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Abstract 
Cyclic adenosine monophosphate (cAMP) is a generic signaling molecule that, through precise control 

of its signaling dynamics, exerts distinct cellular effects. Consequently, aberrant cAMP signaling can have 
detrimental effects. Phosphodiesterase 4 (PDE4) enzymes profoundly control cAMP signaling and comprise 
different isoform types of which the enzymatic activity is modulated by differential feedback mechanisms. 
Because these feedback dynamics are non-linear and occur coincidentally, their effects are difficult to examine 
experimentally, but can be well simulated computationally. Through understanding the role of PDE4 isoform 
types in regulating cAMP signaling, PDE4-targeted therapeutic strategies can be better specified. Here, we 
established a computational model to study how feedback mechanisms on different PDE4 isoform types lead to 
dynamic, isoform-specific control of cAMP signaling. Ordinary differential equations describing cAMP dynamics 
were implemented in the VirtualCell (VCell) environment. Simulations indicated that long PDE4 isoforms exert 
the most profound control on oscillatory cAMP signaling, as opposed to the PDE4-mediated control of single 
cAMP input pulses. Moreover, elevating cAMP levels or decreasing PDE4 levels revealed different effects on 
downstream signaling. Together these results underline that cAMP signaling is distinctly regulated by different 
PDE4 isoform types and that this isoform-specificity should be considered in both computational and 
experimental follow-up studies to better define PDE4 enzymes as therapeutic targets in diseases in which cAMP 
signaling is aberrant. 

 

Statement of significance 

 Cellular functioning relies on well-orchestrated intracellular signaling cascades. For example, by 
controlling the amplitude, duration and localization of cyclic adenosine monophosphate (cAMP) signaling, 
distinct messages can be relayed using the same signaling system. cAMP signaling is extensively controlled by 
phosphodiesterase 4 (PDE4) enzymes, which exist as different isoform types which control cAMP levels in similar, 
but distinct manners, as their enzymatic activity depends on dynamic feedback mechanisms. Here, by developing 
and applying a computational model, we show that the so-called long PDE4 isoforms predominantly regulate 
cAMP signaling. These findings represent an important step towards more specific targeting of long PDE4 types 
to achieve higher PDE4-mediated treatment efficacy in diseases in which cAMP signaling is aberrant.  
 

  



Introduction 
 Sensing the environment and responding in an adaptive manner is crucial to cell survival and proper cell 
functioning. Relaying extracellular signals intracellularly to elicit an adaptive response therefore has to be tightly 
regulated in a dynamic, spatiotemporal manner. The pivotal intracellular signaling molecule cyclic adenosine 
monophosphate (cAMP) is synthesized by conversion of adenosine triphosphate (ATP) by both transmembrane 
and soluble adenylyl cyclases (AC). Although AC activity is regulated by a wide variety of receptors, it is striking 
that these receptors, responding to different extracellular cues, all lead to the production of the generic signaling 
molecule cAMP, which subsequently can bind different effector proteins. 

Among the cAMP effector proteins, protein kinase A (PKA) and exchange protein directly activated by 
cAMP (Epac) are most well-studied. PKA is a heterotetrametric protein complex that, upon binding cAMP, 
releases its catalytic subunits which can phosphorylate numerous target proteins (1, 2). Binding of cAMP to Epac 
releases the autoinhibitory conformation of Epac, which can initiate the activation of Rap1, a small GTPase of the 
Ras superfamily (3, 4). Subsequently, Rap1 can influence a variety of cellular processes through modulation of 
various downstream proteins (5). Moreover, by binding Popeye domain containing proteins (POPDC) and cyclic 
nucleotide-gated channels (CNGC), cAMP signaling can modulate other biological functions (e.g. cell-cell 
adhesion and regulation of membrane potentials; reviewed in: (6, 7)). Although these different effector proteins 
all respond to cAMP, through regulation of localization and the dynamics of the cAMP signal (e.g. its amplitude 
and duration), cAMP can distinctly influence different intracellular processes (8). 

Intriguingly, the only way by which cAMP is enzymatically degraded, is via hydrolysis by 
phosphodiesterase (PDE) enzymes. In humans, eleven PDE gene families exist (PDE1-11) that can be classified 
based on their substrate selectivity; some PDE types degrade cAMP selectively (PDE4,-7,-8) whilst others are 
selective to cyclic guanosine monophosphate (cGMP; PDE5,-6,-9). The remaining PDE types are dual-specific and 
degrade both cAMP and cGMP (PDE1,-2,-3,-10,-11). The different PDEs are heterogeneously distributed in a 
tissue- and cell-type specific manner (9, 10). The PDE4 gene family comprises the largest amount of cAMP-specific 
PDEs and plays a critical role in shaping the dynamics and spatiotemporal control of cAMP signaling in many 
tissues and cell types (9, 10). As pivotal regulators of cAMP signaling, PDE4 enzymes provide interesting 
pharmacological targets to modulate cAMP levels in a wide variety of disorders (11-13). Consequently, PDE4 
inhibition has been investigated as a therapeutic strategy to stimulate cAMP signaling. Although several PDE4 
inhibitors are being used clinically, PDE4 inhibition may give rise to severe adverse effects (e.g. diarrhea, nausea, 
and emesis) for increasing doses. PDE4-mediated side effects are hypothesized to result, at least in part, from 
PDE4 inhibition in brainstem areas, and therefore more specific PDE4 inhibition is particularly required when, for 
the disease of interest, the therapeutic actions of PDE4 inhibition should occur in the brain (13). For example, in 
neurodegenerative disorder like Alzheimer’s disease and multiple sclerosis, PDE4 inhibitors have to enter the 
central nervous system to exert therapeutic effect which makes these interventions also more prone to 
brainstem-mediated side effects (11, 13, 14). Therefore, a better understanding of how PDE4 mediates cAMP 
degradation is crucial to optimize PDE4 inhibition as a therapeutic strategy. 

Human PDE4 enzymes are encoded by four genes (PDE4A-D) that each generate multiple isoforms (e.g. 
PDE4D1-9) through the use of alternative promoters and alternative splicing. Although the different isoforms are 
protein products with the same main biological function (i.e. cAMP hydrolysis), their protein sequence 
differences allow for isoform-specific localization and regulation of enzymatic activity (13, 15). Specifically, PDE4 
isoforms can be categorized as long, short, and supershort based on the presence of regulatory domains. These 
regulatory domains influence the functional effect of phosphorylation by different kinases including PKA and 
extracellular signal-regulated kinas (ERK) on PDE4 enzymatic activity (13). Long PDE4 isoforms are activated when 
phosphorylated by PKA (16-20), whilst being inhibited when phosphorylated by ERK (21-24). In case of 
phosphorylation by both PKA and ERK, the ERK-mediated inhibition of long PDE4 forms will be relieved by 
concurrent phosphorylation by PKA (22). Lacking the necessary regulatory domain, short PDE4 isoforms cannot 
be modulated by PKA but can be phosphorylated by ERK, resulting in enzyme activation. Similarly, supershort 
PDE4 isoforms can only be modulated by ERK, but in contrast to short isoforms, phosphorylation of ERK results 
in inhibition on supershort forms (21). Importantly, while ERK may phosphorylate all PDE4 subtypes, this 
phosphorylation has only effects on the enzymatic activity of PDE4B, PDE4C, and PDE4D, but not PDE4A, forms 
due to the differences in amino acid sequence (13, 21, 25). Interestingly, since PKA and ERK are activated 
downstream from cAMP signaling, their effects on PDE4 isoform activity act as feedback mechanisms on cAMP 



signaling (Figure 1). PKA is activated directly upon binding cAMP, whilst ERK is activated by intermediate signaling 
molecules downstream from cAMP. In fact, cAMP and ERK signaling are intricately linked in cell-type specific and 
cell-context dependent manners (reviewed in: (26)). Upon being activated by cAMP-bound Epac, Rap1 can 
initiate B-raf signaling which eventually activates ERK in specific cell types (5, 27, 28). 

  
Figure 1. Schematic representation of cAMP signaling cascades that influence PDE4-mediated cAMP degradation. cAMP is created by 
conversion of ATP by adenylyl cyclases and is degraded by PDE4 enzymes to 5’-adenosine monophosphate (5’AMP). PDE4 enzymes comprise 
different isoform categories (i.e. long, short, and supershort) which are generated via the use of alternative promoters and alternative splicing 
from the four human PDE4 genes. The kinases PKA and ERK are activated downstream of cAMP and can influence the enzyme activity of 
PDE4 in an isoform-specific manner; long forms are activated upon phosphorylation by PKA, whilst phosphorylation by ERK causes inhibition 
of long and supershort PDE4 and activation of short PDE4. These feedback mechanisms contribute to the PDE4-mediated dynamic control of 
cAMP signaling. This figure was created with BioRender.com. 

 
The fact that PDE4 isoforms show specific intracellular distribution patterns and their activity is 

dynamically and isoform-specifically regulated makes PDE4 isoforms crucial spatiotemporal regulators of cAMP 
signaling. Understanding the role of the different PDE4 isoform categories on this dynamic cAMP regulation will 
aid in determining which isoform type to inhibit to elicit the desired physiological effect. Consequently, inhibition 
of specific PDE4 isoforms may modulate cAMP signaling more effectively and may be therapeutically safer by 
inducing fewer or less severe side effects.  

Signal termination, mediated by the different PDE4 isoform types, is critical in cAMP signaling and occurs 
very rapidly. This rapid termination makes experimental investigation of the role of specific PDE4 isoforms in 
spatiotemporal control of cAMP signaling difficult (29). Computational modeling of complex, dynamic biological 
mechanisms like cAMP signaling can overcome several experimental limitations while providing pivotal insights 
into the importance of specific molecules by considering cross-talk and feedback mechanisms. Various 
mechanistic computational models have been developed previously to understand cAMP signaling pathway 
dynamics. These models have investigated amongst others the diffusion and stochastic effects on the 
information flow through PKA signaling (30), the dynamics of calcium-induced cAMP signaling (31-34), the 
influence of receptor protein kinase and G-protein coupled receptor crosstalk (35), and the localization of cAMP 
signaling in subcellular domains (36-39). Despite their important role in inactivating cAMP, cAMP-degrading PDE 
enzymes and their isoforms, which respond differently to feedback mechanisms, are not always included in the 
computational modeling efforts. Some models have studied the influence of PDE4 (40), PDE4 and PDE1 (31, 32, 
39, 41), and PDE1 and PDE10 (38). Others have investigated theoretically how a single PDE or PDE complexes can 
create cAMP nanocompartments and how these depend on the cAMP degradation rate, cAMP diffusion rate and 
geometrical and topological parameters (42). Only the framework of Oliveira et al. specifically modeled two 
different subtypes of PDE4, i.e. PDE4B (located in the submembrane region) and PDE4D (located in the cytosol), 
the most prevalent isozymes in HEK293 cells (43). Their simulation results demonstrated that the generation of 
a cAMP microdomain required a pool of PDE4D anchored in the cytosol as well as a PKA-mediated increase of 
PDE4D activity. Interestingly, cAMP microdomains did not require impeded diffusion of cAMP (43). To our 
knowledge, the influence of feedback mechanisms on general, but not isoform-specific, PDE4 activity has only 
been described by Song et al. (44). 

In this study, we model the dynamics of cAMP signaling and investigate the involvement of specific PDE4 
isoform types, i.e. long, short and supershort, and the PKA/ERK feedback thereon, in the modulation of cAMP 
signaling dynamics. Using a computational approach we intend to better understand and conceptualize the 
signaling feedback mechanisms that differentially modulate the PDE4 isoform activity to determine which PDE4 
isoform type may provide a more efficacious target in diseases in which PDE4 inhibition shows therapeutic 
potential. 

  



Results 
Degradation dynamics of a single cAMP pulse 

Different initial cAMP concentrations (0.1-3.0 µM) were used in the simulations to explore potential 
concentration-dependent effects on cAMP degradation (Figure 2). Irrespective of the initial cAMP concentration, 
single cAMP pulses were completely degraded within 25 s. Comparison of the degradation rates revealed that 
initial cAMP concentrations of 1.0 and 3.0 µM induced a higher degradation rate compared to lower initial cAMP 
concentrations (Fig 2A, insert). Note that increases in initial cAMP concentrations are not proportional to the 
amount of cAMP present over time (reflected by the areas under the curve (AUC), Fig 2B). For example, for a 
pulse of 3.0 µM cAMP, a fold change of 10 would be expected whilst a fold change of 8.17 is observed, which 
indicates that higher initial cAMP concentrations elicit additional effects to facilitate its own degradation. 

 

Figure 2. Degradation dynamics of single cAMP pulses of different concentration predicted by the computational model. A) Single cAMP 
pulses in a concentration range of 0.1-3.0 µM are quickly degraded for all simulated concentrations. In the insert, degradation rates are 
compared by log-transformation of the y-axis showing equal degradation rates for cAMP concentration of 0.1-1.0 µM and profound increased 
degradation of cAMP in case of an initial concentration of 3 µM cAMP. B) Overview of plot characteristics per initial cAMP concentration. 
Fold changes in initial cAMP concentration, time to peak, peak value, and area under the curve (AUC) are shown compared to the 0.3 µM 
cAMP condition. These values indicate that the AUC does not change proportionally to the change in initial cAMP concentration. Simulations 
were run for 500 s considering estimated hippocampal PDE4 isoform proportions and a total initial (constant) amount of all PDE4 isoforms 
combined equal to 1 µM. 

 

Effects of different cAMP concentrations on PKA, Epac, and ERK dynamics 

Although distinct cAMP pulse concentrations were all found to be quickly degraded based on our initial 
simulations, we next sought to explore how downstream signaling cascades are affected by these different initial 
cAMP concentrations. In our computational model, we have focused on the downstream cAMP-PKA and cAMP-
Epac-ERK pathways as PKA and ERK affect cAMP signaling using feedback mechanisms through the modulation 
of PDE4 enzyme activity. In the following sections, the mentioning of PKA, Epac, and ERK reflects concentrations 
of the species PKAcat,1, EpacON, and ERKdimer, respectively. 

Simulations using single cAMP pulses of different concentrations revealed that PKA and Epac are 
differentially activated depending on the cAMP concentration. For example, cAMP pulses of 0.3 and 1.0 µM lead 
to slightly higher peak activation of Epac compared to PKA, whilst a cAMP pulse of 3.0 µM induces profoundly 
higher peaks of PKA compared to Epac (Fig 3A,B,D,E). Moreover, a distinction in PKA and Epac dynamics can be 
observed regarding their concentrations over time. Irrespective of the concentration cAMP, PKA levels subside 
more slowly compared to Epac (Fig 2A,B). ERK signaling is only activated if Epac is sufficiently activated (Fig 3C 
and Fig 10 in Material and Methods). Higher initial cAMP levels resulted profoundly higher ERKdimer 
concentrations until the endpoint of the simulation (500 s) (Fig 3C,F). 

 
Figure 3. Activation dynamics of downstream signaling by different cAMP concentrations predicted by the computational model. Single 
cAMP pulses in a concentration range of 0.1-3.0 µM induced dose-dependent increases in PKA activation (A), Epac activation (B) and ERK 
activation (C). cAMP concentrations differentially affect PKA and Epac signaling as shown by differences in proportional peak height, time to 
peak and AUC differences for the various cAMP concentrations compared to the default model using 0.3 µM cAMP as initial concentration 
(D-E). ERK activation did not reach a plateau during the 500 s simulation, but shows non-linear increases as higher initial cAMP concentrations 
were simulated (C, F). PKA, Epac and ERK reflect the model species PKAcat,1, EpacON, and ERKdimer, respectively. Simulations were run for 500 s 
considering estimated hippocampal PDE4 isoform proportions. 

 

Effects of PDE4 concentrations and isoform type on single pulse cAMP signaling 

Corresponding to literature, cAMP is rapidly degraded in the computational model after a single cAMP 
pulse (Fig. 2). PDE4 enzymes play a pivotal role the regulation of cAMP signaling. To explore the effect of PDE4-
mediated cAMP regulation, simulations were run using different concentrations of total PDE4 enzyme. Total 
PDE4 enzyme concentrations ranged from 0.1 to 10 µM, while taking into account the relative proportions of 
PDE4 isoform types as measured in the rat hippocampus as an example of organ-specific PDE4 isoform type 



expression (Supplementary Material). Relative proportions of long (0.70), short (0.11), and supershort (0.19) 
isoforms were kept constant for all total PDE4 concentrations. As expected, higher total PDE4 concentrations 
resulted in a more rapid degradation of a single 0.3 µM cAMP pulse (Fig. 4A). Dynamics of downstream PKA, 
Epac, and ERK signaling were highly non-linear for different PDE4 concentrations (Fig. 4B-D). For example, 
compared to the default total PDE4 concentration of 1 µM, higher PDE4 concentrations (3-10 µM) lead to 3- and 
10-fold lower AUC values for cAMP, PKA and Epac. In contrast, lower PDE4 concentrations cause non-
proportional increases in peak and AUC values for cAMP, PKA and Epac (Fig 4B,C,F). For example, a 10-fold higher 
initial cAMP pulse (3.0 µM) causes a 28.56- and 8.29-fold increase in the peak value for PKA and Epac, 
respectively. Regarding ERK activation, non-linear effects are observed for both lower and higher total PDE4 
concentrations, implying ERK levels are particularly sensitive to the amount of PDE4 present (Fig 4D,F). 

Interestingly, downstream signaling cascades appear to respond differently to increases in initial cAMP 
pulses versus reductions in the amount of PDE4 present when comparing to the default model in which an initial 
cAMP pulse of 0.3 µM is simulated with 1 µM PDE4 present. Specifically, a 10-fold increase in initial cAMP 
concentration causes a larger fold change in AUC value and peak value for PKA (PKA peak: 28.56 and AUC: 28.31; 
Fig 3D) compared to a 10-fold decrease in PDE4 concentration (PKA peak: 6.74 and AUC: 8.66; Fig 4F). In contrast, 
a 10-fold increase in initial cAMP concentration causes a smaller fold change in AUC value for Epac (Epac AUC: 
7.79; Fig 3E) compared to a 10-fold decrease in PDE4 concentration (Epac AUC: 8.89; Fig 4F). Moreover, changing 
the PDE4 concentration resulted into a more profound effect on the fold changes in time to peak for PKA and 
Epac (i.e. fold changes ranging 0.18-3.72; Fig 4F) compared to changes in cAMP input concentrations (i.e. fold 
changes ranging 0.81-1.04; Fig 3D,E). These findings indicate that changes in cAMP input or PDE4-mediated cAMP 
degradation differentially affect the amplitude and timing of activation of downstream signaling.  

Because the enzyme activity of PDE4 isoform types is differentially altered by PKA and ERK feedback 
phosphorylation, we subsequently investigated whether the presence of a single PDE4 isoform type at a 
concentration of 1.0 µM, rather than a combination of them in specific proportions, resulted in isoform-specific 
dynamics of 0.3 µM cAMP pulse degradation. Unexpectedly, cAMP degradation was found to be identical 
irrespective of the PDE4 isoform type present (Fig. 4E). These results suggest that, for a single pulse, the rate of 
cAMP degradation is determined by the total isoform concentration rather than the isoform type present or the 
relative proportion of multiple types. 

 
Figure 4. The influence of PDE4 concentration and isoform type on single pulse cAMP signaling as predicted by the computational model. 
A) Degradation of a single 0.3 µM cAMP pulse is dependent on the concentration of total PDE4 present. Relative proportions of long, short 
and supershort PDE4 isoforms were kept constant. B-D) Lower total PDE4 concentrations induced higher peaks, increased time to peak and 
sustained activation of PKA, Epac and ERK. E) Simulations in which total PDE4 consists of only a specific PDE4 isoform type indicated that all 
PDE4 isoform types degrade a single 0.3 µM cAMP pulse identically. F) Fold changes in time to peak, peak and area under the curve (AUC) 
are listed for the different PDE4 concentration conditions, compared to the 1.0 µM PDE4 condition, for cAMP and for the downstream 
signaling molecules PKA, Epac, and ERK. PKA, Epac and ERK reflect the species PKAcat,1, EpacON, and ERKdimer, respectively. Simulations were 
run for 500 s considering, except for Fig 4E, estimated hippocampal PDE4 isoform proportions. 
 

Dynamics of oscillatory cAMP signaling and isoform-specific control by PDE4 

Following up on the unexpected finding that different PDE4 isoform types show identical dynamics of 
single cAMP pulse degradation when present at the same concentration, we hypothesized that single cAMP 
pulses may not be sufficient to elicit the PKA- and ERK-based feedback mechanisms on PDE4 activity as observed 
in cell-based experiments. Accordingly, under physiological conditions cAMP synthesis occurs in a prolonged, 
oscillatory manner rather than as the production of single cAMP pulses (45, 46). Previous studies have shown 
that calcium oscillates spontaneously and that these oscillations influence the cAMP/PKA dynamics (32, 47). In 
particular, computational work has shown that cAMP/PKA is a leaky integrator of calcium dynamics, meaning 
that cAMP/PKA senses the lower frequency of the calcium dynamics. Here, we wanted to explore how different 
PDE4 concentrations and isoform types regulate downstream signaling dynamics of oscillatory cAMP signaling.  
 
 
Figure 5. The influence of PDE4 concentration on oscillatory cAMP signaling as predicted by the computational model. A) Dynamic control 
of oscillatory cAMP pulses is dependent on the concentration of total PDE4 present. Relative proportions of long, short and supershort PDE4 
isoforms were kept constant. B-D) Lower total PDE4 concentrations induced higher levels of activated PKA, Epac, and ERK. PKA, Epac and ERK 
reflect the species PKAcat,1, EpacON, and ERKdimer, respectively. Simulations were run for 1500 s considering estimated hippocampal PDE4 
isoform proportions. 
 



Similar as seen for a single cAMP pulse, the concentration of total PDE4 regulates oscillatory cAMP 
signaling and activation of downstream effectors (Fig 4 and 5). Higher (3.0 µM) and lower (0.3 µM) PDE4 
concentrations resulted, respectively, in a faster and slower degradation of oscillatory cAMP (Fig 5A). 
Accordingly, activation of the effectors PKA (PKAcat,1), Epac (EpacON) and ERK (ERKdimer) was similarly changed and 
these effects were highly non-linear (Fig. 5B-D). Interestingly, and in contrast to a single pulse of cAMP, the 
isoform type or the relative proportion greatly influenced the rate of cAMP degradation in the simulated settings. 
More specifically, when keeping the total PDE4 concentration equal at 1 µM but varying the type of isoform, Fig. 
6 shows that the long and short isoforms maintain an oscillatory cAMP profile (albeit with a higher initial peak 
for the short isoform with respect to the long isoform, Fig. 6A), while the supershort isoform is not able to 
degrade the cyclic cAMP input at a sufficient rate, leading to a fast accumulation of cAMP (Fig. 6A insert). Also 
downstream signaling is distinct when only a specific PDE4 isoform type is present. For the short and long 
isoform, the steady state levels of activated PKA and Epac oscillate around 0.05 µM and 0.025 µM respectively, 
whereas for the supershort isoform, the steady state Epac and PKA levels are almost 10- and 5-fold higher (0.24 
µM and 0.27 µM, Fig. 6B-C). A gradual increase in cAMP concentration followed by a sustained input resulted in 
similar findings to the cyclic cAMP input, i.e. the long and short isoforms maintain a stable cAMP profile, while 
the supershort isoform is not able to degrade the sustained cAMP input at a sufficient rate, leading to a fast 
accumulation of cAMP (see Supplementary Figure S2). As such, these results nicely correspond to the findings 
of the Conti laboratory in which sustained adenylyl cyclase activation as been shown to result in a transient 
increase in the intracellular cAMP concentration after which the intracellular cAMP concentrations reach a steady 
state level (for long isoform activation through PKA) (48). These simulations indicate that cAMP signaling is not 
effectively controlled in the presence of supershort PDE4 isoforms alone, suggesting that additional biological 
mechanisms would have to be employed to prevent cAMP levels from rising uncontrollably. 
 

 

Figure 6. PDE4 isoform types differentially regulate oscillatory cAMP signaling. The effect of PDE4 isoform type on oscillatory cAMP signaling 
was simulated by including a single PDE4 isoform type only at a concentration of 1 µM. A) Dynamic control of oscillatory cAMP signaling is 
distinct for different PDE4 isoform types. Presence of supershort PDE4 isoforms only leads to profound accumulation of cAMP (insert). When 
only short or long PDE4 isoforms are present, cAMP levels can be stabilized in a concentration range after an initial peak. B-C) Similar to the 
effect on oscillatory cAMP control, PKA and Epac are most profoundly activated when only supershort PDE4 isoforms are present. In case 
only short PDE4 isoforms are present, an initial increase can be observed after which activation levels stabilize. D) Similar to PKA and Epac 
activation, ERK activation increased mainly when only supershort isoforms were present. Presence of only short PDE4 isoforms led to a higher 
ERK activation compared to long PDE4 isoforms only. PKA, Epac and ERK reflect the species PKAcat,1, EpacON, and ERKdimer, respectively. 
Simulations were run for 1500 s with oscillatory cAMP input (0.3 µM). 

 

PDE4 activity changes over time in an isoform-specific manner 

To understand why the type of PDE4 isoform only has an important impact for cyclic cAMP pulses and 
not for a single cAMP pulse in the computational model, we looked in detail at Equation 1 in Table 1 (Material 
and Methods). The activity of the PDE4 isoform types is differentially affected upon phosphorylation events by 
activated PKA and ERK. As PKA and ERK themselves are dynamically regulated over time (Fig 6B,D), we next 
sought to investigate how the degradation rates for the different PDE4 isoform types change over time as a 
response to oscillatory cAMP signaling.  

For a single cAMP pulse, the degradation rates overlap for all isoforms types (Figure 4E) which can be 
explained by the fact that the elevations in activated PKA and ERK concentrations are small (Figure 4B-D) 
resulting in no or negligible differences between the enzymatic activity of different PDE4 isoforms. In contrast, 
for cyclic cAMP pulses there is a continuous generation of activated ERK and PKA, leading to higher overall 
degradation rates by means of biological feedbacks loops impacting upon PDE4 activity (Fig 5A). For the long 
isoform, of which the activity is regulated by both PKA and ERK, the activation rate is higher than the inhibition 
rate, which reflects the Vmax settings (i.e. 21.76 for activation, -2 for inhibition), resulting in net increased 
activation (Fig 7A and Supplemental Figure 1). In other words, the activation of the long isoform by PKA keeps 
the PKA concentration under control, since a higher degradation rate of cAMP results in less PKA formation (a 
negative feedback loop), resulting in a compensatory k12on,PDE rate. The short isoform is activated by ERK. Since 
the activation of ERK is slower than of PKA (Fig 5B,D), the increase in konshort (i.e. kon,PDE + k23on,PDE) is slower 



than the increase of konlong (i.e. kon,PDE + k12on,PDE + k13on,PDE) and overall a lower activation rate is reached for 
short PDE4 compared to long PDE4. Consequently, the cAMP has a larger initial peak when only the short isoform 
is present in comparison to when all (Fig 5A), or only the long isoform (Fig 6A) is present.  

The supershort isoform is inhibited by ERK, which represents a positive feedback loop. More specifically, 
a high ERK concentration inhibits the degradation of cAMP by long and supershort PDE4 forms, leading to 
downstream activation of ERK. Consequently, in the simulations of cyclic cAMP input with only the supershort 
isoform present, the konsupershort (i.e. kon,PDE + k33on,PDE) rate flattens out already after 500s (Fig 7A-B), implying 
that there is no degradation of cAMP anymore (all PDE4 supershort isoforms are inhibited) resulting in a massive 
build-up of the cAMP concentration (Fig. 6A). These simulations show that, in cases where only the supershort 
isoform is present, other mechanisms should be activated to limit the cAMP concentration increase, and in 
particular mechanisms that limit the activation of the ERK pathway or increase the cAMP degradation in an PDE4-
independent mechanism.  

The degradation rates of long and supershort PDE4 isoforms start to go down once ERK becomes 
activated while short forms are activated (Fig 7A-B). This implies that, in case ERK is already activated and PDE4 
long and supershort forms are thus initially inhibited before cAMP synthesis is started, PDE4-mediated cAMP 
degradation could be diminished. This means that preceding ERK activation, by inhibition of long and supershort 
PDE4, could have ‘permissive and facilitating’ actions on cAMP signaling.  

 
 
Figure 7. Degradation rates of cAMP by PDE4 long, short, and supershort isoforms change differentially over time. The degradation rates 
of long (Konlong), short (Konshort) and supershort (Konsupershort) forms are shown in light grey, black and dark grey, respectively. Degradation 
rates per PDE4 isoform are dependent on the baseline degradation rate and modulation by PKA and/or ERK and are calculated based on 
Tables 1 and Table 2 (Konlong = kon,PDE + k12on,PDE + k13on,PDE; Konshort = kon,PDE + k22on,PDE + k23on,PDE; Konsupershort = kon, PDE + k32on, PDE + k33on, PDE). 
A) Changes in absolute degradation rates per PDE4 isoform type are plotted over time. B) The contribution of different PDE4 isoform types 
to the total degradation changes over time. Changes in degradation rate correspond to changes in PKA and ERK levels as shown by the dashed 
(PKA) and solid (ERK) black line. PKA and ERK reflect the species PKAcat,1 and ERKdimer, respectively. Simulations were run for 1500 s considering 
estimated hippocampal PDE4 isoform proportions (total 1 µM) and oscillatory cAMP input (0.3 µM). 

To investigate the influence of Vmax parameter values on the model outcome, we performed a sensitivity 
analysis in which we varied the Vmax values +/-10% and looked at the average and maximum cAMP value over 
1500 seconds (see Supplementary Figure S3). As can be appreciated from these results, the sensitivity of the 
model is similar for all Vmax values, with the highest for kon12PDE which captures the effect of the long isoform 
phosphorylation by PKA. In this respect, the sensitivity analysis is in line with the other reported results that 
highlight the important effect of the long isoform. Importantly, we highlight here that due to the scarcity of 
quantitative data, the baseline Vmax values are based on measures in different cell types using different assays. 

Initial PKA and ERK concentrations influence PDE4-mediated cAMP degradation 
Despite the large influence of PKA and ERK on PDE4-mediated cAMP degradation, our prior simulations 

did not take into account the initial presence of PKA and/or ERK and may therefore not fully represent the 
biological situation in which these species may modulate PDE4 activity already before cAMP is synthesized. 
Therefore, we also explored the influence of the activated PKA and ERK concentration on PDE4-mediated cAMP 
degradation by using non-zero initial concentrations (0.05 and 0.066 µM, respectively) based on their final values 
in the simulations shown in Figure 5B and -D. The following simulations were run using a single pulse only, since 
cyclic pulses lead to continuous degradation and production which overrules the effect of different initial PKA 
and ERK conditions. 

Figure 8 shows the degradation dynamics of a single 0.3 µM cAMP pulse for different initial 
concentrations of PKA and ERK. Similar to above, these results indicate that the initial PKA concentration has an 
important influence on cAMP degradation by increasing the activity of long PDE4 isoforms and overruling a 
potential influence of initial ERK concentrations (i.e. note that the curves of the grey diamonds and black triangles 
overlap in Figure 8). In case no PKA is initially present, non-zero initial concentrations of ERK also influence cAMP 
degradation by inhibiting long and supershort PDE4 isoforms while activating short PDE4 isoforms. Depending 
on the intracellular distribution of the different PDE4 isoform types and their relative proportions, these initial 
PKA and ERK concentrations may give rise to specific intracellular cAMP gradients by distinctly influencing PDE4 
activity. 



 

 

Figure 8. The initial concentrations of PKA and ERK influence degradation of a single cAMP pulse. Elevated initial PKA levels lead to quicker 
degradation of a single 0.3 µM cAMP pulse (black triangles), while increased initial ERK levels diminish degradation (light grey triangles) 
compared to the default simulation in which PKA and ERK are initially absent (black squares). When both PKA and ERK are initially present, 
PKA overrules the effect of ERK indicating that PKA, by activating long PDE4 isoforms, has a major influence on PDE4-mediated cAMP 
degradation (grey diamonds). PKA and ERK reflect the species PKAcat,1 and ERKdimer, respectively. Simulations were run considering estimated 
hippocampal PDE4 isoform proportions (total 1 µM)  with a single cAMP pulse input (0.3 µM). 

 

Inhibition of PDE4 long isoforms has the most profound effect on cAMP signaling   
 Based on the observations that cAMP signaling is best kept under control when long PDE4 isoforms are 
present (Fig 6), long isoforms contribute largely to the total PDE4-mediated cAMP degradation (Fig 7), and the 
dominant effect of PKA over ERK in modulating PDE4 activity by acting on long PDE4 forms specifically (Fig 8), we 
sought to investigate whether inhibition of long PDE4 isoforms specifically impacts cAMP signaling most 
profoundly compared to inhibition of the other isoform types.  
 Inhibition of single PDE4 isoform types was simulated by setting this isoform to zero while leaving the 
other two types unaffected. In prior simulations we have used the relative proportions of long, short, and 
supershort PDE4 isoforms based on those measured in the hippocampus as an example of tissue-specific 
expression, i.e.  0.7 long, 0.11 short, 0.19 supershort. Since long PDE4 isoforms comprised 70% of the total in this 
tissue, the observations that long PDE4 isoforms exert a large control on cAMP signaling may have been biased 
by the fact that these long forms are most abundantly present. To control for this potential bias we also simulated 
the inhibition of an isoform type while keeping the remaining forms in equal proportions, i.e. one isoform is set 
to zero and the other isoforms are both present at 0.5 µM concentration in order to keep the total PDE4 
concentration constant at 1 µM. 
 Figure 9 visualizes the effect of PDE4 isoform type inhibition on cAMP signaling considering both the 
hippocampal proportion of isoform types as well as equal proportions. Irrespective of the proportions 
considered, inhibition of long PDE4 forms led, compared to inhibition of short or supershort isoforms, to higher 
levels of cAMP (light grey curve, Fig 9A,B), PKA (light grey curve, Fig 9C,D), Epac (light grey curve, Fig 9E,F), and 
ERK signaling (light grey curve, Fig 9G,H). Inhibition of short isoforms differed from the inhibition of supershort 
forms only when considering equal proportion of isoform types (Fig 9B,D,F,H) which demonstrates that unequal 
abundance of PDE4 isoform types (e.g. in the case of the hippocampus) influences the functional importance of 
a particular isoform type. 
 
Figure 9. Effects of isoform-type specific PDE4 inhibition on cAMP and downstream signaling. The effect of isoform-specific PDE4 inhibition 
on cAMP signaling was tested while considering the relative proportions of isoform types measured in the hippocampus (panels A, C, E and 
G) or considering equal expression proportions of the different PDE4 isoform types (panels B, D, F and H) for a cyclic input of cAMP. Inhibition 
of long PDE4 isoforms (light grey lines) produced the largest elevations in cAMP (A-B), PKA (C-D), Epac (E-F), and ERK levels (G-H) irrespective 
of the proportion of isoform types. Inhibition of short forms (black triangles) led to higher levels of cAMP and downstream molecules than 
inhibition of supershort forms (black diamonds) when considering equal isoform type proportions (B,D,F,H) but not in case of hippocampal 
proportions (A,C,E,G) indicating relative proportions determine the functional importance of isoform types. PKA, Epac and ERK reflect the 
species PKAcat,1, EpacON, and ERKdimer, respectively. Simulations were run for 1500 s with oscillatory cAMP input (0.3 µM). 



Discussion  
Various intra- and extracellular stimuli all induce the synthesis of cAMP but eventually evoke distinct cellular 

effects. This ‘repurposing’ of the same signaling machinery by controlling its dynamics is beneficial from an 
evolutionary perspective compared to developing separate pathways for each stimulus, receptor or response 
(49). Accordingly, by means of compartmentalization and multiple (dynamic) feedback mechanisms, cAMP can 
convey signals from multiple different sources to induce distinct responses. By degrading cAMP, PDE4 enzymes 
exert profound control over cAMP signaling dynamics. Specifically, PDE4 enzymes consist of multiple isoform 
types of which the enzyme activity is dynamically regulated in a feedback-based manner in response to 
downstream cAMP signaling. Here, we constructed a computational model to explore the role of PDE4 and its 
different isoforms in the control of cAMP dynamics. 

Based on our model, we explored the effects of different concentrations cAMP and PDE4 on activation of 
the downstream cAMP-PKA and cAMP-Epac pathways. It was identified that PKA activation was mainly 
influenced by the concentration of cAMP, whilst Epac activation was more sensitive to the amount of PDE4 
present. Moreover, simulations using different total PDE4 concentrations caused substantial changes in PKA and 
Epac activation dynamics by changing time to peak values, whilst simulation using different cAMP concentrations 
did not. Changes in PDE4 concentration led to non-linear changes in the dynamics of cAMP and downstream 
effectors, which provides an estimation of the magnitude of effect of experimentally observed changes in PDE4 
expression. For example, the 1.5-4.0 fold increases in PDE4 at the mRNA, protein, and enzyme activity level that 
have been reported in physiological and disease-associated conditions do affect cAMP and downstream signaling 
based on our model (50-52). 
 In light of investigating the effect of PKA- and ERK-based feedback on PDE4 isoform activity, our 
simulations indicated that oscillatory cAMP signaling, as opposed to single cAMP input pulses, is necessary to 
induce downstream effector activation that can influence PDE4 isoform activity. As the change in enzyme activity 
upon phosphorylation by PKA and/or ERK is PDE4 isoform-specific, we examined how oscillatory cAMP signaling 
affects the activity of these PDE4 isoform types. The results indicated long PDE4 isoforms exert the largest control 
on dynamics of cAMP and downstream effector signaling (Fig. 6) and that long PDE4 isoforms contribute most 
to total PDE4-mediated cAMP degradation (Fig 7). These long-dominant effects may have been biased by the 
fact that we considered PDE4 isoform proportions based on measurements in rat hippocampal tissue, in which 
long forms were predominantly (i.e. 70%) present. However, simulations in which each of the PDE4 isoform type 
were present in equal amount and were separately inhibited, long forms also exhibited the largest impact on 
cAMP and downstream signaling dynamics (Fig 9). This seemingly importance of long PDE4 forms is supported 
by the fact that the four PDE4 genes (PDE4A-D) encode more long isoforms than short and supershort isoforms 
(13), which may imply that long forms are involved in a broader array of cellular functions. Indeed, these various 
long PDE4 isoforms are known to localize to specific intracellular compartments owing to their unique N-terminus 
amino acid stretches to engage in specific protein-protein interactions (13, 15). As such, long PDE4 isoforms can 
control cAMP signaling in a precisely located and efficient manner as their activity can be quickly increased upon 
phosphorylation by PKA. 

In contrast to long forms, supershort PDE4 forms were found to inadequately control oscillatory cAMP 
signaling (Fig 6). These isoforms cannot be phosphorylated, and activated, by PKA, but are only affected by ERK 
phosphorylation. However, phosphorylation by ERK actually decreases enzyme activity of supershort PDE4 while 
modestly increasing the activity of short PDE4 forms. Thus, phosphorylation-based feedback mechanisms appear 
insufficient in increasing supershort PDE4 isoform activity. This may imply that cAMP levels could become 
uncontrollable in compartments where only supershort PDE4 forms are present. However, early studies have 
reported the transcription-based upregulation of (super)short PDE4 in response to cAMP signaling activation as 
an alternative feedback mechanism (53-55). Moreover, (super)short forms have been shown to localize 
throughout the cytosol where they may control cAMP signaling globally compared to cAMP control by long PDE4 
forms in specific locations (56-58). 

The results of this study, which indicate the effects of PDE4 isoform types on cAMP signaling dynamics, 
should be interpreted in the light of the following assumptions and limitations. Firstly and most importantly, The 
model simulations predict that all cAMP is degraded in approximately 15 seconds (single cAMP pulse), which 
differs from the reported cAMP measurements in live cells (i.e. 100-300 seconds (59). Although this discrepancy 
may be cell-dependent, we hypothesize that this might be due to the ODE formalism we are using as such do not 



fully account for the spatial regulation of cAMP signaling via cAMP compartmentalization and local subcellular 
cAMP gradients. More specifically, precise subcellular localization of PDE isoforms is proposed to be important 
for shaping cAMP gradients (60-62). Here, we provide a very rough approximation of how different isoforms of 
a certain PDE4 subtype may be proportionally expressed in (parts of) an organ. As such, our approximation of 
the ratio of different PDE4 isoform categories by means of a Western blot of just the PDE4D subtype does not 
reflect or provide information on the expression of all PDE4 subtypes and isoforms in specific cell types and their 
localization within these cells. Interestingly, of the 21 reported human PDE4 isoforms, 15 are long (70%), 2 are 
short (10%), and 4 are supershort isoforms (20%) which reflects very similar proportions as reported for PDE4D 
isoforms here (13). As soon as isoform-specific intracellular expression patterns are determined, these details 
can be included in future models. In addition, local production by ACs, cAMP buffering (by e.g. PKA), physical 
barriers (i.e. the cytoskeleton), export by multidrug resistance proteins and cell shape are also believed to 
contribute to cAMP compartmentalization (63). Importantly, recent insights indicated that cAMP is primarily 
buffered by PKA regulatory subunit condensates and that PDEs effectively reduce cAMP signaling in highly 
localized, nanometer-sized compartments (64-66). Also, A-kinase anchoring proteins (AKAPs) have the ability to 
anchor PKA, Epac and PDE4 to specific subcellular locations, to form local signaling complexes with high signaling 
specificity and efficacy (67, 68). By tethering PKA to specific subcellular locations, it can specifically activate 
effector proteins in its vicinity. Besides, AKAPs can also directly bind effector proteins, to spatially and temporally 
influence the signal transduction (67, 68). AKAPs are thus important players in establishing compartmentalized 
cAMP signaling by contributing to the subcellular localization of signaling components, but it is not yet completely 
understood how the intracellular positioning of cAMP effector proteins (i.e. PDE4, Epac, PKA) by AKAPs shapes 
cellular cAMP signaling.  

Secondly, considering the short time scales that we model, we assume a constant amount of protein, 
thus ignoring potential production and degradation processes as well as transcriptional or epigenetic regulation 
(13, 52, 69). For example, the transcriptional upregulation of (super)short PDE4 as feedback mechanism may 
take longer than 1500 s as simulated here, but could be implicated in future models. Earlier studies reported 
large increases in (super)short transcripts, but these were observed after a period of multiple hours (70, 71). 
Because of this difference in time frames and the difficulty of translating cAMP increases to downstream 
transcriptional upregulation, we opted to not include transcription-regulated feedback in this model yet. Thirdly, 
this study focuses on PDE4, whereas other cAMP degrading PDEs also play an important role in the 
spatiotemporal dynamics of cAMP signaling. Similarly, the PDE4 activity can be modulated through a wide variety 
of post-translational modifications and interactions with partner proteins (13), which are not all captured in the 
current model. For example, the effect of phosphatases, which would remove phosphorylation of PDE4 or undo 
effects of PKA in Raf-1 expressing cells on phosphorylation of Raf1 and its downstream signaling to ERK (26), 
providing yet other cell-specific routes for cAMP and ERK signaling pathways to interact, could be incorporated 
in future work. Finally, the parameter values of the model (e.g. proportional/relative concentrations of included 
signaling molecules and the way they influence each other) are highly cell type-, context-, and compartment-
specific (26, 28, 72). Future work should focus on acquiring these cell-type and context-specific experimental 
data (e.g. using next-generation cAMP-sensing techniques (65)) in order to better calibrate the computational 
models (including, if necessary, stochastic simulation techniques such as reported in {Jędrzejewska-Szmek, 2017 
#908}) and simulate these dedicated scenarios. 

The current study pointed out that different PDE4 isoforms distinctly regulate cAMP and downstream 
signaling dynamics and that these isoform-specific differences should be considered in future computational and 
experimental work on PDE4/cAMP signaling. Computational follow-up studies could focus on PDE4/cAMP 
signaling in specific cellular compartments or cell types by adapting the model presented here. Moreover, this 
model can provide insights in PDE4 drug design by simulating how PDE4 inhibitors, with different affinities to the 
different isoform types, impact overall cAMP signaling. Experimentally, future computational work should 
validate the influence of specific PDE4 isoforms on cell-type specific cAMP-regulated processes by using, for 
example, RNA silencing or (epi)genetic editing. 

  



Materials and Methods 
Mathematical model development 
To simulate isoform-specific PDE4-mediated control of cAMP dynamics, a mathematical model was developed 
and implemented in the virtual cell environment VCell (http://vcell.org) (73). Fifteen ordinary differential 
equations were established which describe the dynamics of cAMP, PDE4, PKA, Epac and RAP-1/ERK signaling in 
time. The following sections describe the mathematical framework of the model, the reactions and 
corresponding kinematic parameters. Figure 10 shows a schematic of the variables included in the model and 
their interactions. 

Parameter values and initial conditions  
Considering the high diffusion capability of free, unbound cAMP (65, 74), we modelled the system as well-mixed 
using ordinary differential equations, which are listed, including initial concentrations, in Table 1. We also assume 
that all downstream, inactivated components are not present at the start of the simulation. All reactions and 
corresponding parameters are given in Tables 2 and 3. All reactions are assumed to be reversible, except the 
irreversible degradation of cAMP and phosphorylation-based actions on PDE4 isoforms. 
 

Figure 10: Schematic representation of the molecular reactions incorporated in the computational model. cAMP is modelled as an initial 
condition and is degraded to 5’AMP by different PDE4 isoforms (long, short, and supershort) that each can exhibit different degradation rates 
(e.g. K12onPDE). If not degraded, cAMP can bind and activate the tetramer PKA (PKAtet) to form C1, which causes PKAcat subunits to be released 
(PKAcat,1). Similarly, cAMP can bind and activate Epac to form EpacON, which can convert RAP1GDP into RAP1GTP to eventually elicit ERK 
phosphorylation and dimerization (ppERK). PKAcat,1 and ppERK can modulate PDE4 isoform activity and thereby provide feedback mechanisms 
of cAMP signaling.  

 



Table 1. Overview of reaction species, ordinary differential equations (ODE) and initial concentrations 
# Species Description Ordinary differential equation Initial concentration (µM) Reference for the used 

initial concentration 

1 [cAMP] cAMP concentration =– (kon, PDE + k12on, PDE + k13on, PDE) ∙ cAMP ∙ PDE4long-(kon, PDE + k22on, PDE + k23on, PDE) ∙ cAMP ∙ 

PDE4short - (kon, PDE + k32on, PDE + k33on, PDE) ∙ cAMP  ∙ PDE4supershort – 4 ∙  𝑘 ,  ∙  
 ∙ .

. .
  + 4 ∙  

kdeg ∙  C1 – 𝑘 ,  ∙  
 ∙  + koff_Epac  ∙  Epacon 

0.3 (standard) or 
cyclic input (see text) 

(75), (76) 

2 [AMP] AMP concentration = (kon, PDE + k12on, PDE + k13on, PDE) ∙ cAMP ∙ PDE4long +(kon, PDE + k22on, PDE + k23on, PDE) ∙ cAMP ∙ 
PDE4short + (kon, PDE + k32on, PDE + k33on, PDE) ∙ cAMP ∙ PDE4supershort 

0 (77) 

3 [PDE4] PDE4 concentration constant  1 (standard) (hippocampal 
proportions, PDE4long: 0.7; 
PDE4short: 0.11; 
PDE4supershort: 0.19) 

(77) 
(Supplementary Material) 

4 [PKAcat] PKA catalytic subunits = -2 kon,PKA ∙ PKAcat2 ∙ PKAreg2 + kdeg,1 ∙ PKAcat,1 + 2koff_PKA ∙ PKAtet   0.023 (43) 

5 [PKAreg] PKA regulatory subunits =  -2kon,PKA ∙ PKAreg2 ∙ PKAcat2 + 2koff_PKA ∙ PKAtet + 2kdeg ∙ C1 0.048 (43)  

6 [PKAtet] PKA tetramer =  kon_PKA ∙ PKAcat2 ∙ PKAreg2 – koff_PKA ∙ PKAtet −𝑘 , ∙  
 ∙ .

. .
   0.173 (32, 77)  

7 [C1] cAMP-bound PKA tetramer = 𝑘 , ∙  
 ∙ .

. .
  – kdeg ∙ C1 0 Model assumption 

8 [PKAcat1] active PKA catalytic subunit = 2kdeg ∙ C1 -kdeg,1 ∙ PKAcat,1 0 (43) 

9 [EPAC] inactivated Epac = −𝑘 , ∙  
 ∙  + koff_Epac ∙ Epacon  0.488 (76, 78) 

10 [EPACon] cAMP-bound, activated Epac  =  𝑘 , ∙
 ∙  -  koff_Epac ∙ Epacon - konRAP1 ∙ Epacon ∙ RAP1_GDP + koffRAP1 ∙ RAP1GTP 0 (76) 

11 [RAP1GDP] inactive Rap1  = -kon,RAP1 ∙ Epacon ∙ RAP1GDP + koff,RAP1 ∙ RAP1GTP 0.2 (79) 

12 [RAP1GTP] active Rap1  = kon,RAP1 ∙ Epac ∙ RAP1GDP – koff,RAP1 ∙ RAP1GTP -kon,ERK ∙ RAP1GTP ∙ ERK+ koff ∙ ppERK 0 Model assumption 

13 [ERK] ERK concentration  = -kon,ERK ∙ ERK ∙ RAP1GTP + koff,ERK ∙ ppERK 0.8 (80) 

14 [ppERK] activated ERK  = kon,ERK ∙ ERK ∙ RAP1GTP - koff,ERK ∙ ppERK + 2 ∙ koff,dimer ∙ ERKdimer - 2kon,dimer  ∙ ppERK2   0 Model assumption 

15 [ERKdimer] dimerized ERK  =  kon,dimer ∙ ppERK2 -koff dimer ∙ ERKdimer 0 Model assumption 



cAMP and PDE4 dynamics 
cAMP signaling is initiated by the synthesis of cAMP by activated adenylyl cyclases. Since the primary focus of 
this study is the role of different PDE4 isoforms on cAMP signaling, we investigate three types of initial cAMP 
conditions: 1) an initial pulse of 0.1, 0.3, 1 or 3 µM and 2) a continuous, cyclic input of cAMP specified as follows: 

𝑐𝐴𝑀𝑃 = 0.45 . |sin (0.015𝑡)| . (0.9998 ) + 0.3 

which reflects the cAMP oscillations reported by Ohadi et al. (32) and 3) a ramp function of cAMP input defined 
as follows: 

𝑐𝐴𝑀𝑃 = 0.001. 𝑡 (𝑡 < 300) + 0.3 (𝑡 > 300) 

resulting in a gradual, time-dependent increase over 300s (81) until a constant input of 0.3 µM, mimicking a 
sustained plateau of adenylyl cyclase activation. Note that we do not model adenylyl activity explicitly here. 

We simulate in the computational model the PDE4-mediated enzymatic inactivation of cAMP (Table 1: Equations 
1-2). Moreover, we model the total initial amount of all PDE4 isoforms combined as constant and equal to 1 µM 
(Table 1: Equations 3) (77). The relative distribution of the PDE4 isoforms is modeled as follows: 70% long PDE4 
isoform, 11% short PDE4 isoform and 19% supershort PDE4 isoform. These distributions are based on in-house 
measurements of rat hippocampal tissue to exemplify tissue-specific isoform proportions (see Supplementary 
Material). Since long PDE4 isoforms comprise 70% of the total in this tissue, the effect of long PDE4 isoforms on 
cAMP signaling may be biased by the fact that these long forms are most abundantly present. As such, we control 
for this potential bias by also investigating a scenario in which the isoforms have equal proportions. More 
specifically, one isoform is set to zero and the other isoforms are both present at 0.5 µM concentration in order 
to keep the total PDE4 concentration constant at 1 µM (Figure 9). In the computational model, cAMP degradation 
is modelled with mass action kinetics, and has three contributions: 1) baseline degradation by PDE4 that is 
independent of isoform type, 2) isoform-specific modulation of the baseline degradation by the activated 
catalytic subunit of PKA (PKAcat,1), and 3) isoform-specific modulation of the baseline degradation by activated 
ERK (ERKdimer) (Table 1: Equations 1-2). 

The activated catalytic subunit of PKA (PKAcat,1) and activated ERK (ERKdimer) are modeled to influence cAMP 
degradation rate by activating or inhibiting PDE4, depending on the PDE4 isoform involved (13). Therefore, 
k12on,PDE, k13on,PDE, k22on,PDE, k23on,PDE, k32on,PDE and k33on,PDE are not constant but depend on PKAcat,1 or ERKdimer, 
which can have an inhibitory (Vmax is negative) or stimulating (Vmax is positive) effect depending on the affected 
PDE4 isoform. These phosphorylation-based activity effects were modeled with a Michaelis-Menten function as:  

ki2on, PDE  =
⋅   and  ki3on, PDE  =

⋅     with i=1,2,3  (Eq. 1) 

 
Phosphorylation by PKA or ERK changes the rate of cAMP hydrolysis by PDE4 by changing Vmax without affecting 
km (16, 22). Moreover, it has been reported that the km values for different PDE4 forms are similar (82-84). It has 
been reported that the measured basal Vmax (8.s-1) is increased to 272% due to phosphorylation by PKA and 
reduced by 75% due to phosphorylation by ERK in case of the long isoform (16, 22). The basal activity of the short 
isoform and supershort isoforms are increased to 130% and reduced to 85% respectively due to phosphorylation 
by ERK (21). We would like to highlight that some literature reports mention a % reduction in the Vmax value 
and others an overall activity reduction with respect to the baseline value. Here we have chosen to adapt the 
basal Vmax value (taken as 8 s-1 based on (56, 77, 85, 86)). For example, a 272% increase in the Vmax of long 
isoform mutated to mimic PKA phosphorylation has been reported (22), which we captured via a Vmax of 21.76 
(i.e. k12on,PDE ). A similar reasoning was made for the other Vmax values (22, 24). Parameters used for each 
isoform are given in Table 2. We also implemented that k13on,PDE and k33on,PDE cannot become larger than the 
baseline PDE4-mediated cAMP degradation rate (kon,PDE: 0.15 µM∙s-1), as this would result in ‘negative 
degradation’ and therefore ‘production’ of cAMP. The degradation of cAMP into AMP is assumed to be 
irreversible as cAMP can only be synthesized by conversion of ATP via ACs. 



Table 2. Kinematic parameters used to model activity of PDE4 isoforms upon phosphorylation by PKA and ERK  

Parameter Description km (µM) Vmax (µM-1∙s-1) % Vmax References 

kon,PDE Baseline PDE4-mediated cAMP 

degradation rate 

/ 0.15 (mass action 

kinetics) 

 (77) 

k12on,PDE PDE4 long PKA-phosphorylated 1.3 21.76 272% (22) 

k13on,PDE* PDE4 long ERK-phosphorylated 1.3 -2 25% (22) 

k22on,PDE PDE4 short PKA-phosphorylated 0 0   

k23on,PDE PDE4 short ERK-phosphorylated 1.3 10.4 130% (24) 

k32on,PDE PDE4 supershort PKA-

phosphorylated 

0 0   

k33on,PDE* PDE4 supershort ERK-

phosphorylated 

1.3 -6.8 85% (24) 

*k13on,PDE and k33on,PDE cannot become larger than kon,PDE (0.15 µM.s-1), the baseline PDE4-mediated cAMP degradation rate 
(kon,PDE). 

 

PKA dynamics 

PKA activation by cAMP is modelled as a multistep process using mass action kinetics. The inactive tetramer PKA 
(PKAtet) is formed by the association of two catalytic (PKAcat) and two regulatory subunits (PKAreg) with constant 
kon,PKA. We assume that four cAMP molecules can bind cooperatively to the tetramer with a Hill coefficient of 1.6 
(2, 87), to form a complex (C1). When C1 dissociates (with constant kdeg), the active catalytic subunits (PKAcat,1) 

are released. Inactivation of the active catalytic subunits (PKAcat,1) occurs at a constant rate kdeg,1, after which the 
catalytic subunits can re-associate with the regulatory subunits to form the PKA tetramer, PKAtet (Fig.10 and 
Table 1: Equations 4-8). 
 
At basal cAMP levels PKA activity has been found to be absent (88). We therefore assumed that cAMP was only 
able to significantly bind PKA when cAMP levels were higher than 5.2 μM (88), which we modelled by putting 
kmPKA to 5.2 μM (Table 1, Equation 7). 
 

Epac-RAP1-ERK dynamics 

Epac is a guanine nucleotide exchange factor (GEF) that aids in the activation of Rap1 (3-5). In the model, the 
binding of cAMP to Epac with rate constant kon,Epac releases Epac from its auto-inhibitory conformation (EPAC), 
producing EPACon (Table 1: Equations 9-10). We assumed that Epac could only be significantly activated at cAMP 
concentrations higher than 30 μM, which we captured by setting kmEPAC to 30 μM (Table 1, Equation 9) (89). 
Subsequently, EPACon is able to activate Rap1, which is mathematically represented in Table 1: Equations 11-12. 
Rap1 can, through complex, cross-talking signaling cascades, modulate ERK activation (5, 26, 28). Since PDE4 
inhibitors that should exert therapeutic actions in the brain are also prone to induce PDE4-mediated side effects 
by actions in the brainstem, we sought to better understand PDE4-mediated cAMP degradation in neurons 
specifically. In neurons, cAMP increases ERK activity in an Rap1/B-raf dependent manner (28). Here, we assume 
that Rap1 directly activates ERK, as intermediate signaling via B-raf and MEK consists of linear reactions. ERK is 
activated after its dual phosphorylation and subsequent dimerization (Fig. 10 and Table 1: Equations 13-15). ERK 
dimerization is crucial for extranuclear/cytosolic actions, and PDE4 was found to associate with ERK2 dimers and 
not with monomers (90, 91). Subsequently, the ERKdimer is able to phosphorylate PDE4 isoforms and stimulate or 
inhibit their rate isoform-specifically (Equation 1 and Table 2) (92).  



 

Simulation settings 
Simulations were run in VCell, for a duration of 500 or 1500s with a combined stiff solver (IDA/CVODE). The 
absolute and relative tolerance was set to 1∙10-9. The models for a single pulse and continuous input, can be 
accessed on the VCell public model repository https://vcell.org/vcell-published-models. The names of the models 
are as follows, for a single pulse: Carlier_cAMP_isoforms_v2; and for continuous, cyclic input: 
Carlier_cAMP_isoforms_cyclic_v2. 
Details on running a model in VCell can be found in the quick start guide on the VCell website, 
https://vcell.org/support. Data was analyzed using GraphPad Prism V9.1.0. 
 
 
Table 3: Reactions and kinetic parameters 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 

 
Sensitivity analysis 
A sensitivity analysis was performed on the standard model where the Vmax parameter values were altered to 
investigate which Vmax was most influential on the average and maximal cAMP values over 1500 seconds for 
cyclic input (see Supplemental Figure S3). The sensitivity was calculated as follows:  

# Reaction Rate 

constants 

Value  Reference  

1  
cAMP

 kon, PDE; PDE

 

AMP 
kon,PDE 0.15  μM-1 s-1 (93) 

2 

2PKAcat + 2PKAreg 
 kon, PKA

⇌
 koff, PKA

 PKA 

kon,PKA 10  µM-3s-1 Estimated  

koff,PKA 6∙10-4  s-1 

3 
PKA + 4cAMP   

 kon, C1

 

C1  
 kon,C1 0.0261 s-1 (76) 

(88) km,PKA 5.2  µM 

4 
C1 

 kdeg


 

  2PKAcat,1 + 2PKAreg + 4cAMP 
kdeg 0.21  s-1 (32) 

5 
PKA cat,1

 kdeg, 1


 

PKAcat 
kdeg,1 0.0051 s-1 (76) 

6 

Epac + cAMP 
 kon, Epac

⇌
 koff, Epac

Epacon 

kon,Epac   0.031 s-1  (estimated) (76) 

 

 

(89) 

koff,Epac 0.00651 s-1 

km,Epac 30  µM 

7 
Epacon + RAP1GDP

 kon, RAP1
⇌

 koff, RAP1
 RAP1GTP 

kon,RAP1   0.05  μM-1/s-1 (estimated) (79) 

koff,RAP1   1.166∙10-4  s-1 

8 

RAP1GTP +ERK 
 kon, ERK

⇌
 koff, ERK

ppERK 

kon,ERK 0.88 μM-1/s-1 (94, 95) 

koff,ERK 0.088 s-1 

9 

ppERK + ppERK
 kon, dimer

⇌
 koff, dimer

ERKDimer 

kon,dimer 0.2 μM-1/s-1 Estimated based on Kd=7.5nM (96) 

koff,dimer     0.0015  s-1 



Sensitivity =
|cAMP(k) − cAMP(k + ∆k)|

cAMP(k)
/

∆k

k
 

where, 

cAMP (k) = the maximal or average cAMP concentration over 1500 seconds for cyclic input using the standard 
model settings  

cAMP (k+∆k)= the maximal or average cAMP concentration over 1500 seconds for cyclic input at + or - 10% of 
the standard Vmax model parameter values  

∆k=varied parameter  

k=standard model parameter value 
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