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We here apply a control analysis and various types of stability analysis to an in silico model of innate immunity that addresses the management of inflammation by a therapeutic peptide. Motivation is the observation, both in silico and in experiments, that this therapy is not robust. Our modeling results demonstrate how (1) the biological phenomena of acute and chronic modes of inflammation may reflect an inherently complex bistability with an irrevertible flip between the two modes, (2) the chronic mode of the model has stable, sometimes unique, steady states, while its acute-mode steady states are stable but not unique, (3) as witnessed by TNF levels, acute inflammation is controlled by multiple processes, whereas its chronic-mode inflammation is only controlled by TNF synthesis and washout, (4) only when the antigen load is close to the acute mode's flipping point, many processes impact very strongly on cells and cytokines, (5) there is no antigen exposure level below which reduction of the antigen load alone initiates a flip back to the acute mode, and (6) adding healthy fibroblasts makes the transition from acute to chronic inflammation revertible, although (7) there is a window of antigen load where such a therapy cannot be effective. This suggests that triple therapies may be essential to overcome chronic inflammation. These may comprise (1) anti-immunoglobulin light chain peptides, (2) a temporarily reduced antigen load, and (3a) fibroblast repopulation or (3b) stem cell strategies.
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INTRODUCTION

When activated leukocytes engage in host defense against an invading antigen, the process of innate immunity often reverts disease progression within a fortnight (1, 2). Occasionally, this acute and transient inflammation turns into a chronic inflammation with local tissue damage (3–5). The chronic inflammation consists first of an accumulation phase, which is characterized by rapid recruitment of immune cells (i.e., macrophages, eosinophils, neutrophils, mast cells). This is followed by the activation phase, where various cytokines and chemokines are released by immune cells. Then, a subversion phase follows, when the chronic inflammation subsides. Chronic inflammation can last many months and even years, continuing even in the absence of the invading foreign antigen. This lengthy period can cause much progressive damage to normal tissues and thereby invoke numerous functional, hence financial and societal, complications, affecting the patient, the family, and the healthcare system (6–8). Meanwhile, the slower but more specific adaptive immunity process will begin, but this is beyond the scope of this paper and its mathematical model.

In many studies of immunity, in silico modeling has been used. One modeling avenue has aided a structure-based drug design, focusing on single molecules and their interactions, for instance, identifying the antagonists of CCR4 in silico, validated by injection together with vaccines in vivo (9). Another branch of modeling focuses on the networks within any one particular cell that are of immunological importance. This comes close to more conventional systems biology (10). The present paper treads a third avenue, i.e., models of the dynamics of the intercellular networks in immunology. Mathematical models based on ordinary differential equations (ODEs) have already been used to study B cell responses (11, 12), T cell responses (13, 14), and natural killer (NK) cell mechanisms (15, 16), but largely in adaptive immunity. Various software environments already exist for modeling immune system paradigms (17). For example, the immune cell simulator (18), the synthetic immune system (19), and the basic immune simulator (20) provide platforms for creating and then simulating the performance of virtual immune systems consisting of a variety of cell types and their interactions. These models and environments have not yet championed the systems biology approach of examining how molecular and (in this case) cellular interaction mechanisms lead to the functional properties of the network, of comprehensive maps of the interaction network, of systematic notation of such maps, of allowing the implementation of genomics information, and of dynamic models directly exchangeable through SBML nor have they connected systems biology methodologies such as control analysis with its summation laws.

Such systems biology strategies, which typically integrate quantitative experimental information with such network modeling, may help to construct network–mechanistic understanding of the immune cells' roles (21), especially if the models consist of realistic processes. On the other hand, immunology may also help in the development of multicellular systems biology. Immune cells which are involved in host defense can be isolated from living organisms, cultured in vitro, and reconstituted into another living organism in vivo. Consequently, innate immunity may be one of the few areas in human biology where complex system properties arising through “multicellular system emergence” can be identified and understood in an integral experimental and computational analysis. Such emergent properties are likely to include the maintenance of phenotypic stability in the face of perturbations caused by infection and inflammation, resulting from both positive and negative feedback loops that together accomplish a strong yet limited response, but they should also include deviations from such stability, which may then resemble human pathologies such as chronic inflammation and allergy.

Although from the perspective of understanding the immune response, innate immunity has already been proposed a while ago to be most suitable for systems biology studies (10), the number of mathematical models focusing on this innate immunity is still limited (22), yet the innate immune system plays an important role in effective host defense against bacterial and viral infections (23, 24) and possibly in allergies and tumorigenesis, and there may already be sufficient information to construct explicit mechanism-based systems biology models. A comprehensive map of IgE-mediated mast cell activation (25) might be used to explore both the intracellular and population dynamical properties of the corresponding section of the immune system, and the experimental field is now reporting genome-wide experimental data sets, which systems biology can integrate and help understand in terms of the emergence of function (10). One pipeline of already existing mathematical models of innate immunity has only four, rather abstract, variables, i.e., “inflammation,” “damage,” “initiating event,” and “anti-inflammation” (26). This pipeline already shows that complex functional behavior emerges at certain values of the abstract parameters. These models are simplifications of a much more detailed and explicitly mechanistic model that enabled in silico simulation of clinical trials of anti-TNF (TNF = TNF-α, i.e., tumor necrosis factor alpha) agents as medicine against sepsis (27). The simulations helped explain why so many of these clinical trials have failed (28): inter-patient variability and the role of multiple factors rather than of the single drug target (27). More recently, Petersen et al. (29) put in place a deep reinforcement learning strategy, automatically personalizing this type of model for use in multifold cytokine therapies. Mavroudis et al. (30) showed how stochasticity can be taken into account, which they did essentially for the simpler four-variable model referred to above. Other authors extended these models to include spatial dimensions and multiscale aspects (22, 31), the latter authors shifting to a Boolean approach.

The models have already been used in the context of applications to actual diseases and their therapies. Prince et al. (32) combined an in silico endeavor with an in vivo approach to elucidate the complexity of inflammation in CD-14-deficient mice subjected to Gram-negative lipopolysaccharides and cannulation. Rullmann et al. developed the Entelos Rheumatoid Arthritis Physiolab platform to predict the therapeutic effects of drugs (33). Separately, the National Institute of Allergy and Infectious Diseases established the Systems Biology for Infectious Diseases Research (SysBio) program that facilitates research lines in systems influenza, systems virology, systems biology of enteropathogens, and Mycobacterium tuberculosis systems biology (34), and there is much application in the realm of tumorigenesis [e.g., (35–37)].

We became interested in applications with respect to the curing of inflammation using peptides interfering with extracellular regulatory pathways (34). This came about after realizing that immunoglobulin light chains may help elicit inflammation (38) and occur at increased levels in inflammatory pathologies (39). Anti-FLC peptide F991, a functional inhibitor of the immunoglobulin light chain either in its free form or when in IgE (40), appeared to be able to slow down the progression of colitis, presumably by reducing inflammation (41), but in our own hands, the results were variable. To try to understand both the effect and its complexity/variability, we constructed a detailed differential equation model (42). This model enacted inflammation as a set of explicit positive and negative regulatory loops involving host tissue (fibroblasts), B cells, mast cells, and microbial cells, as well as TNF, circulating antigen, IgE receptors on the mast cells, and immunoglobulin light chains, free or in igE. As detailed in Abudukelimu (42), the model was based on well-known interactions in innate immunity, on reasonable physical chemical parameter values (inclusive of consistency with diffusion limitation and equilibrium binding constants), and validated in the sense of predicting known features of innate immunity. In making one of these predictions, we plotted the model-predicted TNF level as marker of the intensity of inflammation vs. antigen dosage. We observed a sustained low level of inflammation at low antigen dosage, until at a certain antigen dosage the TNF flipped to a much higher level. Bringing the antigen dosage back down did not bring the TNF level down. Only at a very low antigen dosage did the TNF lead to low inflammation levels. Then, two surprises emerged: first, a minor increase in antigen dosage already pushed the TNF back to high inflammation levels and, second, simulated F991 peptide therapy worked only transiently. It seemed that the model behaved non-robustly when changing the antigen dosage or when treating with the peptide. In the earlier paper (42), we noted these phenomena and suggested that bistability might be at the origin of this, but we did not analyze and prove this further. When subsequently we began to analyze the phenomenon in more detail, we found that it was not just a simple bistability but much more complex than that, the complications having potential impact on innate immunity, allergies, and therapies thereof. It is these phenomena that we shall embark on here with more targeted systems biology methodologies. Non-unique behavior of non-linear models has been understood by stability and bifurcation analysis, e.g., in epidemiology, physiology, and immunology (26, 43). Such analyses can reveal that a model predicts multiple, stable or metastable, steady, and oscillatory or chaotic attractor “states.” Parameter sensitivity analysis can then be used to establish how readily the network function becomes critical as a parameter is changed. In the context of immunology, sensitivity analysis has, for instance, been used to evaluate the influence of maternal adaptive immunity on the time dependence of infection and on its consequences for serology (44) to identify the relative importance of the molecular components in coupled MAPK and PI3K signal transduction pathways (45), for the NF-κB signaling network (46), in an immune-based model of Helicobacter pylori infection (47), and in analyzing the T cell response to antigen (48). An approach related to sensitivity analysis is metabolic control analysis, which is limited to sensitivities with respect to process activities (49–51). This comes with the advantage that, for stationary states, control coefficients sum up to fixed totals of 1, 0, and −1 for control of concentrations, fluxes, and cycle times, respectively (49, 51). This helps to organize questions such as whether the total control of network performance resides in a single “rate-limiting” step or is distributed over many processes in the network. If the latter case upholds, this begs the question which components have the highest control coefficients and thereby surface as the better targets for therapeutic interventions (50).

Where the computations in our previous paper (42) observed some sort of complex bistability in the modeled innate immunity, they did not elucidate what type of complexity it was and how it could be controlled. In this paper, we implemented stability, bifurcation, and control analysis to that model of innate immunity (42) with the aim of clarifying (1) why and how it exhibits its complex dependence on antigen dosage as well as on the history thereof, (2) why the F991 peptide may act erratically, (3) if there might be a way to increase the robustness of this peptide therapy, and (4) which should be the best targets for intervention. We report on a subtle balance between apparent stability and bistability, a threshold between acute and chronic inflammation, fibroblasts playing a special role in preventing or reverting an irrevertible transition to chronic inflammation, and a wide distribution of control implying multiple potential drug targets.



METHODS


The Dynamic Model

The dynamic model used was defined and illustrated in Abudukelimu et al. (42). Its node and balance equations, leading to ODEs, were encoded in Copasi software (52). Precisely the same equations and parameter values were used in the present paper (with minor exceptions for TNF and MMP7, as documented in Supplementary Table S1). The model's Copasi and SBML code are in the Supplementary Material of this paper and in the JWS-Online model repository. The model has B cells, mast cells, fibroblasts, and bacteria as cellular components and cross-reactive antigen (CRA), protease, tumor necrosis factor-α (TNF), MMP7, MMP8, free light chains (FLCs or IgE) and their receptors on mast cells, and FLC-binding peptides as molecular components. There is an influx of CRA and, where indicated, an influx of fibroblasts or presence of bacteria. Molecular components, fibroblasts, and (if present) bacteria wash out at a certain rate but are also produced by the biology. The parameter “total space” is 1,000 fM, such that fibroblasts could only grow to a concentration of 1,000 fM. This corresponds to 1.7 pl per cell, which is when they should occupy “total space” and be contact-inhibited in three dimensions.

Units in the model are as indicated, typically picomolar (pM, 10−12 moles/liter), femtomolar (fM, 10−15 moles/liter), or attomolar (aM, 10−18 moles/liter). The results being reported in terms of these real (rather than “arbitrary”) units should not be taken to suggest precision. Due to the uncertainty in parameter estimates, our results are unlikely to be precisely correct, yet expressing the results in this manner allows for a better comparison between them.



Sensitivity and Control Analysis

Control coefficients (a type of sensitivity coefficients or response coefficients) (51) were calculated for levels of model components such as TNF at steady state considering their control by process–rate parameters such as the influx rate of CRA. They were defined as the log–log derivatives of concentration with respect to rate constant (53) and computed numerically through Copasi. They are represented as a capital C followed by the controlled variable as superscript and by the controlling parameter as subscript.



Stability Analysis of Steady States

In order to determine the stability of the system, numerical simulations were performed by using Copasi in two modes. In one we asked it to compute the steady state as well as the stability properties at steady state in terms of the eigenvalues. When any eigenvalue was reported by Copasi to have a positive real part, we report that the state is unstable. Every steady-state computation was followed by a calculation of time dependence starting from that steady state as initial condition. Only if that second computation confirmed that the system did not evolve away from that initial condition do we report the state as stable. Depending on conditions, the computations produced one or two stable steady states. In the latter case, there often appeared to be a third unstable steady state, which Copasi could find in its steady-state mode but not in its time-dependence mode.

We did not perform a complete scan of initial conditions space nor of the parameter space since it is impossible to obtain the ultimately necessary resolution when there is such high dimensionality. We therefore cannot exclude that there are more than three steady states in the model for any given value of CRA influx rates.



The Model and a Caveat

This paper will use our model of innate immunity (42), which constitutes an attempt to be realistic in terms of elemental mechanisms and parameter values. Parameter values and kinetic equations are not phenomenological but refer to what is or could be true, or at least possible, e.g., in the sense of diffusion limitation, as rationalized in Abudukelimu et al. (42).



Figures

Computations were performed for many parameter values, and the results are mostly shown as very small dots, which are then connected by more visible straight lines. The points on the connecting lines have not been computed but interpolated.




RESULTS


Instability, Flares of Infection, and a Therapy Thereof

When added to our model of innate immunity (42), infecting bacteria grew quasi-exponentially until they were overrun by an even faster-growing immune response causing a virtually complete elimination of bacterial cell count in what seemed to be a steady state (Figure 1A) (42). In the stability analysis of the present study, we found that that final state was not a stable steady state however (Figure 1A); the steady state had one real eigenvalue that was positive (0.005/min). This resulted in spurious resurgence of the infection in the in silico model, which only became evident when we ran the model for appreciable duration. Bursts of bacterial growth then arose long after the infection appeared to have been dealt with by the innate immune system (results not shown).


[image: Figure 1]
FIGURE 1. Resurgence of bacterial infection in the in silico model of innate immunity. The standard model (Supplementary Table S1) was re-run at various magnitudes of the steady influx of a protease that could kill the bacteria. Protease influx was (A) zero, (B) 0.001 fM/min, (C) 0.003 fM/min, (D) 0.005 fM/minm, or (E) 1.0 fM/min. Only for (E) was a stable steady state reported, with the largest eigenvalue equaling −0.0005/min. For the other four cases, unstable steady states at zero levels of bacteria were computed with positive real parts of one or (if complex) two eigenvalues. Supplementary Table S2 shows concentrations computed at 4 days and at steady state.


A similar phenomenon has been reported by Kumar et al. (54) but attributed to computational problems. We therefore evidenced that such computational problems do not seem to be responsible for our results. For Figure 1D, for instance, the minimum obtained in between the first and the second peak amounted to 0.0007 fM of bacteria (about 0.4 million per liter), i.e., not at all close to other small numbers in some of our other robust computations (see below) which were 10−50 fM or smaller. This number (0.0007 fM) did not change when we varied the step size or tolerance settings of Copasi. Moreover, the steady-state algorithm led to an unstable steady state (at zero bacteria), with a complex eigenvalue with positive real part of 0.0018/min.

We therefore reckon that the phenomena of recurrent bursts of infection could be realistic and reflect the difficulty of the innate immune system in eliminating the very last bacteria. In the model, the bacteria were lysed by proteases produced by activated mast cells. This activation was part of a positive feedback loop and should vanish upon the virtual disappearance of the bacteria. This produced the paradoxical situation that the regulation that had been eliminating the bacteria disappeared when the density of the bacteria became low, enabling the bacterial population to re-emerge.

We expected that a steady influx of protease killing the bacteria (in addition to the protease produced by activated mast cells) should reduce the maximum level of infection and get rid of it more quickly and more definitively. Figures 1B–D show that our expectations were only partly correct: the amplitude of the bacterial infection was reduced by the extra protease, as expected, but now multiple bursts of bacterial growth occurred within the time span considered at a frequency that increased rather than decreased with the magnitude of the protease influx. The highest influx rate of protease that we tested was detrimental to the bacteria and produced a steady state without recurrence (Figure 1E). At this protease influx rate, the steady-state solution only had eigenvalues with negative real parts (the largest was −0.0005/min). A strong steady influx of protease appeared to be a “therapy” of the flares of inflammation.



Bistability and Bimodal Control

Having identified bacterial growth as a major source of instability in our model, we wondered if there were more such sources. We therefore removed the bacteria from our computations and replaced them with a constant influx of antigen, which we call cross-reactive antigen. In our model, this CRA was already secreted by fibroblasts that are activated by TNF.

We then increased this CRA influx in steps, starting from zero. Up to a CRA influx rate of 16.7 fM/min, the inflammation intensity, as evident from TNF levels, increased only slightly with increasing CRA challenge (42). At just over 16.7 fM/min, the inflammation suddenly intensified, as witnessed by a strong increase in TNF levels and a strong decrease in fibroblast levels. When the CRA influx rate was reduced subsequently, the system stayed in the high inflammatory mode and only returned to states with low TNF levels at very low CRA challenges (see also Figure 4B below). At any CRA influx rate below 16.7 fM/min, the system could exist in either of two stable steady states (42), an apparent case of dynamic bistability (55, 56). We refer to these two families of steady states as two “modes” of inflammation, i.e., the “chronic” mode and the “acute” mode (42), for the multiple reasons that we shall detail below.

For each of these modes, we wondered whether inflammation is controlled by a single “rate-limiting” process, such as the influx of antigen, and if so, whether this controlling process differed between acute and chronic inflammation. To answer these questions, we performed a control analysis of both the acute and the chronic states at an intermediary antigen load of 1 fM CRA/min. For the acute mode of inflammation, control was distributed over many but certainly not all of the participating processes. As expected, there was full positive control of TNF levels by TNF production and full negative control by TNF washout, but also many other processes exercised control over the inflammation's TNF level (Figure 2, the green bars). This included positive control by release of the pro-inflammatory cytokine MMP7 by fibroblasts and an even stronger negative control by MMP8 released by the fibroblasts, as well as substantial control by CRA clip off from fibroblasts, by FLC production by B cells, by CRA influx and degradation, and by the washout of various factors. The absence of control by the fibroblast life cycle is understandable on the basis of the phenomenon that fibroblast levels in acute inflammation are pretty close to their maximum defined by contact inhibition (42). By contrast, in the chronic inflammation mode, all control resided in the production by mast cells of TNF and in the washout of TNF (orange bars in Figure 2). This was because all mast cells were already fully active in TNF production (not shown).


[image: Figure 2]
FIGURE 2. Bimodal control analysis: distribution of control of acute and chronic inflammation. Concentration control coefficients for TNF were calculated for the acute and chronic mode of inflammation and indicated as blue and red bars, respectively, with their magnitudes corresponding to their projections onto the abscissa. The standard model was used at CRA influx = 1.0 fM/min (see Supplementary Table S3). In the chronic mode, the concentration control coefficients for kinetic activities annotated by “AO” were not computable because the controlling parameter was a property of a species present at a concentration too close to zero. These control coefficients correspond to zero. Also in the other cases where no bar is visible (including the sum case) the corresponding control coefficient equals 0.0. This Figure was created using both Supplementary Table S3 (the concentration control coefficients for acute) and Supplementary Table S4 (the concentration control coefficients for chronic cases).


When also computing the control coefficients for the other concentrations, and with one set of exceptions, we mostly (see below) found all control coefficients referring to the dependence of concentrations on process activities to be “moderate,” where “moderate” refers to absolute values not far beyond 2, with 1 being the magnitude of total control of any flux by all reaction activities (57). The exception was for the acute mode of inflammation at one particular magnitude of the influx of antigen, where multiple control coefficients attained high absolute magnitudes. Figure 3A shows that while TNF levels were becoming sensitive to the zero-order reaction rate constant of CRA influx, when that was increased from 0.1 to 10 fM/min, they became ultrasensitive when the influx rate approached the threshold (42) at 16.7 fM/min. Close to this CRA influx rate there appeared to be a singularity where the control coefficients amounted to infinity, corresponding to the vertical jump observed for the acute inflammation branch in Figure 4A.


[image: Figure 3]
FIGURE 3. Bimodal control analysis of the innate inflammation model at various antigen challenges. A first mode of concentration control coefficients of steady-state magnitudes of TNF with respect to (A) CRA influx rate and (B) TNF production rate constant was obtained when starting from a steady state at a very low CRA influx rate (0.001 fM/min) and then increasing the CRA influx to the level indicated on the abscissa (this procedure defines the “acute inflammation mode” of the model; cf. Figure 4A). A second mode of control coefficients of steady-state magnitudes of TNF with respect to (C) CRA influx rate [see also (42)] and (D) TNF production rate constant was obtained when starting from a steady state at high CRA influx rate (30 fM/min), then decreasing the CRA influx to the level indicated on the abscissa (this procedure defines the “chronic inflammation branch” of the model; cf. Figure 4B). Control coefficients were calculated for the CRA influx value corresponding to each red point. The blue straight lines connect these computed points.
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FIGURE 4. Complex stability properties of the innate inflammation model. Stepwise computations again using the model of Abudukelimu et al. (42), starting from the 0.001 fM/min CRA influx steady state for the acute mode and step-wise increasing that influx or starting from the 30 fM/min CRA influx steady state for the chronic mode and stepwise decreasing that influx. In each step, the CRA influx rate was altered to the next value indicated on the abscissa, and a new steady state was calculated. (A) The steady-state TNF levels for the acute mode are plotted as ordinate. These were subsequently taken as initial conditions with the exception of the TNF level, which was equated either to 100 or to 0.0001 pM before simulating the system's evolution to steady state in time. The dashed arrow describes the evolution of the TNF level. Taking the final values as initial conditions, the steady-state mode of Copasi was used to confirm that the final condition was stable and steady, with the exception of the states at 1 and 10 fM/min where these initial conditions led to a relaxation to the upper, “chronic” state, as indicated by the small arrows at the top. In these cases, initial conditions of 10 pM rather than 100 pM TNF did lead to a relaxation to the lower, “acute” state. (B) The same as in (A) but now for the chronic branch.


For CRA influx above this threshold level, where the TNF level had increased to that characteristic of high inflammation (see Figure 4A), the TNF-by-CRAinflux control coefficient dropped to zero (Figure 3A). In the high inflammation state, the TNF level was “maximal” at 50 pM and insensitive to the amount of CRA flowing into the system from the outside. In the chronic mode above, at a CRA influx of 0.1 fM/min the network itself sustained a high CRA and FLC, enough to fully saturate and activate the mast cells, leaving no opportunity for CRA influx to affect the inflammation. Figure 3C shows that for the chronic mode of inflammation, i.e., when we stepwise reduced the CRA influx from 30 fM/min down to 0.001 fM/min and computed the steady state at each step, the sensitivity of the TNF level to influx of CRA was indeed zero at first but then regained its sensitivity, but only at CRA influx rates below 0.1 fM/min. This occurred as the high TNF levels of around 50 pM began to decrease (Figure 4B). At CRA influxes below 0.01 fM/min, the control coefficient of TNF levels to the CRA influx rate then approached 2 (Figure 3C), much higher than at the same CRA influx values in the acute mode (Figure 3A). The magnitude of the control coefficients depended strongly on whether the system operated in the acute or in the chronic mode of the system, the TNF level in the chronic mode being much less sensitive to changes in CRA influx at intermediate CRA influx rates and much more sensitive at low CRA influx (Figures 2, 3A,C). This is why we call this a “bi-modal” control analysis.

In the chronic mode, no singularities were observed. This implies that, whereas at CRA influx rates immediately above the singularity in the acute mode at 16.7 fM/min the system jumped from the low inflammation model to the mode of high inflammation, the reverse would not happen as a jump back to the same low inflammation mode at any low CRA influx rate. Once the system was caught in the high inflammation mode, it would stay there. This is the first reason why we called the high inflammation mode the “chronic mode” and the low inflammation mode “acute” (see also below).

Figure 3D shows that, in the chronic mode, TNF levels were proportionally sensitive to the reaction rate constant of TNF production throughout the range of CRA influx rates again, but now for the intermediate CRA influx rates, highly different from what was observed for the acute mode (Figure 3B). Supplementary Table S3 shows all concentration control coefficients for acute inflammation. Control was always distributed over multiple components, and expected summation laws (51) were observed except when variables were close to zero, which caused numerical inaccuracy problems. Supplementary Table S4 does the same for the chronic mode.



Bistability

The singularities in the control coefficients reminisce a bistable dynamic system (43, 50) in which, for a range of values of a so-called bifurcation parameter, there are two stable steady states. Which of these steady states is attained then depends on the system's initial state, in the simplest case on the initial value of a single bifurcation variable. The dashed arrows in Figures 4A,B show that both modes of steady state were highly stable to TNF perturbations. An increase in TNF to 100 pM, or a decrease to 0.1 fM, was followed by a relaxation back to the steady-state value. Exceptions were the acute states at CRA influx rates in excess of 0.1 fM/min, where these perturbations directed the system to the chronic mode. Still for the acute mode states at 0.5, 1, 5, and 10 fM/min, a more modest perturbation to 10 pM of TNF was followed by a relaxation back to the acute state. The acute mode was locally stable throughout (as was the chronic mode of states).

The model has many more variables however, and physically steady states should be stable toward small perturbations of any variable. An effective way of checking this more complete stability is to calculate the eigenvalues of the system at the steady state. Stability is obtained if the real parts of all the eigenvalues are negative in sign. The stability analysis by Copasi reported that the steady states of the acute mode were stable throughout, i.e., also at the high TNF levels obtained for CRA influx in excess of 16.7 fM/min; their largest eigenvalues were always negative. As shown by the blue line in Figure 5, below the CRA influx threshold of 16.7 fM/min the real part of the largest eigenvalue amounted to −0.0005 /min, corresponding to a relaxation to the steady state within a couple of days. At the more intense inflammation above that antigen-influx threshold, the inflammation was stable at an eigenvalue corresponding to a relaxation in a couple of hours. At the threshold itself the largest eigenvalue became zero, making the slowest relaxation very slow.
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FIGURE 5. Stability analysis by monitoring steady-state eigenvalues in various network modes. Acute mode (solid blue line): The steady state computed for a CRA influx rate of 0 pM, and a healthy fibroblast level of 1 pM was taken as starting point from which a new steady state was computed after increasing the CRA influx rate to a value on the abscissa successively. The ordinate shows the computed largest (real part of the) eigenvalue. Chronic mode (solid red line): The steady state computed for a CRA influx rate of 30 fM/min, and a healthy fibroblast level of 1 pM was taken as starting point from which a new steady state was computed after reducing the CRA influx rate to the value indicated on the abscissa. The ordinate shows the computed largest (real part of the) eigenvalue. For CRA influxes at and below 0.01 pM, the steady states were reported as unstable, but subsequent time integrations and steady-state computation altered neither the eigenvalues nor the TNF level. Chronic mode re-increasing antigen exposure after maximal reduction (gray dots). From the endpoint of the computations for the red line (i.e., at CRA influx of zero and extremely low TNF and healthy fibroblast levels), the CRA influx was increased; the steady-state eigenvalues were computed and shown as gray circles. Fibroblast-fixed chronic mode (yellow line): Largest eigenvalues for the chronic steady state were computed similarly as for the red line but with the healthy fibroblast level fixed to zero. The computed steady states were now reported as stable.


In the chronic mode (red line in Figure 5), while reducing the antigen load the eigenvalue remained ~-0.01/min, until at a dosage of 0.1 fM/min it increased to become positive at around 0.0005 fM/min. Accordingly, no stable steady state was reported for CRA influx levels below 0.01 fM/min. This was due to extremely low and variable fibroblast levels. Running the time dependence simulation did not cause the system to move away substantially from these low fibroblast levels and positive eigenvalues, for instance, to the stable steady state corresponding to the acute mode of inflammation. When fixing the healthy fibroblast level in the model to zero, a stable steady state was obtained at the same level of TNF, corresponding to the chronic inflammation mode, the largest eigenvalue decreasing to −0.009/min (yellow line in Figure 5). Moreover, when increasing the antigen dosage from below 0.0001 fM/min back up by successive factors of 10 (gray dots in Figure 5), the eigenvalue retraced its steps along the line corresponding to the chronic inflammation mode as the TNF level itself did (Figure 4B). Notably, the unstable steady state described here for the chronic mode did not correspond to the unstable steady state in between the two stable steady states to be discussed below; it corresponded to one of the two stable steady states. We conclude that in essence (i.e., save a fibroblast level fluctuating at virtually zero), both the acute and the chronic modes of steady state were stable.



Hysteresis

As already apparent from the above results, bistability can come with hysteresis. Indeed when the CRA influx rate was reduced from 30 fM/min down to rates below 16.8 fM/min, the TNF levels remained high until only at CRA influx levels below 0.1 fM/min did they start to decrease (Figure 4B). For CRA influx rates between 16.8 and 0.001 fM/min, the steady-state TNF level depended on whether the initial state for the computation had been 0 fM/min (the acute mode; Figure 4A) or 30 fM/min (the chronic mode; Figure 4B); the system was hysteretic rather than Markovian, i.e., it remembered its history.

Because in Figure 4B the inflammation remained intensive all the way down the CRA influx rates of 0.03 fM/min, i.e., notwithstanding a 1,000-fold reduction of the antigen challenge, it appeared to be hard to get rid of. Moreover, even though it might seem that the blue lines of Figures 4A,B converged toward a common point at 0.1 aM/min CRA influx and a TNF of 0.5 fM, they did not merge, neither for further reduction of CRA influx rates nor for subsequent re-increase of CRA influx rates; the two lines did not intersect, but crossed, consolidating hysteresis. This further motivates our reference to the line in Figure 4B as the “chronic inflammation” mode. We likewise continue to refer to the steady states depicted in Figure 4A for CRA influx rates below 16.7 fM/min as the “acute inflammation mode.”

Such hysteresis could be explained by the acute and the chronic modes differing from each other in some other property than TNF level at this apparent intersection point. Indeed the fibroblast levels were high (999.5 fM) and very low (reported as 5 10−37 fM), respectively, at the crossing point in Figure 4.

We conclude that increasing the antigen load from zero in a naïve system first produces minor “acute” inflammation, which then becomes strong inflammation as the threshold of 16.7 fM/min is transgressed. The system is then in the “chronic” mode. Then, reducing the antigen load to far below that threshold value does not cause a flip back to the “acute” mode even though the corresponding TNF levels can become lower than those in the acute mode (compare Figure 4B to Figure 4A at very low CRA influx rates). The transition from acute mode to chronic mode was irrevertible. In the section “Discussion,” we shall discuss how this does not quite correspond to the irreversible transition known for simpler dynamic systems (58).

Between antigen loads of 0.5 and 16 fM/min, the stability of the acute mode is already limited. Minor increases in TNF lead to a return to the acute mode, but major ones already induce a flip to the chronic mode of inflammation. This indicates a role of noise in TNF in inducing precocious transitions into the chronic state. Recently, Mavroudis et al. (30) highlighted such a role of noise in the immune response.



Switching, Irrevertible Transition, and Fibroblast Levels

The innate immune system that we here model is complex, and more than one variable is involved in its regulatory loops. In Abudukelimu et al. (42), we already showed how the steady-state fibroblast level also varied in a complex way with antigen load (CRA influx rate). When starting at very low antigen exposures, the naïve system followed the green line in Figure 6A corresponding to the acute mode, with fibroblast levels close to 3-D confluency (1,000 fM). At the CRA influx rate of 16.7 fM/min, this stable mode ceased to exist, and the system dropped to only one of the two stable steady-state modes that remained, i.e., the strongly inflamed one indicated by the red line, with ultralow fibroblast levels, well below the 0.2.10−10 fM corresponding to a single fibroblast per human body. In a separate run of computations, we therefore fixed the fibroblast levels to zero, producing more stable steady states, but without other significant differences (as also mentioned above).
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FIGURE 6. Fates after fibroblast intervention. In (A) acute (green line) or (B) chronic (red line) steady states (see Figure 4), healthy fibroblast levels were varied and then used as initial states for a calculation by Copasi of the steady-state fibroblast level. This strategy was used to find (1) the healthy fibroblast level corresponding to the unstable steady state (dashed orange line) and (2) the “wobble” fibroblast level (blue line) beyond which the systems transited to the other stable steady state, as also indicated by the dashed arrows. For both (A) and (B), the steady state fibroblast level (in fM) is plotted vs. the CRA influx rate (in fM/min). The dotted horizontal line at the fibroblast level of 1,000 fM corresponds to the maximum fibroblast level, which corresponds to complete space filling (3D confluency); all points above that line are biologically (but not mathematically) infeasible. In the chronic steady states, the fibroblast levels were ultralow and, for the purpose of plotting, equated to 0.01 fM. The wobble points depended somewhat on initial states and varied somewhat between calculations, possibly due to the strong temporal dynamics of TNF.


The green dashed arrows in Figure 6 again show that the acute-mode states were stable against substantial perturbations, now of fibroblast levels. Below the CRA influx threshold, perturbation of the fibroblast level to 10,000 was followed by relaxation to the steady-state level just below 1,000 fM as did perturbations to the 3D-confluency level of 1,000 fM (not shown but implied). Reducing the fibroblast levels to some extent was also followed by a relaxation back to the acute-mode steady state, but the extent of the perturbation for which this was true diminished as the CRA influx approached the threshold rate (of 16.7 fM/min). The perturbed fibroblast level above which the relaxation proceeded back to the acute mode is indicated by the blue “wobble” line in Figure 6A. For a stronger perturbation of the fibroblast level, the system switched to the chronic mode, as indicated by the red dashed arrows pointing down to the corresponding red “chronic” line. Above the threshold CRA influx, all such relaxation was to the chronic mode with ultralow fibroblast levels.

In simple bistable systems, there is an unstable steady state “in between” the two stable states, i.e., for a given value of the bifurcation parameter, there is a value of the bifurcation variable that corresponds to a state where the time derivatives of all variables are again zero, but at least one eigenvalue is positive. By using various starting values for the fibroblast level, we found such unstable steady states through Copasi and have indicated these by the dashed orange line in Figure 6. In simple bistable systems, one can move between stable steady states by changing the bifurcation variable just a bit across its unstable steady state value. The figure suggests, and more detailed computations (not shown) confirmed, that this was not the case here: the blue “wobble” line is always below the orange unstable states line in Figure 6A. Starting from an acute inflammation state, we had to reduce the fibroblast level significantly below its unstable steady state value in order to provoke “switching,” i.e., relaxation to the chronic rather than the acute mode. Just reaching the unstable steady-state value was not enough; the system was conservative in that it seemed to resist the flipping between stable steady states.

When starting from the acute mode (Figure 6A), the distance between the unstable steady states and the wobble points was small, but when starting from the chronic mode (Figure 6B) this distance was much larger, close to a factor of 100. Accepting that realistically the fibroblast level cannot be brought to concentrations in excess of 1,000 fM, chronic inflammation at CRA influx rates between just above 1.5 fM/min (i.e., less than one tenth of the threshold flux) and that threshold flux (16.7 fM/min) cannot be switched back at all to the acute mode by maximum repopulation with fibroblast. Since 1.5 fM/min might be the minimum antigen load that can be achieved in most cases, this could imply that, although the acute to chronic transition is not irreversible in theory, it cannot in practice be reversed, yet another reason to call the transition “irrevertible.” Above we showed that it cannot be reversed by reduction of antigen influx alone, and here we show that it cannot be reversed by fibroblast implantation alone.

This irrevertibility is a consequence of the complex non-linear nature of the innate immunity model. The same complexity causes more paradoxical phenomena. In the CRA influx range between 1.5 and 16.7 fM/min, perturbation of the fibroblasts from the chronic level to a level above the wobble line is followed by a relaxation back to the acute mode. Paradoxically, this relaxation passes the fibroblast–relaxation path subsequent to a perturbation to slightly below the wobble level, which relaxes to the chronic state (see the red and green dashed arrows at 10 fM/min in Figure 6B).

The origin of these paradoxical behaviors resides in the complexity of the system. The fibroblast level is only one of the bifurcation variables. When bringing the fibroblast level just across the magnitude of the unstable steady state, that level itself may indeed be attracted to the other steady state, but the other dynamic variables, such as TNF and FLC, are still at magnitudes that favor relaxation to the original steady state. We have tested this insight by simultaneously moving two bifurcation variables in the direction of the transition to the other steady state, in this case, from the chronic to the acute mode. Table 1 shows that, whereas changing only TNF or only the fibroblast level in this computation did not cure the chronic inflammation in silico, their combination did. That this corresponds to cooperativity is shown by the result (Table 1) that much stronger treatment in terms of modulating either factor alone did not cause the transition from chronic to acute mode.


Table 1. Computed effect on chronic inflammation of treatment with fibroblast implantation and/or TNF reduction.
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Jumping the Bistability Barrier: Fibroblast Proliferation

In the preceding section, we showed that merely adding a batch of fibroblasts to our chronically inflamed model rarely switched it back to its acute mode. This was presumably because the added fibroblasts were subject to the toxicity of the strongly elevated TNF and disappeared rapidly. This suggested that a sustained influx of fibroblasts into the inflamed area might be more successful in reverting the chronic inflammation. The heat map in Figure 7B shows that indeed allowing fibroblasts to grow into the system at a fixed low rate already affected chronic inflammation at low CRA influx levels, but not yet much at high CRA influx levels. Fast fibroblasts ingrowth (i.e., above 0.3 10−2 fM/min) completely suppressed chronic inflammation at all CRA influx rates (Figure 7B). Figure 7A shows that the low fibroblast influx rate (10−5 fM/min) had no effect on acute inflammation, whereas a thousand-fold faster fibroblast ingrowth suppressed high inflammation in the acute inflammation mode altogether, preventing the upsweep to high TNF levels at CRA influx above 16.7 fM/min (compare Figure 7A with Figure 7B).


[image: Figure 7]
FIGURE 7. Healthy fibroblast influx and inflammation, in silico. For various CRA influx rates and various influx rates of healthy fibroblasts, the stable steady-state TNF level was calculated for the (A) acute and (B) chronic inflammation modes, respectively. The TNF level as a function of CRA and fibroblast influx rates are presented as a heat map, the color reflecting the corresponding steady-state level of TNF (in pM), as indicated by the bar on the right-hand side.




Jumping the Bistability Barrier: Targeting IgLC or IgE

Another component of the positive feedback loops in the innate immunity model is the immunoglobulin light chain (IgLC), as freely circulating light chains or, in a different incarnation of the model, as IgE. We had already found in silico that an IgLC-neutralizing peptide reverted chronic inflammation to its acute counterpart in the sense of reducing the TNF level (42). It did this only temporarily however; after some time, TNF increased again, ultimately returning to the TNF level characteristic of chronic inflammation. The results of the preceding section suggest an explanation: the system might be trapped irrevertibly in the stable chronic inflammation state. Accordingly, the anti-IgLC peptide might then temporarily reduce the inflammation, but it might be impossible for the system to escape from the attractor of the chronic state in this way.

At three different CRA influx rates, we checked whether indeed the state produced by addition of the peptide (which caused the decrease in TNF level shown by the green downward arrow in Figure 8A) was unstable. We found that for the two cases where the peptide had lowered the TNF level, the situation was unstable 6 h after peptide addition; where CRA influx was as high as 3 fM/min, the TNF level was as high as in the beginning. The red arrows show that, for all three cases, by 1 day after peptide addition the simulated TNF level had returned to its initial high-level characteristic of strong inflammation.
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FIGURE 8. Computed time dependence of chronic inflammation subjected to anti-IgLC peptide therapy with or without fibroblast supplementation. The steady-state chronic inflammation level of TNF (red circles) was computed for CRA influxes of 0.1, 0.5, and 3.0 fM/min, respectively, each time starting from the initial state at 30 fM/min. (A, B, C) Anti-IgLC peptide was then added to a concentration of 1 nM. In (B), fibroblasts were added as well to a concentration of 5 fM. In (C), fibroblast influx was started instead at a rate of 0.01 fM/min. The open black circles indicate the TNF levels attained after 6 h. us refers to “unstable” and s to stable. Further development (if any) in time of the TNF during the subsequent day is indicated by the red arrows. The blue line represents the chronic inflammation steady states.


Figure 8B shows that if fibroblasts were added as well, the state achieved 6 h after peptide addition was stable and characteristic of reversal of the chronic inflammation to the acute mode. The absence of a red arrow means that there was no subsequent change. This all happened at a CRA influx rate of 0.1 fM/min. At a ten-fold higher CRA influx, the peptide addition only produced a transient unstable state, which reverted to full inflammation by 1 day after peptide and fibroblast addition. When instead of a single fibroblast addition fibroblasts were infused continuously, the chronic inflammation was reversed at all three CRA influx rates of the computations (Figure 8C). We conclude that influx of fibroblasts stabilizes the low inflammation state induced by the peptide drug.




DISCUSSION

Our dynamic model of the innate immune system in inflammation (42) exhibited various features that were at odds with the usual “watchmaker” models of metabolic pathways (59–62). It exhibited a preference for one of two families (modes) of states. In the present paper, we report some more peculiar observations that the model makes and that may well speak to innate immunity itself, such as recurrent bursts of inflammation, hysteretic behavior, the role of an apparent bystander (fibroblasts) in reverting the preference for the “chronic” state, and the potential of such a bystander for making peptide therapies definitive rather than unreliable.

An example of how stability analysis can help understand immune-system-related pathologies is the work by Murase et al. (63), who reported that pathogens can destabilize the interior balance of a model that represented pathogen–immune interaction dynamics (63). In pharmacokinetics, steady-state drug effect models have been used to estimate the robustness of drug dose–response relationships and considered essential to phase 2 drug development (64). Such a procedure should also be relevant for the future applications of peptides interfering with immunoglobulin light chains (40, 42, 65). These and other examples made us employ stability and control analysis to examine what determines the preference for the chronic inflammation state, how strong this preference is, what the preference implies with respect to the dynamic and hysteretic properties of inflammation-associated diseases, whether the preference and its implications are inescapable, and how anti-IgLC peptide therapy might be improved.


Limitations and Ramifications

We carried out these analyses in a mathematical model of the innate immune system rather than in an experimental model system. We did this because the mathematical model gives complete control and allows unlimited invasive experimentation in silico to test ideas and concepts, whereas in vitro models are much harder to manipulate and analyze quantitatively and robustly. The mathematical model that we used has been constructed by our bottom-up methodology (42). We translated the individual processes of the known network into reaction equations and rate equations. We then integrated these equations in time, solved them for steady-state concentrations and fluxes, and performed stability and control analysis using the biochemical pathway simulator Copasi to obtain numerical solutions (52). We confirmed the stability or lack of stability of steady states reported by Copasi's “stability analysis” option by computation of the time dependence upon perturbations away from the steady state, by analysis of the eigenvalues of the Jacobian, by performing control analysis, by changing the settings of the Copasi software such as step size, and by changing the initial values of free variables. The results suggested a robust and regular behavior of our numerical methodology, with three possible exceptions. Firstly, in the acute mode at a CRA influx around 16.7 fM/min, control coefficients tended to infinity (Figures 3A,B). This was caused by a bifurcation turning the system from a bistable to a mono-stable system and not by a numerical insufficiency. The low inflammation steady state jumped up to its high inflammation steady state for an infinitesimal increase of the CRA influx rate (see Figure 4). Secondly, the fibroblast levels reported for the chronic mode were extremely low in absolute magnitude and sometimes negative in value. We showed however that if the fibroblast levels were set to zero (and left fixed or variable), the model's behavior remained unchanged, the positive eigenvalues (which were associated with the fibroblast levels) disappeared, and Copasi reported the same control coefficients. Moreover, the summation laws of metabolic control analysis (49) were met (see Supplementary Tables S3, S4). We conclude that the phenomenon is due to the autocatalytic nature of fibroblast growth and the inability of digital computers to end up at true zero values. The third special observation was that the stepwise decrease of CRA influx with at each step the steady state being computed, when followed by a stepwise increase of CRA influx, led to a retreading of the steady states' trajectory of the CRA downward chronic mode rather than a progression along the acute mode. We showed that this was not due to a numerical anomaly either but rather to the fact that although the TNF levels of the chronic and the acute mode crossed each other, the fibroblast levels were highly different. We conclude that our results are not compromised by numerical limitations.

The absence of numerical ramifications does not mean that our results are relevant for innate immunity in practice. Due to the very complexity of the total innate immune system, we have had to keep our model simpler than reality. Limitations include the inability of mast cells and B cells to proliferate, the lack of compartmentation, the absence of many cytokines, the simplifications in where the relevant antigens come from, and the absence of adaptive immunity. In addition, the kinetic equations and parameter values that we used were simple and, though founded in realistic assumptions (42), were limited in experimental foundation of their magnitudes.

Our earlier paper on the same model of innate inflammation (42) contains a rationalization of the model species, model equations, and parameter choices made. A model of this complexity cannot at present be fully validated experimentally. Such a validation would require hundreds of experimental manipulations with highly accurate functional measurements in some 10 cellular compartments that are ill-accessible experimentally. Therefore, we have to be satisfied for the moment with validation in the sense that experimentally observed emergent behavior is predicted successfully by the model (10). After all, this is the status of perhaps the best validated complex models we know: ability to simulate the (lack of) emergent behavior of mutants (66). More complete experimental validation is only possible for much simpler metabolic models such as our E. coli ammonia assimilation model, and even then we needed special methods to deal with uncertainties (67).

The behavior of our model is however similar to innate immunity in practice, which is what one may consider a mild validation: it is able to deal with microbial infections; it exhibits acute and chronic modes with persistence of the latter; it affects TNF strongly; and it shows that anti-FLC peptides should be expected to have effects but that these effects are conditional (65). The model describes fibroblast levels of up to 1 nM, which corresponds to a realistic cell volume of 1.7 pl and contact inhibition. Its mast cell and B cell concentrations are 10,000 and 1,000 times lower, respectively. At maximum inflammation, the TNF levels amounted to 50 pM. This corresponds well with the observation that TNF activates cells at picomolar concentrations, with its receptors having one KD around 20 nM and a second KD of 400 pM (68). The TNF levels that we predict in the high inflammation mode of 50 pM should not yet saturate these receptors. Serum TNF levels of healthy individuals are around 0.4 pM, with levels around 1 pM for people with inflammatory conditions (69), which we imagine to stem from 50-fold dilution out of inflamed areas into the blood stream. The other cytokines, MMP7 and MMP8, occur at grossly similar levels in our model results, in agreement with reality in serum (69). Of course these correspondences between model predictions and reality do not prove the model to be correct; a wrong model can lead to right predictions. In conclusion, the model is validated in this and our previous paper to some extent, but incompletely, by the correspondence of its behavior to reality. Because its conclusions are of interest, the model should be further validated and perhaps improved in a more comprehensive future study also engaging in new experimentation. Ultimately, one would like to achieve a version of this model that is in close correspondence with all experimental data in innate immunity, as well as with the other existing mathematical models.

Because we were not estimating (fitting) model parameters in our paper, identifiability was not an issue. Our model predictions are based on the most reasonable parameter values (see the rationalization in our previous paper) fixed at the onset and not adjusted in order to obtain a better fit. Our control analysis shows moderate control coefficients, suggesting limited parameter identifiability. Multiple parameter values lead to the same qualitative conclusions. This has the disadvantage that the model parameters are not identifiable, but the advantage that our conclusions about the in silico model should have a higher probability of being relevant for the situation in vivo.

Moreover, the model appears to be useful; it makes predictions of how modifications of therapies might improve their impact, with suggestions for applications such as in allergy treatment. It should help that not every detail is essential for our observations and conclusions. Important are the positive and negative feedback loops in the innate immune system and the fact that, for any increase in the number of fibroblasts, fibroblasts need to be present. Adding more features of the actual innate immune system will add more features of this type as well so that we expect that the (in)stability aspects we modeled here will persist. This implies that interference with the innate immune system with medicinal drugs, such as the IgLC-binding peptide modeled here, should be effective equally conditionally when other targets are chosen, such as TNF (an effective target in the treatment of rheumatoid arthritis (49, 70) or one of the MMPs.



Complex Stability of a Model of Innate Immunity: State Trapping

A most pertinent model observation was that treatment of the high inflammation state with anti-IgLC (anti-IgE) peptide initially appeared to be effective in inducing a switch to the low inflammation state, but the therapy became ineffective after a much longer time. The present paper has clarified this. Firstly, we verified that the model is home to two modes of stable steady states, which overlap in terms of corresponding parameter values, i.e., bistability was occurring. Secondly, we found that the model is somewhat out of the ordinary; redressing the CRA influx from the high magnitude characteristic of the strong (“chronic”) inflammation mode all the way back to zero did not cause the system to jump back to its acute mode.

This transition from acute to chronic mode is what we call an irrevertible transition. The transition is “irreversible” neither in the sense of non-equilibrium thermodynamics (57) nor in the sense of simpler bistable systems (49) with a single bifurcation parameter requiring unrealistic negative values for the reverse transition. We established that the TNF levels of the acute and the chronic branch neither merged at low values of CRA influx nor stayed away from each other as they do in the simple case of bistability with a simple irreversible transition (49). They crossed each other (compare Figure 4A to Figure 4B around CRA influx rates of 0.0001 fM/min).

Looking at how, for the chronic mode of steady states, the fibroblast level varied with CRA influx rate, we found that the fibroblast level was always very close to zero and did not recuperate. Even though the peptide drug decreased the TNF level to a value close to that characteristic of the low inflammation state, it did not increase the fibroblast level from the very-close-to-zero level characteristic of the highly inflamed state back to the high level characteristic of the low inflammation “acute” mode of states; thereby, the peptide treatment did not completely undo the irrevertible transition to the high inflammation state. This suggested that increasing the concentration of fibroblasts might be able to revert inflammation from its high chronic mode to its low acute mode, and indeed in silico addition of fibroblasts or a constant influx of fibroblasts was able to achieve this.

The complexity of the irrevertible transition was greater than this however. The actual transition point from acute to chronic and much more so that from chronic to acute did not correspond to the magnitude of the fibroblast concentration at the unstable state. We called the transition points “wobble points” (see the blue lines in Figure 6). The reason for the transitions from “chronic” back to “acute” or vice versa being determined neither by the TNF nor by the fibroblast unstable steady-state value alone is that the bifurcation is determined by multiple state variables rather than one. We witnessed a complexity in our innate immunity model that derives from its multidimensionality, with multiple molecular and cell species determining fate. Indeed altering both the TNF and the fibroblast levels at the same time, we more readily switched the system (Table 1).

The chronic inflammation branch of states was particularly robust to ordinary fluctuations and perturbations, thereby requiring very special perturbations for in silico therapies to be successful. Figure 6B reveals another limitation to the revertibility of the chronic mode: for CRA influx rates between 2 and 17 fM/min, the wobble point exceeded 1,000 fM, i.e., the maximum fibroblast concentration corresponded to filling all space with fibroblasts. This makes the chronic state indeed an irrevertible trap for the innate immune system.



Implications for Novel Therapies

To the extent that our model corresponds to reality, this conclusion could have important implications for the management of innate immunity and for potential therapies of its diseases. Anti-IgLC peptide therapy may work temporarily but not definitively, while sufficiently intensive fibroblast therapy should cure definitively, but only if the cross-reactive antigen load is smaller than what it might be. Strategic combination therapies should prove more successful, and planning these with the dynamic models of the type that we developed here might be of help. Most probably, a triple therapy should be advised, i.e., a reduction in the antigen load, some agent interfering with a cytokine or IgLC, and a possibly sustained enhancement of fibroblast density.

The control analysis we performed for the chronic state confirms this difficulty for therapies of chronic inflammation. Processes other than TNF synthesis and TNF washout exercised no control on the TNF level in the chronic steady state, confirming that there was no target for which limited interference could affect inflammation. If anti-TNF is to work definitively, very high doses should be required. This was different for the acute mode of inflammation, where a great many processes exercised such control, which suggests that by focusing on any of the many processes with the high control coefficients one should be able to design many medicinal drugs preventing the inflammation from becoming chronic. Also here prevention should be much better than therapy.

Our prediction that ultimately anti-IgLC therapy alone may not work may not quite be realistic. In actual cases, there will always be ingrowth of fibroblasts, and therefore one would obtain in any practice the situation of a combined therapy with fibroblast ingrowth and anti-IgLC peptide. Our conclusions should still be taken to mean then that activation of fibroblast ingrowth (or in practice activation of corresponding stem cells) should be considered a strong candidate adjuvant therapy. Another ramification is that with time after the first challenge, the adaptive immune system will become active and take over much of the role of the innate immune system. Therefore, the flares of microbial growth and the switch to chronic inflammation may be moderated by the adaptive immune system taking away the antigenic stimulation that lies at their bases.



A Special Type of Bistability

There are many models of bistable dynamic systems. The present model of innate immunity is however special. The transition to the chronic state is irrevertible in the sense that (1) the chronic mode does not revert to the acute mode, not even at the point where both the bifurcation parameter CRA influx and the bifurcation variable TNF are the same for the acute and the chronic mode, (2) this is not an irreversible transition due to the fact that the bifurcation parameter cannot become negative, (3) TNF reduction cannot definitively revert the acute to chronic transition, (4) often fibroblast addition cannot do this either because the concentration of fibroblasts cannot exceed its physical limit, and (5) dual intervention can revert the irrevertible transition, but only in special ways, sometimes requiring a third intervention (e.g., fibroblasts, anti-IgLC peptide, antigen level).



Robustness of Innate Immunity

We found that the type, more than the magnitude, of the inflammatory response depended on the influx of CRA protein. Below a certain threshold level, the cross-reactive antigen did not elicit much of an inflammatory response, i.e., the steady-state TNF and fibroblast levels were low and high, respectively, and hardly affected by the CRA influx rate. Above a certain threshold level, varying the CRA influx did not affect much the steady-state magnitudes of these two variables either, but now they were low and high, respectively. At the transition, there was a very sudden increase in TNF level and an equally sudden drop in fibroblast level. The control analysis for the acute branch confirmed this. The TNF and fibroblast levels were fairly insensitive to the influx of cross-reactive antigen throughout but became ultrasensitive at and around the transition point. The control coefficients were quite different for the chronic branch. There they were moderate throughout; there was no ultra-sensitivity anywhere. Our heat map of the dependence of the TNF levels on both the CRA influx rate and the fibroblast influx rate confirmed the step transition, now as a function of both the CRA influx rate and the fibroblast influx rate. We conclude that the chronic inflammation branch of the model is highly robust all over. The acute branch is also robust, except near and beyond the critical CRA influx where it transits to the chronic inflammation branch. We are here finding the emergence of phenotypic stability in the face of perturbations of physiological states, with two alternative such states, i.e., acute and chronic inflammation, phenotypic bistability therefore.

An exception was found for the case where the model's innate immunity was activated by a bacterial infection. There we found a virtually stable state after the immunity had dealt with the infection, but every now and then bacteremia seemed to recur. When we tried to cure this (as always, in silico) with a sustained influx of antibacterial protease, we found that this seemed to aggravate the situation. The frequency of the spurious emergence of bacteria increased rather than decreased, although indeed the amplitude decreased. Only at high protease influx rates did the pulses of bacterial growth vanish. The model of innate immunity was only marginally stable except when there was excess protease. This may be of interest when trying to understand the re-emergence of bacterial pathogens after apparent silence, such as in the case of tuberculosis. These cases of re-emergence occurred without drug resistance arising and without antigenic variation (71), two effects which in reality will add to the effect modeled here.



An Important Role for Bystander Cells

The stroma of tissues contains fibroblasts. These cells might seem to serve household functions only; they manufacture protein fibers and synthesize extracellular matrix and collagen. They also fill up the space of the tissue, and when there is empty such space, they grow until they become contact-inhibited again, ensuring filling of the tissue space. In this process, the fibroblasts secrete and respond to growth factors. We made this tissue regeneration process operational in silico by including the simulation of the regrowth of healthy fibroblasts. The other side of the same coin, i.e., the innate immune system's response to the growth and influx of healthy fibroblasts, is a novel topic, which we also tried to deal with here. In our simulations, a paradox then emerged. Rather than being a background/household factor, healthy fibroblasts seemed to be essential for switching the system from a disease state to a healthy state. Without their activity, anti-IgLC, which was considered a therapy in silico, did not produce a permanent effect. For the effect of anti-IgLC to be permanent, healthy fibroblasts had to be fluxed into the system or a sufficiently high single dose of these cells had to be given. Because our model was also simulating the lymph system and its tendency to cleanse tissue, the anti-IgLC peptide was only present temporarily in the system, whereas even a single dose of fibroblasts generated progeny and thereby provided for a continuous influx of more fibroblasts. The resolution of the paradox that we mentioned above is complex but may reside in the fact that healthy fibroblasts secrete both anti-inflammatory (such as MMP8) and pro-inflammatory (such as MMP7) factors, whereas dying fibroblasts secrete more pro-inflammatory factors (72, 73). Inflammation causes the number of dying fibroblasts to increase, which then puts in motion a positive feedback loop. More research should put the details of this explanation in place or replace the explanation with a better alternative.

Herewith healthy fibroblasts are predicted to have a therapeutic effect. Healthy fibroblasts alone should sometimes be able to cure disease, but only when the immune disease is chronic. In our model, ingrowth of fibroblasts had little effect when the system was in the acute inflammation branch. The acute mode of inflammation is already saturated with healthy fibroblasts, and this is why the curves with and without fibroblast ingrowth showed overlapping TNF activity (Figure 7A for CRA influx rates below 17 fM/min). However, when TNF was there as output response of the chronic inflammation, the TNF curves with and without fibroblast ingrowth showed a different outcome at most CRA influx rates (Figure 7B).



This Model's Novelty

There are quite a few mathematical models of immunity, but fewer such models of innate immunity. Other than the one we developed and used here, there are no mathematical models that address the (lack of) ability of a peptide drug interfering with IgLC (or IgE) to revert chronic inflammation definitively. This non-robust ability has been the subject of a set of experimental studies by one of the authors of the present paper [(38, 39, 65); see also (41)] and served as the inspiration and guidance for both the present and the previous paper (42). The present paper comes with another novelty however; it provides for an explanation of the faltering effects of this type of peptide as well as a number of suggestions on how to improve the robustness of this type of therapy. Other than just in the bistable nature of innate immunity that has also been discussed by other models although not for this peptide, the novel explanation resides in the special irreversibility of the transition from acute to chronic. Novel is also the demonstration that a dual or even triple intervention should be needed to revert the system from the chronic to the acute state, i.e., reduction in antigen load, the peptide interference with the IgLC, and the implantation of fibroblasts. The consideration of the influence of fibroblast levels, in relationship with their levels at full cell confluency, is also new. Cockrell and An (74) recently also reached the conclusion that multi-dented therapies are needed to deal with sepsis. They built a reinforcement learning workflow for designing corresponding therapies (29), but they do not analyze the source of the complexity in the special type of irreversibility nor do they address the use of anti-FLC peptides.

Some of the other models present in silico clinical trials in phenomenological (26, 75) or more mechanistic target (27) terms and address anti-TNF agents, yet other models address the role of mimicry in autoimmunity (76). Pigozzo reviewed the various types of models in existence and then developed their own (22). The model developed by Smith dealt with pneumococcal infections of the lung but did not analyze complex stability properties nor did it report flares of resurgent inflammation (77). Sontag developed an immunology model that exhibited complex stability properties, but this model was phenomenological, i.e., formulated in terms of a few abstract properties rather than being mechanistic as the model used here (37). Its main application was the interesting non-unique relationship between immunological activity and tumorigenesis. Eftimie and Hamam modeled the non-robustness of tumor cell elimination by macrophages due to the presence of two types of CD4+ T cells (35). They performed a sensitivity analysis and observed highly complex bistability, but not of the type discovered here, and in a four-variable model. In a well-documented paper, Qomlaqi et al. (36) modeled adaptive immunity in immunotherapy and showed how efficacy depended on dosage dynamics, but without analyzing the complex stability of the system. Kumar developed a three-component model that simulated the dynamic response of the immune system to a pathogen (54). Their model predicted oscillations of the pathogen level, which were similar to the “flares” of recurrent inflammation observed by our simulations, without reporting however the paradoxical increase in frequency with protease treatment. Their model was small enough to perform an analytical analysis of its eigenvalues. This was an advantage for developing a higher-level concept, but failed for us, where we needed more detail which we could handle by numerical analyses using Copasi. Reynolds et al. did an extensive bifurcation analysis of a model with four somewhat abstract variables (26). They also found bistability and a jump from low to high inflammation for increasing antigen load (represented by the growth rate of the pathogen) and a different trajectory when the antigen load was decreased subsequently. Activation of their anti-inflammation variable also had a time-dependent effect. Some of the same authors also published a more detailed and mechanistic model successfully predicting transient changes in cytokines upon the onset of inflammation (78). Neither paper addressed the same complexity of the irrevertible transition to the chronic state nor the difficulties of reverting back to the acute mode of inflammation such as through anti-IgLC peptide. Mavroudis et al. (30) recently developed a phenomenological model of immunity in which tissue damage played a role, as in our model of 1 year before them (42). They however also highlighted the role of noise or cell–cell diversity (79), which we do not do here, although Figure 4A suggests that noise could be important.

Our elucidation of the role of a type of bistability that has a complex irrevertibility, the introduction of wobble points in addition to unstable steady state, the shift away from an anti-TNF agent to an anti-IgE/anti-IgLC peptide, the explicitness in terms of molecules and mechanisms, the control analysis and concomitant drug target identification, and the role of fibroblasts as much-involved bystander cells are new as compared to the existing mathematical models.




CONCLUSION

The dynamic model of innate immunity analyzed here can help to understand various complex phenomena related to inflammation and suggest new multi-dented therapies. Further tuning of the model by interacting with new experimental data and uncertainty quantification (80) should show whether the understanding suggested in this paper is definitive.



DATA AVAILABILITY STATEMENT

The datasets generated for this study are included in the Supplementary Material and are available on request to the corresponding author.



AUTHOR CONTRIBUTIONS

AA developed the model and carried out the simulations together with HW, and wrote the paper together with MB and HW. MB checked the model, assisted with writing the paper, and supervised the work together with HW. FR advised on the immunology with respect to the peptide drug. NS contributed to the design of the network. RS checked the models and computations and the text of the supplemental material written by HW. HW developed the model and performed simulations together with AA, wrote the paper together with AA and MB, supervised the work.



FUNDING

This study was funded by the research Priority Area Systems Biology of the University of Amsterdam as well as by various other grants to HW, i.e., Synpol: EU-FP7 (KBBE.2012.3.4-02 #311815), Corbel: EU-H2020 (NFRADEV-4-2014-2015 #654248), EOSC-Life: #824087, Epipredict: EU-H2020 MSCAITN-2014-ETN: Marie Skłodowska-Curie Innovative Training Networks (ITN-ETN) #642691, BBSRC China: BB/J020060/1, and grants to MB, i.e., the Systems Biology Grant of the University of Surrey and the Swammerdam Institute for Life Science Starting Grant of the University of Amsterdam.



ACKNOWLEDGMENTS

We thank Dr. Jacky Snoep for help with model checking and live storage in JWS-Online. We also thank the two reviewers for their suggestions for improvements of the manuscript.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2019.03091/full#supplementary-material

Data Sheet 1. Models and they way in which they lead to the figures of this paper are presented in this file, in conjunction with Data Sheet 2.

Data Sheet 2. The Copasi and SBML files, as well as the Copasi software used. Live model version is available in JWS-Online through https://jjj.bio.vu.nl/models/?id=abudukelimu.

Data Sheet 3. Supplementary Table S3.

Data Sheet 4. Supplementary Table S4.



REFERENCES

 1. Melnicoff MJ, Horan PK, Morahan PS. Kinetics of changes in peritoneal cell populations following acute inflammation. Cell Immunol. (1989) 118:178–91. doi: 10.1016/0008-8749(89)90367-5

 2. Wu Q, Feng Y, Yang Y, Jingliu W, He P, Zhou R, et al. (2004). Kinetics of the phenotype and function of murine peritoneal macrophages following acute inflammation. Cell Mol Immunol. 1, 57–62.

 3. Thomson AJ, Telfer JF, Young A, Campbell S, Stewart CJ, Cameron IT, et al. Leukocytes infiltrate the myometrium during human parturition: further evidence that labour is an inflammatory process. Hum Reprod. (1999) 14:229–36. doi: 10.1093/humrep/14.1.229

 4. Carlos TM. Leukocyte recruitment at sites of tumor: dissonant orchestration. J Leukoc Biol. (2001) 70:171–84.

 5. Demeestere D, Libert C, Vandenbroucke RE. Clinical implications of leukocyte infiltration at the choroid plexus in (neuro)inflammatory disorders. Drug Discov Today. (2015) 20:928–41. doi: 10.1016/j.drudis.2015.05.003

 6. Verhaak PF, Heijmans MJ, Peters L, Rijken M. Chronic disease and mental disorder. Soc Sci Med. (2005) 60:789–97. doi: 10.1016/j.socscimed.2004.06.012

 7. Jeon YH, Essue B, Jan S, Wells R, Whitworth JA. Economic hardship associated with managing chronic illness: a qualitative inquiry. BMC Health Serv Res. (2009) 9:182. doi: 10.1186/1472-6963-9-182

 8. Berk M, Williams LJ, Jacka FN, O'neil A, Pasco JA, Moylan S, et al. So depression is an inflammatory disease, but where does the inflammation come from? BMC Med. (2013) 11:200. doi: 10.1186/1741-7015-11-200

 9. Bayry J, Tchilian EZ, Davies MN, Forbes EK, Draper SJ, Kaveri SV, et al. In silico identified CCR4 antagonists target regulatory T cells and exert adjuvant activity in vaccination. Proc Natl Acad Sci USA. (2008) 105:10221–6. doi: 10.1073/pnas.0803453105

 10. Zak DE, Aderem A. Systems biology of innate immunity. Immunol Rev. (2009) 227:264–82. doi: 10.1111/j.1600-065X.2008.00721.x

 11. Shahaf G, Johnson K, Mehr R. B cell development in aging mice: lessons from mathematical modeling. Int Immunol. (2006) 18:31–9. doi: 10.1093/intimm/dxh346

 12. Lee HY, Topham DJ, Park SY, Hollenbaugh J, Treanor J, Mosmann TR, et al. Simulation and prediction of the adaptive immune response to influenza A virus infection. J Virol. (2009) 83:7151–65. doi: 10.1128/JVI.00098-09

 13. Antia R, Bergstrom CT, Pilyugin SS, Kaech SM, Ahmed R. Models of CD8+ responses: 1. What is the antigen-independent proliferation program. J Theor Biol. (2003) 221:585–98. doi: 10.1006/jtbi.2003.3208

 14. Wodarz D, Thomsen AR. Effect of the CTL proliferation program on virus dynamics. Int Immunol. (2005) 17:1269–76. doi: 10.1093/intimm/dxh303

 15. Watzl C, Sternberg-Simon M, Urlaub D, Mehr R. Understanding natural killer cell regulation by mathematical approaches. Front Immunol. (2012) 3:359. doi: 10.3389/fimmu.2012.00359

 16. Scherbakova A, Lust H, Everaus H, Aints A. A mathematical model of natural killer cell activity. Cytometry A. (2013) 83:585–91. doi: 10.1002/cyto.a.22283

 17. Subramanian N, Torabi-Parizi P, Gottschalk RA, Germain RN, Dutta B. Network representations of immune system complexity. Wiley Interdiscip Rev Syst Biol Med. (2015) 7:13–38. doi: 10.1002/wsbm.1288

 18. Celada F, Seiden PE. A computer model of cellular interactions in the immune system. Immunol Today. (1992) 13:56–62. doi: 10.1016/0167-5699(92)90135-T

 19. Mata J, Cohn M. Cellular automata-based modeling program: synthetic immune system. Immunol Rev. (2007) 216:198–212. doi: 10.1111/j.1600-065X.2007.00511.x

 20. Folcik VA, An GC, Orosz CG. The basic immune simulator: an agent-based model to study the interactions between innate and adaptive immunity. Theor Biol Med Model. (2007) 4:39. doi: 10.1186/1742-4682-4-39

 21. Maurya MR, Benner C, Pradervand S, Glass C, Subramaniam S. Systems biology of macrophages. Adv Exp Med Biol. (2007) 598:62–79. doi: 10.1007/978-0-387-71767-8_6

 22. Pigozzo AB, Macedo GC, Santos RW, Lobosco M. On the computational modeling of the innate immune system. BMC Bioinformatics. (2013) 14(Suppl. 6):S7. doi: 10.1186/1471-2105-14-S6-S7

 23. Uthaisangsook S, Day NK, Bahna SL, Good RA, Haraguchi S. Innate immunity and its role against infections. Ann Allergy Asthma Immunol. (2002) 88:253–64; quiz:265–56, 318. doi: 10.1016/S1081-1206(10)62005-4

 24. Reddy NM, Suryanarayana V, Kalvakolanu DV, Yamamoto M, Kensler TW, Hassoun PM, et al. Innate immunity against bacterial infection following hyperoxia exposure is impaired in NRF2-deficient mice. J Immunol. (2009) 183:4601–8. doi: 10.4049/jimmunol.0901754

 25. Niarakis A, Bounab Y, Grieco L, Roncagalli R, Hesse AM, Garin J, et al. Computational modeling of the main signaling pathways involved in mast cell activation. Curr Top Microbiol Immunol. (2014) 382:69–93. doi: 10.1007/978-3-319-07911-0_4

 26. Reynolds A, Rubin J, Clermont G, Day J, Vodovotz Y, Bard Ermentrout G. A reduced mathematical model of the acute inflammatory response: I. Derivation of model and analysis of anti-inflammation. J Theor Biol. (2006) 242:220–36. doi: 10.1016/j.jtbi.2006.02.016

 27. Clermont G, Bartels J, Kumar R, Constantine G, Vodovotz Y, Chow C. In silico design of clinical trials: a method coming of age. Crit Care Med. (2004) 32:2061–70. doi: 10.1097/01.CCM.0000142394.28791.C3

 28. Remick DG. Cytokine therapeutics for the treatment of sepsis: why has nothing worked? Curr Pharm Des. (2003) 9:75–82. doi: 10.2174/1381612033392567

 29. Petersen BK, Yang J, Grathwohl WS, Cockrell C, Santiago C, An G, et al. Deep reinforcement learning and simulation as a path toward precision medicine. J Comput Biol. (2019) 26:597–604. doi: 10.1089/cmb.2018.0168

 30. Mavroudis PD, Scheff JD, Doyle JC, Vodovotz Y, Androulakis IP. The impact of stochasticity and its control on a model of the infammatory response. Computation. (2019) 7:3. doi: 10.3390/computation7010003

 31. Dimitrova E, Caromile LA, Laubenbacher R, Shapiro LH. The innate immune response to ischemic injury: a multiscale modeling perspective. BMC Syst Biol. (2018) 12:50. doi: 10.1186/s12918-018-0580-z

 32. Prince JM, Levy RM, Bartels J, Baratt A, Kane JM III, Lagoa C, et al. In silico and in vivo approach to elucidate the inflammatory complexity of CD14-deficient mice. Mol Med. (2006) 12:88–96. doi: 10.2119/2006-00012.Prince

 33. Rullmann JA, Struemper H, Defranoux NA, Ramanujan S, Meeuwisse CM, Van Elsas A. Systems biology for battling rheumatoid arthritis: application of the Entelos PhysioLab platform. Syst Biol. (2005) 152:256–62. doi: 10.1049/ip-syb:20050053

 34. Aderem A, Adkins JN, Ansong C, Galagan J, Kaiser S, Korth MJ, et al. A systems biology approach to infectious disease research: innovating the pathogen–host research paradigm. MBio. (2011) 2:e00325–10. doi: 10.1128/mBio.00325-10

 35. Eftimie R, Hamam H. Modelling and investigation of the CD4(+) T cells—macrophages paradox in melanoma immunotherapies. J Theor Biol. (2017) 420:82–104. doi: 10.1016/j.jtbi.2017.02.022

 36. Qomlaqi M, Bahrami F, Ajami M, Hajati J. An extended mathematical model of tumor growth and its interaction with the immune system, to be used for developing an optimized immunotherapy treatment protocol. Math Biosci. (2017) 292:1–9. doi: 10.1016/j.mbs.2017.07.006

 37. Sontag ED. A dynamic model of immune responses to antigen presentation predicts different regions of tumor or pathogen elimination. Cell Syst. (2017) 4:231–41.e211. doi: 10.1016/j.cels.2016.12.003

 38. Redegeld FA, Van Der Heijden MW, Kool M, Heijdra BM, Garssen J, Kraneveld AD, et al. Immunoglobulin-free light chains elicit immediate hypersensitivity-like responses. Nat Med. (2002) 8:694–701. doi: 10.1038/nm722

 39. Groot Kormelink T, Pardo A, Knipping K, Buendia-Roldan I, Garcia-De-Alba C, Blokhuis BR, et al. Immunoglobulin free light chains are increased in hypersensitivity pneumonitis and idiopathic pulmonary fibrosis. PLoS ONE. (2011) 6:e25392. doi: 10.1371/journal.pone.0025392

 40. Nakano T, Matsui M, Inoue I, Awata T, Katayama S, Murakoshi T. Free immunoglobulin light chain: its biology and implications in diseases. Clin Chim Acta. (2011) 412:843–9. doi: 10.1016/j.cca.2011.03.007

 41. Ma J, Jiang D, Gong X, Shao W, Zhu Z, Xu W, et al. Free immunoglobulin light chain (FLC) promotes murine colitis and colitis-associated colon carcinogenesis by activating the inflammasome. Sci Rep. (2017) 7:5165. doi: 10.1038/s41598-017-05468-w

 42. Abudukelimu A, Barberis M, Redegeld FA, Sahin N, Westerhoff HV. Predictable irreversible switching between acute and chronic inflammation. Front Immunol. (2018) 9:1596. doi: 10.3389/fimmu.2018.01596

 43. Guidi GM, Goldbeter A. Bistability without hysteresis in chemical reaction systems: a theoretical analysis of irreversible transitions between multiple steady states. J Phys Chem A. (1997) 101:9367–76. doi: 10.1021/jp972244k

 44. Chapman JD, Chappell MJ, Evans ND. The use of a formal sensitivity analysis on epidemic models with immune protection from maternally acquired antibodies. Comput Methods Programs Biomed. (2011) 104:37–49. doi: 10.1016/j.cmpb.2010.08.019

 45. Hu D, Yuan JM. Time-dependent sensitivity analysis of biological networks: coupled MAPK and PI3K signal transduction pathways. J Phys Chem A. (2006) 110:5361–70. doi: 10.1021/jp0561975

 46. Joo J, Plimpton S, Martin S, Swiler L, Faulon JL. Sensitivity analysis of a computational model of the IKK NF-kappaB IkappaBalpha A20 signal transduction network. Ann NY Acad Sci. (2007) 1115:221–39. doi: 10.1196/annals.1407.014

 47. Alam M, Deng X, Philipson C, Bassaganya-Riera J, Bisset K, Carbo A, et al. Sensitivity analysis of an ENteric Immunity SImulator (ENISI)-based model of immune responses to Helicobacter pylori infection. PLoS ONE. (2015) 10:e0136139. doi: 10.1371/journal.pone.0136139

 48. George AJ, Stark J, Chan C. Understanding specificity and sensitivity of T-cell recognition. Trends Immunol. (2005) 26:653–9. doi: 10.1016/j.it.2005.09.011

 49. Heinrich R, Schuster S. The Regulation of Cellular Systems. Boston, MA: Springer (1996). doi: 10.1007/978-1-4613-1161-4

 50. Westerhoff HV, Plomp PJ, Groen AK, Wanders RJ, Bode JA, Van Dam K. On the origin of the limited control of mitochondrial respiration by the adenine nucleotide translocator. Arch Biochem Biophys. (1987) 257:154–69. doi: 10.1016/0003-9861(87)90554-6

 51. Westerhoff HV, Kolodkin A, Conradie R, Wilkinson SJ, Bruggeman FJ, Krab K, et al. Systems biology towards life in silico: mathematics of the control of living cells. J Math Biol. (2009) 58:7–34. doi: 10.1007/s00285-008-0160-8

 52. Hoops S, Sahle S, Gauges R, Lee C, Pahle J, Simus N, et al. COPASI—a COmplex PAthway SImulator. Bioinformatics. (2006) 22:3067–74. doi: 10.1093/bioinformatics/btl485

 53. Reijenga KA, Van Megen YM, Kooi BW, Bakker BM, Snoep JL, Van Verseveld HW, et al. Yeast glycolytic oscillations that are not controlled by a single oscillophore: a new definition of oscillophore strength. J Theor Biol. (2005) 232:385–98. doi: 10.1016/j.jtbi.2004.08.019

 54. Kumar R, Clermont G, Vodovotz Y, Chow CC. The dynamics of acute inflammation. J Theor Biol. (2004) 230:145–55. doi: 10.1016/j.jtbi.2004.04.044

 55. Glansdorff P, Prigogine I. Thermodynamic Theory of Structure, Stability and Fluctuations. London; New York, NY: Wiley-Interscience (1978).

 56. Tanaka RJ, Ono M, Harrington HA. Skin barrier homeostasis in atopic dermatitis: feedback regulation of kallikrein activity. PLoS ONE. (2011) 6:e19895. doi: 10.1371/journal.pone.0019895

 57. Westerhoff HV, Van Dam K. Thermodynamics and Control of Biological Free-Energy Transduction. Amsterdam: Elsevier (1987).

 58. Hervagault JF, Canu S. Bistability and irreversible transitions in a simple substrate cycle. J Theor Biol. (1987) 127:439–49. doi: 10.1016/S0022-5193(87)80141-8

 59. Bakker BM, Michels PAM, Opperdoes FR, Westerhoff HV. Glycolysis in bloodstream form Trypanosoma brucei can be understood in terms of the kinetics of the glycolytic enzymes. J Biol Chem. (1997) 272:3207–15. doi: 10.1074/jbc.272.6.3207

 60. Teusink B, Passarge J, Reijenga CA, Esgalhado E, Van Der Weijden CC, Schepper M, et al. Can yeast glycolysis be understood in terms of in vitro kinetics of the constituent enzymes? Testing biochemistry. Eur J Biochem. (2000) 267:5313–29. doi: 10.1046/j.1432-1327.2000.01527.x

 61. Bruggeman FJ, Boogerd FC, Westerhoff HV. The multifarious short-term regulation of ammonium assimilation of Escherichia coli: dissection using an in silico replica. FEBS J. (2005) 272:1965–85. doi: 10.1111/j.1742-4658.2005.04626.x

 62. Geenen S, Du Preez FB, Reed M, Nijhout HF, Kenna JG, Wilson ID, et al. A mathematical modelling approach to assessing the reliability of biomarkers of glutathione metabolism. Eur J Pharm Sci. (2012) 46:233–43. doi: 10.1016/j.ejps.2011.08.017

 63. Murase A, Sasaki T, Kajiwara T. Stability analysis of pathogen–immune interaction dynamics. J Math Biol. (2005) 51:247–67. doi: 10.1007/s00285-005-0321-y

 64. Miller R, Ewy W, Corrigan BW, Ouellet D, Hermann D, Kowalski KG, et al. How modeling and simulation have enhanced decision making in new drug development. J Pharmacokinet Pharmacodyn. (2005) 32:185–97. doi: 10.1007/s10928-005-0074-7

 65. Rijnierse A, Redegeld FA, Blokhuis BR, Van Der Heijden MW, Te Velde AA, Pronk I, et al. Ig-free light chains play a crucial role in murine mast cell-dependent colitis and are associated with human inflammatory bowel diseases. J Immunol. (2010) 185:653–9. doi: 10.4049/jimmunol.0901129

 66. Chen KC, Csikasz-Nagy A, Gyorffy B, Val J, Novak B, Tyson JJ. Kinetic analysis of a molecular model of the budding yeast cell cycle. Mol Biol Cell. (2000) 11:369–91. doi: 10.1091/mbc.11.1.369

 67. Maeda K, Westerhoff HV, Kurata H, Boogerd FC. Ranking network mechanisms by how they fit diverse experiments and deciding on E. coli's ammonium transport and assimilation network. NPJ Syst Biol Appl. (2019) 5:14. doi: 10.1038/s41540-019-0091-6

 68. Grell M, Wajant H, Zimmermann G, Sceurich P. The type-1 receptor (CD120a) is the high affinity receptor for soluble tumor necrosis factor. Proc Natl Acad Sci USA. (1998) 95:570–5. doi: 10.1073/pnas.95.2.570

 69. Arican O, Aral M, Sasmaz S, Ciragil P. Serum levels of TNF-alpha, IFN-gamma, IL-6, IL-8, IL-12, IL-17, and IL-18 in patients with active psoriasis and correlation with disease severity. Mediators Inflamm. (2005) 2005:273–9. doi: 10.1155/MI.2005.273

 70. Van Schouwenburg PA, Rispens T, Wolbink GJ. Immunogenicity of anti-TNF biologic therapies for rheumatoid arthritis. Nat Rev Rheumatol. (2013) 9:164–72. doi: 10.1038/nrrheum.2013.4

 71. Figueiredo LM, Janzen CJ, Cross GA. A histone methyltransferase modulates antigenic variation in African trypanosomes. PLoS Biol. (2008) 6:e161. doi: 10.1371/journal.pbio.0060161

 72. Olgart C, Frossard N. Human lung fibroblasts secrete nerve growth factor: effect of inflammatory cytokines and glucocorticoids. Eur Respir J. (2001) 18:115–21. doi: 10.1183/09031936.01.00069901

 73. Pilling D, Vakil V, Cox N, Gomer RH. TNF-alpha-stimulated fibroblasts secrete lumican to promote fibrocyte differentiation. Proc Natl Acad Sci USA. (2015) 112:11929–34. doi: 10.1073/pnas.1507387112

 74. Cockrell RC, An G. Examining the controllability of sepsis using genetic algorithms on an agent-based model of systemic inflammation. PLoS Comput Biol. (2018) 14:e1005876. doi: 10.1371/journal.pcbi.1005876

 75. An G. In silico experiments of existing and hypothetical cytokine-directed clinical trials using agent-based modeling. Crit Care Med. (2004) 32:2050–60. doi: 10.1097/01.CCM.0000139707.13729.7D

 76. Delitalia M, Dianzani U, Lorenzi T, Melensi M. A mathematical model for immune and autoimmune response mediated by T-cells. Comput Math Appl. (2013) 66:1010–23. doi: 10.1016/j.camwa.2013.06.026

 77. Smith AM, McCullers JA, Adler FR. Mathematical model of a three-stage innate immune response to a pneumococcal lung infection. J Theor Biol. (2011) 276:106–16. doi: 10.1016/j.jtbi.2011.01.052

 78. Chow CC, Clermont G, Kumar R, Lagoa C, Tawadrous Z, Gallo D, et al. The acute inflammatory response in diverse shock states. Shock. (2005) 24:74–84. doi: 10.1097/01.shk.0000168526.97716.f3

 79. Galli SJ, Borregaard N, Wynn TA. Phenotypic and functional plasticity of cells of innate immunity: macrophages, mast cells and neutrophils. Nat Immunol. (2011) 12:1035–44. doi: 10.1038/ni.2109

 80. Walker WE, Harremoës P, Rotmans J, van der Sluijs JP, van Asselt MBA, Janssen P, et al. Defining uncertainty: a conceptual basis for uncertainty management in model-based decision support. Integr Assess. (2003) 4:5–7. doi: 10.1076/iaij.4.1.5.16466

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Abudukelimu, Barberis, Redegeld, Sahin, Sharma and Westerhoff. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fimmu-10-03091-g005.gif





OPS/images/fimmu-10-03091-g006.gif





OPS/images/fimmu-10-03091-g003.gif





OPS/images/fimmu-10-03091-g004.gif
‘CRA influ (f/min)





OPS/images/fimmu-10-03091-t001.jpg
Treatment

TNF treatment
pM

None
None
49.9-10
49.9-10
None
499-0

Fibroblast implantation
™

None
0-200
None
0-200
0-400
None

Result

Fibroblast
™

2.107%
1. 1010
6.10-2
998
9.1077
9.1071%

TNF
pM

49.5
49.5
49.5
0.02
49.5
49.5

Cure?

No
No
Yes
No
No

The low fibroblast levels reported by the program essentially equal zero. CRA influx rate
was 1 fM/min throughout.





OPS/images/fimmu-10-03091-g007.gif





OPS/images/fimmu-10-03091-g008.gif
” Peptide only

o 5 H
3
Ex
Sus
onmtainn
o Peptide plus fibroblasts
e B
£
s i

©  Peptide plus fibroblast inflow






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Complex Stability and an Irrevertible Transition Reverted by Peptide and Fibroblasts in a Dynamic Model of Innate Immunity



		Introduction



		Methods



		The Dynamic Model



		Sensitivity and Control Analysis



		Stability Analysis of Steady States



		The Model and a Caveat



		Figures







		Results



		Instability, Flares of Infection, and a Therapy Thereof



		Bistability and Bimodal Control



		Bistability



		Hysteresis



		Switching, Irrevertible Transition, and Fibroblast Levels



		Jumping the Bistability Barrier: Fibroblast Proliferation



		Jumping the Bistability Barrier: Targeting IgLC or IgE







		Discussion



		Limitations and Ramifications



		Complex Stability of a Model of Innate Immunity: State Trapping



		Implications for Novel Therapies



		A Special Type of Bistability



		Robustness of Innate Immunity



		An Important Role for Bystander Cells



		This Model's Novelty







		Conclusion



		Data Availability Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		References

















OPS/images/cover.jpg
’ frontiers
in Immunology

Complex Stability and an
Irrevertible Transition Reverted by
Peptide and Fibroblasts in a
Dynamic Model of Innate Immunity





OPS/images/fimmu-10-03091-g001.gif
Bacteria (M) >

Bacteria (fM)

o3888

o88888

)

H

* Timé (Gays)
. i unsabll
© ofciai 0003 Wi st

Frime ays)
.

Bacteria (M)

Protease influx 0.001 fM/min (unstable)

00
5w
]
)
&
o
R o
° Protease influx 0.005 fv/min (unstable)
2w
B
zw
I
i
¢ s
T o s
y Protease influx 1.0 fM/min (stable) Time {days)
™
o
©
©
»
o
o

1 i tdovd





OPS/images/fimmu-10-03091-g002.gif
Controlof [TNF] for acute and chronic mode

[T —
R
-
(2w esraso

[ ——

[ —— —
[

02 o oo i 20
[irw——
[y m—

(0o s dies0.
e S—
s p—
[ ——
L S——
R S—
[erw—
[y —
Ey—
[R—









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
, frontiers
in Immunology





