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If you can meet with Triumph and Disaster 
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The β-adrenergic pathway in cardiac myocytes activates protein kinase A (PKA) 

to phosphoregulate several Ca
2+

 handling proteins, including the L-type Ca channel, 

ryanodine receptor, and sarco/endoplasmic reticulum Ca
2+

-ATPase (SERCA) (via 

phospholamban), resulting in inotropic, lusitropic and chronotropic responses. However, 

based on PKA kinetics measured in vitro, almost all PKA should be activated by basal 

concentrations of cAMP. Several recent studies have postulated a role for local 
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degradation of cAMP by phosphodiesterases (PDE) in maintaining microdomains with 

lower cAMP concentrations around A kinase anchoring proteins (AKAP) which bind 

both PKA and PDE.  

In this study, we began by exploring if local clustering of AC and PDE combined 

with geometric constraints based on TEM images is sufficient to maintain a local 

difference in cAMP concentration. We show that even in a physiological geometry with 

significant steric hindrance and known PDE and AC kinetics, a non-physiological amount 

of PDE would be required to create a significantly difference cAMP concentration inside 

the cleft. Only when the diffusion coefficient for cAMP was lowered to 10 µm
2
/s or less 

would there be enough PDE in the cell to locally regulate the cAMP concentration and 

even then there would only be enough to protect the clefts and not any of the other 

compartments in the cell.    

We also explored how various metal ions may affect PKA activity. We show that 

while metal is essential to PKA catalysis, an overabundance decreases the rate of PKA 

activity. Through computational models, we determined that this biphasic relationship 

with metal could be explained by a second metal ion acting as a “linchpin” preventing 

ADP release until after the first metal ion leaves. Furthermore, the kinetics of this 

interaction were shown to be very metal ion dependent, suggesting that the 

concentrations of various metal ions in the cell will play a role PKA activation.    

While this helped to explain PKA activity after the regulatory (R) and catalytic 

(C) subunits release, questions remained about how PKA activity is regulated by cAMP 

in vivo and in vitro. Therefore, a novel Markov model of PKA-RIα activation in response 

to cAMP binding was developed to determine if a more physiological model of PKA 
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activation could explain the observed in vivo PKA activity. We used cAMP-R-subunit 

binding experiments as well as PKA phosphorylation rates from literature to show that a 

conformational selection mechanism is the best explanation for PKA activation by 

cAMP. Furthermore, this model was able to predict cAMP binding to mutant R-subunit 

with an inhibited A or B binding domain in the absence or presence of C-subunit. 

Finally, we propose a new model for PKA regulation which incorporates direct 

binding between PDE and the R-subunit of PKA as a novel pathway to stimulate PDE 

activity and inhibit PKA activation. We used in vitro kinetic experiments with 
3
H-tagged 

cAMP and purified PKA and PDE to quantify this interaction and explore its specificity 

both for PKA and PDE isoforms. The previous PKA Markov model was adjusted to 

include these potential states and it was fit to experimental data of PDE activity in the 

presence of R-subunit.  The model was able to fit this data and predict the effect of PDE 

binding on the PKA activity as well. This work suggests that incorporating this 

interaction into current whole cell models will significantly improve our understanding of 

how PKA is activated in vivo. 



 

1 

 

Chapter 1 Introduction 

1.1 Introduction to PKA  

The β-adrenergic pathway in cardiac myocytes is activated by binding sympathetic 

neurotransmitters, such as epinephrine and norepinephrine, to one of the G-protein 

coupled β-adrenergic transmembrane receptors [3]. This cascade triggers the activation of 

several downstream molecules, including protein kinase A (PKA), by increasing the level 

of cyclic adenosine monophosphate (cAMP), a secondary messenger inside the cell [4]. 

After activation, PKA phosphoregulates several Ca
2+

 handling proteins, including the L-

type Ca channel [5], ryanodine receptor [6], and sarco/endoplasmic reticulum Ca
2+

-

ATPase (SERCA) (via phospholamban [PLB]) [7], resulting in inotropic, lusitropic and 

chronotropic responses [8]. 

This pathway has also been shown to contribute to arrhythmias and other cardiac 

diseases [9]. For this reason β-blockers, drugs that specifically block the β-adrenergic 

pathway in the heart, have become a common preventative treatment after a first heart 

attack [10]. However, inhibiting an entire pathway has known side effects that would be 

limited if a single protein could be targeted instead. This has led to the development of 

multiscale models and new multiscale tools to help our understanding of how the 

hierarchy of biological structures integrates to produce biochemical, cellular, and 

physiological functions.    

Here I provide an overview of PKA structure and activation literature. I detail some 

of the existing whole cell models of β-adrenergic activation as well as their assumptions 

when it comes to cAMP binding and the existence of localized pools of cAMP inside the 

cell called microdomains. Finally, I discuss some of the tools and methods involved in 
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creating a multiscale model that bridges the atomistic, protein, and whole cell scales to 

create novel tools to improve our understanding of cellular function and to help design 

the next generation of therapeutic treatments.  

 

 

1.2 PKA dynamics and structure 

PKA is a ubiquitous cAMP receptor in eukaryotes [11-13]. The holoenzyme 

consists of a regulatory (R) subunit dimer and two catalytic (C) subunits . In the absence 

of cAMP, the R2-dimer and two C-subunits interact to form a holoenzyme structure that 

 
Figure 1.1| PKA isoforms R2C2 structures. The quaternary structure of the R2C2 

complex for RIα, RIβ, and RIIβ are shown. The R-subunits (green) and the C-subunits 

(white) are highlighted to show the distinctly different structure that leads to the various 

kinetics that each isoform exhibits. CBD-A and -B (white on green), the inhibitor 

sequence (red), and the D/D Domain (brown) are also shown. The compact structures of 

the RIα and RIIβ complexes in particular highlight the cooperatively between the R-

subunits that is also observed kinetically.   
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inhibits kinase activity by binding and blocking the active sites of the C-subunit (Figure 

1.1). Activation of PKA is a well-known example of allosteric regulation with four 

cAMPs binding to the R-subunit, weakening the R2-dimer’s interactions with the C-

subunits and leading to the unleashing of the C-subunit’s catalytic activity [14]. 

1.2.1 The C-subunit  

The C-subunit is composed of a two lobe core with a smaller and larger lobe, like 

all protein kinases [3]. The smaller lobe is primarily responsible for binding ATP, while 

the larger lobe interfaces with substrates or inhibitory proteins. Some examples of these 

proteins are the R-subunit, protein kinase inhibitor (PKI) [15], or phosphatases [16]. The 

catalytic loop interacts with the ATP and metal binding domains to facilitate phosphate 

transfer to the bound substrate [17-19]. Many crystal structures have been published of 

the C-subunit in complex with various ligands . In general, catalysis involves five major 

steps: ATP and metal binding, substrate binding, phosphate transfer, substrate release, 

and ADP and metal release. During these steps the C-subunit goes through a 

conformational change that facilitates ADP/ATP exchange. Over the last 20 years the 

kinetics of these step have been well documented . ADP release has been shown to be 

rate limiting [16]. Because ADP release is after the first phosphorylation event, the C-

subunit has a pre-steady state rate of catalysis (500/s) for single turnover interactions and 

a steady state rate dictated by the ADP release rate (20/s) after the first phosphorylation 

[21]. Recent work has highlighted the role of PKA single turnover interactions suggesting 

that both rates could be relevant physiologically [22]. There are several isoforms of C-

subunit that are currently being explored but the differences between them is beyond the 

scope of this paper [11].   
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1.2.2 The R subunit 

The R-subunit contains two tandem cAMP binding domains (CBDs)- CBD-A and 

CBD-B [23]- a dimerization and docking (D/D) domain that holds the two R’s together 

and binds A Kinase Anchoring Proteins (AKAPs) [24], and a disordered linker region 

containing the inhibitory sequence that interacts with the C-subunit [25]. Physiologically, 

each R-subunit exists as a homodimer of R’s connected through the D/D domain. There 

are four R isoforms found in humans: Iα, Iβ, IIα, and IIβ. While each isoform homodimer 

binds 2 C-subunits to form a holoenzyme, structural studies have shown that their 

tetrameric conformations differ significantly (Figure 1.1) [25]. These quaternary 

structures lead each isoform to have unique kinetics [26], including: altered 

cooperativities between the CBDs, different in KDs of binding between the R and C 

subunits, and different in KDs of binding between the R-subunit and cAMP. Furthermore, 

type II R-subunits can be phosphorylated by the C-subunit, preventing reassociation until 

the R is dephosphorylated by a protein phosphatase.  

The localization of the R-subunit inside the cell has also been shown to be isoform 

dependent due to a differences in binding coefficients between these isoforms’ D/D 

domains and AKAPs, a family of scaffolding proteins that localize A kinases inside the 

cell [27]. Since each AKAP is specific for a given subset of the R-subunit isoforms, each 

isoform can be pathway specific [28]. For example, calcium regulation in cardiac 

myocytes is predominantly controlled by RII isoforms [29] whereas RI is believed to be a 

metabolic sensor [30]. 
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1.2.3 PKA Regulation and Function inside Cardiac Myocytes 

In the cell, PKA is predominately regulated by the secondary messenger molecule 

cAMP. cAMP concentration is controlled by two families of proteins: adenylyl cyclases 

(AC)s and phosphodiesterases (PDE)s (Figure 1.2) [31]. AC is triggered by the binding 

of Gsα protein and converts ATP into cAMP, increasing the concentration in the cell. 

Recent studies have shown that Gsβγ also plays a role in activating ACs [32]. Which 

 
Figure 1.2| β-adrenergic activation and function of PKA in cardiac myocytes. PKA 

is activated by the binding of a neurotransmitter to the β-AR receptor, causing the 

release of Gsα that activates AC to produce cAMP, which in turn activates PKA to 

phosphorylate various calcium handling targets inside the cell. The stimulus is then 

terminated by PDEs, which hydrolyze the cAMP into 5’-AMP, and protein phosphatases 

(PP), which dephosphorylate PKA’s targets inside the cell. Image taken with permission 

from JBC [2]. Red circles added to denote calcium regulation proteins that are 

phosphorylated by PKA   
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isoforms are present and at what quantities is species and cell type dependent [33]. In 

mice, for example, there are four major isoforms in cardiac myocytes (AC4, AC5, AC6, 

and AC7) [34]. AC5 and 6 are the dominant isoforms and comprise ~74% of all of the 

AC in cardiac cells [35]. These isoforms are believed to be localized to the caveolae, 

based on co-immunoprecipitation studies with caveolin 3 [36]. AC 4 and 7 have similar 

kinetic properties and are localized outside of the caveolar domain [37].   

PDEs act as a check on AC activity by hydrolyzing cAMP into 5’AMP, helping to 

return the system to basal conditions after a stimulus. Like ACs, PDEs have multiple 

isoforms whose distributions are very species and cell type dependent [38]. Three of the 

dominant isoforms for cAMP regulation in mouse cardiac myocytes are PDE2, 3, and 4 

[38]. Of these isoforms, PDE3 and 4 contribute the majority of the PDE cAMP hydrolysis 

in the cell [37]. Also, these two isoforms are the only ones in cardiac myocytes that can 

be phosphorylated by PKA to increase their activity [39]. This functions as a negative 

feedback loop on the β-adrenergic pathway to check activation. Studies using Förster 

resonance energy transfer (FRET) sensors for cAMP concentration and PKA activity 

coupled with isoform-specific PDE inhibitors have shown that various proteins and 

regions of the cell are regulated by specific isoforms of PDE [40]. For example, the 

sarcoplasmic reticulum (SR) membrane and PLB have been shown to be regulated by 

PDE3 through localization by AKAP15/18δ [41], whereas the nuclear membrane and 

gene expression are predominantly regulated by the PDE4 family through their binding to 

mAKAP [42].        
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1.2.4 cAMP and microdomains 

Several studies have attempted to map the concentration of cAMP inside cardiac 

myocytes [43]. By localizing FRET and other sensors to various parts of the cell and 

recording differences in florescence and current, it was suggested that there are 

“microdomains”, areas of particularly low cAMP concentration inside the cell [28]. One 

theory is that AKAPs create signalosomes by binding A kinases with their isoform-

specific substrates. These AKAPs also frequently localize other upstream and 

downstream proteins in the same pathway to the same area [44]. For example mAKAP is 

known to localize to the nuclear membrane among other places and bind PKA-RII [45]; 

AC5, which produces cAMP; PDE4D3, which hydrolyzes cAMP [46]; and ryanodine 

receptors, which help regulate cytosolic calcium and are phosphorylation targets of PKA 

[47]. By binding a PDE and an AC as well as a PKA phosphorylation target, all of the 

components necessary to activate and inhibit PKA activity are combined in one place [1].  

 

 

1.3 Whole cell models of PKA and β-adrenergic signaling 

Several whole cell models of cardiac signaling have been published. In 2003, 

Saucerman, et al., wrote the first model that combined excitation contraction (EC)-

coupling and β-adrenergic regulation [48]. In 2007, Iancu et al., added compartmentation 

of cAMP into 3 compartments: caveolar (cav), extra-caveolar (ecav), and cytosolic (cyto) 

[34]. This allowed muscarinic modulation of the β-adrenergic response and separation of 

the AC and PDE isoforms into their physiological compartments. Other models have 

continued the trend of compartmentation of signaling, for example Heijman, et al., in 
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2011, which included CAMKII signaling [49] and Bondarenko, in 2014, which focused 

on mouse cardiac myocytes and included PKA activity both before and after stimulation 

[50-52]. Each of these kept the same three compartments for regulation with similar 

transitions between the compartments.   

However, these whole cell models also highlighted a discrepancy in our 

understanding of PKA activation. Several papers using several techniques have shown 

that the concentration of cAMP basally in cardiac myocytes is approximatly 1 μM . In 

vitro PKA activity kinetics suggest that most of RIα (>95%) and much of RII (>50%) 

should be active before a stimulus event under these conditions, making the dynamic 

range of PKA activation minimal [54, 55]. However, extensive in vivo data shows that 

after a stimulus event there is a significant increase in PKA activity and phosphorylation 

of various substrates, such as the β-adrenergic receptor and PLB .   

Each whole cell model has proposed solutions to this problem. The Heijman model, 

for example, suggested that cAMP is extensively compartmentalized (Table 1.1). In their 

model, the basal concentrations of cAMP in the cyto and cav compartments were 

assumed to be 0.347 and 0.474 μM, respectively, while the concentration in the ecav 

compartment was 9.6 μM in order to make the average cAMP concentration 1 µM if it 

was evenly distributed across the cell. Since most of the PKA was localized in the 

caveolar compartment, the PKA was not fully activated under basal conditions. However, 

this entailed an implausible 30x gradient of cAMP between closely localized 

compartments that would be difficult for the cell to maintain. Even with these 

assumptions, the Heijman model also required the simplifying assumption of no PKA 

activity basally despite the existence of free C-subunit in each compartment.  
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Table 1.1| The Heijman Model. Columns 2-4 are concentrations of each protein or 

small molecule basally as reported in the model. Column 4 also includes the isoform of 

the PKA in that compartment (α and β are not differentiated). Column 5 is the calculated 

percent of the PKA molecules in a given compartments that are not inhibited by PKI and 

can be activated by a reasonable increase in cAMP concentration in response to a 

stimulus. Column 6 is the increase in activity over basal activity that can be expected 

from these conditions.   

 

 The Bondarenko model, on the other hand, proposed a KD for PKA RIα activation 

by cAMP that was an order-of-magnitude higher than has been experimentally recorded 

in vitro [56], except under the non-physiological condition of 100x excess C-subunit 

compared to R-subunit [57]. This model also suggested that the cAMP concentration 

basally was lower than has been reported experimentally (0.25, 0.51, and 0.41 μM for the 

cav, ecav, and cyto compartments, respectively). However, even with these alterations, a 

significant fraction of the PKA would still have been active prior to a signaling event. 

Therefore, this model suggested that PKI, an inhibitor of PKA that is not regulated by 

cAMP, is localized to each compartment in similar ratios to PKA. This is despite little 

evidence for PKI binding sites on AKAPs and significant evidence that at least one of the 

dominant isoforms of PKI found in cardiac cells (PKIα) is predominantly localized to the 

nucleus and not near the cav or ecav domains [58].  

 

On a more fundamental level, while the transition rate for cAMP between 

compartments in these models is based on in vivo experiments in HEK cells [59], more 

recent cAMP diffusion studies in neonatal cardiac myocytes have shown a significantly 



10 

 

 

 

faster diffusion rate (200 μm
2
/s) for cAMP [60] which would lead to a less pronounced 

compartmental affect than any of these models propose. Some recent studies have 

pointed to R-subunit buffering as a mechanism to limit the rate of diffusion [53]. These 

studies recognize the fast rate of free cAMP diffusion in myocytes, but suggest that since 

R-subunit which bind free cAMP is bound to AKAPs, the effective diffusion coefficient 

of cAMP is much slower than has been previously reported.  

This phenomena has yet to be included in the current whole cell models. However, 

to date all of these models also use a very non-physiological model of PKA activation 

that ignores the tetrameric nature of PKA and treat it like a dimer instead. They also do 

not allow cAMP to dissociate from the R-subunit before the C-subunit rebinds despite 

evidence that this occurs and do not include the autophosphorylation of PKA R-subunit 

which inhibits reassociation of the R and C subunits [61-64]. Therefore, a better whole 

cell model is reliant on first the development of a better model of PKA activation. 

 

 

1.4 Introduction to Multiscale Modeling 

Fundamental flaws in our understanding of essential proteins such as PKA are 

driving the development of new methods that incorporate atomic and molecular-scale 

models and data into whole cell simulations. To this end, advances in atomic-scale 

modeling, particularly molecular dynamics (MD) and Brownian dynamics (BD) 

simulations, have provided insights into the effects of mutations on protein folding and 

protein-protein interactions . However, bridging these scales and disciplines to create 

models that can predict the effect of a point mutation or post-translational modification 
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on cellular phenotypes remains a daunting task. Frequently, even nomenclature does not 

readily transcend disciplines, making interdisciplinary collaborations across scales more 

difficult. Furthermore, understanding the limitations of models and methods at each scale 

to avoid error propagation is essential to obtaining physiologically meaningful solutions. 

In this chapter, I describe atomic and protein-scale Markov state modeling (MSM), as 

well as milestoning, which allow us to bridge atomic-scale molecular models to cell-scale 

signaling networks (Figure 1.3).  

 

 

 

 

 
Figure 1.3| Bridging gaps through multiscale modeling.  Simulation and modeling 

methods are limited in the spatial and temporal scales that can be represented. Arrows 

show the information that can be fed from one simulation regime to another.
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Over the past decade, the availability of high-resolution protein structures and the 

capabilities of atomistic molecular modeling techniques has improved dramatically. MD 

and atomic-scale MSMs use atomic-resolution structural data to model the position of 

atoms in a protein and calculate the forces between them. This is helpful in predicting 

functional states and rates of conformational change. However, these methods cannot 

easily calculate the rates of interactions between molecules, which are needed for higher 

scale reaction network models.   

Advances in BD simulations and milestoning have provided tools that are 

specialized in calculating diffusion-limited association rate constants. Previously, the data 

used for parameterization of the transitions in protein-scale MSM came almost 

exclusively from in vitro experiments where conditions are controlled to limit the number 

of potential states. These data included phosphorylation rates, kon/koff of binding events, 

and ion channel transitions . However, many molecular events occur at time-scales that 

cannot be easily accessed by experiments [69]. Fortunately, computational simulations 

have provided alternative methods for determining parameters for whole-cell models. BD 

simulations rely on simplifying assumptions that allow simulations of microscopic events 

that span larger systems and timescales than more detailed methods, such as MD, allow. 

BD can be used to determine association rate constants (kon) for diffusion-limited protein-

protein and protein-small molecule interactions. It specifically examines how electrostatic 

and steric properties of molecules affect molecular encounter rates. Combining this 

information with in vitro experiments and MD-derived states will enable a new 

generation of protein-scale MSMs to be developed for incorporation into whole cell 

models. 
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As an example problem necessitating the integration of approaches across a broad 

range of spatial and temporal scales, I focus here on protein kinase A (PKA), which is 

activated by cAMP and is a key regulator of many cellular processes. In cardiac 

myocytes, for example, PKA is a critical regulator of intracellular calcium handling 

cycling, and its dysregulation is well known to be a contributing factor in heart failure [1, 

70]. The PKA holoenzyme consists of a dimer of two regulatory (R) subunits and two 

catalytic (C) subunits. Each R subunit has two cAMP-binding domains (CBD), a DD-

docking domain, and a disordered linker region containing the inhibitory sequence that 

interacts with the C subunit. PKA is activated upon cAMP binding to the CBDs on the R 

subunit inducing release of the C subunit. Over the last 15 years, several whole-cell 

models of ventricular myocytes that incorporate calcium release and β-adrenergic 

stimulation through a simplified PKA activation mechanism were developed . More 

recently, a mechanistic protein-scale MSM of PKA holoenzyme activation was 

developed [71-76]. Still, incorporating an improved PKA MSM into existing whole cell 

models will provide a more physiological PKA activation as well as the capability to 

predict the effects of PKA mutations on the whole cell scale.  In the next few sections, I 

highlight some of the tools and techniques used to develop integrative models that span 

scales from the molecule to the cell, including: MD, atomic MSM, BD, milestoning 

models, protein MSM, and whole cell modeling. I provide the nomenclature necessary to 

bridge these scales and discuss the limitations of these approaches as well as ways to 

minimize error propagation. Finally, I describe the role of MD and BD simulations in the 

development of a protein scale MSM and discuss the role this new protein-scale MSM of 

PKA will play in existing whole cell models of cardiac function and disease states.    
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1.4.1 Nomenclature 

This paper deals primarily with Markovian models, or models that are only 

dependent on the current state of the model and not the history of the states it has visited. 

Both MSM and milestoning models operate under a Markovian assumption. Also, for this 

paper I use “atomistic” or “atomic-scale” to describe any model that treats atoms 

explicitly. This generally includes MD, MSM, BD, and milestoning. These models stand 

in contrast to “protein-scale” Markov models and cell-systems models which primarily 

focus on protein and cell function and general protein-protein and small molecule-protein 

binding events. Even though atomistic MSM and protein MSM are both Markovian 

models, they serve distinct purposes.  

 

 

1.5 Accessing the Conformational Ensembles of Proteins  

A protein’s function is governed by its conformational ensemble, which can be 

modulated though mutations and intermolecular interactions . Therefore, to build 

multiscale models starting at the atomic scale, one needs to elucidate the key 

conformational states of a protein and the dynamics of those states from atomistic data 

associated with those states. This can be achieved through exploration and 

characterization of the protein’s conformational ensemble. In this section, I review 

computational methods for modeling the conformational ensembles of proteins important 

in cell signaling. I begin with an overview of molecular dynamics simulation methods 

and conclude with a discussion on the use of MSM to determine the conformational 

ensemble more efficiently.  
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1.5.1 Molecular Mechanics and Molecular Dynamics Simulations  

Atomistic models of conformational ensembles can be computationally generated 

from molecular mechanics simulations. These simulations require two components: a 

force field that describes how the atoms interact with each other and a method for 

exploring the conformational ensemble .  

To simplify the complex quantum mechanical interactions between atoms, 

molecular mechanics simulations use empirical force fields to describe the interactions 

between atoms. These force fields are described in terms of classical mechanics . For 

example, each atom of a system is described as a charged particle in space. Bonding 

interactions between atoms are described as springs using Hooke’s law. Nonbinding 

interactions between atoms are described as Columbic and van der Waals interactions. 

Commonly used force fields include CHARMM [82], AMBER [83], OPLS [84], and 

GROMOS [85, 86]. While a discussion on force field selection is beyond the scope of 

this review, it is important to understand the assumptions and performance bias of a force 

field used in any simulation . 

The motion of the atoms resulting from the force field determines the 

conformational ensemble of the system. The motions of these particles are generally 

simulated either with Monte Carlo techniques that randomly sample conformational 

space, or through MD simulations, where Langevin’s or Newton’s laws of motion are 

solved over time . While MD is more computationally expensive than MC, it retains the 

temporal relationship between conformations, which is advantageous when quantification 

of kinetic parameters is desired. Popular MD programs include AMBER [81], CHARMM 

[88], GROMOS [89] and NAMD [90]. 
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Theoretically, MD simulations can sample the entire conformational ensemble of a 

system given infinite simulation time. While certain specialized supercomputers have 

been built to sample into the millisecond range [91-93], with current commodity-level 

resources, MD simulations can only continuously sample a system for a few 

microseconds at most, which is insufficient to effectively sample most ensembles, 

including the CBD. However, with the increasing performance of supercomputers, GPU-

accelerated MD simulations , and the use of highly distributed computing , multiple 

parallel MD simulations can achieve total non-continuous sampling time approaching the 

high-microsecond to low-millisecond range. MSMs can subsequently be used to stitch 

together the many short-timescale simulations into one cohesive framework that allows 

the extrapolation of longer-timescale data. These MSM framework, explained below, was 

used for the CBD system. 

1.5.2 Atomic-Scale Markov State Models of a Conformational Ensemble 

An atomic-scale MSM describes the conformational ensemble of a protein as the 

probability of transitioning between discrete collections of conformational states at a 

fixed time . This can be visualized as a bidirectional graph (see Figure 1.4), where each 

node represents a cluster of similar conformations. The probability of transition between 

states is indicated by the thickness of the connecting lines in Figure 1.4. If the 

conformational states and the transitions can be accurately determined, then the MSM 

describes the thermodynamics and the kinetics of the system’s conformational ensemble. 

Thus one can derive the key parameters required for higher scale models with a MSM 

[96-99].  
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Atomic-scale MSM of the conformational ensemble of a protein are built from MD 

simulations. Each conformation sampled during the simulation is assigned to a discrete 

conformational state, usually by clustering. Then the transitions between the discrete 

states are determined from the MD trajectory by counting the transitions. The transition 

counts are then used to generate a transition probability matrix, the mathematical 

representation of the MSM . The transition probability matrix can be analyzed to 

determine the equilibrium population of each confrontational state, to identify metastable 

conformational states, to understand the principal motions of the protein, and to study the 

mechanisms of conformational will change . 

Because a MSM depends on the probabilities of transitions between discrete 

conformational states, the conformational ensemble of the protein can be sampled more 

efficiently than with traditional MD. To effectively sample the conformational ensemble 

of a protein at equilibrium using traditional MD simulations requires running the 

simulation long enough to explore the conformational ensemble multiple times. 

Additionally, MD simulations can be focused on the transitions between states avoiding 

spending time sampling stable conformations. For example, a hypothetical transition 

between active and inactive states can be determined from multiple short simulations that 

explore the intervening conformations without requiring a single simulation to bridge the 

two states. 
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Figure 1.4| Markov state model of the Protein Kinase A cyclic nucleotide binding 

domain.  This figure shows a graphical reprensentation of the transitions between 

metastable states of the CBD with cAMP bound. Each node repesents a conformational 

state. The arrows show the transitions between the nodes, with their thicknesses being 

proportional to the probability of transition.  
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Detailed methods for building MSMs for MD simulations have already been 

described . Here I highlight key considerations for building a MSM that will be integrated 

with higher-scale models with examples from a recently developed MSM of the cyclic-

nucleotide binding domain of the R subunit of PKA [101]. The overall process of 

building a MSM is as follows: (1) defining the conformational space; (2) initial molecular 

dynamics sampling; (3) iterative refinement of the MSM; and finally (4) selection of the 

final model for analysis.  

The goal of my study was to determine the kinetics of the conformational ensemble 

of the CBD with and without cAMP bound. I defined the conformational space as the 

atomic coordinates of the alpha carbons in a protein, dividing the conformational states 

discrete into stats using RMSD-based clustering. I started sampling the CBD in either a 

crystallographic predetermined active or inactive state with and without cAMP bound. 

Building the final MSMs required over 70 µs of total sampling time comprised of both 

long-timescale initial sampling iterative adaptive sampling to refine the models [97, 

99].Throughout the sampling and refinement process, the quality of a MSM is judged 

using implied timescale plots . Data points of the plot are constructed with eigenvalues of 

the transition probability matrix populated at different lag times, or times between events. 

The plots indicate at what lag times the models are Markovian and if the models are 

consistently capturing the principal conformational changes of the system. Additionally, a 

Chapman-Kolmogorov-test is used to validate the consistency of a MSM with molecular 

dynamics simulations [98, 102]. Using these two metrics, a final model is selected, the 

statistics of which are sampled at a specific lag time, which represents the fastest 
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transition within the conformational ensemble that is also Markovian. This final model 

can then be used to derive the parameters for the multiscale model.  

As described before, a MSM consists of the equilibrium probabilities for each 

conformational state. These probabilities are used to derive thermodynamic properties. 

Spectroscopic analysis can be used to identify metastable states within the 

conformational ensemble that can be used to build coarse-grained models of the system . 

Transition path theory [98, 99] can be employed to approximate the kinetics of transitions 

between states. These rates become the parameters to feed into the multiscale model. For 

the CBD model I were able to obtain the rates of transitions between the active and 

inactive states and show how cAMP modulates the conformational ensemble, changing 

the function of the CBD. These rates have been an important benchmark in understanding 

the dynamics of the CBD, and form the foundation for examining the total R subunit and 

its interactions with the C subunit. 

While the use of MSMs provides to conformational ensembles, there are still 

several important considerations and limitations to this method. First, because 

conformational space is discretized, all kinetic rates are artificially fast, and should be 

considered an upper bound. Second, a recent study indicates that modern force fields 

used in MD simulations produce varying transition kinetics [104]. Therefore, the same 

force field should be used for all models of a system, and the limitations of the force 

fields should be understood. Finally, the MSMs are computationally demanding. This 

cost limits their usefulness in multiscale models, as a significant amount of time can be 

required to describe only one state in a higher scale model. Other sampling methods may 

be sufficient to obtain parameters for larger models. For example, if the opening and 
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closing of a flap on a protein is the only permutation of interest, elastic network models 

are more computationally efficient in estimating those rates than MSM. 

 

 

1.6 Investigating Intermolecular Interactions  

As I extend into larger spatial scales of modeling, the focus of my discussion shifts 

from intramolecular investigations with MD to the study of intermolecular encounters 

using BD. BD simulations are used to estimate the rate constants of second-order 

association events between two molecules. The output of these simulations provides 

kinetic on-rates used directly in higher levels of modeling. The application of BD 

simulations has extended beyond bi-molecular encounters in simulations of molecular 

crowding [105] in cellular environments. In this section, I discuss the methodology and 

limitations of BD simulations, what can be gained from their use, and a brief overview of 

their application to multiscale modeling.  

1.6.1 Brownian Dynamics Simulations 

In BD, molecular diffusion is modeled using the theory of Brownian motion; where 

internal dynamics of each molecule are frozen, constraining the molecules into rigid 

bodies that are free to diffuse and tumble in solution, but may not change shape. Popular 

programs used to carry out BD simulations include BrownDye [106, 107], SDA , 

ReaDDy , Brownmove [110], and BD_BOX [111]. Similar to MD, one must choose a 

force field for BD simulations of the molecular system: AMBER [112], CHARMM [84], 

GROMOS [113, 114], etc. However, the only force field quantities utilized in BD 

simulations are the partial charges and Van der Waals radii of each of the atoms of the 
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biomolecule. In conjunction, these properties can be used to obtain the electrostatic 

potential from software that can solve the Poisson-Boltzmann (PB) equation. The 

electrostatic potentials of the biomolecules determine the long-range forces that the 

molecules impose on each other. Thus, electrostatics function as one of the most 

important determinants of the outcomes of BD simulations. Popular software packages 

that solve the PB equation include APBS  and DelPhi . Rigorous derivations and 

discussions of the form and proper usage of the PB equation can be found in the 

literature. 

In BD simulations, the solvent is modeled as a continuum; that is, there are no 

water molecules or dissolved ions modeled in atomic form in the simulation. Instead, the 

solvent is modeled as a field that surrounds the biomolecules and can have varying 

degrees of physical realism. This significantly reduces the computational power 

necessary for BD simulations in comparison to explicit solvent MD. The user typically 

specifies parameters that control solvent dielectric, hydrodynamics, desolvation, and ion 

screening, all which affect the realism of the solvent model and the computational cost of 

the simulation. 

In addition to the long-range forces imposed by inter-molecular electrostatics, a 

stochastically determined force is also imposed on the molecules in a BD simulation. 

This stochastic force is directed randomly with a magnitude sampled from a Gaussian 

distribution centered at zero whose variance depends on the simulation time-step and the 

molecule’s diffusivity properties. The stochastic force is intended to approximate the 

random “kicks” that would be caused by the solvent, but are otherwise absent in the 

continuum model. 
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Finally, the simulation must ensure that the Van der Waals radii of the atoms of 

different molecules do not overlap; a phenomenon known as a steric clash. Often, 

simulation steps that result in a steric clash are discarded and recomputed. Alternatively, 

many BD programs can impose a Lennard-Jones force at close molecular proximity to 

prevent a steric clash . BD simulation and the theory behind it compose a rich and 

expansive field, and many sources exist to allow the interested reader to improve his or 

her knowledge and technique .  

1.6.2 Considerations for Brownian Dynamics Simulations 

A key starting point for BD simulations is the selection of the encounter complex, 

which describes the atomic interactions that define a reaction between molecules. Ideally, 

crystal structures will inform this step. If crystal structures of the encounter complex do 

not exist, molecular docking programs can serve as a substitute. In the case of PKA, two 

crystallized structures of the regulatory subunit of protein kinase A RIα show very 

different conformations when bound to either cAMP [128] or the catalytic subunit [107] 

To test the effects of structure on cAMP association with BD methods, one can use the 

crystal structure conformations of the regulatory subunit in separate BD simulations. 

Alternatively, the two different conformations can be used as starting points of separate 

MD simulations. A number of structures in the conformational ensemble will be 

generated and can serve as structures for separate BD simulations. 

At the start of a simulation, the ligand is placed at a distance b from the receptor, at 

a location known as the b surface, which is defined as the distance where forces between 

the two molecules are centrosymmetric. Simulations terminate either upon the molecules 

reaching the predefined bimolecular encounter complex (a binding event), or when the 
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molecules separate beyond a greater intermolecular distance q. The distance q, the radius 

of the q surface, is typically 10 to 50nm larger than the distance b [129]. The probability 

of association versus escape is then used to calculate the association rate constant (kon). 

This schematic, including the surfaces at the b and q distances, are depicted using PKA as 

the receptor and cAMP as the ligand (Figure 1.5). BD can be used to model the 

association of cAMP with PKA, and predict features of the binding event, including the 

route of approach, the encounter complex, and the rate constant of association. 

A second important factor in BD simulations is the structure of the molecules used 

in the simulations. Recall that BD simulations use a rigid-body approximation of 

molecules, meaning that the conformation of the molecule will not change throughout the 

simulation as it does in MD. Typically, crystal structure conformations are used. Another 

attractive possibility is the use of conformations generated by MD as starting points for 

BD simulations. Using this method, the user can select meta-stable or even rare 

conformations of a protein generated in MD simulations and compare the association 

rates and probabilities with respect to structural changes in the protein. MD trajectories 

can also be used to generate ensemble-averaged electrostatics [130] where the simulated 

molecular motions are combined to form an electrostatic potential that includes the 

dynamic properties of the molecule. This effectively leads to a more holistic, dynamic 

representation of the electrostatic potential, effectively mediating some of the limitations 

of the rigid-body approximation of the simulations.  
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Figure 1.5| Brownian dynamics simulation method.  BD simulations begin by placing 

molecules at a distance b from one another, shown here as a b-surface around PKA. 

When molecules diffuse toward the encounter complex (gold) a “reaction” (green arrow) 

occurs. Alternatively, molecules can “escape” (red arrow) by diffusing past a distance 

equal to q, shown here as the q-surface.   
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Despite their ability to calculate association rate constants with respect to steric and 

electrostatic properties of molecules, BD simulations have limitations that users should 

know and recognize. First, the results of BD simulations depend on the encounter 

complex criteria. Such criteria must usually be tested and optimized in order to reproduce 

a reasonable association rate constant. Incorrectly chosen encounter criteria can 

significantly limit the accuracy of the simulation outcomes. Second, the rigid-body 

approximation of molecules in BD can only represent one part of the binding process: the 

diffusion—meaning that the rate constant calculated by simulations is that of association 

and not actual binding. Nevertheless, alternative methods that combine intermolecular 

investigations of BD with intramolecular dynamics of MD are being developed that 

promise kinetic rate estimations through simulation (Votapka, PLOS Comp Bio, 2015, in 

press). These developments represent an approach toward spanning the MD and BD 

simulation regimes into a unified multiscale framework. 

1.6.3 Unifying MD and BD simulations through Milestoning 

The possibility of combining the speed of rigid-body BD simulations with the 

flexibility of all-atom MD simulations to predict kinetic and thermodynamic quantities of 

interest is an attractive option. Ensembles of conformations or trajectories can be sampled 

from each simulation method, and statistics involving the probability and timescales of 

transitions between predefined states from the simulations can be combined using MSMs 

or the theory of milestoning [131, 132] to model the details of intermolecular 

interactions. 

Milestoning is a technique that is similar to the theory used in MSMs and can serve 

as an alternative approach to investigating biomolecular events, such as conformational 
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sampling , diffusion [133], and membrane permeation [134-136], among others. 

Milestoning retrieves the kinetics as well as the thermodynamics of chemical processes , 

and can make use of extensive parallelization. Although similar to MSMs, milestoning 

models have a number of key differences, and may or may not be well suited to address a 

particular biophysical question. Unlike MSM states that are volumes in phase space 

where the system exists until it crosses into another, milestones are surfaces in phase 

space that the system traverses, and where the system’s current “state” is the surface that 

the system has most recently crossed.  

To give an example, I examine the hypothetical case where the kon of binding 

between PKA and cAMP can be predicted. In this milestoning model, I define a set of 

concentric spheres of different radii, all centered on the binding site of PKA (Figure 1.6). 

These concentric spheres define the milestones. MD simulations are started from 

conformations where cAMP is located on each spherical milestone, and each simulation 

is similarly terminated once cAMP diffuses to another surface. Thus, to the milestoning 

model, whichever simulation method is used to populate the transition kernels and 

incubation time vectors with statistics is of no consequence. The most appropriate 

simulation method can be chosen when cAMP is started on a particular surface. 

Unlike MSMs, milestoning transitions may only occur to states that are adjacent in 

the positional or conformational space and lag times (or incubation times) can vary 

between inter-state transitions. Therefore, milestoning may be a desirable technique in 

situations where the system crossing surfaces would more appropriately represent 

transitions than the system traversing regions of space. For instance, because current 

implementations of BD simulations make extensive use of surfaces, such as the surfaces 
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at the b and q distances and the encounter surfaces, milestoning is a natural choice to 

utilize transition statistics obtained in BD simulations. MD simulations modeling a 

binding event can make use of either milestoning models or MSMs, but when a 

combination with BD is desired, milestoning offers a promising framework to combine 

statistics from the two simulation methods. 

 

 

 

Figure 1.6| Milestoning applied to unite MD and BD.  MD and BD simulations are 

run to populate transition times and probabilities in a milestoning model of cAMP 

binding to PKA. BD simulations are used to model an encounter event, and subsequent 

MD simulations model the details of the actual binding or reaction event. 
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Milestoning theory can be used to investigate a wide diversity of biophysical 

scenarios, and has been applied in a variety of contexts . In some physical situations, 

implementations of milestoning outperformed MSMs in resemblance to experimental 

results [130, 134-136]. The application of milestoning to intermolecular interactions is 

still a recent development, and many possible improvements may enhance the efficiency 

and accuracy of the estimation of binding rate constants. Examples of these include 

further discretizing the system into grid-like milestones, rotational milestones, or 

milestones that can represent internal degrees of freedom. Extensive derivations and 

discussions of milestoning theory are discussed elsewhere . 

 

 

1.7 From atomistic to protein-scale models 

Bridging the gap from atomic simulations to whole cell models is challenging. 

Protein-scale MSMs connect the atomistic scale to cell or tissue phenomena by reducing 

the complexity of molecular models. This enables simulations on larger time and spatial 

scales, while maintaining structural details required for protein function. These models 

simulate biological phenomena relevant to a whole-cell model, including ionic currents, 

fraction phosphorylated, or percent activation, and the output can be compared to in vivo 

experiments. 

Protein-scale MSMs have been used to represent protein interactions since the 

early-1990’s [140, 141]. Several papers have been written on the development of protein-

scale MSM, particularly of ion channels [139-144]. Ion channel MSMs have been made 

possible by the detailed statistical data that comes from single channel patch clamp 



30 

 

 

 

recordings [144]. These models have started to replace traditional phenomenological 

Hodgkin-Huxley style models of ion channel kinetics in whole cell action potential 

models [145]. They have been most useful when there is a need to model the effects of 

specific channel modifications, such as drug binding [144], gene mutation [146] or post-

translational modifications [53]. But the use of protein-scale MSMs is not limited to those 

systems where dynamic biophysical recordings are available; instead, these models can 

be built from BD and MD simulations. 

1.7.1 Protein-Scale MSM 

The first step in model development is to determine the overall structure of the 

model. Unlike atomic-scale MSMs, protein-scale MSMs do not represent every 

conformation of atoms as a state; instead, each state represents an ensemble of related 

atomic conformations that comprise a functional structure. This significantly limits the 

number of degrees of freedom and decreases the computational power needed, which 

enables multiple protein-scale MSMs to be combined into system-scale models. 

However, because these models are a simplification of the total potential states, the 

choice of which states are relevant becomes essential to making a useful model of a 

protein.  

1.7.1.1 Functional State Discovery through MD Simulations  

Frequently, several different states are captured by molecular-scale experiments, 

including X-ray crystallography and mass spectrometry. These experimental approaches 

can provide data on particular stable conformations (e.g., active or inactive states); 

however, due to the static nature of these tools, significantly less information is known 

about the transitions between states. For example, there are published structures of the R 
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subunit of PKA bound either to cAMP or to the C subunit, but little is known about the 

transition between these end states. MD simulations can suggest intermediate states for 

incorporation into protein-scale MSMs. Similarly, atomic-scale MSMs provide insights 

into which states are populated and the rates of transitions between conformations. 

1.7.1.2 Using BD simulation to inform kinetics  

For small molecule-protein interactions and protein-protein interactions, BD and 

experimental data can serve complementary roles in determining kinetics. Dissociation-

rates are typically slower than association rates and are therefore easier to measure 

experimentally using techniques such as surface plasmon resonance [65]. Additionally, 

most dissociation events are limited by conformational changes and not by diffusion—the 

latter of which BD is designed to model. For these same problems, MD simulations 

would be required to run for inaccessibly long periods of time (msec to sec) to register 

release events. Association-rates, on the other hand, tend to be orders of magnitude faster 

and therefore are harder to measure experimentally. BD simulations are ideal for 

measuring fast interaction rates on the ns to µs time scales, many of which are limited by 

diffusion. In combination with equilibrium data, these techniques can be used 

synergistically to determine rates for small molecule-protein and protein-protein 

interactions. By basing the ensemble of states of the model on MD simulations, and the 

kinetic interactions on BD simulations, it is possible to predict the effect of a mutation on 

protein function and, by extension, on the whole cell.  

1.7.1.3 Testing with Empirical Data  

Data from experiments, MD simulations, and BD simulations can be integrated into 

a simplified protein-scale MSM with states and interactions relevant to protein function. 
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Frequently, these combined methods will suggest several possible functional state 

ensembles. Competing models are generated, with different states or different 

relationships between the states. Subsequently, the resulting models are tested to 

determine their ability to fit relevant experimental data. (Boras 2014) For protein-scale 

MSMs, the data used for fitting most often comes from in vitro experiments. Ideally, the 

data used to differentiate between competing models is collected under conditions that 

are most relevant to a whole cell. For example, in the PKA-RIα model developed by 

Boras, et. al., [147] all of the data used for fitting was collected in the presence of excess 

Mg
2+

 and ATP, both of which have been shown to affect PKA activation . These 

conditions are similar to what is found in a cell; however, recently published data has also 

highlighted the role of ADP in PKA activation [149], which could affect the role of PKA 

in metabolism but is absent in the current MSM.  

The accuracy of each theoretical model is determined using an error function based 

on the weighted sum of squares difference between the model’s predictions and the 

available experimental data. Minimizing this error function optimizes unknown 

parameters. If the MSM are nested (all possible states in a model with fewer degrees of 

freedom can be represented in the model with more degrees of freedom) then a statistical 

F-test can be performed to determine if the added degrees of freedom significantly 

improve the fit [65]. This ensures that MSMs do not become needlessly complex without 

an improvement in the accuracy of the model’s predictions.  

Frequently, data acquired with mutant proteins that cannot reach specific states is 

used to differentiate competing models. The MSMs are altered slightly by removing 

those states, without refitting any parameters, and the output is compared against the 
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experimental results [66]. For example Clancy et. al., used MSM of a cardiac sodium 

channel to show that a mutation in its C terminus can lead to long-QT syndrome, which 

causes life-threatening arrhythmias (Clancy 2002). This highlights how protein-scale 

MSM based on atomistic data can predict the effect a mutation will have on the whole 

cell and eventually on the organ scale as well.  

To mitigate error propagation to whole cell models, a sensitivity analysis can be 

performed to test the robustness of the solution. In this process each rate is perturbed to 

determine its effect on the desired output of the model. States can also be removed to see 

how essential they are to the final result. The objective is to quantify how much the final 

result relies on any individual rate or state and compare that to the uncertainty in the 

experimental measurements. This technique can also highlight which states will have the 

greatest effect if mutated or pharmaceutically targeted.       

 

 

1.8 Integrating Protein scale MSM into Whole Cell Models 

The potential of molecular and protein-scale models culminate in whole-cell and 

tissue-scale models that can predict phenotypes and mechanistically explain disease 

states. These models combine several MSMs to predict cellular responses to either 

internal or external stimuli by tracing behavior down to molecular interactions. When 

developing these protein-scale MSMs, it is best to keep in mind what broader biological 

function will be modeled at a larger scale since this will determine not only what states 

are relevant but also what type of model is best for a given phenomena. 
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1.8.1 Stochastic and Deterministic MSM in the whole cell 

 Some cell functions are best simulated using a continuum of species 

concentrations and smooth probability distributions, while statistically rare events are 

better modeled when individual molecules are tracked and the stochasticity of 

interactions is accounted for. Correspondingly, protein-scale MSM can be either 

stochastic or deterministic in nature. The stochastic models, like the atomic-scale MSM 

described earlier, are based on Monte Carlo simulations where the probability of 

transitioning between states is dependent on the kinetics of the binding and/or the 

conformational shift that each transition represents. This is the most accurate 

representation, where each event is dependent on the chance that two molecules will 

interact or that a conformation will be sampled based on random motion.  

Many biological processes, such as calcium sparks in cardiac myocytes, can be 

explained with stochastic simulations. Calcium sparks occur when calcium is released 

from the sarcoplasmic reticulum via an isolated cluster of ryanodine receptor calcium 

release channels in the absence of a depolarizing event. In other words, a single cleft or a 

cluster of clefts acts differently than the rest of the cell. Whole-cell deterministic models 

require that every channel of a given type are identical and therefore every channel could 

be fractionally open but no one channel could be fully open while the others were fully 

closed without changing the conditions. Therefore, to model phenomena like this, a 

stochastic model is necessary. When translating these models up to the whole cell, the 

stochastic models are ideal for agent based spatial modeling tools, such as MCell [151], 

where each molecule is tracked and diffusion is represented by a random walk; although, 

it is worth noting that a whole-cell model can consist of a continuum diffusion 
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approximation but still contain stochastic protein-scale MSMs. Agent-based models are 

ideal for small numbers of molecules or short time and spatial scales, where tracking each 

molecule is computationally reasonable or average approximations may be invalid. 

Over a long enough time-scale or a large enough population of molecules, the 

Monte Carlo simulation will approach the deterministic solution. The deterministic 

solution is represented by a system of ordinary differential equations, instead of being 

represented by a transition matrix of probabilities. In these models, the states of the MSM 

are frequently populated by concentrations instead of a specific number of molecules. 

Many biological processes can be represented deterministically, most often when 

the system has a large number of molecules, or covers a long time and spatial scales. 

Models of the calcium concentration in a cell, for example, would require a deterministic 

model because computationally there are too many molecules to follow and the 

simulation becomes intractable. However, even on a small scale a deterministic 

approximation can be valid. For example, Hake et al. [152] showed that for a single 

dyadic cleft in a cardiac myocyte, the random walk and the deterministic continuum 

approximation gives the same result for a calcium induced calcium release event, even 

though a continuum approximation of the calcium in the cleft is unrealistic due to the 

scarcity of calcium ions. By treating the continuum as deterministic but the protein-scale 

MSMs as stochastic I can reproduce the stochastic sparks while limiting the required 

computational power.  

1.8.2 Advantages in whole cell modeling  

The potential of molecular and protein-scale models culminate in whole-cell and 

tissue-scale models that can predict phenotypes and mechanistically explain disease 
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states. These models combine several MSMs to predict cellular responses to either 

internal or external stimuli by tracing behavior down to molecular interactions. The 

power of building atomic-scale and protein-scale MSMs for wild type and disease 

mutants comes from their integration into whole cell models. At the whole cell scale, 

differences in sub-cellular dynamics of protein mutations can be studied comparatively 

with their wild-type counterparts. Several disease states come from known protein 

mutations. For example, in the case of PKA-RIα, 117 polymorphisms and mutations have 

already been discovered [9]. Owing to the complexity of signaling pathways, how these 

mutations affect cell function is frequently unclear but by creating a whole cell model 

from molecular mechanisms it is possible to predict how a given mutation will affect a 

cellular phenotype.  

Whole cell models based on atomic resolution information have opened entirely 

new avenues of research into drug discovery. Instead of just suggesting which protein is a 

viable target, mechanistic whole cell models can suggest which protein conformation is 

most favorable and even the chemical shape of a small molecule necessary to 

inhibit/promote activation. This allows a scale of specificity that could decrease toxicity 

and limit side effects.  

Cardiac arrhythmias are a prime example of the potential relevance of whole cell 

models. Currently, one of the most commonly prescribed classes of drugs to treat 

arrhythmias is β blockers. β blockers bind the β adrenergic receptors to inhibit 

epinephrine and norepinephrine binding to reduce the chance of a second heart attack [1, 

70]. However, this inhibits the entire β-adrenergic pathway. By combining this new PKA 

protein-scale MSM with previously published adrenergic signaling models of the heart , 
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it is possible to suggest drug targets and even specific binding pockets to inhibit parts of 

the pathway while limiting their effect on the rest of the cell.   

 

 

1.9 Culmination of Multiscale Modeling 

For years, atomic-resolution protein structures have aided my understanding of 

protein function not only through static structures provided by NMR and crystallographic 

experiments, but also through the prediction of dynamic properties with MD simulations. 

MD has revealed ensembles of structures that comprise the conformational landscape of a 

protein. Owing to computational limitations classical MD simulations are only able to 

simulate microseconds (or less) of simulation time, which significantly limits the extent 

of the conformational ensemble sampled.  

However, information generated by MD simulations can be integrated into atomic 

scale MSMs. The outputs of structures from MD simulations are analyzed according to a 

chosen conformational state description and are discretized into microstates. The MD 

trajectory informs which transitory states are most favorable and calculates the transition 

rates between these states to be used in higher scale of models. 

MD simulations subsequently inform both the atomic scale MSMs and the BD 

simulations. BD simulations typically use rigid-body representations, therefore selected 

conformations are important for understanding the effect of different structures on 

association probability. MD simulations provide relevant conformations for BD by 

generating stable conformations. In addition, ensemble-averaged electrostatics can be 

generated from the MD trajectories, reflecting the dynamic properties of a molecule in a 
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static electrostatic potential map. Finally, MD and BD simulations can be directly 

integrated through milestoning to derive association rate constants (kon) of diffusion-

limited processes that combine the two to utilize the advantages and minimize the 

disadvantages of each. Such a scheme can vastly expand the time and length scales 

accessible in the simulation of multimolecular interactions between proteins and small 

molecules and/or other proteins to be combined with experimental data in protein-scale 

MSMs.  

Protein-scale MSMs draw on every facet of the atomistic models to bridge the 

atomic and cellular scales. MD simulations and atomistic-scale MSMs suggest which 

ensemble of states will reproduce the molecular function best and BD simulations 

combined with milestoning predict association rate constants that would be hard to 

experimentally reproduce. This information when combined with in vitro experimental 

data and statistical analysis tools leads to the development of protein-scale MSM’s for 

incorporation into whole cell models. Combining these models with preexisting whole 

cell models is a powerful tool for explain disease states caused by mutations as well as 

suggesting valuable targets for drug discovery.  
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1.10 Scope of the Dissertation 

The Objective 

The objective of this dissertation is to take a multiscale modeling approach to 

understanding cAMP microdomains and PKA activation. I attempt to reconcile 

seemingly contradictory in vitro and in vivo data from the atomistic, to the protein, and 

finally to the whole cell level in cardiac myocytes.   

 

Chapter 2- cAMP microdomains and diffusion models  

 In Chapter 2 I explore if using known diffusion rates of cAMP can localized 

microdomains of non-uniform cAMP can be produced. I show that localizing PDE next 

to PKA on an AKAP does not significantly affect the cAMP concentration around the 

PKA unless at least 10,000 PDEs are added. Even when a physiological geometry from 

TEM images and AC kinetics are included over 1,000 PDEs are still required to produce 

a significant difference in cAMP concentration. Only when the diffusion coefficient of 

cAMP is lowered to 10 µm
2
/s or lower was the number of PDEs required to produce a 

microdomain reasonable. This results support the assumption that another mechanism is 

required to explain compartmentation by PDEs in vivo.  

 

Chapter 3- Metals and PKA activity 

In Chapter 3 I explore the “linchpin” model that states that the main role of metal 

ions is to neutralize negative the charge of ATP/ADP and to facilitate nucleotide 

exchange during the catalytic cycle. I tested this model by comparison of PKA activity 

under varying concentrations of four different metals and the activity predicted by the 



40 

 

 

 

“linchpin” model. The model can adequately describe the experimental data under an 

assumption that PKA acquires two conformations with different levels of catalytic 

efficiency. At least two kinases (PKA and SRPK1) can perform a single phosphotransfer 

in presence of seven different divalent metal ions. These results support the “linchpin” 

model and provide a general framework for future studies of the phosphotransfer 

mechanism in protein kinases. 

 

Chapter 4- Thermodynamic MSM of PKA RIα activation 

In Chapter 4 several Markov State Models (MSM) of PKA RIα were developed to 

test competing theories of activation for the R2C2 complex. The MSMs demonstrate that 

CBD-B plays an essential role in R-C interaction and promotes the release of the first C-

subunit prior to cAMP binding to CBD-A. This favors a conformational selection 

mechanism of release of the first C-subunit of PKA. However, the release of the second 

C-subunit requires all four cAMP sites to be occupied. These analyses elucidate R-C 

heterodimer interactions in the cooperative activation of PKA and cAMP binding and 

represents a new mechanistic model of R2C2 PKA-RIα activation. 

 

Chapter 5- PDE and PKA interaction 

Chapter 5 explores the interactions between the R-subunit of PKA and PDE, 

specifically PDE4D2. The RIα or RIIβ subunits increase the activity of PDE4D2 when 

cAMP is in excess, and decrease the PDE’s activity when R-subunit and cAMP are 

present in equivalent amounts. This suggests that PDE hydrolyzes free cAMP slower than 

from PKA CBD-A but faster than from CBD-B.  PDE4D2 had no effect on the 
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thermodynamic equilibrium activation of PKA but did increase the kinetic rate at which 

C-subunit was reassociated to R.  

 

Chapter 6- Summary and Conclusion 

In Chapter 6 the work is summarized and its impact on understanding how PKA is 

activated is discussed. The limitations of this work are considered including isoform 

specificity and in vivo verse in vitro kinetics. Finally, future work is explored, including 

incorporation of the new MSM into a whole cell model of β-adrenergic stimulation in 

cardiac myocytes and inclusion of AKAPs both experimentally and as 

compartmentalizing forces in the computational models.  
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Chapter 2 cAMP Microdomains and Diffusion Models 

2.1 Introduction 

The concept of cAMP microdomains (or subcellular areas of low or high cAMP 

concentration compared to the rest of the cell) has dated back decades in literature. In 

1981, Brunton suggested that there might be pools of cAMP at various locations inside 

the cell [2]. However, this concept was considered unlikely due to the quick rate of 

cAMP diffusion and slow hydrolysis by PDE [2, 3]. Therefore, other potential 

explanations for PKA regulation by R-subunit, PKI, and metal concentrations were 

proposed instead . However, recently the concept of cAMP microdomains in cardiac 

myocytes has resurfaced both in the modeling and experimental communities .  

In the experimental community new FRET-based sensors for cAMP concentration 

or PKA activity have allowed a previously unseen look into localized cAMP signaling in 

cells [4-7]. Several of these studies have presented data that seems to show local 

increases in PKA activity while global PKA activity remains low . Furthermore, some of 

them seemed to indicate that the intracellular region in which activated PKA is found 

differs based on what stimulator was used (forksolin, isoproterenol, etc) . These studies 

also highlighted the role of PDEs in maintaining these microdomains. In particular, PDE3 

and PDE4 have been implicated in maintaining these microdomains in cardiac myocytes, 

presumably due to their increase in hydrolysis rate when phosphorylated by PKA [8, 9]. 

As more was learned about A kinase anchoring proteins (AKAPs), which have been 

shown to bind not only PKA but also PDE, AC, and PKA substrates , it began to seem 

possible that localizing a PDE right next to a PKA molecule might be able to create the 

local decrease in cAMP concentration necessary to inhibit PKA activation locally while 
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maintaining a globally high level of cAMP and therefore high PKA activity as well [11-

13]. 

The modeling community attempted to match the experimental data being 

produced. Several whole cell models were developed dividing the cell into compartments 

(cytosolic, caveolaer, and extra caveolaer being the most prevalent) . Based off of a 

cAMP diffusion study in HEK cells, these models predicted cAMP transition coefficients 

between compartments to allow for the regulation of PKA by cAMP [13]. They proposed 

significant gradients between these compartments (in some cases of over an order-of-

magnitude [11-13] in order to allow their models to fit in vivo PKA activity results . One 

study attempted to create a truly spatial model of cAMP diffusion and PKA activation in 

neonatal cardiac myocytes[15], but noted problems replicating the cAMP microdomains. 

They suggested that in order to match the experimental observations, the rate of cAMP 

diffusion would have to be orders-of-magnitude slower than what had been previously 

reported or a structural barrier to cAMP diffusion would have to be imposed between the 

plasma membrane and the cytosol [16].  

Based on known buffering, PDE concentrations, and diffusion rates can these 

microdomains truly exist as they are currently considered? Do these structural barriers to 

cAMP diffusion exist in vivo? In this study, we explore this question. We begin by 

considering how many PDEs would be required to be localized next to a PKA molecule 

on a cluster of AKAPs to produce a steady-state decrease in the local concentration of 

cAMP. Next, instead of a simple volume filled with cAMP, a realistic geometry is 

considered. Cryo-TEM images are used to develop a 3D geometry and the PDEs are 

placed in one of the most geometrically constrained areas that are known to allow AKAP 
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localization in cardiac myocytes, the cleft between the t-tubule and the sarcoplasmic 

reticulum (SR). Again, the number of PDEs required to create a local decrease in cAMP 

concentration is probed. While the first two models attempted to create a domain of lower 

cAMP concentration, it is also possible that PKA can be controlled by creating a 

localized higher cAMP concentration. Therefore, in the third model, adenylyl cycles 

(AC) molecules are localized to the cleft in the realistic geometry and they are 

surrounded by a sphere of PDEs. The question being asked is if AC kinetics plus PDE 

hydrolysis can produce the desired cAMP gradient. Finally, one recent study has 

suggested that the diffusion coefficient for cAMP is significantly slower than has been 

previously reported[17]. Therefore, taking the model most physiological model which 

included AC kinetics, PDE kinetics, and geometrically constrained diffusion, we ask if 

there is a physiologically relevant diffusion rate for cAMP combined with a possible 

concentration of PDE that would produce a cAMP microdomain that could regulate PKA 

activity locally while allowing global PKA activity to remain unaffected.  

 

 

2.2 Methods 

2.2.1 Computation Method 

All of the models were developed in the Virtual Cell computational interface [18]. 

They were run in a fully implicit finite volume environment with a ridge spacial grid and 

variable time step under a given error tolerance. Each model started with a uniform 

distribution of cAMP across the cell and was run to steady-state. 
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2.2.2 Physiological Geometry 

For the models that included a physiological geometry, this geometry was 

developed from cryo-TEM images of adult mouse cardiac myocytes, as described 

previously [19-22] Fig. 2.1). Briefly, a tetrahedral surface mesh was imported into 

Blender for finite element simulations and to smooth the sharp edges from segmentation 

of the TEM images (using Blamer) that would impede numerical modeling and lead to 

artifacts. This mesh was resegmented and imported into Virtual. This mesh included two 

t-tubules surrounded by sarcoplasmic reticulum (SR) as well as two mitochondria.  

The compartmentation was centered around the middle of the t-tubule/SR cleft in 

the physiological geometry with total dimensions of 1040 x 765 x 415 nm. Each element 

in the finite volume was 12 nm on a side, resulting in 88 x 65 x 36 elements in each 

direction, respectively, for a total of 205,920 elements. The mitochondria, t-tubules, and 

SR were assumed to be impenetrable to cAMP to provide a barrier for cAMP diffusion 

through the cytosol. For the models that only included PDE, the boundaries of the cuboid 

were fixed at 1 μM cAMP and the model was run to steady-state. For the models that 

included AC and PDE, the cAMP concentration was not fixed and therefore fluctuated 

between 0.001 µM and 12 µM in the cytosol, depending on the ratio of PDEs to ACs.  
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2.2.3 Kinetics 

 This model considered the kinetics of the PDE and the AC proteins in the cell. For 

hydrolysis of cAMP by PDE the reaction was defined as  

𝑐𝐴𝑀𝑃 + 𝑃𝐷𝐸

𝐾𝑓
→ 

𝐾𝑏
← 
𝑃𝐷𝐸𝑐𝐴𝑀𝑃

𝐾𝑐𝑎𝑡
→  𝑃𝐷𝐸 + 5′𝐴𝑀𝑃 

where Kf = 1.2e7 M
-1

 s
-1 

, Kb = 58.82 s
-1

 , and Kcat = 14.70 s
-1 

 Each AC was defined to catalyze the production of cAMP at 8 molecules of 

cAMP per second.  

 

 

Figure 2.1| Steps to creating the physiological geometry.  A cryo-TEM z-stack is 

segmented to create an initial geometry. This is then imported into Blender and 

smoothed using Blamer. The resultant surface mesh is resegmented and imported into 

Virtual Cell.   

Segmentation Smoothing

Resegment Import to Vcell

Mitochondria 

t-tubules

SR
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2.3 Results 

The first model, which was the simplest, considered whether it is possible for a 

group of AKAPs to induce a cAMP microdomain. The PDE was localized to a 25 nm 

radius sphere in the center of a cube with 300 nm sides.  This outer boundary was chosen 

because it is larger than the volume typically considered a microdomain in whole cell 

models. The cAMP concentration at the outer boundaries of the cube was fixed at 1 µM  

and the diffusion rate for cAMP was set to 200 µm
2
/s [23].  In order to determine how 

many PDEs are necessary to create a steady-state local decrease in cAMP concentration, 

the concentration of PDE inside the center sphere was varied and the model was run until 

it reached approximate steady-state. 

The model showed that with the kinetics described above and this diffusion rate, 

over 10,000 PDE molecules would have to exist on an AKAP to lower the cAMP 

concentration around the AKAP to ~50% of the 1 µM cytosolic cAMP concentration(Fig. 

2.2). Furthermore, 100 PDEs only caused a 1% decrease in cAMP concentration around 

the AKAP. Since most AKAPs are believed to have either 0 or 1 known binding sites for 

PDE, [24, 25] the concentration of PDE necessary to produce microdomains with a 

cAMP diffusion rate of 200 µm
2
/s is not physiological.  
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However, this simplest model did not consider the geometry that surrounds these 

AKAPs. In vivo, some of these AKAPs exist in very sterically hindered domains, such as 

the cleft between the SR and a t-tubule in cardiac myocytes. Therefore, the model was 

recreated with PDEs localized to the cleft between the SR and the t-tubule in the union 

between a 25 nm radius sphere and the cytosol of the model (Fig. 2.3). This sphere allows 

for the possibility of multiple AKAPs in the cleft, though it is still only a fraction of the 

total volume of a cleft. Concentrating the PDEs in the center of the cleft, with 

impermeable structural barriers, provides the best opportunity to form a microdomain by 

steric hindrance. 

 

 

Figure 2.2| cAMP diffusion in a cube. A 25 nm radius sphere of PDE was positioned in 

the center of a cube with side lengths of 300 nm, with a cAMP diffusion coefficient of 

200 μm
2
/s. A) Map of the cAMP concentration in a cross-section of the cube at steady 

state with 1000 PDE molecules. B) Average cAMP concentration inside the 25 nm PDE 

sphere with increasing concentration of PDE. 
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With the realistic geometry, almost 2,500 PDE molecules would be necessary to 

create a microdomain with 70% of the cAMP concentration found in the rest of the cell 

(Fig. 2.4). Based on previously published estimates, the average concentration of PDE in 

the cell is ~0.1µM . If the average cell can be approximated as cylinder with a radius of 

10 µm and length of 100 µm,  than the volume is 31,400 µm
3
. This would imply 

~1.3*10
6 

molecules of PDE per cell. There is believed to be approximately 13,000 (, 

10,000 – 50,000) clefts in a cardiac myocyte. If all of the PDE in the cell were protecting 

clefts, and 2,500 molecules were required per cleft, only 500 of the ~13,000 clefts in the 

cell could be protected. Additionally, this leaves the caveolar, extra caveolar, cytosolic, 

nuclear, and SR compartments entirely bereft of PDE, though they have been 

experimentally shown to have differential activation of PKA in response to stimulation.  

 

Figure 2.3| Placement of PDE alone on a physiological geometry. Left) 3D view of 

the geometry showing the cross section of the geometry where the PDEs were located. 

Right) Cross-sectional view of the placement of the 25 nm radius sphere of PDEs on the 

inside of the cleft between the t-tubule and the SR.   

Mitochondria 

SR

t-tubule

PDE

t-tubule SR
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These previous tests assumed that PDE was the dominant force in maintaining 

microdomains, based on studies that showed that PDE inhibition disrupted these 

microdomains . However, these domains could also be produced by a combination of AC 

cyclization and PDE hydrolysis of cAMP to neighboring areas. It has been postulated that 

different “compartments” of cAMP can be carved out by creating an area of high AC 

surrounded by PDEs to form a barrier to prevent the cAMP produced by the AC from 

affecting the rest of the cell. Although the TEM images of cardiac myocytes do not show 

anything that would allow such a barrier to exist , this hypothesis is prominent in the 

computational literature, and so it is valuable to test its conceptual validity. It is possible 

that AKAPs might bind a greater proportion of PDEs at the edges of the cleft surrounding 

the AC molecules, but to date no study has suggested this type of cellular localization. 

Additionally, one recent study by Harvey, et al.[15, 32], using fluorescently labeled 

 

Figure 2.4| cAMP diffusion with steric hindrance.  A 25 nm radius sphere of PDE was 

positioned in the center of the cleft between the t-tubule and the SR, with a cAMP 

diffusion coefficient of 200 μm
2
/s. A) Map of the cAMP concentration in a cross-section 

of the geometry at steady state with 1000 PDE molecules. B) Average cAMP 

concentration inside the 25 nm PDE sphere with increasing concentration of PDE. 
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cAMP reported that the diffusion coefficient of cAMP may be between 10 – 60 μm
2
/s, 

slower than the 200 μm
2
/s typically observed . Slower diffusion of cAMP may help 

microdomains form.   

 Therefore, to test the hypotheses that microdomains can be produced by ACs 

cyclizing cAMP inside a sphere of PDEs hydrolyzing cAMP, 15 AC molecules were 

localized to the cleft, each producing 8 cAMP molecules per second, for a total of 120 

molecules of cAMP per second. Again, these were localized to a 25 nm sphere, 

representing the possibility of multiple AKAPs being localized to the cleft, allowing 

multiple AC to be localized there as well. The AC volume was surrounded by a hollow 

sphere of PDE molecules 100 nm away and 25 nm thick (Fig. 2.5). The concentration of 

PDE was varied and the model was run to steady-state. Additionally, to test the effect of 

slower diffusion, the diffusion coefficient of cAMP was varied between 10, 60 or 200 

μm
2
/s. For each combination of parameters, the cAMP concentration inside the AC 

sphere was compared against the cytosolic cAMP concentration to determine how much 

of a compartmentalization of cAMP could be produced. This is the only model where the 

cAMP concentration is not fixed to 1 µM in the cytosol but instead is allowed to fluctuate 

based on the balance between PDE and AC kinetics.   
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This model demonstrates that if cAMP diffuses at 200 μm
2
/s, over 1000 PDE 

molecules would have to surround the 15 AC molecules in order to create just a 1.5-fold 

increase in concentration in the AC sphere compared against the cytosolic cAMP 

concentration. This would be a physiological impossibility based on known 

concentrations of PDE inside cardiac myocytes and even this concentration would not 

protect the entire cleft but just a fraction of the volume (Fig. 2.6). Additionally, if 1000 

PDEs were used per cleft, the average cytosolic cAMP concentration would be 0.05 μM, 

which is much lower than has been reported in literature . The cytosolic cAMP 

concentration would be even lower if the PDE that are outside the cleft were considered 

as well, unless AC molecules outside the cleft increase the cytosolic concentration, 

further negating the microdomain effect. In fact, no matter the diffusion coefficient, 

having more than 100 PDEs regulating each cluster of ACs would reduce the cytosolic 

cAMP concentration below 1 μM. 

 

Figure 2.5| Placement of AC and PDE on a physiological geometry. Left) 3D view of 

the geometry showing the t-tubules and SR. Right) Cross-sectional view of the 

placement of a 25 nm sphere of 15 molecules of AC on the inside of the cleft between 

the t-tubule and the SR. The hollow PDE sphere was placed 100 nm away from the AC 

sphere, sounding it and the cleft.   
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Using a cAMP diffusion coefficient of 60 μm
2
/s does not meaningfully alter the 

number of PDEs necessary to produce a cAMP gradient. Approximately 500 PDE 

molecules would be required to produce a 2-fold increase in the concentration of cAMP 

around the AC compared to the cytosolic cAMP concentration, which is physiologically 

implausible for the reasons stated above. With a diffusion coefficient of 10 μm
2
/s, only 

100 PDE molecules would be required to surround the 15 AC molecules to produce a 2-

fold gradient in cAMP concentration. This would allow all 13,000 clefts to be protected if 

all of the cellular PDE was localized to a cleft. It is unrealistic to assume that all PDE is 

localized to a cleft, though it is within an order-of-magnitude of a reasonable number of 

PDEs per cleft. Even under these most ideal conditions, 500 PDEs would be required to 

create a microdomain with an order-of-magnitude difference in concentration between 

compartments, as was suggested by one whole cell model [15, 32].   

 

Figure 2.6| Effect of cAMP diffusion coefficient on compartmentation.  750 

molecules of PDE were placed in a hollow sphere surrounding 15 AC molecules, as 

shown in Figure 2.5.  A cAMP diffusion coefficient of 10 μm
2
/s shows substantial 

compartmentation, whereas 60 μm
2
/s and 200 μm

2
/s produced minimal cAMP gradients.  
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In these diffusional models, the magnitude of the concentration gradient is dictated 

both by the concentration inside the AC sphere and the cytosolic cAMP concentration 

outside the PDE sphere. However, the steady-state concentration of cAMP in the cytosol 

outside of the PDE sphere is only dependent on the concentration of PDE but not on the 

diffusion coefficient of cAMP since at steady-state the exterior cAMP concentration is 

uniform (Fig. 2.7). 
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Figure 2.7| AC and PDE kinetics on a physiological geometry A) cAMP 

concentration inside the AC sphere (solid lines) and in the cytosol (dotted lines) with 

various diffusion coefficients and number of PDE molecules. B) Ratio of cAMP 

concentration inside the AC sphere to the cytosol with various numbers of PDE 

molecules and diffusion coefficients. 

A

B
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2.4 Conclusion 

Even under ideal theoretical conditions, in a sterically constrained geometry while 

considering AC and PDE kinetics, the diffusion of cAMP would have to be 10 μm
2
/s or 

slower for microdomains to be formed, which is much lower than the 100-200 µm
2
/s that 

most studies have suggested . Furthermore, an unrealistic number of PDEs would be 

required to maintain these microdomains.  Based on our current best understanding of 

AKAP binding, the most likely conformation for AKAPs have AC, PDE, and PKA all 

bound to the same location inside the cell, not in concentric spheres. Under these 

conditions, no steady-state gradients of cAMP concentration can be produced, since the 

source and the sink are in the same place with a net result of a uniform concentration of 

cAMP across the cell. Therefore, the most logical assumption based on our current 

knowledge of the system is that no stable microdomains of cAMP concentration can be 

created in cardiac myocytes due to the presence of AKAPs. 

It is worth noting that this work does not preclude gradients of cAMP across entire 

cells or non-steady state gradients. Several studies of cell motility in non-cardiac cells 

have shown that a cAMP gradient can exist across the cell [34, 35]. Also, several 

neuronal studies have pointed to cAMP gradients as a major feature in the turning 

behavior of neuronal growth cones . In these cases, the distances under consideration are 

significantly larger. Also, these systems have different organization of relevant enzymes; 

for example, one study showed by TEM imaging that significant clusters of AC 

molecules localize to the synapse in rat neurons [1].  However, these computational 

experiments show that having 10,000 steep gradients around each cleft or each caveolae 
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is infeasible and suggest that another explanation for the observed compartmentalized 

nature of PKA activity must be considered.  
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Chapter 3 The role of metal ions in protein kinase activity 

3.1 Introduction 

Protein kinases play a key role as regulators of multiple cell signaling pathways in 

eukaryotic cells, including differentiation, development and proliferation [2, 3]. Their 

malfunction leads to a variety of diseases, making protein kinases an attractive 

therapeutic target. Protein kinases compose a broad class of enzymes that catalyze the 

phosphorylation of serine, threonine, or tyrosine residues by transferring the terminal 

phosphate from ATP to the hydroxyl-group of a polypeptide substrate. As a strong acid, 

ATP is deprotonated under physiological conditions. In a cell, ATP’s four negative 

charges attract free cations, such as magnesium, with high affinity (~30 μM). [5]  

Magnesium is the most abundant cellular divalent cation and its concentration is 

strictly monitored by an elaborate homeostatic system that involves multiple channels 

and exchangers [6]. This system guarantees that there is enough Mg
+2

 in the cell 

cytoplasm to bind to ATP and to maintain a surplus of free magnesium within narrow 

limits between 0.5 and 1mM. From the very first experiments on protein kinases activity 

it was clear that magnesium is a necessary cofactor for their function [7] although its role 

was somewhat obscure. It could not be substituted by other alkaline earth metals, such as 

calcium, strontium or barium; but the transition metals manganese and cobalt were 

capable of supporting the kinase activity [8]. More comprehensive magnetic resonance 

studies of manganese binding to cAMP-dependent protein kinase (PKA), which is often 

used as a prototypical protein kinase, showed that without any nucleotides PKA is a weak 

(KD≥1mM) and nonstoichiometric binder of Mn
+2

, but after addition of the nucleotide it 
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binds two metal ions with affinities between 6 and 60 μM depending on the type of 

nucleotide or presence of a substrate peptide [9, 10].  

A biphasic dependence of the PKA activity on manganese concentration, with a 

sharp increase at the low µM range and slow decline in higher concentration, was 

observed by Granot et al., leading to the “inhibitory second metal ion” hypothesis. This 

suggests that when a nucleotide binds to a protein kinase, there are two binding sites for 

divalent metal cations – the first with a high level of affinity, termed “activating ion site,” 

and the second with lower affinity, termed the “inhibiting ion site”. The weak, inhibitory 

binding site was suggested to be associated with protein binding, while the strong 

activating site was related to nucleotide binding. [11] According to this hypothesis, 

kinase activity is optimal when the ATP:metal ratio is close to one and only the high 

affinity binding site is occupied. It was further suggested that under the higher 

concentration of the metal, the second, low affinity (KD≈2-3 mM [12, 13]), site binds 

metal cation and inhibits activity of the kinase. However, neither the rationale for this 

inhibitory site nor its molecular mechanism of its action are clear.  
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Figure 3.1| Binding of metal ions in protein kinase active site.  (A) The conserved 

core of eukaryotic protein kinases is comprised of two lobes: N-lobe (white) and C-lobe 

(olive). Close-up shows two magnesium ions bound to phosphates of ATP and the two 

conserved residues in PKA. (B) Examples of structures with only one magnesium bound 

to ATP: Death-associated protein kinase (yellow) (PDBID: 1JKK), Insulin receptor 

protein kinase (teal) (PDBID: 3BU5) and CDK2 (brown) (PDBID: 1QMZ).(C) 

Examples of structures with ADP and one magnesium ion: Serine-threonine protein 

kinase SKY1 (wheat) (PDBID: 1Q8Y), Glycogen synthase kinase-3 (red) (PDBID: 

1J1C) and CDK2 (brown) (PDBID: 1GY3). 
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Solving the first protein kinase structure, bound to ATP and two metal ions, 

provided new insight into the phosphotransfer mechanism . ATP was found to bind in a 

deep hydrophobic pocket between the two lobes of the molecule (Fig. 3.1a). Two 

residues that were already known to be invariant in the protein kinase family, Asn
171

 and 

Asp
184 

[12] were found to bind two magnesium ions (Fig. 3.1a). As both metals were 

bound both to the protein and ATP it was unclear which cation corresponds to the 

“activating” metal ion and which one was “inhibiting”. The decision was based on 

comparison of two electron density maps [15-22]. One map, which was obtained under 

crystallization condition with 4:1 excess of ATP over Mg, showed much lower density 

for the cation that is coordinated by both Asn
171

 and Asp
184

. After soaking the crystals in 

higher concentration of magnesium salt (with ATP:Mg = 1:2.5) a significant increase of 

electron density for this cation was observed. This led to the conclusion that this ion is 

the weak binding, “inhibiting” magnesium and it was termed Mg II, while the other 

cation was termed Mg I, suggesting that it is the high affinity “activating” magnesium.  

To elucidate the role of the metal ions in the phosphotransfer mechanism, several 

authors used hybrid quantum mechanical/molecular mechanical calculations (QM/MM).  

According to these studies, the major role of the cations was a simple coordination of the 

ATP phosphates. Surprisingly, Valiev et al. concluded that the “inhibitory ion” Mg II can 

act as a Lewis base, attacking the - bridging oxygen of ATP and thus facilitating the 

enzymatic reaction. [23, 24] A similar role for magnesium was suggested in QM/MM 

studies of ATP hydrolysis in solution  and in myosin [26]. This shed some light on the 

role of Mg II, although it was left unclear why other divalent metal ions cannot perform 

the same function. 
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The role of Mg I is even less understood. The importance of this cation was cast 

into doubt when the structures of many other protein kinases were solved with only Mg II 

in the active site (Fig. 3.1b). Protein kinase structures co-crystallized with ADP also had 

only a single magnesium ion in the Mg II position (Fig. 3.1c). Furthermore, numerous 

structures of cyclin-dependent kinase 2 (CDK2) consistently contained only Mg II. This 

led to the suggestion that CDK2 has a unique phosphotransfer mechanism, requiring only 

one metal ion, while the majority of kinases require two metal ions [27, 28]. 

Computational analyses of this alternative mechanism, however, did not reveal either the 

reason for such a modification or compensatory mechanism that would explain the 

absence of the second ion .  

The role of metals in phosphotransfer became more puzzling after a demonstration 

of the Peripheral plasma membrane protein CASK (named after CaM kinase, SH3 

domain, guanylate Kinase-like homology [30]) kinase (CASK kinase) activity [31]. 

Previously, it was considered to be a pseudokinase as the universally conserved Asn and 

Asp were substituted by His and Gly. It was shown, however, that CASK kinase can 

phosphorylate its substrate with no divalent metals in the solution. Moreover, the 

presence of magnesium was inhibitory to its activity. Comparison of the CASK kinase 

structure to “canonical” metal-dependent kinases did not show any substantial differences 

that would explain such unorthodox behavior. Subsequent attempts to reverse metal-

independent activity of CASK kinase by mutating the unconventional residues in the 

active site were not successful [32]. 

Meanwhile two important papers were published that helped to clarify the role of 

divalent metal ions in protein kinase activity. Khavrutskii et al. estimated free energy 
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changes during ADP release from the active site of PKA [33]. It was clearly shown that 

simultaneous release of ADP bound to two magnesium ions is energetically infeasible, 

suggesting that release of one of the metals has to precede the ADP release. This metal 

ion was termed a “linchpin” to emphasize its gating role. Such locking behavior was 

attributed to the negatively charged surface around the active site of PKA. As the ADP 

molecule has a negative charge of -3, the complex of ADP and two Mg
+2

 ions is 

positively charged and thus is attracted to the kinase. When the “linchpin” ion is released 

the metal-nucleotide complex becomes negative, which makes its release energetically 

favorable. The idea of electrostatics as a major driving force for nucleotide exchange was 

articulated earlier [34]. It is also in agreement with the observation that the more 

phosphates a nucleotide has, the weaker is its binding to PKA [35]. The “linchpin” model 

was supported by another paper that challenged the established idea that CDK2 requires 

only one metal ion for the phosphotransfer [36, 37] demonstrated that the active site of 

CDK2 is very unstable with a single metal bound to ATP and effective enzymatic activity 

of CDK2 is possible only after transient binding of a second divalent metal ion. This 

metal has to leave the active site after the reaction, facilitating release of ADP:Mg
+2

.  

For the first time, the “linchpin” model offers a hypothesis that can be used to 

generate testable predictions and provides a simple explanation of the inhibitory effect of 

high metal concentrations. In this work we used these predictions to see how well the 

“linchpin” model can explain activity of PKA in a wide concentration range of four 

different metals. For this we created a Markov Model of kinase activity based on the 

“linchpin” hypothesis. We explored the thermodynamic equilibrium of the kinase activity 

under varying metal concentrations and compared theoretically derived dependences to 
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experimental data. The experimental results were consistent with the “linchpin” model 

when it is assumed that PKA toggles between two states with different efficiency of 

phosphotransfer. Additionally, we demonstrated that various divalent metals can provide 

a single phosphotransfer event but only a few metals can support a continuous cycle of 

multiple phosphorylation reactions, which is also compatible with the “linchpin” model.  

 

 

3.2 Results 

A Markov Model of a protein kinase catalytic activity was developed using the 

Virtual Cell computational environment . The scheme of the kinetic mechanism based on 

the “linchpin” model  is shown in Figure 3.2. According to the model, any possibility of 

phosphotransfer with only one metal bound to ATP is excluded (“Linchpin binding” 

obligatory step R3). The second key suggestion is that ADP cannot leave the kinase 

before one of the metal ions is released (“Linchpin release” step R5). The model also 

suggests that in solution only one metal ion binds to the ATP molecule (R1) as the 

affinity of the second metal is in the medium millimolar range [4], i.e. three orders of 

magnitude weaker than the first metal binding. Finally, the scheme does not include any 

steps related to interaction with substrate assuming that the type of the divalent metal 

does not alter these interactions significantly. R1, R2, R3 and R5 were expressed as 

dissociation constants (Kd’s) while R4 and R6 as reaction rates (s
-1

).  
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Our main goal was to evaluate how well, if at all, such a simplified model can 

describe the activity of a kinase in response to varying metal concentrations. First we 

studied sensitivity of this model to changes of the six constants (R1 through R6). 

Calculations were made for experimental conditions similar to routine measurements of 

PKA in vitro activity: concentration of the kinase and ATP were 20nM and 1mM 

respectively with reaction time 3 minutes. Figure 3.3 shows theoretical curves for a 

 
Figure 3.2| The “linchpin” model of a protein kinase catalytic cycle. R1 is a constant 

for the first metal ion binding to ATP in solution. R2 is the affinity of the ATP-Met 

complex to a kinase molecule. R3 is the first key step of the “linchpin” model – binding 

of the second (“linchpin”) ion. R4 is the rate of phosphotransfer from ATP to a peptide 

substrate. Substrate binding and release are left outside of the model. R5 is the second 

key step of the “linchpin” model – release of the “linchpin” metal. R6 is the rate of 

ADP-Met complex release. R5 and R6 are highlighted in red as currently there is no 

experimental data for these parameters. 
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kinase activity with metal concentration changed from 0.1M to 500mM. Each set of 

curves was obtained by varying one of the reaction constants, while keeping the other 

constants fixed. The fixed values were selected as follows: R1 was set at 630 M as the 

typical Kd’s for divalent metals lie in the middle micromolar range [7-10]. R2 was set at 

18 M and R3 at 1 mM based on previously published data for different metals . R4 was 

set at 150 s
-1

 – in the range typical for a protein kinase [38]. To get an estimate for R5 we 

suggested that R6 should be around 20 s
-1

 [39] and evaluated R5 as 10 mM based on the 

thermodynamic constraints of the proposed scheme (Fig 3.2). Although this estimate is 

hypothetical it still serves the purpose of our work, i.e. to answer the question if the 

“linchpin” model can plausibly explain experimentally observed data. The sensitivity 

analysis showed that the “linchpin” model predicts a bell shaped dependence of kinase 

activity on metal concentration. It has a well-defined peak with the first four constants 

(R1 through R4) defining the activity level mostly before the maximum and the two other 

rates (R5 and R6) after the peak, in the high metal concentration range.  
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Figure 3.3| Sensitivity analysis of the “linchpin” model parameters. Curves are color 

coded with respect to the values of the varying parameter with blue colors representing 

the lower values and red colors – higher values. Fixed parameters are describe in the 

text. 
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Seven divalent metals were experimentally tested for their ability to support steady 

state phosphorylation of Kemptide by PKA in a concentration range from 50 M to 

500mM. No activity for Ca, Ba and Sr was detected (results are not shown). Results for 

Mg, Mn, Co and Ni are shown as circles on Figure 3.4. Out of these four metals Ni had 

the lowest level of activity and its dependence from the metal concentration could be fit 

with the “linchpin” model (black curve). Unlike Ni, three other metals revealed 

substantially different metal concentration dependencies than those predicted by the 

model (red curves). The main difference was much slower decrease of experimentally 

detected kinase activity in the high metal concentration range. Similar behavior of kinase 

activity in high concentrations of magnesium was reported earlier for PKA [40] and 

extracellular regulated protein kinase 2 (ERK2) [41, 42]. It was shown that with 

magnesium concentration up to 10-20 mM the kinase activity tends to stabilize at a low 

level instead of dropping down as predicted by the “linchpin” model. Our results show 

that with further increase of metal concentration the kinase activity in fact decreases but 

not in a way consistent with the “linchpin” mechanism. The “linchpin” model predicts a 

steep drop of activity in high metal concentrations as it suggests a reliable locking of the 

kinase with ADP bound to two metal ions in the active site. Kinases, however, are known 

to be dynamic molecules that can change their conformation . Earlier kinetic studies of 

PKA demonstrated that its catalytic cycle includes slow (millisecond scale) 

conformational changes that happen before and after the phosphotransfer . Random 

conformational changes of PKA bound to ATP, also in millisecond scale, were recently 

detected by NMR and were characterized as “toggling between open and closed state” 

[7].  



88 

 

 

 

 

 

 

 
Figure 3.4| Fitting experimental dependencies of PKA steady state activity on 

different metal concentrations to the “linchpin” model presented in Fig. 1.2. Circles 

represent experimental data (with standard deviation error bars). Concentration of ATP 

was kept at a constant level (1 mM) with concentration of PKA being 20 nM. Red lines 

for Mg, Mn and Co represent modeling of a highly efficient state of the kinase (“State 

1”). Blue lines represent modeling of a low efficient state of the kinase (“State 2”). The 

black line for Ni shows a single state model approximation. Reaction constants for all 

models are shown in Table 1. 
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This led us to a suggestion that the observed “extra” activity of PKA at the high 

metal concentrations can be explained by sporadic conformational changes of the kinase 

molecule. As the precise nature of these changes remains to be clarified, we call the first, 

more catalytically efficient conformation of PKA as “State 1” and the second 

conformation as “State 2”. We hypothesize that in the “State 2” the kinase is a poor 

catalyst but has lower affinity to the “linchpin” metal, thus providing a “linchpin leakage” 

that facilitates subsequent ADP release and, therefore, elevated activity. To estimate if 

the “State 2” can be also described by the “linchpin” model we fitted the difference 

between the observed levels of PKA activity (circles on Fig. 3.4) and the “State 1” model 

prediction (red curves) by a second catalytic cycle (blue curves) with a different set of 

constants (Table 1). Clearly a combination of these two curves can approximate the 

experimental data. However, there is no reliable way to perform the fitting as the 

available information about the conformational change in PKA is very limited. Our data 

suggest that the conformational change occurs even in high millimolar concentrations of 

Mg, Mn and Co but possibly does not occur in case of Ni. Thus, the Table 1 represents 

estimates for two ultimate situations: “State 1” represents biologically relevant conditions 

with metal concentration around 0.5-2 mM, when the activity of molecules in the “State 

2” is negligibly low; while “State 2” characterizes the case with metal concentration in 

high millimolar rage (20-100 mM), when all the molecules in the “State 1” are locked by 

their “linchpin” metals. 
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Although we demonstrated that the “linchpin” model can explain metal 

concentration dependencies of PKA activity, the reason for no activity in case of Ca, Sr 

and Ba remained unclear. It was reported earlier that Ca and Sr bound to lyn-benzo-ADP 

can bind to PKA with mM affinity [32]. This suggests that either the reaction is blocked 

on the phosphotransfer step (R4) or during the ADP-metal complex release (R5/R6). To 

check if these metals can support at least a single phosphorylation step we performed 

single turnover experiments with radiolabeled ATP using PKA and Serine/arginine-rich 

protein-specific kinase 1 (SRPK1) as kinases and PKA type II regulatory subunit (RII) 

and alternative splicing factor 1 (ASF1) as corresponding substrates. Seven divalent 

metals and one monovalent metal were tested. All divalent metals demonstrated ability to 

facilitate at least one phosphotransfer (Fig. 3.5). In several cases SRPK1 revealed a 

varying phosphorylation pattern as SRPK1 consecutively phosphorylates up to 15 sites 

on ASF. Clearly Mg and Ni were capable of supporting fast turnover of ATP/ADP by 

SRPK1, providing multiple phosphorylation events in the course of the experiment, while 

Cu could facilitate only a single phosphotransfer. 

Table 3.1| Reaction constants for the “linchpin” model (Fig. 3.2) used for the curves 

presented on Fig. 3.4. State 1 values were used for building red curves. State 2 values 

were used for building blue curves. In case of Ni the only one curve was necessary 

(black). 

Metal State R1 (M) R2 (M) R3 

(mM) 

R4 (s
-1

) R5 (mM) R6 (s
-1

) 

Mg 1 75.4 19.8 1.37 160 2.0 19.0 

2 75.4 38.4 27.4 4.75 267 3.44 

Mn 1 49.1 245 0.155 236 0.475 6.25 

2 49.1 345 2.2 5.06 20.5 13.3 

Co 1 11.9 103 0.027 199 0.00157 3.15 

2 11.9 33.6 0.44 0.95 0.84 1.08 

Ni  15 0.0136 3.09 110 25.7 0.405 

 



91 

 

 

 

 

 

3.3 Discussion 

The fact that high concentrations of divalent metal ions inhibit protein kinase 

activity has been known for the last three decades but was never clearly understood. Why 

do kinases require binding of two metal ions if the second ion hinders protein kinase 

function? What is the role of these metals in the phosphotransfer process? Why can at 

least one kinase (CASK) function in absence and only in absence of divalent ions? The 

“linchpin” model, proposed earlier for PKA [35] and CDK2 [33], is the first plausible 

hypothesis that provides appealingly simple answers to these questions. According to this 

hypothesis, the major role of metal ions is electrostatic neutralization of the nucleotide 

 

 
Figure 3.5| Different divalent metal ions can facilitate at least one phosphotransfer. 

Single turnover experiments were performed using PKA (top) and SRPK1 

(bottom) with their corresponding substrates. 
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phosphates rather than a sophisticated interplay between these cations, phosphates of 

ATP, catalytic residues of the kinase core and the substrate during the phosphotransfer. 

Thus, the requirement for divalent atoms arises from significant electronegative surface 

potential around the ATP-binding site. Existence of the negative electrostatic barrier for 

PKA has been suggested earlier [4]. In fact, many kinases have large negative patches 

around their active sites (Fig. 3.6) that should impede binding of the ATP
-4

 molecule. To 

cross this barrier ATP must bind a cation. Monovalent cations are not suitable for this 

role due to their reduced charge and low affinity to ATP (millimolar vs. micromolar for 

divalent metals [35]). Some kinases, like CDK2, do not have negative surface patches 

around their active site. However, universally conserved acidic residues inside the active 

site can create substantial electronegative environment for the ATP orthophosphate [31]. 

The “linchpin” model suggests that the frequent crystallization of CDK2 with only one 

magnesium ion, discussed in the Introduction, is related to the low surface charge of this 

protein kinase. The fact that the surface of CASK is positively charged (Fig. 3.6) is also 

consistent with this model. The absence of a negative barrier for ATP phosphates makes 

it possible for CASK to function without any divaent metals. Furthermore, this also 

explains the unsuccessful attempt to return CASK back to the “classic” behavior by 

mutation of its four unconventional residues to their canonical versions [44, 45]. While 

the mutants gained ability to function in the presence of magnesium, they still were active 

without any divalent ions in the presence of EDTA. Clearly mutation of the four residues 

could not change the extensive positive charge on the surface of CASK. 
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Figure 3.6| Electrostatic potential on different protein kinase water accessible 

surfaces. Calculations were made using APBS plug-in for molecular visualization 

system Pymol (v.99rc6). Charges are color coded between -3KbT/ec (red) and +3KbT/ec 

(blue). The following structures were used for calculations: PKA (cAMP dependent 

protein kinase) 1ATP:E; PKCθ (Protein kinase C θ) 2JED:A; PHK (Phosphorylase 

kinase ) 2PHK:A; DAPK (Death-associated protein kinase) 1JKK:A; Src (Proto-

oncogene tyrosine protein kinase Src) 1Y57:A (residues 258-533); IRK (Insulin receptor 

kinase) 1IR3:A (residues 990-1283); CDK2 (Cyclin-dependent kinase 2) 1FIN:A; CASK 

(Peripheral plasma membrane protein CASK kinase) 3C0I:A. 
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Our analysis showed that the “linchpin” model can satisfactorily describe 

dependence of PKA activity in a wide range of metal concentrations under a condition 

that PKA acquires two different conformations identified here as “State 1” and “State 2”. 

The model requires these states to be independent of metal concentration, which raises a 

question on the nature of these states. One can suggest that they are related to the slow 

(s-ms) dynamics observed in PKA by NMR . This dynamics is initiated by ATP binding 

and was explained by the ability of the whole kinase molecule to perform slow oscillatory 

movements. As these movements would be controlled mostly by masses of the two 

kinase lobes, the influence of a single divalent metal ion can be rather limited. Existence 

of two conformational states in PKA, one being catalytically competent and the other 

catalytically inert, was also pointed out earlier in multiple kinetic studies . The question 

of whether these conformational states are a PKA-specific feature or it is a common 

feature for many kinases remains to be answered. Our results suggest that in case of Ni 

these changes either do not occur or their catalytic efficiencies are very similar.  

The ATP-binding site in protein kinases, unlike in other ATP-ases (e.g. myosin 

[47] or sodium pump [34]) , is very deep and binds the ATP adenosine relatively tightly 

[39]. Such binding hinders the release of ADP, which is often a limiting step of the 

phosphorylation cycle [48]. The electrostatic driven “linchpin” mechanism of ADP 

release can facilitate this process. The proposed role of metal ions in protein kinases is 

significantly different from the finely tuned role of metals in many metalloproteins. For 

example, an ability of iron to change its oxidative state is a key feature of the electron 

transport mechanism in Cytochrome c oxidase [49], that makes iron indispensable for this 

reaction. In contrast, protein kinases are not that discriminative in using divalent metals 
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for their activity. In fact some tyrosine kinases [50] or dual specific kinases [51] are more 

efficient when using manganese instead of magnesium even though manganese is a 

transitional metal while magnesium is an alkaline earth metal with significantly different 

electron structure. Furthermore, our results (Fig. 3.5) together with the recently published 

crystallographic data [52, 53], indicate that a wide variety of divalent metals can facilitate 

at least a single phosphotransfer. The major question, what properties of the metal ions 

define their ability to support the catalytic cycle, remains open and will require additional 

studies. 

 

 

3.4 Materials and methods 

3.4.1 PKA steady state activity 

 The kinetics experiments were carried out to assay the activity of PKA in the 

presence of varying metal ions by measuring the dephosphorylation of radiolabeled ATP. 

A reaction mix contained 50 mM MOPS pH 7.4, 1mM Kemptide, 1mM ATP, and 32 γP 

radiolabeled ATP (specific activity 200-500 cpm/pmol) in a final volume of 20μL. The 

various metal ions (Mg, Mn, Co, Ni) were titrated (from 0-500 mM) in volume of 10μl 

and reaction was initiated by adding the 10μl of the reaction mix containing PKA 

catalytic subunit with final concentration of 20nM. The reaction was carried out as a time 

course experiment for over a period of 3 min. After each time-point the reaction was 

quenched with 90 μl of 30% Acetic acid. 50μl of the quenched reaction was then spotted 

on p81 phosphocellulose paper, washed 3 times for 5 min each with 5% phosphoric acid 
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and then once washed with acetone, air dried and counted on liquid scintillation counter. 

The background counts were subtracted from the experimental time.  

3.4.2 Single turnover activity 

RIIβ holoenzyme was generated as described earlier . The assay condition contains 

50 mM MOPS pH 7.4, 1mM ATP, 20 μM EDTA and 32 γP radiolabeled ATP (specific 

activity 500-1000 cpm/pmol) in a final volume of 20μL. The final concentration of metal 

ions used in the assay was Mg (10mM); Ca (100μM); Sr (1mM); Ba (1mM); Cd (1mM); 

Cu (1mM); Ni (1mM) and K(150mM) in a volume of 10 μL. The reaction was initiated 

by adding 5μL RIIβ holoenzyme (1-2μM) to the above reaction mix containing various 

metal ions. The reaction was quenched with 10μL SDS loading buffer after 15 minutes. 

The entire reaction volume was loaded onto an SDS 4-12% PAGE. The dried gel was 

imaged using Autoradiograph. SRPK and ASF were generated as described earlier [36, 

37] and the reaction was carried out as explained above using SRPK (0.5 μM) – ASF 

(0.3μM) as enzyme substrate pair instead of RIIβ holoenzyme. 

3.4.3 Computer modeling 

 The model was developed using Virtual Cell , a public NIH-supported web-based 

computational biology modeling environment. Reactions 4 and 6 (Fig. 3.2) were assumed 

to be rate limiting and the others were assumed to be dictated by their thermodynamic 

equilibrium. The initial conditions were described as above in the experimental kinetics 

section. Literature values were used for R1-R6 whenever possible. R5 as one of the major 

unknowns was allowed to fluctuate to fit the experimental data. The models used in this 

paper are freely available in the Virtual Cell environment for download or online use at 

http://www.vcell.org/vcell_models/published_models.html?current=five.  

http://www.vcell.org/vcell_models/published_models.html?current=five
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Chapter 4 Using Markov State Models to Develop a 

Mechanistic Understanding of Protein Kinase A-RIα 

Activation in Response to cAMP Binding 

4.1 Introduction 

cAMP-dependent Protein Kinase A (PKA) is a ubiquitous cAMP receptor in eukaryotes [2, 3]. The 

holoenzyme consists of a regulatory (R) subunit dimer and two catalytic (C) subunits . In the absence of 

cAMP, the R2-dimer and two C-subunits interact to form a holoenzyme structure that inhibits kinase 

activity by binding and blocking the active sites of the C-subunit. Each R-subunit contains two tandem 

cAMP binding domains (CBDs): CBD-A and CBD-B [4]. Activation of PKA is a well-known example of 

allosteric regulation with cAMP binding to the four CBDs, weakening the R2-dimer’s interactions with the 

C-subunits and leading to the unleashing of the C-subunit’s catalytic activity [5]. 

Allostery is a regulatory mechanism in which an effector molecule (ligand) binds at 

a site other than the active site of the enzyme [6]. Binding of the ligand is most 

commonly associated with conformational changes in the enzyme that lead to the change 

of its activity. There are two main alternative allosteric activation mechanisms: “induced 

fit”, proposed by Koshland [7], suggests that binding of a ligand precedes conformational 

changes in the protein structure, whereas “conformational selection,” also known as the 

MWC (Monod, Wyman, Changeux) model [8], holds that conformational changes in the 

binding protein precede ligand binding.  

Recent studies of a single CBD showed that conformational selection is likely to be 

the dominant mechanism in the case of cAMP binding to PKA [9]. This finding, 

however, does not fully explain the mechanisms of PKA activation for several reasons. 

First, the R2C2 holoenzyme contains four binding sites for cAMP that are capable of 
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communicating between each other creating a cooperative effect of cAMP binding [10]. 

Second, each CBD undergoes major structural changes during activation [11, 12] and two 

of them (both CBD-As) have extended interfaces with the C-subunits that can interfere 

with the conformational changes . Thus, the activation of C-subunits in the R2C2 complex 

must also be a factor in the activation process. Owing to the complexity of the system, it 

has been difficult to expand the NMR and crystal structure studies beyond a single CBD 

or an R-C heterodimer to the whole R2C2 complex . 

Here Markov State Models (MSMs) of PKA-RIα were used to test competing 

allosteric mechanisms of activation and cooperativity against currently available 

experimental data. These models show that R-C heterodimer interactions are essential to 

explain observations of the activity of PKA. Neither CBD-A nor CBD-B binding alone 

promotes the dissociation of the R2 dimer and C-subunits but instead both increase the KD 

of the R-C complex. However, the models suggest that the first C-subunit activation is 

regulated by CBD-B binding and the second activation is regulated by CBD-A binding. 

These results are important for understanding the roles of conformational selection and 

induced fit in the mechanisms of PKA activation and may be useful in drug design for 

targeting PKA and other cAMP binding proteins. 
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4.2 Experimental Procedures 

4.2.1 Model Formation 

Five MSMs were developed to probe different mechanistic theories of PKA-RIα 

activation. Briefly, each combination of binding partners (R, C, and cAMP) was 

considered to be a Markov state (Fig 4.1). These states represent various molecular 

conformations that affect the transitions to and from each state. State transitions represent 

binding events, each defined by simple mass action kinetics. Each transition was 

considered to be reversible and therefore subject to thermodynamic constraints around a 

closed loop. 

For these models, we assumed based on previous studies that the CBD-B site must 

be bound first in any R-C conformation . After the first cAMP binding, to the best of our 

knowledge, the second cAMP binds the CBD-A site of the bound R-subunit making the 

order of binding B-A-B-A for all R-C conformations. However, for R-subunit not bound 

to C-subunit, both the other CBD-B site and the adjacent CBD-A site are available and 

allow B-B-A-A binding. Therefore, in the R2C2 models, both B-A-B-A and B-B-A-A 

binding were considered for free R2-dimer without C-subunit but only B-A-B-A was 

included for R2C2 and R2C1 states. The addition of kemptide as a buffer of free C-subunit 

was considered as an extension of the models.  
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4.2.2 Data Sets used for Fitting  

Five published data sets from two published papers  were chosen to test the various 

mechanisms in the model. The data were obtained under physiologically-relevant 

conditions at high Mg
2+

 and high ATP concentrations to limit additional effects of Mg
2+

 

binding and ATP/ADP interactions. Furthermore, all experiments were conducted for 

long enough periods to reach thermodynamic equilibrium [15]. Data sets I-III are PKA 

catalytic activity measurements made in the presence of progressively higher 

concentrations of R2 dimer with a kemptide substrate. Briefly, 0.25 nM of C-subunit was 

combined with 3, 30, or 300 nM of RIα subunit. Increasing amounts of cAMP were 

added and incubated at 37°C for 40 min [16].  

Data set IV tested the R-cAMP exclusive interactions in non-cAMP saturated 

conditions in the absence of C-subunit. Briefly, 0.25 nM of R-subunit was incubated with 

3
H cAMP under strict equilibrium conditions. Size-exclusion chromatography was used 

to separate the free cAMP from the bound [16]. 

Data set V tested cAMP binding to the R2C2 holoenzyme in the presence of an 

excess of C-subunit (5 µM C-subunit and 0.25 nM RIα). Again size-exclusion 

chromatography was used to separate the free from bound cAMP [18].  

4.2.3 Computational Modeling and Fitting Algorithm 

All MSMs were implemented in the Virtual Cell computational environment [19] 

and translated into MATLAB code for use with an existing optimization algorithm [15, 

16]. Computations were performed in parallel on 12 cores of a Linux cluster. Free model 

parameters (Table 4.1) were fit using a derivative-free optimization technique with a cost 

function based on a weighted sum of squares residual (WSS) between the experimental 
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data (xi, mean of replicates) and the model-computed values (mi), weighted by the inverse 

of the standard error of the mean (SEMi) and accumulated for each experimental data 

point (i) over the number of data points (nj) in each data set (j) (Equation 1).  

𝑊𝑆𝑆 = ∑
1

𝑛𝑗
∑

(𝑚𝑖−𝑥𝑖)
2

𝑆𝐸𝑀𝑖
2

𝑛𝑗
𝑖=1

5
𝑗=1     (1) 

The error for each data set was divided by the number of data points to give equal 

weight to each data set. All of the data were normalized so that the WSS could be pooled 

across experimental data sets. The best-fit parameters were determined to be those giving 

the lowest total normalized error for each mechanistic model (Tables 4.2-4.3). For each 

mechanistic theory, the order of cAMP binding with the lower WSS error when 

compared with published experiments  is described in detail (all data are shown in Tables 

4.2-4.4).  

An R
2
 value was calculated for each model’s result to determine how well each 

mechanistic model individually fits the given data set (Equation 2). 

𝑅𝑗
2 = 1 −

∑ (𝑚𝑖−𝑥𝑖)
2

𝑛𝑗
𝑖=1

∑ (𝑥𝑖−𝑥𝑗̅̅ ̅)
2

𝑛𝑗
𝑖=1

      (2) 

�̅� is the mean of all the experimental data in a given data set.  
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Table 4.1| Parameters Definition. These parameters represent all potential DF that 

could be fit in each model. The parameter names are consistent across all models. The 

regulatory mechanism theories were tested by constraining various factors. All 

biochemical interpretations are written as C-subunits effect on cAMP binding, but each 

could be written as the reverse as well.    

Para. Models with this Parameter Biochemical Interpretation 

 
Dimer CBD-A CBD-B Dually Unconst. 

 𝑲𝑫
𝑪  X X X X X KD for C binding R in the absence of cAMP 

𝑲𝑫
𝑩 X X X X X 

KD for cAMP binding CBD-B on R' in the absence of C 
and C' 

𝑲𝑫
𝑨  X X X X X 

KD for cAMP binding CBD-A on R' after CBD-B on R' 
has already been bound by cAMP in the absence of C 

and C' 

𝑲𝑫
𝑪𝟐 

 
X X X X 

KD for C' binding R' after C is already bound to R in the 
absence of cAMP 

𝑲𝑫
𝑨𝟐 

 
X X X X 

KD for cAMP binding CBD-A on R after cAMP has 
bound CBD-B on R and CBD-B and CBD-A on R' in the 

absence of C and C' 

F1 X 
   

X 
The effect of C being bound to R on the binding of 

cAMP to CBD-B on R' 

F2 
  

X X X 
The effect of C' being bound to R' after C is bound to 

R on the binding of cAMP to CBD-B on R' 

F3 X X X X X 
The effect of C being bound to R on the binding of 
cAMP to CBD-A on R' after CBD-B on R' is already 

bound. 

F4 
 

X 
 

X X 
The effect of C' being bound to R' after C is bound to 
R on the binding of cAMP to CBD-A on R' after CBD-B 

on R' is already bound. 

F5 
  

X X X 
The effect of C being bound to R on the binding of 

cAMP to CBD-B on R when cAMP is bound to CBD-A 
and CBD-B on R'. 

F6 
    

X 
The effect of C' being bound to R' after C is bound to 
R on the binding of cAMP to CBD-B on R when cAMP 

is bound to CBD-A and CBD-B on R'. 

F7 
 

X 
 

X X 
The effect of C being bound to R on the binding of 

cAMP to CBD-A on R when cAMP is bound to CBD-B 
on R and CBD-A and CBD-B on R'. 

F8 
    

X 
The effect of C' being bound to R' after C is bound to 
R on the binding of cAMP to CBD-A on R when cAMP 
is bound to CBD-B on R and CBD-A and CBD-B on R'. 

F9  X X X X 
The effect of cAMP being bound to CBD-B on R and R' 

on the binding of cAMP to CBD-A on R. 
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A reduced χ
2 

statistic was also calculated (χ
2

red) as a measure of the goodness of fit 

of the model that also takes into account the number of degrees of freedom (DF) in the 

model and thereby favors simpler models with fewer adjustable parameters (Equation 3). 

χ2𝑟𝑒𝑑 =
1

𝑁−𝐷𝐹−1
∑

(𝑚𝑖−𝑥𝑖)
2

𝑆𝐸𝑀𝑖
2        (3) 

Finally, an F-test was performed to compare the fit of nested models to determine if 

one gives a significantly better fit to the data than the other [9]. For this we calculated an 

F statistic (Equation 4) where P is the broader model with more DF and Q is the reduced 

model with fewer DF. For this statistic v1=DFQ and v2=N-(DFP+1). The significance 

level was set at 0.01.  

𝐹 =
𝑁−𝐷𝐹𝑃−1

𝑊𝑆𝑆𝑃
∗
𝑊𝑆𝑆𝑄−𝑊𝑆𝑆𝑃

𝐷𝐹𝑃−𝐷𝐹𝑄
             (4) 

In data sets IV and V, each measurement was reported as the amount of cAMP 

bound vs. free cAMP. We accounted for the fact that both of these quantities were 

dependent variables in the model in calculating the error sum of squares. For data set V 

since >97% of the total cAMP was unbound, the free cAMP acts like an independent 

variable. For data set IV, most of the cAMP was bound. Therefore, a hill equation was fit 

to data set IV and the error between the model and the Hill equation at a given free cAMP 

concentration was used as the WSS error so that the error across all models could be 

calculated consistently.       

4.2.4 Mechanistic Models of PKA 

Dimer Model: The simplest model, the Dimer Model (Fig. 4.2A), assumes that the 

R2C2 holoenzyme can be treated as two independent R-C heterodimers with no cross-talk 

between them. This model assumes that both cAMP binding events can affect the 
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activation of C-subunit. After being constrained thermodynamically, this model reduces 

to 6 states with 5 DF: 𝐾𝐷𝐵, 𝐾𝐷𝐴, 𝐾𝐷
𝐶, and two thermodynamic factors F1 and F3 (Table 4.1).  

CBD-A Regulated Model: The CBD-A Regulated Model (Fig. 4.2B) assumes that 

while CBD-B must be bound before CBD-A, only the binding of cAMP to CBD-A 

affects the activation of the C-subunit [13]. The binding of cAMP to CBD-A is assumed 

to cause a conformational change in the R-subunit, activating the C-subunit. Moreover, 

since holoenzyme structures suggest that the activation of the first and second C-subunits 

might be dependent events, this possibility was permitted in the model [13]. The CBD-B 

domains are considered independent of each other but the CBD-A domains are 

considered dependent binders [21]. The two R-subunits in the R2 dimer were 

interchangeable but for ease of naming the first R-subunit to bind a C-subunit is R while 

the first R-subunit to bind cAMP is R′ (Fig. 4.1). Also, the C-subunit binding R is (C) 

while the C-subunit binding R’ is C’. This model allows cAMP binding to CBD-A’ on 

the R’-subunit to affect the activation of the C-subunit [22, 23]. In the R2C1 transition 

state the cAMP was assumed to bind to the free R′-subunit before binding to the R-

subunit which is already bound by a C-subunit. After being constrained 

thermodynamically, the model reduced to 14 states with 9 DF: 𝐾𝐷𝐵, 𝐾𝐷𝐴, 𝐾𝐷𝐴2, 𝐾𝐷
𝐶2, 𝐾𝐷

𝐶2, and 

four thermodynamic factors relating the unleashing of the C-subunit and the binding of 

cAMP: F3, F4, F7, and F9.  

CBD-B Regulated Model: Similar to the CBD-A Regulated Model, this model also 

assumes that the CBD-B domains are independent of each other but the CBD-A domains 

are dependent binders. However, unlike the CBD-A Regulated Model, this model 

assumes that cAMP binding to CBD-B affects the unleashing of the bound C-subunit 
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independent of the CBD-A being bound (Fig. 4.2C). This is consistent with the 

conformational selection model as CBD-A, bound to the C-subunit, cannot undergo 

conformational transition which is considered to be a prerequisite for cAMP binding. 

After being constrained thermodynamically, this model had 12 states with 9 DF: 𝐾𝐷𝐵, 𝐾𝐷𝐴, 

𝐾𝐷
𝐴2, 𝐾𝐷

𝐶, 𝐾𝐷
𝐶2

, and four thermodynamic factors F2, F3, F5, and F9.  

Dually-Regulated Model: The CBD-B Regulated Model (Fig. 4.2D) was expanded 

to allow both CBD-A and CBD-B binding to affect activation of the catalytic subunits. 

This added the possibility of forming a state with 1 R2-dimer, 1 C-subunit, and 4 cAMPs 

(R2C1-cAMP4) as well as a state with 1 R2-dimer, 2 C-subunits, and 2 cAMPs (R2C2-

cAMP2). In this model, transitions 1-9, 11, 15-19, and 21 (Figs. 4.2D) share the same 

properties as the CBD-B Regulated Model. Transitions 12 and 20 describe the transfers to 

a R2C2-cAMP2 state and transitions 10 and 23 describe the transfers to a R2C1-cAMP4 

state. The model reduces to 14 states with 11 DF: 𝐾𝐷𝐵, 𝐾𝐷𝐴, 𝐾𝐷𝐴2, 𝐾𝐷
𝐶 , 𝐾𝐷

𝐶2, and six 

thermodynamic factors F2, F3, F4, F5, F7, and F9.  

Unconstrained Model: In an attempt to find the best model approximation to the 

data without assuming a specific regulatory mechanism a priori, an R2C2 holoenzyme 

model was created to test the cooperativity of activation across the molecule (Fig. 4.2E). 

This model was developed without the constraints of either CBD-A or CBD-B Regulated 

Models. Each combination of R2-dimer, C-subunit, and cAMP were available for binding 

with each reaction loop having its own thermodynamic reaction constant. The only 

constraint was that the CBD-B site must be bound before CBD-A. The model had 16 

states with 14 DF: 𝐾𝐷𝐵, 𝐾𝐷𝐴, 𝐾𝐷𝐴2, 𝐾𝐷
𝐶, 𝐾𝐷

𝐶2, and nine thermodynamic factors F1-F9. 
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4.2.5 The Addition of Kemptide 

Several papers have shown that the presence of kemptide affects PKA activation 

either through C-subunit buffering or through binding to the C-subunit catalytic cleft and 

promoting activation . A simple model of kemptide buffering was created and fit to 

experimental data with varying concentrations of kemptide (8, 70, and 140 µM) in the 

presence of excess ATP and Mg
2+

 [16] to determine the buffering capabilities of 

kemptide on free C-subunit concentration. The kemptide competition coefficient (Keq) 

relates amount of free C-subunit [C] available to bind the R2-dimer to the amount of C 

bound by kemptide [C_kemp].  

𝐾𝑒𝑞 =
[𝐶_𝑘𝑒𝑚𝑝]

[𝑘𝑒𝑚𝑝]∗[𝐶]
                        (5) 

The equilibrium constant is a function of the rate of phosphorylation of kemptide as 

well as the KD of interaction between C and phosphorylated and non-phosphorylated 

kemptide. The Dually-Regulated Model was recreated to include kemptide buffering of 

C-subunit and fit to the 5 data sets, with data sets I-III now having 100 µM kemptide. The 

resulting parameter values were then compared to those found in the absence of kemptide 

buffering to determine whether it affected any of the conclusions from the models.  

4.2.6 Validating Models with Mutant PKA 

The predictive value of the models was tested using four additional independent 

data sets from variants of PKA harboring mutations resulting in either a silent CBD-A 

site (RIG201E) or a silent CBD-B site (RIG325D) [9]. The mutants were tested under the 

same conditions as data sets IV and V to quantify the percent saturation of PKA-RIα with 

increasing concentrations of cAMP. It was assumed that maximum saturation of the R-

subunit was achieved with 50 µM cAMP. The Dimer, CBD-A, CBD-B, and Dually-
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Regulated models, were altered to silence the CBD-A or CBD-B binding site, and were 

compared against the corresponding mutant data, both in the absence of C-subunit as well 

as under saturating C-subunit conditions. Making no other changes to the parameters 

estimated from the five wildtype data sets, the mutant model results were compared with 

experimental measurements using the statistics described above.  

 

 

4.3 Results 

Dimer Model: The first question is whether the two R-C heterodimers talk to each 

other. The Dimer Model, using the best-fit parameters shown in Table 4.2, was only able 

to match three of the five data sets (II, IV, and V) with R
2
 values greater than 0.95 (Fig. 

4.2). Under the assumptions of this model, cAMP had sub-nanomolar affinity for the 

CBD-B site and nanomolar affinity for the CBD-A site on free R-subunits. cAMP had 

micromolar affinity for both binding sites in the R-C dimer. This model also showed an 

increase in KD between R- and C-subunits by seven orders of magnitude after two 

cAMPs were bound. 

The Dimer Model was unable to match the KD from data sets I and V to within 

20% of the experimentally observed value. Data sets I-III show decreasing cooperativities 

with increasing concentrations of R-subunit. In contrast, increasing R-subunit 

concentration in the Dimer Model resulted in increasing cooperativity, suggesting that 

most of its cooperativity is based on cAMP binding to free R-subunit (Table 4.4). This 

model could not match data sets I and III closely, but did fit data set II with an R
2
 of 0.99. 

It was also able to reproduce the free R-subunit cAMP binding with no predicted value 
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further than 2 SEM from the experimental data suggesting that the R-C heterodimer 

interactions necessary for data sets I, II, III, and V are less significant for binding to free 

R-subunit. The χ
2

red for this model was 4.2. 

CBD-A Regulated Model: Next, the condition where only CBD-A binding affects 

C-subunit release was considered. The best-fit parameters for the CBD-A Model (Table 2 

and Table 3) led to a lower WSS error than that of the Dimer Model (4.33 vs 5.09, Fig. 

4.2 A,B). CBD-B for both the free R-subunit and the R2C2 holoenzyme were bound with 

214 nM affinity due to thermodynamic constraints. This is an order of magnitude higher 

than has been reported for binding to R2-dimer (22 nM [16]) and an order of magnitude 

lower than binding to holoenzyme (2.9 µM [9, 16]). The first cAMP binding the CBD-A 

domain showed sub-picomolar affinity when binding to the free R-subunit, which is 3 

orders of magnitude lower than previously reported (1-20 nM ) even when the CBD-B 

site is already bound. These KD values imply that this is not a reasonable model for PKA 

activation despite its low total WSS error (Table 2). More interestingly, cAMP-bound 

CBD-A in the R2C2 holoenzyme with a KD of 19.3 μM, which leads the R2-C2-cAMP2 

state to be nearly unpopulated under physiological conditions. Therefore, even in a model 

intended to be regulated by CBD-A, only CBD-B is filled before the C-subunit is 

unleashed. In this model, the KD for R-C interactions increased by 4 orders of magnitude 

after cAMP bound to the first CBD-A domain, and by an additional 5 orders of 

magnitude when the second CBD-A domain is bound. This increase in dissociation of R2-

dimer and C-subunit owing to the presence of cAMP is consistent with published reports 

[9]. 
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Figure 4.2| Markov State Models for 5 regulatory mechanisms and their best fits.  
A) The Dimer Model contains 6 states, 7 transitions, and 5 DF. B) The CBD-A 

Regulated Model contains 14 states, 20 transitions, and 9 DF. C) The CBD-B Regulated 

Model contains 12 states, 16 transitions, and 9 DF. D) The Dually-Regulated Model 

contains 14 states, 20 transitions, and 11 DF. E) The Unconstrained Model contains 16 

states, 24 transitions, and 14 DF. Left: The available MSM states for each regulatory 

mechanistic model and the names of the transitions between states. Middle: The best fit 

of each model to data sets I, II, and III showing PKA activation under varying 

concentrations of R2-dimer and cAMP. Right: The best fit for each model to data sets IV 

and V showing binding of cAMP to free R2-dimer or R2C2 holoenzyme. R
2
 values are 

shown next to each graph. The colors are: Green- R
2
 values above 0.98; Black- R

2
 values 

from 0.95 to 0.97; Red- R
2
 values below 0.95. Open symbols show data points 3 SEM or 

more away from the model curve. Error bars are the SEM of the experimental data set. 
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The CBD-A regulated model was able to fit data sets I, II, and V with strong 

correlations (R
2
=0.98 for all). However, the model showed a distinct biphasic slope for 

the binding of cAMP to free R2 dimer in data set IV owing to the difference in KD 

between binding CBD-B and CBD-A. This is inconsistent with experimental findings and 

resulted in a slightly weaker correlation (R
2
=0.97). The high amount of CBD-B bound in 

the holoenzyme at low cAMP concentration was also somewhat inconsistent with data set 

V, but overall this model had the second lowest WSS error but the third lowest χ
2

red (4.36) 

due to the increase in DF compared against the Dimer Model.  
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Table 4.3| Best fit parameter values and error. The best fit parameters for each model 

are shown. All KDs are in units of µM and all constants are unitless. The WSS error 

(Equation 1) and χ
2

red (Equation 2) are shown at the bottom as well as the standard 

deviation and mean of the residuals for the 5 data sets. The (*) numbers were pre-

constrained to test various models. The (†) numbers were not intentionally constrained 

but the best fit set them to be as arbitrarily high as was allowed by the model. 

 

 Parameters Dimer 
CBD-A  
Regulated  

CBD-B  
Regulated 

Dually 
Regulated Unconstr. 

𝑲𝑫
𝑪  (µM) 4.40E-07 3.14E-08 3.27E-08 2.52E-07 2.42E-07 

𝑲𝑫
𝑩 (µM) 4.16E-04 0.428 9.70E-04 6.59E-04 6.25E-04 

𝑲𝑫
𝑨

 (µM) 4.52E-03 8.34E-07 4.88E-04 1.05E-03 1.05E-03 

𝑲𝑫
𝑪𝟐 (µM) INF* 1.96E-05 1.28E-05 1.40E-06 1.12E-06 

𝑲𝑫
𝑨𝟐 (µM) INF* 3.52E-05 4.75E-03 5.70E-03 5.20E-03 

F1 3.22E+03 1* 1* 1* 1 

F2 INF* 1* 1.54E+03 2.31E+03 2.18E+03 

F3 9.10E+02 1.85E+02 1.60E+03 1.35E+01 1.43E+01 

F4 INF* 1.25E+05 INF* 2.06E+02 2.23E+02 

F5 INF* 1* 8.27E+00 2.75E+02 2.47E+02 

F6 INF* INF* INF* INF* 1.00E+04† 

F7 INF* 2.18E+05 INF* 1.38E+03 1.43E+03 

F8 INF* INF* INF* INF* 1.00E4† 

F9 INF* 0.833 2.288 1.97E+00 2.05E+00 

WSS 5.09 4.33 12.55 3.02 3.02 

χ2_red 4.2 4.36 10.41 3.16 3.63 

STD 1.895 1.93 2.83 1.5 1.55 

Mean -0.142 0.06 0.007 -0.185 -0.11 
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CBD-B Regulated Model: The reverse was then considered, where only CBD-B 

binding was allowed to affect C-subunit release. The CBD-B Regulated Model was able 

to fit two of the five data sets (II and IV) as well as or better than the CBD-A Regulated 

Model (0.98 and 1.00 vs. 0.98 and 0.97 respectively, Fig. 4.2B-C). However, data sets III 

and V had the worst fits of any of the models (R
2
 of 0.88 and 0.94, respectively).  

The best-fit parameters (Table 4.2 and 4.3), showed 1 nM affinity for the cAMP 

binding to CBD-B and CBD-A on free R-subunit, which is consistent with literature 

values [16]. This model showed an increase of three orders of magnitude in KD for cAMP 

binding to the CBD-B domain in the holoenzyme compared with the R2-dimer. This is 

consistent with previous reports [22] and allowed this model to fit both data sets II and IV 

very well (R
2
=0.98, and 1.00). To fit the activation curves for data sets I and II, this 

model showed a decrease in affinity between the R2-dimer and C- subunits by 7 orders of 

magnitude due to cAMP binding. The binding to the first CBD-B site decreased the 

affinity between the R2-dimer and C-subunits by 3 orders of magnitude and an additional 4 

orders of magnitude due to the second. However, while this matches data set V at low 

concentrations of cAMP, at high concentrations, cAMP was prohibited from binding due 

to the excess C-subunit that keeps the R-subunit bound to the C. This effect reduced the 

strength of the agreement between data and model (R
2
=0.94).  

The one data set that could not be fit with R
2
>0.9 was III. The experiments showed 

that under saturating cAMP concentrations with more R-subunit than C-subunit, PKA 

was not fully activated. This result is consistent with previous work [9] and suggests an 

equilibrium between active and inactive PKA under saturating cAMP conditions. 

However, the CBD-B Regulated Model predicted that there should be 100% PKA 
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activation under saturating cAMP concentrations, regardless of R-subunit concentration, 

because the R2-dimers cannot have both four cAMP’s bound as well as a C-subunit. This 

is contrary to observation, resulting in a weaker correlation (R
2
=0.88) and higher 

χ
2

red=10.41 between the model and data than either the CBD-A Regulated Model or the 

Dimer Model.  

CBD-B and CBD-A Dually-Regulated Model: Next, a model was considered that 

allowed CBD-A and CBD-B to affect C-subunit release. This model had the lowest WSS 

error (3.02) and was the best fit model using the χ
2

red statistic (Table 2 and 3). The 

nanomolar affinities for cAMP binding to the CBD-B domain of free R-subunit are 

consistent with previous reports [9, 16]. cAMP binding to the CBD-A of the R2-dimer 

had 1 nanomolar affinity which is again consistent with literature  and does not produce 

the same biphasic curve as the CBD-A Regulated model (R
2
=1.00). The model also 

showed an increase of three orders of magnitude in the KD for binding of cAMP to the 

holoenzyme compared with free R-subunit. The dissociation constant of cAMP binding 

to the holoenzyme is 0.762 and 2.91 μM for the first and second cAMP binding, 

respectively. This is consistent in magnitude with previously reported values [9] and is in 

keeping with the activation curves of data sets I, II, and III, with R
2
 values of 0.98 for 

each. 

The affinity between the R2-dimer and the C-subunits in the model was decreased 

by 6 orders of magnitude due to cAMP binding. The existence of a R2-C1-cAMP4 state 

allowed the model to approach 80% activation asymptotically under saturating cAMP 

conditions with excess R2-dimer compared with C-subunit, which is consistent with data 

set III. This addition to the CBD-B Regulated Model also promoted a secondary pathway 
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to reach a R2-cAMP4-bound state through the R2-C1-cAMP4 state. The added degree of 

freedom allows the R2-C1-cAMP4-bound state that was necessary to accurately fit data set 

III and V without creating the biphasic fit to data set IV. The model fit all five data sets 

well with R
2
 values greater than 0.98 and a χ

2
red of 3.02.  

The R2-C2-cAMP2 and R2-C1-cAMP4 states were individually removed after fitting 

the data to determine which CBD regulated the first and second C-subunit activation. The 

removal of the R2-C2-cAMP2 state had no effect on the fits for the first four data sets and 

a negligible effect on the 5
th

, suggesting that this state does not play a significant role in 

the steady-state activation of PKA (Fig. 4.3). This result also suggests that CBD-B 

regulates the unleashing of the first C-subunit, which has been consistent through all the 

models (Fig. 4.3). Similarly, the R2-C1-cAMP4 state was removed to determine which 

CBD regulates the second C-subunit activation. Fits for data sets I, II, and IV were 

mostly unchanged, but the model was unable to match the binding of cAMP at the high 

concentrations shown by data set V. Furthermore, this model showed 100% activation at 

high cAMP concentrations when compared to data set III. Together this suggests that the 

unleashing of the first C-subunit is dominated by cAMP binding to CBD-B while the 

unleashing of the second C-subunit requires the 4
th

 cAMP to bind CBD-A.  
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Unconstrained Model with Additional DF: Finally, to test that the Dually-

Regulated model had the necessary and sufficient DF, a last model was developed. This 

model included two additional states compared with the Dually-Regulated Model: R2-C2-

cAMP3 and R2-C2-cAMP4 as well as the possibility of CBD-B’ binding affecting the 

dissociation of C-subunit (Fig. 4.2E). However, the best fit computed free constants F6 

and F8 to be as high as the model constraints would allow. This resulted in negligible 

occupancy of these additional states. Moreover, CBD-B’ did not affect the C-subunit 

(F1=1) even when it was not constrained. These results reduce the Unconstrained Model 

to the form of the Dually-Regulated Model suggesting that these additional DF are not 

needed to explain the current data (Table 2 and 3). The best-fit values describing state 

transitions for the Unconstrained Model were within the error of the corresponding 

transitions of the Dually-Regulated Model, including all of the dissociation and 

thermodynamic constants, but the Unconstrained Model has a higher χ
2

red=3.63 due to the 

additional DF.  

 
Figure 4.3| Removing states to test cAMP Regulation. One of two key states were 

removed from the Dually-Regulated Model and then the new models were fit to the 

data to probe which cAMP binding event regulates C-subunit unleashing. (A) 

Resulting fits to data sets I-V from the Dually-Regulated Model (solid line), with the 

R2C2cAMP2 state removed (long dotted line), or with the R2C1cAMP4 removed (short 

dotted line). (B) WSS error for each of the model without refitting when the indicated 

state was removed. 
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4.3.1 Adding Kemptide 

The best fit for the kemptide competition coefficient was Keq=61.9 µM for the 

interaction (Fig. 4.4). This addition was then added to the Dually-Regulated Model and 

fit to the same 5 data sets with data sets I-III also including the kemptide buffering. The 

resultant fit was then compared with the fit in the absence of kemptide buffering.  

This model resulted in a comparable fit to the model in the absence of kemptide 

(WSS=3.07). The fit parameters were all changed by less than a factor of 2 (Table 5) 

except for 𝑲𝑫
𝑪  which decreased by 60% to compensate for kemptide buffering. The 

mechanism of cAMP binding remained unchanged by the addition. This suggests that the 

conclusions drawn from the previous models were not affected by the inclusion or 

exclusion of kemptide buffering which predominately affects the association between R- 

and C-subunits.     

Table 4.4| KD and Hill Coefficients To compare cooperativity between experiments and 

models the data sets and models after fitting were compared against a simple hill 

equation. The resultant KD and hill coefficients are shown for the experimental data, 

Dimer, CBD-B Regulated, CBD-A Regulated, Dually-Regulated, and Unconstrained 

Models.   

  Data Set I Data Set II Data Set III Data Set IV Data Set V  
  KD (µM) Hill KD (µM) Hill KD (µM) Hill KD (µM) Hill KD (µM) Hill 

Exp. 8.50E-02 1.70 5.43E-01 1.65 2.54E+00 1.48 1.38E-03 0.81 2.30E+00 1.56 

Dimer 1.20E-01 1.93 4.85E-01 2.05 2.03E+00 2.54 1.36E-03 0.80 3.20E+00 0.96 

CBD-B 9.69E-02 2.17 4.67E-01 1.67 4.27E+00 1.37 1.38E-03 0.84 3.18E+00 0.95 

CBD-A 9.69E-02 1.94 4.51E-01 1.84 2.60E+00 1.80 1.40E-03 0.80 2.50E+00 1.03 

Dually 9.79E-02 1.93 4.49E-01 1.84 2.59E+00 1.80 1.41E-03 0.82 2.62E+00 1.16 

Uncon. 9.50E-02 1.95 4.34E-01 1.82 2.31E+00 1.98 1.38E-03 0.84 2.70E+00 1.15 
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Table 4.5| Kemptide Best Fit Parameters  All of the parameters for the best fit of the 

Dually-Regulated Model with or without the addition of kemptide. All KDs have units of 

µM and thermodynamic factors are unitless. Only 𝑲𝑫
𝑪  was different by a factor of 2 or 

greater when kemptide was added. 

 

Parameter w/o Kemptide With Kemptide Ratio 

𝑲𝑫
𝑪  (µM) 2.52E-07 1.05E-07 .416 

𝑲𝑫
𝑩 (µM) 6.59E-04 6.55E-04 .993 

𝑲𝑫
𝑨  (µM) 1.05E-03 1.15E-03 1.10 

𝑲𝑫
𝑪𝟐 (µM) 1.40E-06 1.46E-06 1.04 

𝑲𝑫
𝑨𝟐 (µM) 5.70E-03 6.34E-03 1.11 

F1 1.00E+00 1.00E+00 1 
F2 2.31E+03 2.29E+03 .990 
F3 1.35E+01 1.41E+01 1.04 

F4 2.06E+02 2.24E+02 1.09 
F5 2.75E+02 2.78E+02 1.01 
F6 INF INF NA 
F7 1.38E+03 1.39E+03 1.01 
F8 INF INF NA 
F9 1.97E+00 1.63E+00 .828 

 

 

Figure 4.4| Kemptide Binding Model. A simple model of the competition for free C-

subunit between cAMP saturated R2-dimer and kemptide. This was used to determine 

the kemptide competition coefficient (Keq). The model was fit to the PKA activation data 

with increasing concentrations of kemptide (8 µM=black, 70 µM =light grey, 140 µM = 

dark grey) under saturating concentrations of cAMP (50 µM). After fitting the 

Keq=61.9µM for the buffering effect of kemptide on C-subunit. 
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4.3.2 Model Comparison 

The Dimer Model fit two of the data sets well but the other 3 all had R
2
 values less 

than 0.98. The discrepancy was mainly due to a difference in the cooperativity between 

the Dimer model and the experimental data. This led to a WSS error of 5.09 and a χ
2

red 

value of 4.2.  

The CBD-A Regulated Model was able to fit three of the five data sets and showed 

an improvement in accuracy (WSS=4.33) but a worse goodness of fit (χ
2

red=4.36) owing 

to the greater number of DF. Moreover, the best fit required the KD for cAMP binding 

CBD-B on free R-subunit to be over 100 nM, which is much higher than has been 

experimentally reported [24, 25], suggesting that despite its comparatively low error sum 

of squares, it is not a likely model for PKA activation.  

The CBD-B Regulated Model was able to fit two of the five data sets (Table 5), but 

did not match several trends including percent activation under saturating cAMP 

conditions in data set III. This led to the highest sum of squared error of (12.55) and a 

worse goodness of fit, χ
2

red=10.41. Therefore, this model was also unable explain the 

observed activation of cAMP binding of PKA.  

The Dually-Regulated Model alone was able to fit all five of the data sets with an 

R
2
 value greater than 0.98. This led to the lowest WSS error of 3.02 and a χ

2
red value of 

3.16. This model therefore achieved a much better fit than any of the alternative models 

without over-fitting the data. In order to test significance, an F-test was run to compare 

nested models. This returned p-values of 0.0038, and 2.6*10
-10

 for the CBD-A and CBD-

B Regulated models respectively when compared against the Dually-Regulated Model. 

Both of these fall under a 0.01 confidence that these are statistically different. To test for 
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a necessary and sufficient model of PKA activation, a final Unconstrained Model was 

created with 14 DF. However, even when given these extra DF, the best fit reduced down 

to the Dually-Regulated Model (with only minor alterations) with a WSS error of 3.02 

and a χ
2

red value of 3.63. The higher χ
2

red value is the result of the additional DF in the 

Unconstrained Model with no improvement in fit. The F-test returned a p value of 0.999 

which prevents the rejection of the null hypothesis that they are the same.  Together this 

suggests that the Dually-Regulated Model is the simplest faithful representation of 

currently available data.   

4.3.3 Validating Models with Mutant PKA Data 

To test the predictive ability of the models, the Dimer, CBD-A, CBD-B, and 

Dually-Regulated models were modified only by removing specific states (with no 

changes to the previously estimated optimal parameters) to mimic the CBD-A and CBD-

B inhibited mutants, RIG201E and RIG325D. The results of these mutant models were 

compared with published measurements using the RIG201E and RIG325D mutants of 

cAMP binding to free R2-dimer and R2C2 holoenzyme under similar conditions to data 

sets IV and V. The mutant MSM models are shown in Fig. 4.5. 

The Dimer Model matched the cAMP binding to the CBD-B inhibited mutant well 

(R
2
=0.99 for both free R-subunit and R2C2 holoenzyme), but matched the CBD-A 

inhibited mutant poorly (R
2
=0.88 for free R-subunit and 0.02 for R2C2 holoenzyme, Fig. 

4.6A). Combined the WSS error for the mutant data sets was 15.95 and did not fit the 

experimental results. 

The CBD-A Regulated Model had the second lowest WSS error for fitting the 

original five data sets but the highest WSS error when compared with data from mutants. 



128 

 

 

 

This model could not match any of the validation data sets with an R
2
 value greater than 

0.9 and two of the comparisons even resulted in negative R
2
 values (Fig. 4.6B). The 

lowest R
2
 values were for binding to the free R-subunits. The extraordinarily high KD for 

cAMP binding to CBD-B on free R-subunit that is necessary for the CBD-A Regulated 

Model is inconsistent with previously reported values and with the data acquired with the 

mutants. Combined, the WSS error for the validation data sets was 339.4. 

The CBD-B Regulated Model matched the binding of cAMP to free R-subunit for 

both mutants with R
2
 values greater than 0.9. However, the model for both of the R2C2 

holoenzyme data sets significantly under-predicted cAMP binding resulting in R
2
 values 

of 0.01 for CBD-A inhibited and -0.27 for CBD-B inhibited (Fig. 4.6C). In total the WSS 

error for these four validation data sets was 46.2.  

The Dually-Regulated Model, which was the best fit for the original five data sets, 

also matched the validation data the best. Three of the four validation data sets were 

matched with an R
2
 value of 0.99 and all four had a combined WSS error of 5.87 (Fig 

4.6D). The model matched the general trend of cAMP binding to the R2C2 holoenzyme 

with inhibited CBD-A, but predicted lower binding, resulting in an R
2
 value of 0.62.

 

Since this model was predictive for cAMP binding to free R2-dimer but not to R2C2 

holoenzyme for the CBD-A inhibited mutant, there might be a CBD-B interaction in the 

holoenzyme that is not taken into account in the current model.    
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Figure 4.6| Validation of Models based on Experimental Mutant Data The CBD-A 

inhibited mutant MSMs are shown on far left for RIG201E and the CBD-B inhibited 

mutant MSMs are shown on the center left for RIG325D. The transition numbers 

correspond to the WT MSM. The validation for cAMP binding to free R-subunit center 

right and holoenzyme far right. The CBD-A inhibited mutant (grey) and CBD-B 

inhibited mutant (black) are shown on right with R
2
 values. The error bars represent the 

SEM for the experimental data. 
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4.4 Discussion 

Despite several decades of study, the mechanism by which PKA is activated by 

cAMP is still unclear. Recently, even the previous canon that C-subunits release prior to 

activation has come into question leaving competing theories about the events that lead to 

activation . If the conformational selection mechanism of activation is applicable to PKA, 

than in order to bind cAMP both CBD-A and CBD-B domains have to be able to explore 

their conformational states. This is feasible in the case of CBD-Bs, as these domains are 

exposed to solvent and the interface between CBD-Bs and C-subunits is relatively small 

[8, 27]. In contrast, CBD-As have a large, mostly hydrophobic interface with the C-

subunits that makes them very stable. Thus, if the conformational selection allosteric 

mechanism is relevant for PKA activation, then CBD-As can bind cAMP only after 

separation from the C-subunit (CBD-B Regulated Model). Conversely, if a non-

conformational allosteric mechanism drives PKA activation, then cAMP can bind CBD-

As before separation from the C-subunit (CBD-A Regulated Model).  

Our data show that the assumption that cAMP binding to CBD-B does not directly 

affect the activation of the C-subunit is inconsistent with the current empirical evidence. 

The CBD-A Regulated Model was unable to replicate cAMP binding to the R2C2 

holoenzyme and required parameters that were outside the range of previously reported 

cAMP binding events. Furthermore, when any of the models were given the option of 

allowing CBD-A to be bound to the R2C2 holoenzyme, the best fits set the KD of cAMP 

binding to CBD-A so high that this state would not be populated under physiological 

concentrations of cAMP until after the C-subunit is unleashed (Table 2). This strongly 

suggests that the binding of cAMP to the first CBD-B triggers the unleashing of the first 
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C-subunit prior to the binding of cAMP to CBD-A, ruling out an induced fit mechanism. 

This result is consistent with the conformational selection mechanism that recently was 

reported in single CBD-A studies . 

When a CBD-B Regulated Model (conformational selection mechanism) is 

considered, the data show that CBD-B regulation alone cannot reproduce the equilibrium 

between bound and free C-subunit under saturating cAMP concentrations (Data Set III). 

Instead, a combination of CBD-B and CBD-A regulation most accurately represented the 

empirical data. The first C-subunit activation is regulated by binding the CBD-B 

according to a conformational selection mechanism; the second C-subunit activation is 

better described by a CBD-A dominated activation similar to a non-conformational 

selection mechanism. It is possible that certain conformations are available with only one 

C-subunit present that are not favorable for the R2C2 holoenzyme. 

The Dimer Model representation of PKA-RIα was unable to reproduce the 

cooperativity of activation in data sets I-III, and V, highlighting the role of R-C 

heterodimer interactions. Also, the interactions between the CBD-A domains both in the 

free R-subunit and in the R-C complex were necessary for the formation and fitting of the 

best model. This is consistent with recent publications . However, the diverse R2C2 

structures that various PKA isoforms exhibit suggests that while this model is consistent 

with current PKA-RIα experiments, it would be expected that RIβ, RIIα, and RIIβ will 

exhibit significantly different mechanistic activations, possibly with less R-C heterodimer 

interactions . 

When the models were used to predict data that they had not been used for 

parameter estimation, several of the models with comparatively low fitting errors were 
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shown to have little to no predictive power. However, the Dually-Regulated model had 

the lowest fitting error and very high predictive power. The mutant validation highlighted 

the unrealistic parameters in the CBD-A Regulated Model in particular and to a lesser 

extent in the Dimer Model. Again, the Dually-Regulated Model was the only model able 

to predict the binding of cAMP to both the CBD-A and CBD-B domains in the free R-

subunit and in the R2C2 holoenzyme conformation. This suggests that not only does the 

model match broad PKA characteristics but also accurately predicts CBD interactions 

caused by mutations. Only the CBD-A inhibited holoenzyme was under-predicted in the 

validation data. This suggests that there may be a CBD-B interaction that has not 

previously been considered. 

The Dually-Regulated model was also compared against other literature data (data 

not shown). This model accurately predicted PKA dissociation under saturating cAMP 

presented in Vigil, D et al. 2004 [9]. Additionally, Herberg, FW et al. 1996 [9] reported 

cAMP activated PKA-RIα with a KD of 166 nM when there was equal concentrations of 

R- and C-subunit, while the Dually-Regulated Model predicted a slightly higher KD of 

250 nM under the same conditions. This moderate difference could be explained by 

variations between experimental designs between labs. For example, Doskeland’s activity 

assays were run at 37 ̊ C for 40 minutes while Herberg’s assays were run at room 

temperature for 2 minutes [14]. 

4.4.1 Limitations 

One surprising result from the Dually-Regulated Model was that the best fit for F9, 

which relates the order in which cAMP binds to free R-subunit, was ~2.0. When F9 was 

fixed at any other value, the fit to data set IV and the validation of the CBD-A inhibited 
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mutant was significantly diminished (data not shown). This demonstrates that the 

effective KD for cAMP binding to CBD-A when one CBD-B is bound is the same as the 

effective KD for cAMP binding CBD-A when both CBD-Bs are bound to the free R2 

dimer. This suggests that for the free R2-dimer, the first CBD-A might be independent of 

CBD-B binding, which experimental results suggest is possible [8, 27]. In these models, 

the assumption was that CBD-B always binds first. However, with this result for free R2-

dimer, it is also possible that first binding CBD-A to free R-subunit should be included in 

future work.    

Furthermore, the Dually-Regulated model could not differentiate between release 

of the C- or C’-subunit. Therefore, the model cannot rule out the possibility that the 

dominant effect of binding CBD-B was release of the C’-subunit. However, this could be 

tested by the creation of a R2- heterodimer mutant with one R-subunit having both CBD-

A and CBD-B silent and one WT R-subunit.  

One can speculate based on experimental evidence  that even though the release of 

the second C-subunit is after the binding of CBD-A by cAMP, it is possible that it is a 

non-standard form of conformational selection. Future experiments to determine the 

interaction interface between the R2-dimer and the remaining C-subunit when 4 cAMPs 

are bound could help explain this mechanism. 

Finally, recent work has highlighted the role of direct binding between A kinase 

anchoring proteins (AKAPs) and phosphodiesterases (PDE) plays in PKA activation in 

vivo . Therefore, the current model which is based on in vitro data cannot fully capture in 

vivo activity.  
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4.4.2 Conclusion 

When targeting inactive states of PKA, one has to consider that the CBD-B domain 

is in a dynamic equilibrium between two conformations, while CBD-A is locked in one 

and is inaccessible to cAMP until C-subunit is unleashed. Previous results imply that a 

single mutation inside CBD-B can cause a significant shift in the equilibrium that leads to 

increased stability of the R2C2 holoenzyme [1]. This work illustrates how Markov Model 

simulations can be used for understanding of fine molecular mechanism of cAMP 

binding in other CBD-containing proteins. 
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Chapter 5 The effect of direct association on the catalytic 

activity of PKA and PDE: an experimental and computational 

approach  

5.1 Introduction  

PDEs are a broad group of proteins that hydrolyze cAMP and cGMP to produce 5’-

AMP and 5’-GMP, each with unique kinetics and physicochemical properties [2]. The 

PDEs found in animals have been broken down into 11 families based on their related 

sequences and biochemical properties [3]. These PDEs can be specific for cGMP (5, 6, 

9), cAMP (4, 7, 8), or both (1, 2, 3, 10, 11). Some can be phosphorylated by PKA (1, 3, 4, 

10) and some cannot (2, 5, 6, 7, 8, 9, 11) [3, 4]. Of these PDEs, the PDE4 family is one of 

the most well characterized families with known impacts on signaling in mammalian 

cells [5]. For example, mAKAP binds PDE4D3 in cardiac myocytes and has been shown 

to be involved in the regulation of calcium handling as well as gene expression in 

response to a β-adrenergic stimulus. [6] The PDE4D gene has also been implicated in 

stroke-susceptibility and atherosclerosis [7].  

One of the main jobs of PDEs is to regulate PKA activity though hydrolyzing 

cAMP. Extensive studies have been performed on the kinetics of PKA signaling 

activation and termination. [8] Several of these studies have highlighted the slow rate of 

dissociation of cAMP from R-subunit as well as the slow reassociation rate between the 

R and C subunits when cAMP must be displaced [9]. However, in vivo studies have 

shown signal termination rates that are significantly faster than would be expected from 

in vitro studies. [8] 
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Recently several papers have postulated a role for direct PDE-PKA interaction in 

RIα PKA signal termination. Moorthy et. al. [10], showed an increase in the rate of 

hydrolysis of cAMP by RegA, a non-mammalian PDE, due to the presence of RIα. A 

subsequent paper by the same group expanded their studies to show the interaction of RIα 

with a mammalian PDE7, but did not explore the kinetics of this interaction. [11] 

Both of these papers highlight the role direct PDE, R-subunit interaction can play 

in PDE activity. However, there is evidence that suggests that RII PKA is the more 

physiologically relevant isoform, due to the fact that most AKAPs, which localize PDE 

and PKA in vivo, are specific for RII-subunits and not RI. [12] Furthermore, while the 

direct binding between R-subunit and PDE has been explored for non-mammalian PDEs, 

to date no studies have shown the kinetics of a mammalian PDE or what effect this 

interaction has on PKA activity in vitro.  

In this study I explore how RIIβ and RIα interact with the catalytic domain of a 

mammalian PDE. I chose to use a PDE from the PDE4D family due to its expression in 

cardiac myocytes and its implications both in regulation of calcium handling and gene 

expression. PDE4D2 was chosen specifically because it is the most truncated of the 

PDE4D family [13]. It contains only the catalytic domain, which is conserved throughout 

the PDE4D family.  Therefore, it is probable that this isoform will have the simplest 

interactions with the R-subunit. Furthermore, the truncation prevents the PKA C-subunit 

from phosphorylating the PDE to increase its activity. By using PDE4D2, competing 

interactions from phosphorylation and R-subunit binding were rendered irrelevant.  

Using in vitro enzymatic activity assays, I show that PDE4D2 activity increases in 

the presence of RIα or RIIβ and saturating cAMP. While PDE4D2 does not affect the 
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steady state activity of PKA, its presence does increase the rate of reassociation between 

the R- and C-subunits by removing cAMP from the R-subunit, altering the kinetics of 

PKA activation. Finally, building off the Markov Model of PKA activation from Chapter 

4, a new Markov Model that was fit to PKA kinetic data and PDE hydrolysis data was 

created.  This model was able to predict the no steady-state difference in PKA activation 

with the addition of PDE as well as predict the kinetic difference in the PKA rate of 

reassociation after being saturated with cAMP.   

 

5.2 Methods  

5.2.1 Assay for PDE Activity  

All chemicals were purchased from Fisher. Dowex beads were prepared by mixing 

400 g of Dowex 11X8-2-400 Anion-exchange resin with 5 liters of dH2O and 160 g of 

NaOH. The solution was filtered through a Buchner funnel to collect the resin. The resin 

was then washed with dH2O until the flow-through reached pH 7. Four liters of 1 M HCl 

was poured through the funnel to prime the resin and then dH2O was passed through until 

the flow-through reached pH 3. The resin was then collected and an equal volume of 

dH2O was added. The same volume of ethanol was added to make a 1:1:1 mixture of 

dowex, H2O, and ethanol. This solution was stored at 4° C until needed, not to exceed 6 

months.  

2x of the desired concentration of PDE4D2 (0-25 nM) and either RIα or RIIβ-

subunit (0-1 µM) was added to PDE Assay Buffer B (20mM Tris-HCl, pH 7.4) to a final 

volume of 45 µL. The solution was reduced by incubating for 45 min at room 

temperature with 5 µL of 5 mM β-mercaptoethanol (β-ME). Separately, a 50 μL solution 
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of  cold cAMP (0.1-30 µM), 3µCi [3H] hot cAMP/mL, and PDE Assay Buffer A (20 mM 

Tris-HCl, pH7.4, 10 mM MgCl2) was incubated for 45 min at room temp. At time= 0 

min, the two solutions were combined and incubated for 20 min at 30°C in a heat block. 

The samples were denatured for 2 min at 70°C and placed on ice for 15 min. 5’ AMP in 

the sample was converted to adenosine by incubating the samples with 25 µL of 1mg/mL 

snake venom  (Sigma V00376 or v7000) in dH2O for 10 min at 30°C. The solutions were 

incubated with 400 µL of the Dowex slurry on ice for 15 min with mixing every 5 min. 

The tubes were then centrifuged at 14,000xg for 3 min at 4°C. 150 µL of the supernatant 

was removed and analyzed on a Beckmann LS 6000IC scintillation counter. Experiments 

were performed with and without R-subunit simultaneously for pair-wise comparison.  

 

5.2.2 Assay for Steady-state PKA Activity  

100 nM of PKA-RIα or RIIβ holoenzyme was prepared in 10 mM 3-(N-

morpholino) propanesulfonic acid (MOPS) (in dH2O?). The PKA was diluted 4-fold in 

reaction solution (final composition: 1 mM MgCl, 20 mM Tris-HCl 0.5 mM kemptide, 

100 mM NaCl, 0.2 mM ATP, and 5 µL of 
32

P-ATP) along with 0.01-10 µM cAMP and 0 

or 250 nM PDE4D2, in a total volume of 100 μL. After 2 min, the reaction was quenched 

with 90 µL of 30% acetic acid in dH2O. 50 µL of solution was dried on a filter pad, 

which was then washed 3 times with 5% phosphoric acid for 6 minutes. The filters were 

rinsed with acetone for 2 min and then air dried.  The filters were added to 5 mL of 

scintillation fluid and counted on a Beckmann LS 6000IC scintillation counter with a 
32

P 

channel. 
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5.2.3 Assay for PKA Activity kinetics 

500 μL of 330 nM RIIβ-subunit with 10 μM cAMP was placed in a pre-wetted 3k-

5k molecular weight cut-off bag. To remove excess cAMP, the solution was dialyzed 

overnight at 4°C against 2L of dialysis solution (50 µM MgCl2, 150 mM NaCl, 1 mM 

dithiothreitol, 50 mM Trizma Base, 5 µM ATP, pH to 7.5) with stirring. The saturated R-

subunit solution was removed and, at time= 0 min, 0.3 μM C-subunit with 0, 1, or 5x 

PDE was added. At each time point, a 35 μL aliquot was taken for testing.   The activity 

of PKA on DARP32 in the aliquot was tested by mixing 15 µL of the solution with 5 μL 

of reaction solution (400 µM ATP, 20 µM DARP32, 4 mM MOPS, 20 µM MgCl2) with 

or without 30 μM cAMP. After 2 min, the reactions were quenched using 10 μL of 4X 

SDS buffer.  The final solution was resolved on a 12% SDS-PAGE gel. The gels were 

stained with Instant Blue Coomassie stain followed by overnight drying and imaging 

using an autoradiogram. The DARP32 band was excised and total phosphate 

incorporation counted on a Beckmann LS 6000IC scintillation counter with a 32P 

channel. 

 

5.2.4 Model methods 

5.2.4.1 Creating a Kinetic Model of R2C2 PKA activation 

Previously, a thermodynamic Markov-state model of steady-state PKA RIα 

activation was developed (in Chapter 4, [14]). This model was unable to determine the 

rate of activation or deactivation, which is essential to understanding PKA-PDE 

interaction. Therefore, starting with the thermodynamic model, a kinetic model of PKA 
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activation was developed using previously published data [9, 15]. This model solved for 

the rates of cAMP binding to the PKA R-subunit.  

Two models were proposed. The Dimer Model was simplistic with 4 degrees of 

freedom and the Tetramer Model was more complex with 8 degrees of freedom (Fig. 

5.1). The Dimer Model assumed symmetry of kinetics, so that both CBD-B domain-

binding rates are equal, as well as both CBD-A domain-binding rates (though the rates 

for the CBD-B and CBD-A domains are different.) The rates change depending on the 

presence of bound C-subunits. Therefore, second rates for cAMP binding to the CBD-B 

and CBD-A domains when there is C-subunit present were included, resulting in a total 

of 4 degrees of freedom.  

The Tetramer Model allows for asymmetric binding kinetics between the first and 

second cAMP binding, such that there are two different rates for CBD-B binding and two 

different rates for CBD-A binding in the absence of C-subunit. As in the Dimer Model, 

the rates of cAMP binding when any C-subunits are bound to R-subunit are assumed to 

be different and potentially asymmetric, leading to 4 more degrees of freedom, for a total 

of 8. 
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The model was fit using methods previously reported (in Chapter 4) [14]. 

Specifically, by building off the previously published thermodynamic Markov state 

model, which defined a KD for each reaction, only one degree of freedom is necessary to 

define both the on and off rate for a given reaction.  The interaction between the R- and 

C-subunits is assumed to be at pseudo-equilibrium such that R-cAMP interactions are 

rate-limiting.  This was assumed because the data under consideration focused on cAMP 

release and PKA activation rather than on R-C subunit dissociation. Additionally, the 

effect of PDE on PKA is thought to be the result of increased rate of cAMP dissociation 

 
Figure 5.1| The Markov State Kinetic Model of PKA R2C2 holoenzyme. A 

representation of Markov model states for the activation of PKA-RIα R2C2 holoenzyme 

by cAMP. The two R- and C-subunits are identical but, for simplicity of naming, the 

first R-subunit to bind C-subunit is named R, while the first R-subunit to bind cAMP is 

R’. The degrees of freedom are the on rates for cAMP binding to R-subunit for the 

tetramer (red) and dimer (black) model. These factors are described in more detail in 

Table 5.1. 
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from R-subunit, not due to alteration of the R-C interaction [10]. As another constraint, it 

was also assumed that the steady state PKA activation by cAMP must be reached in 30 

seconds [15].  

The models were fit using a derivative-free optimization technique with a 

previously published fitting algorithm [16]. The cost function was based on a sum of 

squares residual (SS) between the experimental data (xi) and the model-computed values 

(mi) and accumulated for each experimental data point (i) over the number of data points 

(nj) in each data set (j) (Equation 1).   

𝑆𝑆 =∑
1

𝑛𝑗
∑(𝑚𝑖 − 𝑥𝑖)

2

𝑛𝑗

𝑖=1

5

𝑗=1

 

An R
2
 value was calculated for the two model results to determine how well each 

model individually fits the given data set (Equation 2). 

𝑅𝑗
2 = 1 −

∑ (𝑚𝑖−𝑥𝑖)
2

𝑛𝑗
𝑖=1

∑ (𝑥𝑖−𝑥𝑗̅̅ ̅)
2

𝑛𝑗
𝑖=1

     (2) 

�̅� is the mean of all the experimental data in a given data set.  

 

5.2.4.2 A Markov Model of the PKA-PDE Interaction  

The two kinetic models of PKA activation served as the basis for the PDE-PKA 

interaction models. For the PDE-PKA interaction models, it was assumed that for each 

transition state that involved cAMP binding to free R, a new unidirectional reaction could 

be added that allowed for the removal of cAMP from PKA by PDE using irreversible 

Michaelis-Mentin reaction kinetics. The model was optimized to find the Km and Vmax of 

each reaction (Fig. 5.2). Most of the data used for fitting the PDE activity model were 

performed under conditions where the R-subunit would be saturated with cAMP [14]. 
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Therefore, it was assumed that PDE acted equally on all CBD domains of free R-subunit, 

leading to 2 degrees of freedom.  Additionally, PDE can hydrolyze free cAMP in 

solution.  The Km and Vmax for this reaction gives 2 degrees of freedom, for a total of 4 

degrees of freedom for the entire model. Since there is no data describing the competition 

between PDE and C-subunit for binding to R-subunit, it was assumed that if C-subunit 

was bound to a given R2 dimer, then PDE could not also bind that R2 dimer to remove 

cAMP.  

 

 

 

 
Figure 5.2| The Markov State Model of PKA R2C2 holoenzyme with PDE. A 

representation of MM states for the effect of PDE on the activation of PKA-RIIβ R2C2 

holoenzyme by cAMP. The degrees of freedom are the Vmax and Km for bound cAMP 

and they are assumed to be the same for each transition. For the inclusion of PDE the 

Dimer and Tetramer models have the same number of degrees of freedom. The values 

for the optimized degrees of freedom are provided in Table 5.2. 
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These models were fit to three novel data sets of PDE activity: 1) PDE alone with 

increasing cAMP concentration, 2) PDE and R-subunit in a 1 to 9 ratio with increasing 

cAMP concentration, and 3) PDE with varying concentrations of R-subunit and 5 μM 

cAMP (initial conditions are described in the methods section above).   These models 

were fit in the same method as described above in the kinetic PKA model section. The 

resultant rates are shown in table 2.  

5.2.4.3 Predicting the effect on PKA activity 

Using these new models of PKA-PDE interactions, the effect of PDE on PKA 

activity was predicted. Two experiments were modeled. The first considered the steady-

state activity of PKA either in the presence or absence of PDE at various concentrations 

of cAMP. The second considered the rate of deactivation of PKA in the presence or 

absence of PDE at various concentrations of cAMP. 

 

 

5.3 Results  

5.3.1 R-subunits effect on PDE 

The activity of PDE on titrated cAMP was measured at 30° C in the presence of 

various concentrations of R-subunit. In Figure 5.3, the activity was normalized to the 

activity of PDE4D2 alone. As expected, no discernable activity was observed with the R-

subunit alone (negative control). Both RIα and RIIβ caused an increase in PDE activity 

with increasing concentration of R-subunit; however, RIIβ showed a greater effect. RIα 

required a 5-fold higher ratio of R-subunit to PDE to see a similar affect as RIIβ.  The 2-3 

fold increase in PDE activity is lower than has been reported with other isoforms of PDE 
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interacting with RIα [10].  Whether this is due to a difference in PDE isoform or a 

difference in experimental protocol is yet to be determined.   

Interestingly, very little difference in PDE activity was observed at a 1:1 ratio of 

R:PDE, the physiological condition on an AKAP [17]. Instead, for RIIβ, the greatest 

effect was observed at the very non-physiological 10:1 R:PDE ratio. The PDE activity 

appeared to begin to plateau at a 10:1 R:PDE ratio with a projected max increase of 3.1 

fold over PDE alone. The maximum increase in activity for RIα is yet to be determined 

since it does not appear to have plateaued at 10:1 RIα:PDE.  It is likely that PDE only 

loosely binds R-subunit, with higher affinity for RIIβ than RIα, and that localization of 

the two by AKAPs is required for PDE to have the greatest ability to hydrolyze cAMP.    

 

 
Figure 5.3| Effect of R-subunit on PDE Activity with constant cAMP. The graph 

shows the increase in PDE4D2 activity with increasing concentration of RIα and RIIβ 

subunits. The values are normalized to the hydrolysis rate of PDE4D2 with 5 μM cAMP 

at 30°C for 20 minutes in the absence of R-subunit. 
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In order to determine if R-subunit affects the Km or Vmax of PDE hydrolysis, the 

concentrations of RIIβ and PDE were fixed at 9 to 1 respectively and the cAMP 

concentration was varied between 0.25-15 μM (Fig. 5.4). Again, a 2.5 fold increase in 

activity was observed between PDE alone and PDE with RIIβ at cAMP concentrations 

higher than 7 μM. Differences were also seen between the Km (1.37 μM for PDE alone vs 

3.08 μM for PDE+R-subunit) and the Vmax (0.06 μM for PDE alone vs 0.17 μM for PDE 

+ R-subunit) for this interaction. However, the activity of PDE in the presence of R-

subunit did not strictly fit a Michaelis-Mentin kinetic curve. This is not unexpected, since 

the predicted substrate for PDE+R-subunit is cAMP bound to R-subunit and not total 

cAMP added.  Therefore, fitting to a Michaelis-Mentin kinetic curve with free cAMP as 

the expected substrate should not strictly fit this data. 

 
Figure 5.4| Effect of R-subunit on PDE Activity with increasing cAMP 

concentration. The rate of PDE hydrolysis alone or in the presence of 9:1 RIIβ:PDE 

increases with increasing cAMP concentrations. Both the Km and Vmax for hydrolysis 

of cAMP by PDE increases when RIIβ is added. 
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5.3.2 PDEs effect on PKA  

5.3.2.1 Thermodynamics: 

The effect of the presence of PDE on the steady-state RIIβ PKA activity was tested 

by measuring the transfer of radioactivity from 
32

P ATP to kemptide with varying cAMP 

concentrations (Fig. 5.5).  For the samples with PDE, the x-axis represents the expected 

cAMP concentration in the middle of the 2 minute incubation based on cAMP hydrolysis 

rates from the PDE activity experiments under these conditions (Fig. 5.5). Both PKA 

alone and 10:1 PDE:PKA were fit to Hill curves with very similar Hill coefficients and 

KD values (h=1.25 and 1.31; KD=0.49 and 0.50 μM, respectively). The difference was 

also negligible for 1:1 and 5:1 PDE:PKA (data not shown).  This experiment was 

repeated using DARP32 as the substrate and separately with RIα (data not shown) with 

similar results to Figure 5.  

 
Figure 5.5| Effect of PDE on PKA Steady-State Activity  PKA activity was measured 

by the transfer of 
32

P from ATP to kemptide in the presence or absence of 10:1 PDE4D2 

to PKA-RIIβ over the course of a 2 minute incubation at room temperature. The cAMP 

concentration on the x-axis for 10:1 PDE to PKA represents the predicted cAMP 

concentration half-way through the 2 minute incubation, based on previous experiments.  
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5.3.2.2 Kinetics  

PDE’s effect on PKA activity kinetics was assayed using RIIβ saturated with bound 

cAMP but with little free cAMP in solution after dialysis (Fig. 5.6).  PKA activity with 

varying concentrations of PDE was measured over 3 hours after the addition of the 

catalytic subunit, and the reassociation rate of R- and C-subunits reassociation was 

measured based on the decrease in phosphorylation rate of DARP32 by PKA. Both the R-

C subunits alone and the R-C subunits with PDE showed biphasic behavior with a very 

fast initial rate of reassociation, to ~ 35% reassociation in the first 3 minutes, followed by 

a slower reassociation over the next 3 hours. In the absence of PDE the R-C reassociation 

was minimal after the initial inhibition (~7% in the first hour and <20% more over the 

 

 
Figure 5.6| Effect of PDE on PKA Kinetics. PKA-RIIβ was saturated with cAMP and 

dialyzed overnight to remove free cAMP. At time=0, C-subunit or C-subunit plus PDE 

was added to the cAMP saturated R-subunit. At given time points aliquots were taken 

out and PKA activity was measured over 2 minutes at room temperature. Values were 

normalized to 100% PKA activity when 30 μM cAMP was added to the reaction mix.   
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 next 2 hours). With the addition of PDE at similar concentrations to the R-subunit, the 

initial rate of reassociation was similar to that of PKA alone (35% in the first 3 minutes) 

but there was a pronounced increase in the rate at which the R- and C-subunits 

reassociated after that (50% more in the next 1 hour). Furthermore, after 1.5 hours in the 

presence of PDE, the C-subunit was fully associated with the R-subunit. This is atypical 

because it suggests that all of the cAMP has been removed from the PKA molecule, 

which typically requires urea stripping. When more PDE was added (5 to 1) the initial 

reassociation was slightly faster (50% in the first 3 minutes) with nearly all of the PKA 

activity inhibited after 1 hour.  

5.3.3 Kinetic Model of R2C2 PKA activation 

In order to quantify the interaction between PDE and PKA, a new kinetic model of 

PKA activation was developed. Two competing preliminary models of PKA kinetics 

were proposed. In both of these models, it was assumed that the rate limiting step in 

either activation or deactivation of PKA was the binding or dissociation of cAMP and not 

the rate of R-C interaction. The Tetramer Model included the tetrameric differences in 

kinetics between the CBD-A and CBD-B binding domains and between cAMP release 

either with or without C-subunit, leading to 8 degrees of freedom. The Dimer Model 

treated PKA as an R-C dimer with the same kinetics for the first and second CBD-A or 

CBD-B binding events, halving the degrees of freedom to 4. These models were fit to 

cAMP binding and PKA activity data from literature (Table 5.1).  
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The R-C dimer model was able to fit the cAMP binding and PKA activity data sets 

with R
2
 values greater than 0.92 (Fig. 5.7). This model set the Kon for cAMP binding to 

CBD-A (0.759 1/(s*μM) and 0.005 1/(s*μM), for binding to free R-subunit or R2-C, 

respectively) to be slower than the Kon for cAMP binding to CBD-B under the same 

conditions (6.61 1/(s*μM) and 56.2 1/(s*μM) for binding to free R-subunit or R2-C, 

respectively). This contradicts previously published mutant data of inhibited CBD-A or 

CBD-B domains that suggests that CBD-B should have the slower kinetics [15] and 

while this may fit the data, it may not accurately reflect the PKA kinetics. Despite this, 

the cAMP binding curve was fit with an R
2
 value of 0.98 (Fig. 5.7A). The model fit the 

data well, except for at the longest time points, for which it under-predicted the amount 

of bound cAMP.  

The R-C dimer model matched the PKA activity decrease with time well; only the 

first data point was more than 2% different than the experimental data (Fig. 5.7B). Since 

this experiment was performed after dialysis of the R-subunit, it is likely that the initial 

condition from the experiment was an ensemble of R-subunit states with 0-4 cAMP’s 

Table 5.1| Degrees of freedom for the kinetic model of PKA RIα. This table shows 

the best fit values for the degrees of freedom of the Dimer and Tetramer models when 

they are fit to the two PKA kinetic experimental data sets. The table shows the R
2
 values 

for cAMP release from R-subunit and R-C reassociation. The Tetramer Model had 8 

degrees of freedom but the Dimer Model only had 4 therefore NA was written for the 

degrees of freedom that only exist in the tetramer model (Figure 5.1). 

 

  Parameter Value R2 Value 

Model B1 A1 B2 A2 B3 A3 B4 A4 
cAMP 

Release 
R-C 

Reass. 

Dimer 6.61 0.76 56.2 0.01 NA NA NA NA 0.98 0.92 

Tetramer 0.33 1.17 9.63 6.21 3100 56.9 0.00 0.02 0.99 0.92 
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bound (skewed towards the 4-bound state). However, since the exact ensemble isn’t 

known it is not surprising that the initial experimental time points are slightly different 

than that of the model, which will have a greater affect on the first few data points before 

equilibrium can be reached. But even with this difference, the R
2
 value was above 0.92. 

One of the bigger limitations of this model was that it required 20 minutes to reach 

equilibrium for PKA activation in response to the addition of cAMP to holoenzyme, 

which is significantly slower than has been suggested by previous work [15]. 
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Figure 5.7| Data and model fits for kinetics of cAMP release and C-subunit 

inhibition by R-subunit.  A) Data was taken from literature for H
3
 tagged cAMP 

release from RIα with R
2
 values for the two potential models. The Dimer Model (dashed 

lines) was able to reproduce the dissociation of cAMP, except at longer times, in which 

the experimental data plateaued but the model did not. The Tetramer Model (solid lines) 

was able to replicate this plateau phase. R
2
 values are shown on the graph. B) Data was 

taken from literature for PKA activity measured by P32 transfer to kemptide. At time=0, 

R-subunit was added to free C-subunit while being dialyzed to remove free cAMP. The 

Dimer and the Tetramer models had identical fits for this data, which  did not match the 

first time point. The R
2
 values are shown on the graph for the Dimer (dashed) and 

Tetramer (solid) lines. 
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The Tetramer Model of PKA activation was able to fit both data sets with R
2
 values 

greater than 0.92 (Fig. 5.7). The rate of cAMP binding to free R-subunit depended more 

on the order of cAMP binding than whether it was binding to CBD-A or CBD-B. The 

first two cAMP binding events were slower (0.33 1/(s*μM) for CBD-B and 1.65 

1/(s*μM) 1 for CBD-A) than the equivalent second two binding events (9.625 1/(s*μM) 

for CBD-B and 6.21 1/(s*μM)). However, the binding of cAMP to R2-C shows the 

reverse relationship, with the first two cAMP binding events being fast enough (3100 

1/(s*μM) for CBD-B and 56 1/(s*μM) for CBD-A) to be treated as pseudo-steady state 

by the model, in comparison to the rest of the reaction kinetics (Table 5.1). In contrast, 

the second two binding events are the two slowest binding events of the model (0.00026 

1/(s*μM) for CBD-B and 0.0164 1/(s*μM) for CBD-A). This reflects the difference in 

kinetics between the cAMP dissociation from free R-subunit, which occurs over the span 

of an hour, while the kinetics of the activation of PKA C-subunit occurs over nine hours. 

If the R- and C- association was allowed to affect the kinetics, the binding rate for CBD-

A and CBD-B in the R2C trimer would likely increase as the R-C interaction slowed the 

kinetics of reassociation.  

Unlike the Dimer Model, the Tetramer Model was able to reproduce the cAMP 

release plateau at 1 hour that was suggested by the experimental data, leading to a slightly 

higher R
2
 value (0.99 vs .98) (Fig. 5.7A). The fit of PKA activity when C-subunit was 

added to cAMP-saturated R-subunit was the same as the Dimer Model (R
2
 = 0.92) with 

the same limitations (Fig. 5.7B). One advantage of this model was that it was able to 

reproduce a very fast rate of activation in response to the addition of cAMP and reached 

equilibrium PKA activity in less than 30 seconds. 
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5.3.4 Adding the PKA-PDE Interaction to the Markov State Model of R2C2 

Activation 

Since the tetramer model had a slightly better fit quantitatively and was able to 

reach equilibrium quickly but required double the number of degrees of freedom, both 

models were expanded to include PDE-PKA interaction. It was postulated that PDE 

hydrolyzes cAMP out of the solution or directly from the R-subunit using Michaelis-

Mentin kinetics.  As previously stated, most of the data was collected when the R-subunit 

would be saturated with cAMP, making it difficult to differentiate between the PDE’s 

effect on the two different CBD domains. Therefore, it was assumed that PDE affects 

both CBD domains in a similar fashion for these simplified models. The kinetics of each 

model were held fixed from the previous fit with two degrees of freedom defining the 

hydrolysis of cAMP by PDE alone (Km–Free and Vmax-Free). Two degrees of freedom for 

hydrolysis of cAMP off of PKA(Km-Bound and Vmax-Bound) were added to each model. 

Therefore, unlike the kinetic fit, both models under consideration have the same number 

of degrees of freedom. These models were fit to the three experimental data sets 

measuring PDE activity: PDE alone with increasing cAMP, PDE plus R-subunit with 

increasing cAMP, and PDE with constant cAMP but varying amounts of R-subunit 

(Table 5.2).  
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The Dimer Model fit all of the data sets with an R
2
 value of greater than 0.92. The 

Km of PDE hydrolysis of cAMP from free R-subunit was almost an order of magnitude 

lower than that of the hydrolysis of free cAMP (2.1 μM for free cAMP, 0.34 μM for 

bound cAMP) (Fig. 5.8). Conversely, there was a five-fold increase in Vmax for 

hydrolysis of bound over free cAMP (0.08 1/(s*μM) free cAMP, 0.44 1/(s*μM) for 

bound cAMP). The lowest R
2
 value was for fitting the PDE’s activity with increasing R-

subunit (0.92) with the fit maintained the shape of the experimental data, however, this 

data set also had the largest error bars. The two data sets where R-subunit was held 

constant and cAMP was altered had R
2
 values of 0.93 for PDE alone and 0.97 for PDE 

with R-subunit.  

The Tetramer Model had higher R
2
 values for both data sets involving PDE and R-

subunit interaction (0.94 and 0.98 for constant cAMP and constant R-subunit, 

respectively) but had the lowest R
2
 value for PDE alone (0.87) (Fig 5.8). This was the 

only fit that had an R
2
 value under 0.9. This was primarily due to a higher Km for free 

cAMP hydrolysis (2.98 µM), which was higher than expected. By having this higher Km 

Table 5.2| Degrees of freedom for the model of PKA-PDE interaction. This table 

shows the best fit values for the degrees of freedom for PDE interacting with PKA. The 

table shows the R
2
 values for the 3 experimental data sets measuring PDE activity. For 

these fits the Dimer and Tetramer models have the same number of degrees of freedom 

as shown in Figure 5.2.  

 

  Parameter R2 Value 

Model 
Km    

Free 
Km 

Bound 
Vmax 
Free 

Vmax 
Bound 

Const. 
cAMP 

PDE 
alone 

9:1 
R:PDE 

Dimer 2.10 0.34 0.08 0.44 0.92 0.93 0.97 

Tetramer 2.98 0.16 0.09 0.26 0.94 0.87 0.98 
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the model was able to fit the increase in PDE activity in the 9:1 R-subunit + PDE 

interaction at high cAMP concentration when the PKA would be saturated with cAMP 

preventing further increase in cAMP hydrolysis rate. This higher Km value for PDE 

hydrolysis of cAMP is higher than if the PDE hydrolysis alone was used for optimization. 

The Vmax values for the Dimer and Tetramer models were very similar (0.089 1/(s*μM) 

for the Tetramer Model) for free cAMP hydrolysis. In contrast, the Tetramer Model had a 

lower Vmax and Km for bound cAMP than the Dimer Model (0.26 1/(s*μM) and 0.16 

μM).  
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Figure 5.8| Data and model fits for RIIβ-subunit effect on PDE Activity. A) The 

Dimer (dashed line) and Tetramer (solid line) model fits of the experimental data from 

Fig 5.1 with increasing concentration or RIIβ. R
2
 values are shown. B) The Dimer 

(dashed) and Tetramer (solid) models fit for the experimental data from Fig 5.4 with 

either no R-subunit (lower) or 9:1 RIIβ to PDE (higher) graphs. R
2
 values are shown on 

the graph.  
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5.3.5 Predicting PKA’s activity  

While both models of PDE-PKA interaction were able to match the data they were 

fit to with relatively similar R
2
 values, the power of this approach is tested when it is used 

to predict the effect of PDE on PKA activity without refitting. Therefore, the model, with 

the previously reported values was used to predict two PKA activity experiments. The 

first experiment tested the steady-state response of PKA to the addition of PDE with 

increasing concentrations of cAMP. The second experiment tested the reassociation rate 

between R- and C-subunit starting with R-subunit saturated with cAMP.    

The experimental result showed no difference in PKA activity with the addition of 

1-10x PDE to PKA concentration once the cAMP concentration was adjusted to account 

for the hydrolysis of free cAMP (Fig. 5.5).  The Dimer Model prediction matched the Hill 

curve for PKA activation with the addition of 1:1 PDE to PKA with a minimal decrease 

in activity at high cAMP concentrations compared with PKA alone (R
2
=0.99) (Fig. 

5.9A). However, this model displayed noticeable differences from PKA activation with 

5:1 PDE to PKA (R
2
= 0.92). This difference corresponds with the Dimer Model’s 

inability to reach steady state quickly after the addition of cAMP, resulting in a larger 

difference in steady-state than was seen experimentally. Matching the experimental data, 

the Tetramer Model showed no difference between the steady-state activity of PKA alone 

and PKA with the same concentration of PDE (R
2
=1.0). At 5:1 PDE to PKA, there was a 

minimal difference in PKA activation at high cAMP concentrations (R
2
=0.97), but still 

much less than the equivalent Dimer Model (R
2
=0.92)(Fig. 5.10A). The second 

experiment tested the kinetic response of PKA activity in the presence of PDE. This 

experiment added C-subunit with or without PDE to R-subunit that had been saturated 
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with cAMP but had the free cAMP removed through dialysis. The experiment showed 

biphasic kinetics of inhibition of PKA in the absence of PDE and a pronounced increase 

in the rate of inhibition of C-subunit by R-subunit due to the presence of 1:1 or 5:1 PDE 

to PKA (Fig. 5.6). The dimer model did not predict the reassociation of PKA in the 

absence of PDE. It under-predicted the fractional activation of the C-subunit for every 

time point past the first 3 minutes by 20-40%. Furthermore, it did not exhibit the biphasic 

behavior of the experimental data, but instead appeared to have one rate of decrease 

followed by a plateau at ~17% of maximal activation (Fig. 5.9B).  However, the trend 

leading to an increasing rate of reassociation due to the presence of 1:1 or 5:1 PDE to 

PKA was maintained. Both of these additions led to faster reassociation between the R- 

and C-subunits and a removal of the plateau after one hour. Additionally, the model 

predicted no difference between 1:1 or 5:1 PDE:PKA, though the experimental data did 

show a difference, particularly in the first 30 minutes. The total sum of squares error for 

all 3 data sets was 0.026.  

The Tetramer Model also under-predicted the activity of PKA alone, but by 

significantly less than the Dimer Model(Fig. 5.10B). For all three hours the model under-

predicted the experimental result by ~10%. Furthermore, it maintained the biphasic trend 

of a very fast initial reassocation in the first five minutes followed by a slow decrease in 

PKA activity for the next three hours. The model was able to replicate the trend of an 

increased rate of reassociation with the addition of 1:1 PDE to PKA. Also, unlike the 

Dimer Model, it showed the additional effect of a higher concentration of PDE, 

particularly in the first few minutes (similar to the experimental data). While all three 

conditions did under-predict the experimental data to an extent, the SS error was less than 
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half the Dimer Model (0.012). Therefore, the Tetramer Model was still a better 

representation of the data than the Dimer Model and the best predictor to date of the 

interaction between PKA and PDE.   

As a final test, the tetrameric model was adjusted to allow PDE to hydrolyze free 

cAMP but not cAMP bound to R-subunit. This serves as a control to demonstrate that the 

most significant factor in the increased rate of reassociation of R- and C-subunit was the 

removal of cAMP directly from the R-subunit and not just cAMP removal from the 

system (Fig. 5.11). While the addition of 1-fold or 5-fold PDE did increase the rate of 

reassociation between the R-subunit and C-subunit, the difference was negligible 

compared to the effect that is observed experimentally with the addition of PDE to PKA.  
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Figure 5.9| Dimer Model predictions for PKA kinetic and steady-state activity.   
A) The Dimer Model prediction of the steady-state activity of PKA with increasing PDE 

concentration. The model predicted a change in the cooperativity of the steady-state 

activity of PKA with increasing concentrations PDE that was not experimentally 

observed in Fig 5.5. B) The Dimer Model prediction of PKA activity after the addition 

of R-subunit saturated with cAMP both with and without PDE. The Dimer Model was 

unable to match the predicted kinetic activity curve in the absence of PDE; however, this 

model did exhibit the trend observed in the experiment of an increase in the rate of 

reassociation between the R- and C- subunits with the addition of PDE.  

 



167 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 5.10| Tetramer Model predictions for PKA kinetic and steady-state activity. 

A) The Tetramer Model prediction of the steady-state activity of PKA with 

increasing PDE concentration. The model predicted no change in the steady-state 

activity of PKA with a 1:1 addition of PDE to PKA, which is what was observed 

experimentally (Fig 5.5). However, a small change in the cooperativity was observed in 

the presence of 5:1 PDE to PKA. B) The Tetramer Model prediction of PKA activity 

after the addition of R-subunit saturated with cAMP both with and without PDE. The 

Tetramer Model was able to predict the experimental activity curve in the absence of 

PDE with a slight offset. It also exhibited the trend observed in the experiment of an 

increase in the rate of reassociation between the R- and C-subunits with the addition of 

1:1 PDE to PKA and a further increase in the rate with a 5:1 PDE to PKA concentration. 
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5.4 Discussion  

 Several studies have postulated the role of cAMP microdomains inside cardiac 

myocytes [8, 18, 19] with locally regulating PKA activity in one area while 

simultaneously maintaining a different cAMP concentration in the rest of the cytosol to 

regulate total cellular PKA activity. While some experimental studies have shown this 

differential PKA activation in various parts of the cell [8], none have been able to directly 

observe cAMP microdomains under basal conditions. Mathematically, it is difficult to see 

how these microdomains could be maintained given the speed of cAMP diffusion and the 

relatively slow rate of cAMP hydrolysis by PDE as measured in vitro (see Chapter 2). 

 
Figure 5.11| Testing the mechanism of action for the increased reassociation rate of 

PKA with PDE. To test if the increase in reassociation rate of the R- and C-subunits 

was due to hydrolysis of free cAMP or due to direct removal of cAMP from R-subunit 

by PDE, the Tetramer Model was altered to only allow free cAMP to be hydrolyzed and 

not cAMP bound to R-subunit. The resultant model showed almost no increase in the 

rate of reassociation with PDE.  . 
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This work proposed a new mechanism for locally regulating PKA activity involving PDE 

hydrolyzing cAMP bound to R-subunit to alter the kinetics of C-subunit inactivation. 

It has been previously reported in non-mammalian proteins that the presence of 

PKA can increase PDE activity. [10] This effect was confirmed using PDE4D2 and the 

RIα and RIIβ isoforms of PKA.  A 3-fold increase in PDE activity was observed in the 

presence of a 10-fold higher concentration of PKA with saturating cAMP.  Furthermore, 

the data show not only an increase in the Vmax, but also in Km for PDE hydrolysis of R-

subunit that will affect the cAMP profile inside a cell. Since the Km is higher than for free 

cAMP, the effect of R-subunit-PDE interaction will be significantly higher after a 

stimulus event when PDE’s activity is necessary to return the system to base-line. This 

will function similarly to PDE phosphorylation by PKA to act as a feedback mechanism 

on cAMP concentration. It is unclear from these experiments if R-subunit also promotes a 

faster rate of hydrolysis of free cAMP by PDE as well as delivering bound cAMP to the 

catalytic site of the PDE.  

The 10:1 PKA:PDE ratio needed to observe an increase in PDE activity is non-

physiological, however, AKAPs, such as mAKAP, that bind both PKA and specific PDE 

isoforms may promote interaction between PKA and PDE. Previous studies have 

suggested that localization of PKA on an AKAP can promote interaction between it and 

its substrate and increase phosphorylation of the substrate by as much as 5-fold compared 

to the same interaction free in solution [20]. It is reasonable to assume that AKAPs can 

similarly promote PDE activity.  Therefore, it is plausible that in the presence of AKAPs, 

a 1:1 ratio of PKA:PDE will have a physiologically relevant effect on PDE hydrolysis of 

cAMP.   
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The moderate increase in PDE activity due to the addition of R-subunit may 

increase the cell’s ability to create microdomains of low cAMP concentration, 

particularly near AKAPs that can potentially promote the interaction between PDE and 

R-subunit. This increase is on the same order-of-magnitude as the effect of PKA 

phosphorylation of PDE4 or PDE3 isoforms, [21] which has been shown to be 

insufficient to create localized domains of cAMP in cardiac myocytes (Chapter 2). 

Therefore, it was postulated that PDE may locally regulate PKA activity in vivo by 

altering the steady-state activation curve in addition to affecting the local cAMP 

concentration near PKA molecules.  

Specifically for RIα and RIIβ with PDE4D2, this does not seem to be the case. No 

difference in PKA steady-state activity was observed when PDE was added, even with 

10-fold more PDE. It is conceivable that the presence of an AKAP could promote this 

interaction and lead to a steady-state difference in PKA activation, but these results 

suggest that PDE cannot significantly alter the PKA steady-state-activity curve despite 

evidence that the same R-subunit-PDE isoform combination can boost PDE activity 

under similar conditions.  

The in vivo experiments that reported local regulation of PKA activation in cardiac 

myocytes were based on observations that occurred over the span of minutes usually after 

a stimulus either by isoproterenol or forskolin [22, 23]. Additionally, it has been shown 

that there is a significantly-prolonged response to stimulus after PDE4 or PDE3 was 

inhibited with Rolipram or Cilostazol, respectively [8]. It is possible that PKA 

compartmentation is transitory and dependent on regulation of the kinetics of PKA 
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activation. I hypothesized that PDE increases the rate of cAMP loss from PKA R-subunit, 

thereby increasing its rate of deactivation.  

The kinetic PKA activity experiment showed that the addition of PDE4D2 in a 1:1 

ratio with PKA RIIβ can in fact promote faster inactivation of PKA C-subunit than in the 

absence of PDE. The novel kinetic Markov model confirms that the increased rate of 

inactivation is due to PDE increasing the rate of cAMP removal from PKA R-subunit, 

instead of from hydrolysis of free cAMP in solution. This resolves a conflict between the 

slow kinetics of in vitro PKA reassociation experiments and fast observed in vivo 

deactivation after a stimulus in cardiac mycocytes([9], [22]). Theoretically, the presence 

of AKAPs may further enhance this interaction. R-subunits bound to AKAPs with PDE 

may be able to regulate the acute responses to a β-adrenergic stimulus event and return to 

basal activation in a matter of minutes, while PKA in the absence of PDE will produce 

prolonged responses over a period of hours. Additionally, PDEs may prove useful as a 

new method of removing all cAMP from R-subunit for either crystallization or activation 

studies, something that has previously required urea stripping.  

The kinetic Markov models of PKA activation kinetics provide some insight into 

the mechanism by which PDE affects PKA regulation. The Tetramer Model of PKA 

activation was able to fit the experimental data moderately better than the Dimer Model 

and, more importantly, was able to predict the R-C-subunit reassociation rate both in the 

presence and absence of PDE as well as the effect of PDE on the steady-state activity of 

PKA. This suggests that the rate of cAMP release from each CBD is in part determined 

by the number of cAMPs bound. Tetrameric interactions between R-C dimers are 

important to cAMP binding kinetics, which is analogous to what was shown with the 
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PKA thermodynamic model (Chapter 4). It is important to account for tetrameric 

interactions in any future models of PKA kinetics. However, even though the Dimer 

Model was a worse predictor of the kinetics of PKA alone than the Tetramer Model, it 

maintained the trends observed after the addition of PDE, including the increased rate of 

PKA reassociation and the minimal effect on steady-state PKA activation. This indicates 

that the effects of PDE on PKA are not sensitive to the details of the model, and can be 

maintained despite differences in the rates of PDE hydrolysis and cAMP binding to 

CBD-A and CBD–B. 

5.4.1 Limitations of the Model       

There were several simplifying assumptions that went into these models, mostly to 

limit the unknown variables to those that could be tested by the data. First, it is likely that 

the rate of interaction between the R- and C-subunits are rate limiting under some initial 

conditions. Further experimentation would allow for a model that accurately portrayed 

the coordination between cAMP binding to R-subunit and C-subunit binding to R-subunit 

kinetics to produce a kinetic model that could predict a broader range of initial 

conditions. This likely has led the kinetics of cAMP dissociation from R2C and R2C2 to 

appear slower than they actually are to compensate for the kinetics of reassociation 

between R and C subunit.  

Additionally, this model also assumed a very simplified interaction between the R-

subunit and PDE. Only one Vmax and one Km were defined for all of the CBD domains, 

despite some evidence that the CBD-A and CBD-B domains have different interactions 

with PDE [11]. Furthermore, the model assumed that PDE could only interact with free 

R-subunit. While docking suggests that PDE would have difficulty binding to the R2C2 
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tetramer, it is possible that an R2C trimer would be a viable binding partner as well. 

Finally, the model also considered the only effect of R-subunit to be to provide bound 

cAMP for hydrolysis of PDE, not to promote hydrolysis of free cAMP in solution, which 

could slightly affect the observed reaction kinetics. Experiments with R-subunit with 

inhibited CBD-A, CBD-B, or both could help shed light on whether R-subunit can also 

affect PDEs ability to hydrolyze free cAMP.  

Finally, this model was an amalgamation of RIα and RIIβ kinetics due to the fact 

that only a thermodynamic model for RIα currently exists but the greatest effect of 

PDE4D2 was observed for RIIβ. Ideally, this model would be expanded to include the 

kinetics of RIIβ specifically, as well as the full interaction between RIα and PDE4D2. 

 

5.4.2 Future work  

Here, I focused on PDE4D2 as the simplest model system since it only contains the 

catalytic domain of the PDE. Other, longer PDE isoforms remain to be tested as well as 

other members of the PDE family. The PDE family is large and diverse with differences 

in structure and ability to be phosphorylated by PKA and CamKII (Fig. 5.12). It would be 

informative to see what effect various isoforms of PDE, or PDE phosphorylation by PKA 

has on their interaction. Additionally, various R-subunit isoforms could be investigated to 

fully elucidate the mechanism by which PKA and PDE promote each other’s activity and 

if some combinations produce a larger response than was observed in this work. There 

may be ideal partners that enhance this interaction. The next natural extension of this 

work would be to incorporate AKAPs into these kinetic studies. Since several AKAPs 
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localize specific isoforms of R-subunit and PDE in close proximity, the effect of AKAPs 

on this interaction could be substantial.  

Incorporating this new model of PKA–PDE interaction into a cardiac whole cell 

model may suggest how pathological mutations affect cell function and phenotype, and 

therefore provide a better mechanistic understanding of disease states. With the help a 

more detailed model, it may be possible to design drugs to target the interface between 

AKAP and PKA, AKAP and PDE, or PDE and PKA in an isoform-specific manner. This 

type of targeted therapy to treat arrhythmias without globally affecting one of the most 

ubiquitous cell signaling pathways provides hope for designing therapy that may not have 

the extensive side-effects of many of our current drugs. 
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Figure 5.12| Schematic representation of the structure of the 11 phosphodiesterase 

(PDE) families.The family name is reported on the side of each structure, and the 

number in parenthesis denotes the number of genes composing the family. The 

conserved catalytic domain is represented as a red cylinder. Binding proteins are 

reported in yellow. Phosphorylation sites are reported as a red symbol marked P. 

Abbreviations: CaM, calmodulin; CamKII, calmodulin-regulated kinase II; cG, cGMP; 

ERK2, extracellular signal-regulated kinase 2; pγ, PDE γ subunit; GAF, cGMP-activated 

PDEs, adenylyl cyclase, and Fh1A; PAS, period, aryl-hydrocarbon receptor nuclear 

translocator (ARNT), and single minded; PKA, protein kinase A; PKB, protein kinase B; 

TM, transmembrane domain of PDE3; UCRs, upstream conserved regions. This figure 

and caption were taken with permission from Ann. Rev. of BioChem., from [1].   
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Chapter 6 Summary and Conclusion 

 The objective of this dissertation was to take a multiscale modeling approach to 

understanding how PKA becomes activated in vivo in response to a β-adrenergic stimulus 

in cardiac myocytes. First, we investigated if and how cAMP microdomains can be 

formed in vivo to allow specific pools of PKA to become activated in response to a 

stimulus event. Then, we explored the role metal ions play in affecting C-subunit activity 

to determine if various metal concentrations can play a role in β–adrenergic signaling. 

This work led to insights into how C-subunit is released from R-subunit dimers. We 

developed a Markov model of cAMP binding and R-C subunit release leading to PKA 

activation. This model in turn was expanded to include a novel regulatory mechanism of 

R-subunit directly binding to PDE to remove bound cAMP. The model was used to 

investigate how that interaction affects PKA’s steady state and kinetic response to cAMP. 

This thesis has touched on many scales and many fields and its main contributions are 

summarized in the next few sections.    

6.1 Contributions to understanding PKA activation on a molecular scale  

 The allostery of PKA signaling has become a topic of interest in recent years [1-

4]. Despite nearly 50 years passing since PKA was first identified, the mechanism by 

which C-subunit is released by R-subunit in response to cAMP binding has remained 

frustratingly elusive [3]. Furthermore, each isoform of R-subunit has been shown to have 

a unique crystal structure and kinetics [2], which emphasizes that the various isoforms 

may have inconsistent allosteric regulatory mechanisms. 

In Chapter 3, we delved into the effects of metal ions on the molecular dynamics of 

the C-subunit after it has been released from R-subunit. We expanded on the “linchpin” 
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model proposed earlier for C-subunit activation [5]. We show how the second metal ion 

is essential for neutralizing ATP’s charge but also can lead to inhibition of catalytic 

activity when the concentration of the metal is high enough to limit ADP release. 

Furthermore, we show how other divalent metals can lead to diverse activity curves based 

on their rates of association between nucleotides and C-subunit.  

  In Chapter 4, we developed a Markov model of PKA-RIα activation and cAMP 

binding that not only fit the existing experimental data but also predicted the binding of 

cAMP to mutated PKA with either an inhibited CBD-A or CBD-B site [6]. This model 

showed that the first C-subunit releases with only one cAMP bound while all four cAMP 

molecules were required for total release of the second C-subunit. This order of binding 

supports the idea of a conformational selection mechanism and predicts that regulation of 

the first cAMP binding event is essential to PKA activation in vivo. Recent work on the 

molecular dynamics of a single CBD have supported the conclusion of conformational 

selection developed by this work and have helped flesh out the kinetics of the 

conformational shifts that occur when cAMP binds to the R-subunit of PKA [7].    

This work was then expanded in Chapter 5, where a kinetic Markov model of PKA 

activation was developed from the previous thermodynamic model. This model showed 

that the kinetics of reassociation between the R- and C-subunits could be approximated 

by cAMP release rates.  Additionally, the model described how PDE may work on a 

molecular scale to remove cAMP, leading to faster rates of reassociation between the R 

and C-subunits of PKA.  

Most often models are considered building blocks that help our understanding of 

the next higher scale [6, 8]. A protein-scale model, for example, can help to inform a 
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systems level event or a cellular-scale model can inform a tissue-scale disease state. 

However, these studies demonstrate the potential of larger-scale models to inform 

smaller-scale phenomena as well. In this work, protein-scale Markov models help to 

inform molecular-scale interactions and propose allosteric mechanisms that had 

previously been undetermined. Together, these results have added another building block 

to our understanding of how PKA becomes activated by the addition of cAMP.   

 

6.2 Contribution to understanding PKA activation in the β-adrenergic 

signaling in the heart 

   Over the last 10 years the concept of cAMP microdomains as a method for 

regulating PKA activity in various compartments of the cell has grown in popularity [9-

11]. Various studies using localized FRET-based sensors have suggested that different 

compartments of PKA are activated in response to various methods of increasing cAMP 

concentrations, i.e., isoproterenol, forsklin, 3-isobutyl-1-methylxanthine (IBMX), etc [11, 

12]. However, the method of their formation has remained unclear with respected 

publications suggesting clouds of PDEs surrounding areas of activation that ignore both 

the quantity of PDE in the cell as well as the 3 dimensional  nature of the universe.  

 In Chapter 2, we explore the conditions necessary to create a significant 

concentration gradient of cAMP in a small region of a cardiac myocyte. We show that 

while a microdomain is conceivably possible if the geometry of the membranes inside the 

cardiac myocyte is also included in the model, the effective diffusion coefficient of 

cAMP and the number of PDEs necessary to create the microdomain is currently believed 

to be physiologically impossible.  
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 However, in Chapter 5 we show how despite this, PDE can play a significant role 

in regulating local PKA molecules while leaving global PKA unaffected. This can occur 

through the direct interaction between PKA and PDE that was shown to affect the rate of 

R- and C-subunit reassociation. This work proposed a new mechanism that may allow 

PKA to be locally controlled without requiring unrealistic rates of diffusion for cAMP or 

concentrations of PDE. This does not fully explain the in vivo FRET observations, since 

in vitro the PDE was only able to contribute to a kinetic difference in PKA activation but 

not a thermodynamic difference when the cAMP concentration was held constant. 

However, the addition of AKAPs that localize specific isoforms of R-subunit and PDE 

within a few nanometers of each other in vivo may provide the impetus for this 

interaction to also affect the steady-state activity of PKA. Regardless, this novel 

mechanism gives another direction to explore when considering PKA activation and 

regulation from β-adrenergic stimulation in cardiac myocytes.   

 

 

6.3 Contribution to modeling subcellular and whole cellular PKA 

activation   

 Although not the main purpose of this dissertation, several new computational 

Markov models of PKA were developed along the way that will be helpful for the next 

generation of subcellular and whole signaling models, either in cardiac myocytes or any 

other cell type with these isoforms of PKA and PDE. The new Markov model of PKA-

RIα activation can be added to existing whole cell models of β-adrenergic stimulation to 

give a more accurate representation of PKA activity in response to a given concentration 
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of cAMP. Furthermore, the addition of the kinetic parameters from Chapter 5 will more 

accurately predict how quickly the R- and C-subunits will reassociate after a stimulus 

event. Finally, the addition of the direct binding between PKA and PDE will allow a 

model to differentiate between the effects of local PDE regulation and global PDE 

regulation, which may better predict the results when a PDE-specific inhibitor, such as 

rolipram for PDE4 or cilostazol for PDE3, is added to the cell.  

 Additionally, the computational methods described in Chapters 4 and 5 give a 

workflow for the development and dissemination of protein Markov models in the future. 

For this work, Virtual Cell’s well developed user interface was used to create the Markov 

models and determine the structure of the model with the desired number of degrees of 

freedom [13]. The models were then exported as Matlab code to take advantage of the 

fitting algorithms developed by the Marsden lab [14] and fit to the desired experimental 

data.  The optimized parameter were imported back into Virtual Cell and the model was 

used to predict data to which it had not be fit. After the model was complete it was made 

public on the Virtual Cell servers, where it could easily be exported as Systems Biology 

Markup Language (SBML) code or incorporated into existing whole cell models from the 

Virtual Cell database [15].   

 

 

6.4 Limitations 

 Models are inherently limited by the data to which they were fit and our current 

understanding of the system. Frequently, with both models and experiments, a better 

understanding of the system being investigated will lead to a revaluation of previously 
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explained data and to overturning conclusions. Furthermore, the larger the scale of the 

model, the more phenomena must be simplified or discounted in order to allow the model 

to be solved and give meaningful results. For example, the Markov model of PKA-R1α 

proposed in Chapter 4 is inherently a simplification of the conformational ensemble that 

makes up every state and transition represented in the model. However, the molecular 

dynamics simulations that treat each atom explicitly currently only consider a single CBD 

or at most an entire R-subunit due to the complexity of those interactions [7]. Therefore, 

MD simulations must predict up as protein-level models predict down in scale until 

eventually computing power makes it possible to truly bridge these scales and limit error 

propagation between them.  

Because that amount of computational power is not currently available, to try to 

mitigate error in the thermodynamic PKA model, we proposed five iterations and 

calculated how sensitive the final result was to each of the parameters. This gives the 

model the best chance of spanning the potential conformations; however, the initial 

programmed states and transitions of the model were still dependent on our current 

understanding of the structure of PKA and molecule’s dynamics, such as how cAMP 

binding to CBD-B opens CBD-A. If our understanding of the fundamental nature of PKA 

activation was to change, so too would be the models required to represent it. The smaller 

the scale, or the more fundamental the change, the larger the effect on each subsequent 

scale of the model. These dictate the unknown limitations of the model.  

There are also known limitations of the models. Most of the chapters have a 

limitation section at the end, but here we will note the ones that we think may have the 

greatest effect on the outcome. The model in Chapter 2 of cAMP diffusion only 
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considered PDE hydrolysis and AC production of cAMP and did not consider specific 

(PKA, EPAC) or non-specific (binding to proteins such as PKG that are not specific for 

cAMP) buffering that could limit the effective diffusion rate of cAMP in various areas of 

the cell. Furthermore, for the physiologically relevant geometry take from TEM images, 

only a single geometry was used, primarily due to a lack of segmented TEM images to 

draw from. Each cleft between the T-tubule and the Sarcoplasmic Reticulum share some 

properties but are not structurally identical. Therefore, any conclusions drawn based on 

the geometry are only true for other relatively similar structures inside the cell. Further 

testing would have to be performed to determine if the tested cleft is a relatively accurate 

representation of an average cleft.     

In Chapter 3, we propose an extended linchpin model for how metal ions affect 

kinase activity. This model relied on the assumption of two conformations that kinase 

would transition between depending on the metal concentration. However, while there is 

data to support the contention of two conformations [16], it is not clear that those two 

conformations are metal dependent. Furthermore, it is also unclear how other 

physiologically relevant metals such as calcium might affect these conformations.     

As noted before, the thermodynamic model discussed in Chapter 4 is primarily 

relevant for RIα and would not necessarily be accurate for any other isoform of R-

subunit. It also ignores the several known isoforms of C-subunit due to a lack of data 

about the differences between how they associate with R-subunit (or even which C-

subunit was actually used in a given experiment). Furthermore, this was only a 

thermodynamic model and therefore could not tell how the C-subunit activity changed 

with time. This was addressed in Chapter 5 to some extent, but, as stated in the chapter, 
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two data sets for fitting and  only one data set to test the model’s predictive power is 

insufficient to fully detail the kinetics of PKA activation. Therefore, the kinetics of the R- 

and C-subunit interaction had to be discounted, despite an expectation that it plays a role 

in PKA activation.  

The model of the interaction between PKA and PDE was also limited by the 

amount of available data. First, only the interaction between RIIβ and PDE4D2 was 

studied. The effect of this interaction is different for various isoforms of R-subunit 

(Chapter 5) and previous literature points to it also being different for various PDE 

isoforms as well [17]. we also did not consider how phosphorylation of either R-subunit 

or PDE could affect this interaction. Due to the scarcity of available data, only one set of 

Michaelis-Mentin rate constants was defined for how PDE interacts with both the CBD-B 

and CBD-A domains, even though there is some evidence that these two could be 

different [18]. Finally, the interaction between PKA and PDE is most likely regulated in 

vivo by AKAPs that localize both PDE and PKA to the same area inside the cell. 

Therefore, the kinetics of this interaction in vivo will most likely be related to the in vitro 

kinetics but not exactly the same.  

 

 

6.5 Future Work 

 This work has opened many questions and avenues of discovery that were 

previously unknown.  The simplest and most direct would be the incorporation of the 

new PKA Markov model into the existing whole-cell models of β-adrenergic activation in 

cardiac myocytes [10, 15]. Additionally the PDE-PKA interaction model could give 
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insights into the rate of activation and deactivation in response to a stimulus event, such 

as the addition of isoproterenol. Both of these additions would lead to a more mechanistic 

understanding of how PKA is activated.  These models could be used to explore the 

effects of targeted mutations in PKA and determine how they lead to tissue-scale 

phenotypes.   

 Another ripe area of exploration stemming from this work would be to develop 

Markov models for the other isoforms of PKA. Unfortunately, currently not enough data 

exists for the other 3 isoforms (RIβ, RIIα, and RIIβ) to build these models. However, the 

experimental protocols and model generation tools are already in place such that the steps 

necessary to create these models should be relatively straight forward. It would be very 

interesting to see if the widely different tetrameric crystal structures led to equivalent 

varying kinetics. 

 In tandem with exploring the kinetics of the various R-subunit isoforms, the next 

biggest challenge in building whole-cell models of the β-adrenergic pathway is to 

determine the effect of AKAPs on PKA kinetics. At first it was thought that since AKAPs 

bind the dimerization and docking domain of PKA, relatively far away from the CBDs 

and the R-C interface, that the binding to an AKAP would have a minimal effect on PKA 

kinetics [19]. However, as more has been learned about AKAP, it has been shown that 

they not only bind PKA but also bind PDE, AC, PP, and known PKA substrates [20]. 

Therefore, the concept of the AKAP acting more like a scaffold for a signalosome instead 

of just as a localization protein has become more pervasive [20-22]. Therefore, the 

kinetics of PKA, PDE, or AC observed independently in vitro is likely different than 

what occurs in vivo. The next step in understanding this pathway will be to create 
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complexes of the three proteins in vitro to experimentally determine how being a part of 

such a complex affect each enzyme’s kinetics for future whole-cell models.  

 Finally, there is one project that is currently continuing beyond this work. While 

developing the PKA kinetic model for the PKA-PDE interaction, it became apparent that 

a kinetic tetramer model was necessary to match the PKA activity kinetics data with and 

without PDE. This was surprising because it suggests that for RIα the rate of release of 

cAMP from the first CBD-B and the second CBD-B were different dispite the fact that 

molecularly the two R-subunit are identical. This suggested that PKA must form an 

asymmetric conformation that prevents the last cAMP from being removed from CBD-B. 

This was corroborated anecdotally from the crystal structure studies that report that only 

urea stripping removes all of the cAMP from PKA-RIα [23].  

To explore these results, dialysis is being used to confirm that the last cAMP 

cannot be removed from RIα by typical means. In this study RIα will be saturated with 

cAMP and then dialyzed against a buffer without cAMP for over a month to determine 

the full kinetics of cAMP dissociation. This experiment will be replicated with RIIβ to 

determine if there are relevant differences in these kinetics. Additionally, molecular 

dynamic(MD) simulations will be run on the RIα homodimer with one cAMP bound to 

CBD-B. It is projected that the difference in the rates of the first and second CBD-B 

release is due to an interaction between the free R-subunit and the one with one cAMP 

bound that forces the bound R-subunit into a conformation that cannot release cAMP. 

These MD simulations will confirm that such an interaction can take place and if 

possible, what the most likely conformation for this R2-1cAMP state is. Currently, both 

the model and the experiments are running and the results are yet to be determined.      
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