. C-E) Final snapshots of simulations for: WT (C), neutral His (D)
776
and protonated His (E).
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Figure 3
Figure 3 - EGFR-R776H has pH-sensitive proliferation and soft-agar transformation.
A) Immunoblot of NIH3T3 (3T3) cells and 3T3 cells stably expressing wild-type or mutant EGFR.
Indicated values are EGFR normalized to actin. B) Ammonium chloride (NH4Cl) increases pHi and 5N-ethyl-N-isopropyl amiloride (EIPA) decreases pHi in 3T3 cells, means ± SEM from 4 independent
experiments. C) Fold-increase in cell number at given pHi for wild-type or mutant EGFR stable cell
lines. Normalized within each experiment to parental 3T3 at pHi 7.4, means ± SEM from 4
independent experiments for 3T3, EGFR-WT and EGFR-R776H, and 3 for EGFR-R776G. D) Soft-
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agar transformation assay in NIH3T3 cells stably expressing wild-type or mutant EGFR or BRAFV600E. Cells were maintained for 15 days in complete medium or medium supplemented with 5 mM
NH4Cl, then fixed and stained with crystal violet. E) Colonies >8 square pixels were counted using
ImageJ particle analyzer (see Methods). Data are from 4 independent experiments, Tukey boxplots.
For C, comparison of 3T3 at pHi 7.2 and 7.4, a one-sample t-test (two-tailed) was used. For all other
comparisons in B, C, and E, Student’s t-tests, unpaired, two-tailed, with Holm-Sidak multiple
comparisons correction were used. * p<0.05, ** p<0.01, *** p<0.001.
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Figure 4
Figure 4 - p53-R273H has decreased DNA binding at higher pHi. A) Structure of p53 (4HJE) with
273
175
Arg
and Arg
in magenta stick B) Luciferase assay in PS120 cells transfected with wild-type or
mutant p53 at indicated pHi (see Fig S7A for pHi measurements). Luciferase was normalized to betagalactosidase control then within each experiment to WT at pHi 7.1. Data from 4 independent
experiments for WT, R273H, and R175H, and 3 independent experiments for R273L, mean ± SEM.
C) RT-PCR from etoposide-treated MDA-MB-157 cells stably expressing WT or p53-R273H at two
pHi values (see Fig S7B for pHi measurements). Scatter plots of (2^-ΔC(t)) on log10 scale for WT and
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R273H show transcripts that are more (red) or less (blue) abundant at pHi 7.2 relative to 7.6 (see Fig.
S8 for list of altered transcripts). Data from 3 independent experiments (mean, identity (solid) and 3fold boundary (dotted) lines). D) Cells were treated as in C and percent dead cells determined by
trypan blue exclusion. Data from 4 independent experiments, mean ± SEM. For B and D Student’s ttests, unpaired, two-tailed, with Holm-Sidak multiple comparisons correction were used. * p<0.05, **
p<0.01, *** p<0.001. For C, a 3-fold boundary significance cutoff was used.
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Models of thermodynamic coupling

Overview

In order to gain insight into the nature of the interactions that give rise to
thermodynamic coupling in proteins, we reduce the complexity of the system under
study. We generate exact analytic solutions from simple models to compare against
atomistic simulations.
We first consider two titratable groups at a fixed distance, with only the
electrostatic interaction between them. We describe the coupling between the
groups using information theory. This approach provides insights into the limit case
in which direct electrostatic interaction is the only factor that drives the coupling
between two titratable groups.
We then expand this into a model that incorporates a second property for
each titratable entity: volume. Each group can now be in one of two states, left or
right, with no possible volume overlap, which gives rise to different conformations of
the system. By adding this binary variable to describe the conformation of the
system, we can study the coupling between charge-charge, conformationconformation and charge-conformation. As trivial as this expansion is in principle,
interesting emergent behavior is apparent at this level.
Next, we compare these simple models against atomistic molecular dynamics
simulations to explore the role of electrostatic interactions and the persistence of
thermodynamic coupling across a protein.
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Finally, in order to explore the minimum necessary requirements that give rise
to cooperativity, we use a two state model, where each state has a different affinity
for charge, or macroscopic pKa. A trivial expansion to a tetrameric form without
explicit flow of information between monomers yields interesting behavior that allows
us to explore the emergence of cooperativity in higher order complexes.

Adding electrostatic interactions in quantification of coupling

Introducing additional interactions into the information theory based analysis
package previously developed in the lab, MutInf49, allows us to decompose the
observed thermodynamic coupling in simulations by the nature of the physical
interaction. We can decompose the expression of the mutual information between
two random variables by type of interaction:

I!! =

𝑝 𝑥, 𝑦 𝑙𝑜𝑔!
!"#$

I!" =

𝑝(𝑥, 𝑦)
𝑝 𝑥 𝑝(𝑦)

𝑝 𝑥, 𝑡 𝑙𝑜𝑔!

𝑝(𝑥, 𝑡)
𝑝 𝑥 𝑝(𝑡)

𝑝 𝑟, 𝑦 𝑙𝑜𝑔!

𝑝(𝑟, 𝑦)
𝑝 𝑟 𝑝(𝑦)

!"#$/!"#$

I!" =
!"#$/!"#$

I!! =

𝑝 𝑟, 𝑡 𝑙𝑜𝑔!
!"#$
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𝑝(𝑟, 𝑡)
𝑝 𝑟 𝑝(𝑡)

where (x,y) describe conformation states and (r,t) describe protonation states.
In order to incorporate protonation state data into MutInf, we first obtain
protonation state distributions for the titratable residues of interest using constant pH
molecular dynamics39,40 (CpHMD). Once we have a distribution, we assign a distinct
numerical value for each protonation state, from which we generate a histogram for
the protonation state of each titratable residue. We use these histograms to
calculate the mutual information between the protonation state of each titratable
residue and every other degree of freedom in the system, either dihedral angle
histograms or other protonation state histograms; correcting for undersampling bias
and for nonzero mutual information in independent datasets, as well as providing an
estimate of the accuracy of the calculation via bootstrapping49.

Titratable groups interacting exclusively through electrostatics

The pKa of each group is determined exclusively by the electrostatic
interactions between the groups.

𝑝𝐾𝑎! = 𝑝𝐾𝑎! − Δ  ; for  positive  charges
𝑝𝐾𝑎! = 𝑝𝐾𝑎! + Δ  ; for  negative  charges
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with pKaº being the model pKa for the titratable group and Δ being the magnitude of
the electrostatic interaction between the two groups:

Δ=

𝑞𝑞′
4𝜋𝜀! 𝜀! 𝑟

where εr is the relative permittivity of the medium, ε0 is the vacuum permittivity and r
is the distance between the charges q and q’. Unless explicitly stated, we use εr=78
as dielectric constant.
We identify four possible states of the system, focusing on two positive
charges for simplicity, which we associate with their corresponding free energy,
using the uncharged state as a reference:

ΔG!! = 0

ΔG!" =

ΔG!"

ΔG!! =

2.3 𝑝𝐾𝑎!! − 𝑝𝐻
𝑅𝑇

2.3 𝑝𝐾𝑎!! − 𝑝𝐻
=
𝑅𝑇

2.3 𝑝𝐾𝑎!! − 𝑝𝐻 + 2.3 𝑝𝐾𝑎!! − 𝑝𝐻
𝑅𝑇
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where q denotes a charged state and n the neutral state of the respective group.
Given these, we can explicitly define the partition function for our model:
𝑍 =1+𝑒

!.! !"#!! !!"
!"

+𝑒

!.! !"#!! !!"
!"

+𝑒

!.! !"#!! !!" !!.! !"#!! !!"
!"

from which we can calculate the probability for each of the macro states of the
system.
In particular, if the two groups have the same pKaº, we get:

𝑃!! =

𝑃!" =

𝑃!" =

𝑃!! =

1
𝑍

!.! !"# ! !!"
!"
𝑒

𝑍
!.! !"# ! !!"
!"
𝑒

𝑍

!.! !!"# ! !!!"
!"
𝑒

𝑍

Given these probabilities, we calculate the mutual information between the
two groups:
𝐼!! =    𝑃!!   𝑙𝑜𝑔!

𝑃!"
𝑃!"
𝑃!!
𝑃!!
+    𝑃!"   𝑙𝑜𝑔!
+    𝑃!"   𝑙𝑜𝑔!
+    𝑃!!   𝑙𝑜𝑔!
𝑃! 𝑃!
𝑃! 𝑃!
𝑃! 𝑃!
𝑃! 𝑃!

where PX corresponds to the marginal probabilities.
We also calculate the titration curve of the system to explore how the coupling
affects its titration behavior. To generate a titration curve, we calculate the fraction of
protonated states observed within the ensemble at different pH levels. For the case
where we have two positively charged titrating groups:
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𝑝𝑟𝑜𝑡𝑜𝑛𝑠 =

2𝑃!! +    𝑃!" +    𝑃!"
2

In order to make direct comparisons with all-atom molecular dynamics simulation,
we set the distance between groups as multiples of the smallest inter-residue
distance observed in our all atom simulations: 3.8 Å. This measure arises from the
typical distances for bond lengths within a peptide unit (Cα-C ≈ 1.51 Å; C-N ≈ 1.32 Å;
N-Cα ≈ 1.45 Å) and the fact that these bonds are not coplanar.
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Figure 5
Figure 5 – Titration behavior for two titratable groups interacting through electrostatics. Top:
Titration curves comparison: model vs. independent. (A) Two positive charges (pKa=10); (B) two
negative charges (pKa=4); (C) one positive (pKa=10) and one negative charge (pKa=4).
Bottom: Charge mutual information as a function of pH for two groups at increasing distances: 3.8Å
(circles), 7.6Å (triangles), 15.2 Å (squares) and 30.4Å (diamonds). (D) Two positive charges
(pKa=10); (E) two negative charges (pKa=4); (F) one positive (pKa=10) and one negative charge
(pKa=4).
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Figure 6
Figure 6 – Charge mutual information decay with distance and powerlaw fit. Circles denote the
calculated charge mutual information for two groups with same charge at a fixed distance.
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For two groups with the same charge and same pKa, the titration curves
show the effect of the coupling between the two groups in the system: a shift of the
intrinsic pKas of both groups, a first titration around pH equal the effective pKa and a
second titration around pH equal the intrinsic pKa ( Figure 5.A and Figure 5.B). The
direction of the pKa shift favors the neutral species over the charged species. These
effects reflect the anticooperativity of proton binding dynamics due to electrostatics:
the presence of charge in one group destabilizes the charged state of the other
group. For opposite charges (Figure 5.C), the pKa shifts favor the charged species
for each group: during the titration of each respective group, an opposite charge is
present on the other group.
Mutual information reports on the extent of thermodynamic coupling between
the groups (Figure 5.D,E,F). At increasing distance, the magnitudes of the mutual
information and the pKa shift decrease until the groups are sufficiently apart so that
there is effectively no interaction between them. The difference between the intrinsic
pKa values of the groups also modulates the mutual information between groups: it
is maximal when both groups have the same intrinsic pKa and decreases as these
values separate each other, as is apparent from Figure 5.F.
Figure 6 shows the decay of maximal mutual information with increasing
separation between the groups. The functional form of this behavior is not simple, as
is evident from the best fit.
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Summary:

•

Recasted the behavior of two titratable groups at a fixed distance in the
language of information theory.

•

Related mutual information, as extent of coupling, to the physical effects in
the titration behavior.

•

Coupling between charge states of both groups gives way to a change in the
titration behavior of the system, changing the slope of the curve and shifting
the effective pKas.

•

Due to the coupling between the groups, the binding of a proton at one site
acts anti-cooperatively on the binding of a proton at the other site for a range
of pH close to the effective pKas.
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Groups interacting through volume exclusion in a linear setup

We now consider a linear array of N spherical beads to characterize the effect
of volume exclusion on the conformational coupling of the outermost elements. The
minimum possible distance between each bead is again set at 3.8Å. The only
interaction between the beads is through volume exclusion.
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Figure 7
Figure 7 – Conformational mutual information decay with distance. (A) Possible states for N=2
system. (B) Conformational mutual information between outermost beads as a function of the
separation (and number of elements) between them.
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Figure 8
Figure 8 – Powerlaw fit of conformational mutual information with distance. Circles denote the
maximal conformational mutual information for two groups at each distance.
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We enumerate all possible states of the system taking into consideration that
elements cannot occupy the same space at the same time (Figure 7.A). Each
possible state is equiprobable.
We calculate the mutual information for N=2 beads (3.8Å minimum
separation) up to N=18 (60.8Å minimum separation) (Figure 7.B). For this model, the
mutual information reports on the coupling between the conformations of the
outermost beads. This coupling arises because of the volume exclusion constraint.
The mutual information decays with number of elements (distance) because the
number of possible states increases and the conformations of outermost beads
become less coupled (Figure 8).
This model recapitulates a proposed mechanism of communication (energy
transduction) between sites on a protein, where a sequence of steric clashes
transmits a change in conformation on one site to distal coupled sites.

Summary:

• We introduce a volume exclusion model as a stepping-stone for a more
complete model.

• We characterize the mutual information as a function of distance in this model
to compare with next model and highlight the effect of charge.

• We suggest connection between this model and model mechanism of energy
transduction in proteins.
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Groups interacting through fixed electrostatics and volume exclusion in
a linear setup

We extend the previous model to consider the effect of fixed charge and
volume exclusion simultaneously on the thermodynamic coupling between two
groups. The model consists of a linear array of N spherical beads where the two
extremes possess an intrinsic pKa.
We generate all possible configurations of the system for a given size, i.e.
number of elements, through explicit enumeration. To achieve this, we discard
conformations that involve steric clashes and weight the remaining states according
to the electrostatic interaction between the end charges. The probability of each of
the possible conformations is given by:
𝑝 𝑐 =

1 ! !!
𝑒 !"
𝑍

where the energy term of conformation c, Ec, corresponds to the electrostatic
potential energy:

𝐸! 𝑟 =

𝑞𝑞!
4𝜋𝜀! 𝜀! 𝑟

We then calculate the conformational mutual information for same and
opposite charge.
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Figure 9
Figure 9 – Conformational mutual information: three fixed charge cases. (A) Conformational
mutual information for no charge (black), fixed opposite charge (red) and fixed same charges (blue)
on the outermost beads of the system as a function of the minimal separation between them.
Dielectric constant = 78.
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In Figure 9, we observe an asymmetry in the way the same charge and the
opposite charge cases approach the case where there is no electrostatic interaction
between the beads. Since the entropy of the system sets the upper bound for the
mutual information, we observe low values of mutual information for the same
charge case, due to the fact that the entropy of this ensemble is low. This happens
because there is only one conformation that is energetically favorable, whereas in
the opposite charge case, there are two degenerate energetically favorable
conformations. Note that we are comparing the conformational mutual information
between the extreme elements, as the charges remain fixed.

Summary:

• We consider volume exclusion and electrostatic interaction within the same
model to determine how these factors give rise to the coupling between the
end groups.

• We observe an asymmetry in the conformational mutual information as a
function of distance between same charge and opposite charge due to the
effects of the interactions on the overall ensemble.

• For two proximal opposite charge groups, the conformational coupling is
increased due to the presence of charge, whereas for two proximal same
charge groups, the conformational mutual information is decreased.
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Groups interacting through electrostatics and volume exclusion in a
linear setup with only one titratable group

We now consider the effects of allowing one of the charges to titrate. The
remaining setup of the model remains the same.

Figure 10

Figure 10 – Ensemble for one titrating group and one fixed charge for N=2. Color on beads
denotes charge (red=charge, black=neutral). Arrows denote the two different distances between the
groups.

Again, we generate all possible states of the system and calculate the
probability of each, as given by the chain rule:

𝑝 𝑠 = 𝑝(𝑐, 𝑞) = 𝑝(𝑐|𝑞)𝑝(𝑞)

where p(s) denotes the probability of state s(c,q), p(c|q) is the probability of each
conformation given the charge state of the titrating group and p(q) is the probability
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of each charge state of the titrating group. For a titrating positive charge in an
ensemble with N possible states:

𝑝 𝑞: 𝑐ℎ𝑎𝑟𝑔𝑒𝑑

=

  (𝑁 − 2)𝑒

!.! !"#! !!! !!" !!.!(!"#! !!! !!")
!"

+    2𝑒

!.! !"#! !!! !!" !!.!(!"#! !!! !!")
!"

  𝑍!

𝑝(𝑞: 𝑛𝑒𝑢𝑡𝑟𝑎𝑙) =   

𝑁  𝑒

!.!(!"#! !!")
!"

𝑍!

with

𝑍! = (𝑁 − 2)𝑒

!.! !"#! !!! !!" !!.!(!"#! !!! !!")
!"

+ 𝑁𝑒

+ 2𝑒

!.! !"#! !!! !!" !!.!(!"#! !!! !!")
!"

!.!(!"#! !!")
!"

where Δ1 and Δ2 correspond to the electrostatic interaction at the two possible
distances between the groups (Figure 10). Note that given the way the model is
constructed, there are only 2 possible configurations that allow for the end groups to
be at a minimal distance Δ2, all other possible conformations maintain the end
groups at a longer distance Δ1.
And,
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𝑝 𝑐 =

1 ! !!
𝑒 !"
𝑍!

with

!

!!

𝑒 !!"

𝑍! =
!

where Ei is the electrostatic potential energy of conformation i, given that
conformation’s configuration and charge states.
We then characterize the coupling between end groups for same and
opposite charge, using biologically relevant cases. For this, we will explore the
mutual information for each case under two different conditions: interacting through
water (ε0=80) and through the protein (ε0=20); and at two different distances: 3.8 Å
and 15.2 Å. Since the strength of the electrostatic interaction between the groups is
modulated by the product of the dielectric constant and the distance between the
groups, the magnitude of the interaction at 3.8 Å given ε0=80 is the same as that of
the interaction at 15.2 Å given ε0=20.
Same charge
Lysine-Lysine

We use a model pKa of 10 for each lysine residue.
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Figure 11

Figure 11 – Mutual information decomposition for a titrating and a fixed lysine (pKa°=10). Icc is
the conformational mutual information and Iqc is the charge-conformation mutual information for the
two end groups. Red dotted line marks the model pKa and the black dotted lines mark the effective
pKas at both possible distances. (A) Two elements (minimum distance 3.8 Å) with ε0=80. (B) Two
elements (minimum distance 3.8 Å) with ε0=20. (C) Five elements (minimum distance 15.2 Å) with
ε0=80. (D) Two elements (minimum distance 15.2 Å) with ε0=20.
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Figure 12
Figure 12 – Corresponding titration curves for a titrating and a fixed lysine (pKa°=10). The
independent titration curve with pKa°=10 is shown as a dashed curve. (A) Two elements (minimum
distance 3.8 Å) with ε0=80. (B) Two elements (minimum distance 3.8 Å) with ε0=20. (C) Five elements
(minimum distance 15.2 Å) with ε0=80. (D) Two elements (minimum distance 15.2 Å) with ε0=20.
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At short distances (Figure 11 A and B), the low pH range exhibits low
conformational mutual information due to low entropy in the ensemble because both
ends remain charged. There is a peak in charge-conformation mutual information
around the lowest effective pKa. At high pH, the conformational mutual information
converges to the maximal value for the minimum possible distance.
At long distances (Figure 11 C and D), low conformational mutual information
is observed throughout the pH range with a very slight increase around the lowest
effective pKa.
Figure 12 shows the corresponding titration curves for each of these cases,
where we observe the effect of the coupling between groups on the behavior of the
system as a whole.

Histidine-Histidine

We use a model pKa of 6.5 for both histidine residues.
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Figure 13

Figure 13 – Mutual information decomposition for a titrating and a charged histidine
(pKa°=6.5). Icc is the conformational mutual information and Iqc is the charge-conformation mutual
information for the two end groups. Red dotted line marks the model pKa and the black dotted lines
mark the effective pKas at both possible distances. (A) Two elements (minimum distance 3.8 Å) with
ε0=80. (B) Two elements (minimum distance 3.8 Å) with ε0=20. (C) Five elements (minimum distance
15.2 Å) with ε0=80. (D) Two elements (minimum distance 15.2 Å) with ε0=20.
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Figure 14

Figure 14 - Corresponding titration curves for a titrating and a fixed histidine (pKa°=6.5). The
independent titration curve with pKa°=6.5 is shown as a dashed curve. (A) Two elements (minimum
distance 3.8 Å) with ε0=80. (B) Two elements (minimum distance 3.8 Å) with ε0=20. (C) Five elements
(minimum distance 15.2 Å) with ε0=80. (D) Two elements (minimum distance 15.2 Å) with ε0=20.
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The coupling between a titrating and a charged histidine (Figure 13) is
analogous to the previous case. One specific difference is in the location of the
charge-conformation mutual information peak, which now lies bellows pH 2 for the
case where the interaction is achieved through a low dielectric medium, far below
any biologically interesting case of note.
The effect of the coupling on the titration behavior of the system is shown in
Figure 14.

Opposite charge
Histidine – Aspartic Acid/Glutamic acid

We use model pKa of 6.5 for the histidine residue and a model pKa of 4.5 for
the aspartic acid/glutamic acid residue.
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Figure 15

Figure 15 – Mutual information decomposition for a titrating histidine (pKa°=6.5) and a
charged aspartic acid/glutamic acid (pKa°=4.5). Icc is the conformational mutual information and Iqc
is the charge-conformation mutual information for the two end groups. Red dotted line marks the
model pKa and the black dotted lines mark the effective pKas at both possible distances. (A) Two
elements (minimum distance 3.8 Å) with ε0=80. (B) Two elements (minimum distance 3.8 Å) with
ε0=20. (C) Five elements (minimum distance 15.2 Å) with ε0=80. (D) Two elements (minimum
distance 15.2 Å) with ε0=20.
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Figure 16

Figure 16 - Corresponding titration curves for a titrating histidine (pKa°=6.5) and a charged
aspartic acid/glutamic acid (pKa°=4.5). The independent titration curves with pKa°=6.5 and
pKa°=4.5 are shown as dashed curves. (A) Two elements (minimum distance 3.8 Å) with ε0=80. (B)
Two elements (minimum distance 3.8 Å) with ε0=20. (C) Five elements (minimum distance 15.2 Å)
with ε0=80. (D) Two elements (minimum distance 15.2 Å) with ε0=20.
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For simplicity, we present the results for a titrating histidine and a charged
aspartic acid/glutamic acid residue. The case where the histidine remains charged
and the aspartic acid/glutamic acid titrates is symmetrical. We group together
aspartic acid and glutamic acid for this analysis given the similarity of their model
pKas.
At short distances and high dielectric (Figure 15 A), we observe maximal
conformational mutual information between the end groups at low pH due to the
presence of both charges, which favors a minimal separation between the groups.
As pH increases, the positive charge of the histidine titrates at its effective pKa and
the conformational mutual information converges to the expected value for the no
charge case at this distance. We also observe negligible charge-conformation
mutual information around the effective pKa of the histidine. At short distances and
low dielectric (Figure 15 B), we observe flat high conformational mutual information
throughout most of the pH range. This is due to the considerably upshifted effective
pKa of the histidine (pKaeffective~11) which favors the charged species throughout
most of the pH range.
At long distances (Figure 15 C and D), the conformational mutual information
doesn’t change much across the pH range, except for a slight decrease around the
effective pKa of the histidine.
The effect of the coupling on the behavior of the system is shown in Figure
16. We observe that the high conformational coupling at short distance with low
dielectric (Figure 15 B) is due to the presence of charge throughout the pH range
(Figure 16 B).
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Lysine – Cysteine

We use model pKa of 10 for the lysine residue and a model pKa of 8.5 for the
cysteine residue.
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Figure 17

Figure 17 – Mutual information decomposition for a titrating lysine (pKa°=10) and a charged
cysteine (pKa°=8.5). Icc is the conformational mutual information and Iqc is the charge-conformation
mutual information for the two end groups. Red dotted line marks the model pKa and the black dotted
lines mark the effective pKas at both possible distances. (A) Two elements (minimum distance 3.8 Å)
with ε0=80. (B) Two elements (minimum distance 3.8 Å) with ε0=20. (C) Five elements (minimum
distance 15.2 Å) with ε0=80. (D) Two elements (minimum distance 15.2 Å) with ε0=20.
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Figure 18

Figure 18 - Corresponding titration curves for a titrating lysine (pKa°=10) and a charged
cysteine (pKa°=8.5). The independent titration curves with pKa°=10 and pKa°=8.5 are shown as
dashed curves. (A) Two elements (minimum distance 3.8 Å) with ε0=80. (B) Two elements (minimum
distance 3.8 Å) with ε0=20. (C) Five elements (minimum distance 15.2 Å) with ε0=80. (D) Two
elements (minimum distance 15.2 Å) with ε0=20.
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The qualitative behavior of the system in this case is analogous to the
previous case. The pKa shift due to the presence of charged species is shifted
towards the higher end of the pH range.
The effect of coupling on the behavior of the system is shown in Figure 18.

Summary:

• We explore the coupling between a titrating and a fixed charge interacting
through volume exclusion and electrostatics.

• Since we are only considering one titratable group, the overall qualitative
behavior in same charge and opposite charge cases is similar.

• In both cases, local thermodynamic coupling in high dielectric is mostly
conformational.

• In the same charge case, local thermodynamic coupling in low dielectric is
achieved through both conformational coupling and charge-conformation
coupling.

• In the opposite charge case, local thermodynamic coupling in low dielectric is
mostly conformational.

• Long range coupling is conformational but low magnitude.
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Titratable

groups

interacting

through

electrostatics

and

volume

exclusion in a linear setup

In this model, there are two degrees of freedom for the state of each bead:
charge and conformation. For simplicity, we consider only the outermost elements
as titratable. Given this restriction, there are three possible cases: no electrostatic
interaction between beads (either or both neutral), same charge and opposite
charge.

Figure 19
Figure 19– Possible states for N=2 and titratable charge (red-charged, black-neutral)

For clarity, we show the ensemble for a N=2 with titratable charge at each
bead (Figure 19). As we increase the pH, the states where the beads are charged
become more prevalent in the ensemble. This simple model can be used to study
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the interactions between carboxylates in aspartase proteases or between histidines
at different pH conditions, for example.
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Figure 20

Figure 20 – Asymmetry and alleviation of entropic effects through titration (A) Mutual
information for no electrostatic interaction (black), fixed opposite (red) and fixed same charges (blue)
on the outermost beads of the system. Dielectric constant = 78. (B) Mutual information for titrating
charges: no charge (black), fixed charge (blue) titrating charge (cyan) at pH 9.5. (C) Same charge:
Titration curves for n=2 (blue) and n=18 (red) elements compared to the titration curve of an
independent group (dashed line, pKa=10). (D) Opposite charge: Titration curves for n=2 (blue) and
n=18 (red) elements compared to the titration curve of an independent groups (dashed lines, pKa=10
and pKa=4).
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Figure 20 A, shows the asymmetry in the way the same charge and the
opposite charge cases approach the case where there is no electrostatic interaction
between the beads, in the case where the charges are fixed. However, if we allow
the groups to titrate as function of pH, we observe a reduction in the entropy effect
(Figure 6.B), which exhibits a steep transition as a function of pH for values around
the effective pKas of the groups. When the difference between simulated pH and
effective pKas of the titrating groups is large (~1 pH unit), the coupling converges to
either the fixed charge (blue curve) or no charge case (black curve).
Figure 20 C and D show the effect of the coupling between groups on the
titration behavior of the system for two beads next to each other (N=2) and with 16
neutral beads in between (N=18). Given that this model allows for alleviation of nonfavorable interactions through titration and conformational flexibility, the effect is less
pronounced than the corresponding effect on the titration behavior of the model with
fixed charges.
This model allows us to calculate the mutual information between full states,
as defined by position and charge, as well as between specific state variables:
position or charge alone. Doing so, we can compare the different types of mutual
information within the system: ICC, IPP, ICP and I. By decomposing the contributions to
the coupling by type of interaction, we gain further insight into the features observed.
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Figure 21

Figure 21 – Decomposition of Mutual Information for increasing number of elements (N=2,16).
(A) Two contiguous groups with same model pKaº=10 (minimum distance of 3.8 Å) in a high dielectric
medium (ε0=78). (B) Two groups separated by 14 neutral elements with same model pKaº=10
(minimum distance of 60.8 Å) in a high dielectric medium (ε0=78). (C) Two contiguous groups with
model pKa1º=10 and model pKa2º=4 (minimum distance of 3.8 Å) in a high dielectric medium (ε0=78).
(D) Two contiguous groups with model pKa1º=10 and model pKa2º=4 (minimum distance of 60.8 Å) in
a high dielectric medium (ε0=78).
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In Figure 21, we show different mutual informations between the titratable
extremes for the system for same charge (Figure 21 A and B) and opposite charge
(Figure 21 C and D). I([c,q],[c,q]) (or I) represents the mutual information between
the states of the titratable elements, as defined by position and charge. In turn, I(c,c)
(or ICC) corresponds to the mutual information between the positions and I(q,q) (or
IQQ) corresponds to the mutual information between the charge of the same
elements. I(c,q) (or ICQ) is then the mutual information between the position of the
first titratable element and the charge of the last titratable element; I(q,c) (or IQC) is
analogous.
We calculate the mutual information using state variables to compare to the
mutual information using full states to gain insight into the role of each type of
interactions that these variables are involved in. In Figure 21, we observe that the
mutual information for the state of the groups (I), defined by charge and
conformation, is a combination of the conformational mutual information (ICC) and the
charge mutual information (IQQ). The conformational coupling at short distances is
similar to that observed for previous models: in the same charge case (Figure 21 A),
we observe low mutual information at low pH due to the effect of charge on the
entropy of the system and a convergence towards the corresponding value for no
charge at the specific distance between extreme elements; in the opposite charge
case (Figure 21 C), we observe a high mutual information at low pH due to the
degeneracy of the optimal state with opposite charges at either end and a
convergence towards the corresponding value for no charge at the specific distance
between extreme elements. The conformational coupling at long distances is
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negligible. The charge coupling between titratable end groups of the same charge
shows a peak centered around the effective pKas of the groups (Figure 21 A). This
type of coupling is not observed for titratable end groups of opposite charge in this
case because there is no overlap along the pH range where both ends are charged
(Figure 21 B).
To further discuss the results of this model within the appropriate parameter
space for biological interpretation we focus on a couple of specific cases.

Same charge
Lysine-Lysine
We use a model pKaº=10 for both lysine-like groups in the system. The
following discussion is analogous to that of two Histidines, pKaº=6.5, except for the
specific pH values at which transitions occur.
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Figure 22

Figure 22 – Mutual information decomposition for two titrating lysines (pKa°=10). Icc is the
conformational mutual information and Iqc is the charge-conformation mutual information for the two
end groups. The dotted lines mark the effective pKas at both possible distances and the model pKaº.
(A) Two elements (minimum distance 3.8 Å) with ε0=80. (B) Two elements (minimum distance 3.8 Å)
with ε0=20. (C) Five elements (minimum distance 15.2 Å) with ε0=80. (D) Two elements (minimum
distance 15.2 Å) with ε0=20.
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Figure 23

Figure 23 - Corresponding titration curves for two titrating lysines (pKa°=10). The independent
titration curve with pKa°=10 is shown as dashed curve. (A) Two elements (minimum distance 3.8 Å)
with ε0=80. (B) Two elements (minimum distance 3.8 Å) with ε0=20. (C) Five elements (minimum
distance 15.2 Å) with ε0=80. (D) Two elements (minimum distance 15.2 Å) with ε0=20.
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In Figure 22, the mutual information calculated between states defined by
both state variables (I) is the combination of the conformational mutual information
(ICC), the charge mutual information (IQQ) and the cross terms (ICQ and IQC). At both
distances, the conformational mutual information follows the expectations set forth
by analysis of previous models. The charge mutual information is a peak centered
on the effective pKa of the groups. The range of pH at which both charges are
titrating determines the width of this peak, as is apparent from comparison to the
corresponding titration curves (Figure 23). Interestingly, we also observe a low
magnitude coupling between charge and conformation (ICQ and IQC) for short
distances in low dielectric (Figure 22 B). Although the contribution in this case might
not be determinant, it’s a new feature in this model that we will explore in further
cases.
The coupling between two titrating lysines is achieved through a combination
of conformational and charge coupling at short distances under both dielectric
conditions (Figure 22 A and B). The charge coupling plays a significant role in the
overall coupling of these two groups within a pH range determined by the magnitude
of the electrostatic interaction between them. At long distances (Figure 22 C and D),
the conformational coupling is minimal and the charge coupling is what drives the
overall coupling between these groups, within a range of pH.
Given this model, we gain insight into the biological behavior of two lysines
interacting. At short distances, both in high and low dielectric, the coupling is a
combination of both conformation and the presence of charge. At long distances, the
presence of charge drives the coupling between these groups, even in high dielectric
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although with a lesser magnitude. This suggests that the state of two lysines can be
coupled through water (high dielectric) at short (3.8 Å) and long (15.2 Å) distances
and we now have an expectation for the magnitude of the coupling. In low dielectric,
through the inside of the protein, this coupling is significantly higher at short and long
distances. The presence of charge in one lysine can influence the state of a distant
lysine either through water or through the protein of which they are a part.

Histidine – Lysine

We use a model pKaº=6.5 for the histidine-like group and pKaº=10 for the
lysine-like group in the system.
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Figure 24

Figure 24 – Mutual information decomposition for a histidine (pKa°=6.5) and a lysine
(pKa°=10). Icc is the conformational mutual information and Iqc is the charge-conformation mutual
information for the two end groups. The dotted lines mark the effective pKas at both possible
distances and the model pKaº. (A) Two elements (minimum distance 3.8 Å) with ε0=80. (B) Two
elements (minimum distance 3.8 Å) with ε0=20. (C) Five elements (minimum distance 15.2 Å) with
ε0=80. (D) Two elements (minimum distance 15.2 Å) with ε0=20.
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Figure 25

Figure 25 - Corresponding titration curves for a histidine (pKa°=6.5) and a lysine (pKa°=10).
The independent titration curves with pKa°=6.5 and pKa°=10 are shown as dashed curves. (A) Two
elements (minimum distance 3.8 Å) with ε0=80. (B) Two elements (minimum distance 3.8 Å) with
ε0=20. (C) Five elements (minimum distance 15.2 Å) with ε0=80. (D) Two elements (minimum
distance 15.2 Å) with ε0=20.
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In this case, we observe that the coupling between a histidine and a lysine at
short distances under high dielectric is mostly due to the conformational coupling
between the groups (Figure 24 A). There is a very slight contribution from one of the
the charge-conformation coupling terms (IQC). This contribution is more significant
under low dielectric conditions, although for this particular example, the ICQ peak
occurs below any biologically interesting pH range (Figure 24 B). This suggests
however, that the coupling between the states of two groups with different pKas can
be, at least in part, achieved through the coupling of the charge of the group with the
lowest pKa (for positively charged groups) and the conformation of the other group.
We don’t observe any significant coupling beyond the pH value that coincides with
the lowest effective pKa due to the separation between the values of the effective
pKas. At long distances (Figure 24 C and D), the coupling between groups drops
and is achieved through conformational coupling.
Two such groups present in the context of a protein can be coupled mostly
through conformation, especially at high dielectric and at longer distances. However,
we observe the possible coupling between the charge of the lowest effective pKa
group and the conformation of the other group at short distances under low
dielectric. This suggests that two such groups can be coupled under the right
conditions (difference of their effective pKas) in biological systems.
The corresponding titration curves are shown in Figure 25.
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Histidine – Histidine with unmatched model pKaºs

We consider the effect of having two groups with slightly unmatched pKaºs.
This is an important consideration in our model given that the effective pKas of
titratable groups in biology don’t always match the corresponding model pKaº or
even match the effective pKa of groups of the same chemical species in a different
environment within the same protein. For this, we use a model pKaº=6.2 for the first
histidine-like group and pKaº=6.8 for the second histidine-like group in the system.
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Figure 26

Figure 26 – Mutual information decomposition for a histidine (pKa°=6.2) and a different
histidine (pKa°=6.8). Icc is the conformational mutual information and Iqc is the charge-conformation
mutual information for the two end groups. The dotted lines mark the effective pKas at both possible
distances and the model pKaº. (A) Two elements (minimum distance 3.8 Å) with ε0=80. (B) Two
elements (minimum distance 3.8 Å) with ε0=20. (C) Five elements (minimum distance 15.2 Å) with
ε0=80. (D) Two elements (minimum distance 15.2 Å) with ε0=20.
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Figure 27

Figure 27 - Corresponding titration curves for a histidine (pKa°=6.2) and a different histidine
(pKa°=6.8). The independent titration curves with pKa°=6.2 and pKa°=6.8 are shown as dashed
curves. (A) Two elements (minimum distance 3.8 Å) with ε0=80. (B) Two elements (minimum distance
3.8 Å) with ε0=20. (C) Five elements (minimum distance 15.2 Å) with ε0=80. (D) Two elements
(minimum distance 15.2 Å) with ε0=20.
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In this case, we observe a very similar behavior as to the one discussed for
two lysines (Figure 22).
The only important difference is that the magnitude of the chargeconformation mutual information (IQC) is bigger in this case (Figure 26 B). This
suggests that a slight difference in the effective pKas of two coupled groups can lead
to a coupling between the charge of the lowest effective pKa group and the
conformation of the other one.
The corresponding titration curves are shown in Figure 27.

Opposite charge
Histidine – Aspartic Acid/Glutamic acid

We use model pKa of 6.5 for the histidine residue and a model pKa of 4.5 for
the aspartic acid/glutamic acid residue.
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Figure 28

Figure 28 - Mutual information decomposition for a histidine (pKa°=6.5) and an aspartic
acid/glutamic acid (pKa°=4.5). Icc is the conformational mutual information and Iqc is the chargeconformation mutual information for the two end groups. The dotted lines mark the effective pKas at
both possible distances and the model pKaº. (A) Two elements (minimum distance 3.8 Å) with ε0=80.
(B) Two elements (minimum distance 3.8 Å) with ε0=20. (C) Five elements (minimum distance 15.2 Å)
with ε0=80. (D) Two elements (minimum distance 15.2 Å) with ε0=20.
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Figure 29

Figure 29 - Corresponding titration curves for a histidine (pKa°=6.5) and an aspartic
acid/glutamic acid (pKa°=4.5). The independent titration curves with pKa°=6.5 and pKa°=4.5 are
shown as dashed curves. (A) Two elements (minimum distance 3.8 Å) with ε0=80. (B) Two elements
(minimum distance 3.8 Å) with ε0=20. (C) Five elements (minimum distance 15.2 Å) with ε0=80. (D)
Two elements (minimum distance 15.2 Å) with ε0=20.
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For this case, most of the coupling between the states of the two groups is
achieved through conformation (Figure 28). For a short distance under high
dielectric (Figure 28 A), we observe a negligible contribution from the mutual
information between conformation and charge (ICQ and IQC). However, the coupling
is achieved through the effect that the presence of charge in both groups has on the
system: at low pH and at high pH, only one of the groups is charged, so the system
converges to the no-charge case; in the intermediate range, the presence of
opposite charges couples the conformations of the groups. At short distance with a
low dielectric (Figure 28 B), the magnitude of the electrostatic interaction between
the groups is such that there is titration of charge across the range of pH, as is made
clear by the corresponding titration curves (Figure 29).
The same qualitative behavior for short distance with high dielectric, although with
diminished magnitude, is observed at long distances (Figure 28 C and D).

Histidine – Cysteine
We use model pKa of 6.5 for the histidine residue and a model pKa of 8.5 for
the cysteine residue.
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Figure 30

Figure 30 – Mutual information decomposition for a histidine (pKa°=6.5) and cysteine
(pKa°=8.5). Icc is the conformational mutual information and Iqc is the charge-conformation mutual
information for the two end groups. The dotted lines mark the effective pKas at both possible
distances and the model pKaº. (A) Two elements (minimum distance 3.8 Å) with ε0=80. (B) Two
elements (minimum distance 3.8 Å) with ε0=20. (C) Five elements (minimum distance 15.2 Å) with
ε0=80. (D) Two elements (minimum distance 15.2 Å) with ε0=20.
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Figure 31

Figure 31 - Corresponding titration curves for a histidine (pKa°=6.5) and a cysteine (pKa°=8.5).
The independent titration curves with pKa°=6.5 and pKa°=8.5 are shown as dashed curves. (A) Two
elements (minimum distance 3.8 Å) with ε0=80. (B) Two elements (minimum distance 3.8 Å) with
ε0=20. (C) Five elements (minimum distance 15.2 Å) with ε0=80. (D) Two elements (minimum
distance 15.2 Å) with ε0=20.
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In Figure 30 A, short distance and high dielectric, we observe again that the
overall coupling between the two groups is a combination of the conformational (ICC)
and the charge coupling (IQQ). The conformational coupling is similar to the behavior
described for the previous case of the system with a histidine and an aspartic
acid/glutamic acid. In this case, we also have a peak of mutual information between
the charges, centered on the effective pKa of the system and whose width is related
to the difference between their respective effective pKas. For low dielectric and short
distance (Figure 30 B), the electrostatic interaction between the groups is such that
there are no titrations across the pH range. For longer distances we observe
different behaviors for the high and low dielectric cases; for high dielectric, most of
the coupling is conformational and very flat across the pH range (Figure 30 C),
whereas for low dielectric, the coupling between groups is achieved mostly through
the charge, exhibiting a charge mutual information peak for the pH range in which
both groups are titrating (Figure 30 D). This suggests that residues of opposite
charge that titrate within a similar pH range can be coupled through their charge
state across the inside of a protein.
The corresponding titration curves are shown in Figure 31.
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Summary:

•

This model takes into account the effect of volume exclusion and charge
titration on the coupling between end groups.

•

For

charges

of

same

polarity,

thermodynamic

coupling

involves

conformational coupling, charge coupling and conformation/charge coupling
in different proportions under different conditions.
•

For charges of same polarity, the charge mutual information (IQQ) contributes
to the thermodynamic coupling between the groups, as long as both groups
titrate around the same pH range. This coupling through charge persists with
distance, especially in low dielectric conditions.

•

Also for charges of same polarity, the cross coupling terms (ICQ and IQC)
contribute to the overall coupling between the end groups for low dielectric
conditions and short distances, and it increases if both groups have similar,
non-equal, pKas.

•

For charges of opposite polarity, if the groups don’t titrate within overlapping
pH ranges, the thermodynamic coupling is mostly conformational.

•

For charges of opposite polarity, if the groups do titrate within overlapping pH
ranges, thermodynamic coupling is achieved through conformation and
charge, and this coupling can persist with distance, especially in low dielectric
conditions.
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Analysis of molecular dynamics simulations
Overview
We make use of the insight and expectations obtained from the previous
models and apply them to the analysis of all-atom molecular dynamics simulations of
biological systems.

Nitrophorine 4

Nitrophorine 453,54,55 (NP4) is a nitric oxide (NO) carrier heme protein found in the
saliva of blood-sucking insect Rhodnius Prolixus, a vector of Trypanozoma Cruzi.
NP4 binding of NO is pH-dependent56,57; it binds NO tightly in the low pH
environment (~5) of Rhodnius Prolixus saliva and with decreased affinity when it is
injected into the higher pH environment (~7.4) of the host tissue to induce
vasodilation. This loss in affinity is due to a conformational change that is coupled
with changes in electrostatic interactions centered on the protonation state of
Asp3058,59 and the formation of a hydrogen bond between this residue and Leu130.
The simulations were run by our collaborators in the Roitberg lab at the
University of Florida, using replica exchange constant pH molecular dynamics (pHREMD) with the Amber 12 suite with the ff99SB force field parameters and the
implementation of pmemd.cuda.MPI60. All simulations were performed in implicit
solvent (Generalized Born61) at 300 K, at a 0.1 M salt concentration, infinite cutoff for
non-bonded interactions, Langevin dynamics as thermostat and the SHAKE
algorithm62 to keep hydrogen atoms fixed at equilibrium lengths. All simulations were
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run using a 2 fs time step for integration of Newton’s equations and frames were
collected every 1 ps. Simulations were run using 8 equally spaced replicas in the
2.5-9.5 pH range; the initial structure for replicas in the 2.5-5.5 pH range
corresponded to the equilibrated closed structure whereas the initial structure for the
6.5-9.5 pH range corresponded to the equilibrated open structure59. Each replica
was simulated at their starting pH for 1 ns, then allowed to exchange conditions for
an additional 50 ns. Replica exchange was attempted every 1000 steps.
We take the data from the simulations, generate the histograms
corresponding to the distribution of each dihedral angle and the protonation state of
Asp30, and calculate the mutual information per residue, including the protonation
state of Asp30, using MutInf49.
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Figure 32
Figure 32 – Information theory analysis of NP4 pH-REMD simulations. (A) Maximum
conformational mutual information per residue matrix (B) Maximum conformational mutual information
as a function of distance for all residue pairs colored by attribute. Black curve represent the
conformational mutual information at the corresponding distance. (C) Maximum conformational
mutual information (ICC) to ASP30 conformation as a function of inter-residue distance. Green curve
corresponds to the average conformational mutual information. (D) Maximum charge/conformation
mutual information (IQC) to ASP30 protonation state as a function of inter-residue distance. Blue and
red curves correspond to the average mutual information for same charge and opposite charge
respectively. Cyan and mauve curves correspond to the max. conformational mutual information at
corresponding distance.
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As is shown in Figure 32 A, the maximum mutual information matrix between
each residue pair shows coupling across the whole protein, both local and non-local,
in sequence and in space. As rich as this information is, the task of finding a pattern
to account for the pH-dependent behavior of NP4 is not trivial.
In order to gain further insight, we separate the conformational mutual
information pairs by type of residue (Figure 32 B). We observe a higher than
expected persistence of coupling at long distances, in particular for polar and
hydrophobic residue pairs. This suggests that the presence or absence of the
hydrogen bond between the two conformations can have non-local structural
implications.
Focusing specifically on Asp30, we calculate the mutual information for the
conformation of Asp30 and that of every other residue (Figure 32 C). Again, we
observe persistence of conformational mutual information at long distances.
However, the average conformational mutual information matches the expectation
we developed from our simple models. The two highest conformational mutual
information values correspond to Leu29 and Leu31, which are contiguous to Asp30,
meaning that the conformation of Asp30 mostly impacts the conformation of its first
neighbors. The other significant conformational mutual information values
correspond to residues in the neighborhood of the loop containing Leu130, with
which Asp30 interacts differentially in the open versus closed conformations, and on
the opposite side of the protein, on an anti-parallel beta sheet motif that lies on the
end of the loop containing Leu130.
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In order to explore the pH-dependent behavior of NP4, we focus on the
mutual information between the protonation state of Asp30 and the conformation of
every other residue in the system (Figure 32 D). For this figure, we separate same
charge and opposite charge, given that we expect them to decrease with distance in
a different way. Using the expectations we obtained from previous models we
observe that the average mutual information per distance decays as expected, and
focus our attention to the outlier mutual information pairs. The most prominent
coupling to the protonation state of Asp30 we identify in this way are: His124,
Asp129 and Asp132. From this, we can say that the protonation state of Asp30 is
highly coupled to the conformation of these titratable residues around Leu130.
Through our analysis of the decomposition of the mutual information between
degrees of freedom of the system we are able to identify features of the pHdependent

mechanism

of

NP4.

We

recapitulate

the

importance

of

the

presence/absence of the hydrogen bond between Asp30 and Leu130 to transition
between open and closed conformations. Our analysis shows additional couplings of
interest based on the discrimination criteria established by comparing to our
previous models. However, given that these simulations were run with implicit
solvent, we expect long-range interactions to be overestimated as compared to
explicit solvent simulation. That is not to say that these couplings are spurious, but
rather that they might be exaggerated in these simulations. Even so, we rationalized
the long distance outliers with a structural justification.
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Summary:

•

Nitrophorine 4 is a model system for pH-dependent conformational
transitions. This mechanism is centered around the protonation state of
Asp30.

•

Through our information theory-based analysis of molecular dynamics
simulations, we are able to identify features of this mechanism centered on
Asp30 by comparing to our previous models and identifying outliers.

•

Our analysis also shows coupling between structural elements that are not
obvious at first glance (conformation of Asp30 region and the beta sheets on
the other side of the loop containing Leu130). It offers an opportunity to
rationalize changes in the conformation and dynamics of specific regions
within a protein that propagate after a specific perturbation.

•

The use of implicit solvent models highly reduces the computational costs of
these simulations, which allows for better sampling using replica exchange.

EGFR

The epidermal growth factor receptor (EGFR) is a transmembrane tyrosine kinase
receptor of the ErbB family. It is activated by binding specific ligands such as
epidermal growth factor (EGF) and transforming growth factor α (TGFα) among
others. Upon activation by its cognate ligands, EGFR undergoes a transition
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between the inactive monomeric form to the active homodimer63. The dimerization
process promotes the activity of EGFR tyrosine kinase domain64 and through this,
autophosphorylation on tyrosine residues on the C-terminal of EGFR occurs65. SH2
domains of interaction partners associate to phosphorylated tyrosines on EGFR and
activate downstream signaling pathways, in particular MAPK, Akt and JNK,
regulating proliferation, cell migration, DNA synthesis and adhesion66. EGFR can
aso be activated through cross-phosphorylation by other receptors67.
Mutations that upregulate or constitutively activate EGFR have been
associated with certain cancers, in particular non-small-cell lung carcinoma and
glioblastomas68,69. One such mutation is R776H70, which has already been
discussed in a previous chapter51. To obtain further insight into the precise
mechanism of pH-sensing for the R776H EGFR mutant, we took the molecular
dynamics simulations with fixed protonation state at position 776, and created an
ensemble with exactly half charged and half neutral species at this position (details
about the preparation and simulation parameters have been described in a previous
chapter51). By doing so, we were able to create histograms for all dihedral angles in
the system and for the protonation state of R776H. We ran MutInf49 using these
histograms to quantify the thermodynamic coupling between the conformation an
protonation state of R776H to all other residues in EGFR tyrosine kinase. We show
the results of the analysis in Figure 33.
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Figure 33

Figure 33 - Information theory analysis of EGFR simulations. (A) Mutual information of the
conformation of HIS776 to the conformation of every other residue. (B) Mutual information of the
protonation state of HIS776 to the conformation of every other residue. (C) High mutual information
residues (blue) with the conformation of HIS776 (green). (D) High average mutual information
residues (red) with the protonation state of HIS776 (green).
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Figure 33 A shows the sum of the mutual information of each dihedral angle for each
residue of the conformation of R776H to all other residues. We use our expectation
from the previous models to discriminate values of interest. Even though the
average mutual information at a distance correlates with our expectation from the
models, we observe a non-trivial number of outliers. In Figure 33 B, we show the
sum of the mutual information of each dihedral angle for each residue of the
protonation state of R776H to the conformation of all other residues. We use the
expectations from previous models to identify values of interest. In this case the
number of outliers is significantly lower, with only 5 residues showing a higher than
expected mutual information. The average mutual information in this case is low
across all distances, which we attribute to the fact that these simulations were run
with explicit solvent.
Once we identified the high mutual information pairs to the conformation and
protonation state of R776H, we locate them on the model structure of the tyrosine
kinase domain that we generated for the simulations. Figure 33 C shows the
residues with the highest mutual information to the conformation of R776H, shown in
green. We observe that the conformation of R776H is coupled to the conformation of
many residues across the protein, from its first neighbors (Cys775, Leu777), to
residues on or around the activation loop (Arg836, Lys879, Tyr891), to residues on
the opposite end of the α C-helix (Leu747, Glu749, Thr751), as well as to other
residues on distant ends of the kinase domain (Ser929, His992). The fact that the
conformation of R776H is coupled to the conformation of its nearest neighbors is not
surprising given packing constraints in proteins. The high mutual information
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between the conformation of R776H and residues on or around the activation loop,
as well as the high mutual information between the conformation of R776H and
residues on the opposite end of the α C-helix, suggest that changes in the
conformation of this residue have an impact on the conformation of the activation
loop and the α C-helix itself, two of the elements that differentiate the inactive from
the active state of the kinase domain. Since we are describing conformation using
internal coordinates, shifts in conformation of the α C-helix that involve rigid body
movements will not be reported by our dihedral description.
Figure 33 D shows the residues with the highest mutual information to the
protonation state of R776H. Of the 5 residues significantly coupled (Arg836, Lys879,
Ile890, Tyr891, Thr892), two are positively charged. These residues are all near the
activation loop and three of them also have high mutual information to the
conformation of R776H (Arg836, Lys879, Tyr891). This suggests that the pHsensing mechanism of the kinase domain of EGFR is a complex balance of
conformational fluctuations and differential interactions.
We know that the R776H mutant is active at high intracellular pH (pHi)
conditions, and we know that this has to do with the loss of ionic interactions
between site 776 and the backbone of residues on the α C-helix70,51. Our analysis
recapitulates this finding while providing additional information about the nature of
the thermodynamic couplings between residues that are important for the
active/inactive transition.
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Summary:

•

EGFR R776H is a cancer-associated mutant that exhibits pH sensing
behavior, adopting an active conformation at the high intracellular pH of
cancer cells. We investigate further how the coupling between the
conformation and protonation state of R776H to other residues in the kinase
domain gives rise to a mechanism for pH sensing under certain conditions.

•

Using our information theory-based analysis of molecular dynamics
simulations, we identify residues that are important for this mechanism.
Residues coupled to the conformation of R776H are observed all across the
protein, but tend to be located around some important structural elements
(activation loop, α C-helix), whereas residues coupled to the protonation state
of R776H are mostly centered around the activation loop.

•

The coupling between the protonation state of R776H and residues around
the activation loop is not achieved through direct electrostatic interactions, but
rather through changes in the conformation and dynamics of structural
elements such as the α C-helix and the activation loop.

•

These structural changes propagate throughout the protein as is apparent
from the persistent high coupling at long distances.

•

Merging simulations with explicit protonation states for a specific residue
allows us to sample conformations centered around each minimum in the
energy landscape. This increases the difference between each state but may
obviate important transitional changes.
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Hisactophilin
Hisactophilin71 is an actin binding protein from Dictyostelium discoideum, a
soil-living amoeba, and binds to F-actin in a pH-dependent manner72 to induce actin
polymerization in the absence of Mg2+ or K+, especially at low pH (~6.5). It is
distributed between the plasma membrane and the cytoplasm and exists in two
forms which are both myristoylated (covalent link to a C14 fatty acyl chain)73.
Myristoylation allows hisactophilin to bind reversibly to the membrane. A pHdependent transition, with an apparent pKa of ~6.95, between the conformations
with the myristoyl sequestered and exposed appears to be the basis of pHdependent regulation of membrane binding observed in vivo74. The myristoyl switch
is linked to the reversible uptake of ~1.5 protons by a subset of the 31 histidines out
of the 118 residues in Hisactophilin.
We ran molecular dynamics of hisactophilin without the myristoyl group to
explore the coupling between the protonation states of multiple titratable groups
through our approach. We took the solution NMR structure75 (pdb: 1HCD) and
prepared parameters and topology files using Amber’s LEaP program76 with the
leaprc.constph force field (ff12SB) and GAFF, choosing all 31 histidines as titratable
residues. The TIP3P water model was used to solvate the system in a cubic periodic
box, such that the closest distance between any atom in the system and the periodic
boundary is 10 Å. Net negative charge on EGFR was neutralized by adding
counterions (Na+), then ions (Na+ and Cl-) were randomly added across the box for
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a concentration of 0.1M. Energy minimization was performed in two steps: using
harmonic restraints on the protein (10.0 kcal mol-1 Å-2) and an unrestrained
minimization. For each step we ran 500 steps of steepest descent and 500 steps of
conjugate gradient minimization at a constant volume with a non-bonded cutoff of 9
Å. The equilibration was done in three steps: first, the system was heated using
Langevin dynamics from 0 to 300 K with a restrained equilibration (10.0 kcal mol-1 Å2

) for 20 ps at constant volume with a non-bonded cutoff of 9 Å, using the SHAKE

algorithm62 to constrain bonds involving hydrogens, and the Andersen thermostat,
then the second round of equilibration was performed lowering the harmonic
restraints (1.0 kcal mol-1 Å-2) on the system for 20 ps (other parameters identical),
finally the third round was performed for 10 ns at constant pressure of 1.0 bar with
non-bonded cutoff of 9 Å at 300 K with the Andersen thermostat. Simulations were
performed without restraints at constant pH of 7 using new velocities with random
seeds at constant pressure of 1 bar with non-bonded cutoff distance of 9 Å.
Changes in protonation state were attempted every 100 steps, with 100 additional
steps of solvent relaxation after every trial. Six independent 20 ns simulations were
run with 2 fs timestep, for a total of 120 ns of simulation time per replica.
Coordinates and energy were saved every picosecond (500 steps). For analysis,
only the last 10 ns of simulation time per replica were used.
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Residue

Mean charged state proportion (%)

Mean predicted pKa

Transitions

HIS10

16±3

6.1±0.3

15664

HIS11

17±1

6.2±0.1

33194

HIS13

14±3

5.8±0.5

9029

HIS25

29±10

6.5±0.7

7722

HIS26

16±1

6.2±0.2

29429

HIS28

15±<1

6.2±0.1

46543

HIS29

15±<1

6.2±<0.1

28210

HIS31

28±3

6.5±0.2

36607

HIS32

32±6

6.6±0.3

22725

HIS34

27±5

6.3±0.5

5395

HIS36

8±<1

5.9±<0.1

7318

HIS40

68±3

7.4±0.1

18458

HIS49

30±5

6.6±0.2

10652

HIS59

32±1

6.6±0.1

48950

HIS66

5±<1

5.7±<0.1

16298

HIS67

12±1

5.9±0.3

27990

HIS69

13±<1

6.1±<0.1

31974

HIS72

87±<1

7.9±0.1

17638

HIS76

9±<1

5.9±0.1

10180

HIS79

12±1

6.1±0.1

22463

HIS80

41±3

6.8±0.2

21853

HIS89

2±<1

5.2±0.1

5942

HIS90

31±2

6.6±0.1

51131

HIS91

20±1

6.4±0.1

35896

HIS92

24±1

6.5±0.1

19846

HIS98

9±<1

6±<0.1

22344

HIS99

20±<1

6.4±<0.1

52191

HIS101

10±<1

6±0.1

17079

HIS107

4±<1

5.4±0.5

12308

HIS108

35±6

6.7±0.3

27812

HIS110

11±<1

6±0.1

28168

Table 1
Table 1 – Mean charged state proportion, mean calculated pKa for the 6 replicas and total transitions.
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Figure 34
Figure 34 – Mutual information between all protonation states for all histidines in Hisactophilin
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Table 1 shows the mean proportion of the charged state and mean calculated
pKa for all titratable histidines in the simulation. Predicted pKa values range from
5.2±0.3 to 7.9±0.1.
In Figure 34, we show the mutual information pairs between the protonation
states of all histidines. There appears to be very sparse coupling between
protonation states in the simulation, due perhaps to the simulated pH being too high.
However, there is a range of predicted pKa values for the histidines and we know
from our analysis of previous models that one of the requirements for charge-charge
thermodynamic coupling is that both titrating groups have to have a similar pKa.
With this in mind, we focus our attention to the highest mutual information pairs
between protonation states.
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Figure 35
Figure 35 – Analysis of His80-His108 coupling. (A) Mutual information between the protonation
state of His 80 and all other protonation states (B) Mutual information between the protonation state
of His 108 and all other protonation states (C) Mutual information between the protonation state of His
80 and the conformation of all other residues (D) Mutual information between the protonation state of
His 108 and the conformation of all other residues
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Figure 36
Figure 36 – High mutual information pairs with His80 and His108 plotted onto the structure of
Hisactophilin. Blue residues are His80 and His108, the protonation state of these residues is
coupled to the protonation state of the residues in cyan, whereas the protonation state of His80 and
His108 are coupled to the conformation of residues in red.
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In Figure 35, we show the mutual information for the protonation state of the
pair of histidines with the highest mutual information between their protonation states
in Figure 34. Their protonation states exhibit the highest mutual information of the
system, even though it is just below the expectation from our models. Figure 35 A
and B show the mutual information between the protonation state of all titratable
histidines and the protonation state of His80 and His 108 respectively; they are
mostly coupled to each other. Figure 35 C and D show the mutual information
between the conformation of all residues in the system and the protonation state of
His 80 and His 108 respectively. Both His 80 and His 108 have high mutual
information between their own protonation state and their conformation. We know
from Table 1 that they also have similar predicted pKas and that these are close to
the simulated pH of 7. To contextualize the information in Figure 35, we plot the
residues with the highest mutual information to either the protonation or
conformation to one of these two histidines (Figure 36). From this, we can observe
that the pair of histidines in question are facing each other, His80 is in a beta-hairpin
and His108 is in a flexible loop. The protonation state of both histidines exhibits
higher mutual information than expected from our models with the conformation of
neighboring and distal residues. Both histidines are exchanging between charged
and neutral states across the simulations, which suggests that the interactions
between them are in constant flux. The loop in particular can move significantly
during the simulations to account for the coupling between the protonation state of
these residues and the conformation of other residues across the protein.
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Figure 37
Figure 37 – Histidines coupled through their protonation state – His13, His25, His31, His32,
His34
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Following the same type of analysis, we look some other residues that exhibit
some mutual information between their protonation states, even though it is well
below the values that we expected from our models. Figure 37 shows a subset of
histidines whose protonation states are coupled in the simulations: His13, His25,
His31, His32 and His34. These histidines are located on the opposite face of the
protein as His80 and His108, on or around both ends of a flexible loop. The
predicted pKas for these residues are close in value (~6.5), except for His13, which
has a lower predicted pKa (5.8±0.5). Even though the pH conditions of our
simulations do not match their pKas for optimal sampling, we observe these
residues titrating at a similar pH, which suggests that their protonation states are
coupled. Given that changes in the electrostatic environment can have an impact on
protein conformation and flexibility as well as on the protonation proclivities, it is
apparent that the coupling between these residues is achieved through the
conformation and flexibility of the loop.

Summary:

•

Hisactophilin is a uniquely suited model system to explore the coupling
between many titratable residues. We ran our simulations without the
myristoyl group appended to the protein, but ran constant pH molecular
dynamics simulations at a pH close to the experimental apparent pKa for the
pH switch mechanism.
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•

Our simulations show low protonation – protonation coupling, with most
predicted pKas for the titratable histidines below the simulated pH.

•

Using our information theory-based analysis of molecular dynamics
simulations, we identify different types of coupling within Hisactophilin.

•

One type is achieved through direct interactions between a pair of histidines
(His80 and His108). This interaction has structural implications for the
conformation and dynamics of the loop containing His108, which propagate
throughout the protein, as reported by the conformational mutual information
for these histidines and all other residues.

•

Another type is achieved through the a handful of titratable residues on
opposite ends of a loop (His13, His25, His31, His32, His34). These histidines
have similar pKas, yet do not appear to interact directly. In this way, the
conformation and flexibility of the loop changes upon changes in pH.

•

Using constant pH molecular dynamics allows exploring protonationprotonation coupling.
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Discussion

In our analytical models of coupling between titratable groups that involve
volume exclusion, we observe an asymmetry in the way same charge and opposite
charge approach the case when the groups are not charge. This is due to the effect
that charge interactions have on the conformational ensemble in this model.
However, we suggest that this effect might have biological implications, given the
tightly packed environment inside globular proteins. For this to be observed in real
systems there would need to be at least two titratable residues whose protonation
states are coupled and similar constraints on the conformations available.
Specifically, the presence of charge places different constraints on the
conformations of such residues. If the residues have charge of the same polarity, the
entropy of the lowest energy conformations tends to be reduced, whereas if the
residues have charge of opposite polarity, the entropy of the lowest energy
conformations tends to increase, as long as the coupling between them has a
conformational and a charge component.
For this work, we used three different types of molecular dynamics
simulations: implicit model (GB) replica exchange constant pH, explicit solvent fixed
with protonation states, and explicit solvent constant pH simulations. These different
simulation methods each have advantages and disadvantages that need to be
gauged beforehand.
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The use of implicit solvent greatly reduces the computational costs of
simulations compared to using explicit solvent models77. However, using implicit
solvent can lead to an overestimation of interaction magnitudes and lengths,
particularly for interactions that traverse the low dielectric constant medium of the
protein model. We observed that our simulation data with implicit solvent replica
exchange constant pH molecular dynamics exhibit higher mutual information at long
distances than the simulations run with explicit solvent. Recent developments in
explicit solvent constant pH methods and their implementations on graphics
processing units (GPUs) have made it increasingly possible to run replica exchange
constant pH molecular dynamics simulations using explicit solvent with reasonable
computational costs.
For our simulations of the EGFR tyrosine kinase, we ran independent
molecular dynamics simulations for wild type and each protonation state of the
R776H mutant. This allows us to better characterize the respective minima in the
energy landscape around each of the states. Important transition changes and
interactions might not be sampled under this paradigm. However, it can magnify the
differences between each state when compared to constant pH simulations. Thus,
we suggest this approach for simulations of systems for which only a few titratable
residues are involved in the transition between well-characterized states.
The Hisactophilin constant pH molecular dynamics simulations allow us to
explore the coupling between the protonation states of all titratable residues in the
system. The high number of possible titratable residues made it necessary to run the
simulations using constant pH molecular dynamics. Contrary to what we expected,
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the coupling between protonation states is sparse and low magnitude when
compared to the expectations from our analytical models. This could be due to the
robustness of the biological system subjected to changes in pH; biological pH
switches are able to respond to changes in environmental conditions through the
coupling of conformation and protonation propensities. Another reason for the
scarcity of protonation-protonation couplings observed in this simulation could be
that we are sampling intermediate states along the pH-dependent transition where
coupling between protonation states is transitory. Ideally, the study of the couplings
between protonation states and conformational degrees of freedom on Hisactophilin
would involve replica exchange constant pH molecular dynamics simulation, but
given the high number of titratable residues, this is still very costly computationally.
Both in our simple models and the molecular dynamics simulations we
observed maximal coupling between different degrees of freedom under different
conditions. A recurring theme is that, for two titratable groups to be coupled through
their protonation state, they need to have similar pKas. However, we also observed
in our molecular dynamics simulations that there is an important conformational
component to the coupling between the protonation states of titratable residues, like
in the case of the histidines surrounding both ends of a loop in Hisactophilin. The
effect of charge titrations on the conformation and flexibility of loops seems to be a
common coupling mechanism between protonation states and conformation. The
binding of protons is generally anti-cooperative, however, the coupling between
protonation states can give rise to cooperative behavior if sufficiently coupled to a
conformational transition in this way.
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