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a b s t r a c t 

Multiple Sclerosis (MS) is an autoimmune disease targeting the central nervous system (CNS) causing de- 

myelination and neurodegeneration leading to accumulation of neurological disability. Here we present a 

minimal, computational model involving the immune system and CNS that generates the principal sub- 

types of the disease observed in patients. The model captures several key features of MS, especially those 

that distinguish the chronic progressive phase from that of the relapse-remitting. In addition, a rare sub- 

type of the disease, progressive relapsing MS naturally emerges from the model. The model posits the 

existence of two key thresholds, one in the immune system and the other in the CNS, that separate dy- 

namically distinct behavior of the model. Exploring the two-dimensional space of these thresholds, we 

obtain multiple phases of disease evolution and these shows greater variation than the clinical classifica- 

tion of MS, thus capturing the heterogeneity that is manifested in patients. 

© 2017 KAUST, BESE, Saudi Arabia. Published by Elsevier Inc. 

This is an open access article under the CC BY-NC-ND license. 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 

1. Introduction 1 

Multiple Sclerosis (MS) is an inflammatory, autoimmune disease 

Q3 

2 

targeting the central nervous system (CNS) inducing demyelination, 3 

axonal loss and neurodegeneration [1] . Most patients initially dis- 4 

play a relapsing-remitting disease course (RRMS), with bouts of 5 

attacks followed by a variable degree of recovery of neurological 6 

functions. During this phase, inflammatory lesions occur intermit- 7 

tently as demonstrated by magnetic resonance imaging. With time, 8 

most RRMS patients convert to a (secondary) progressive disease 9 

state (SPMS), characterized by irreversible deterioration of neuro- 10 

logical health and abilities. It has been hypothesized that the tran- 11 

sition from RRMS to SPMS occurs when the extent or nature of 12 

injury reaches a certain threshold [2,3] . In addition, a smaller frac- 13 

tion of patients (10–15%) display a progressive disease course from 14 

onset - primary progressive MS (PPMS) [4] . 15 

Despite plenty of research, there is as yet no convincing expla- 16 

nation for the origins and mechanisms for MS [5] . The common 17 
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classification into the three subtypes (RRMS, SPMS, PPMS) ignores 18 

the immense heterogeneity that exists among patients at the clin- 19 

ical, immunological and histopathological level [6,7] . For example, 20 

while both demyleination and axonal neurodegeneration are com- 21 

monly observed in MS patients, the relationship between the two 22 

processes and their combined effect on disability or disease pro- 23 

gression is not well-understood [3,8] . Given these large variations 24 

in MS characteristics, stitching together different observations and 25 

results to produce a consistent framework describing the disease 26 

has been and remains an elusive goal. Q4 
27 

Here we present a minimal, computational model that repro- 28 

duces the principal types of MS and accounts for several features 29 

of the disease progression. The model is shaped by specific as- 30 

sumptions that are supported by various fragments of evidence 31 

from histop athological and neurological sources. We locate the ori- 32 

gin of the disease in the immune system, in line with the current 33 

understanding [9] . The spatial and temporal scales describing the 34 

processes are macroscopic, representing a coarse-grained behavior 35 

of the system. The perturbations and fluctuations in the model are 36 

represented as stochastic noise. 37 

The model also posits the existence of two independent 38 

thresholds or capacities, one that regulates the immune system 39 

http://dx.doi.org/10.1016/j.mbs.2017.03.006 
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Fig. 1. Interaction diagram representing the immune system and CNS. The pro (PI) 

and anti-inflammatory (AI) components form a negative feedback loop (AI sup- 

presses PI while increase of PI enhances AI). The two modules are linked by the in- 

filtration of the CNS by PI and causing demyelination and lesions. The self-loops on 

PI and CNS represent the effect of breaching their thresholds, which leads to unreg- 

ulated increase of the inflammatory component and neurodegeneration respectively. 

The notion that pro-inflammatory processes or degenerative processes, can increase 

beyond control of is indicated with a positive feedback loop (self-arrow) at PI and 

CNS respectively. The random perturbation on the pro-inflammatory component is 

represented by an incoming arrow from the node EE (environmental fluctuations). 

dynamics, and the other representing the protective capacity 40 

against neurodegeneration. These induce irreversible transitions in 41 

the progress of the disease. With all other parameters of the model 42 

held fixed, studying the classes of disease trajectories obtained 43 

across the two dimensional space of the thresholds reveals a var- 44 

ied set of ‘phases’. Thus our minimal model is sufficient to capture 45 

the observed heterogeneity of the disease, above and beyond the 46 

standard clinical classification. 47 

2. Model construction 48 

Fig. 1 shows the interaction graph of the model. The im- 49 

mune system components are one of two possible types: pro- 50 

inflammatory (PI) and anti-inflammatory (AI) [10] . Following ear- 51 

lier work [11,12] we assume that there exists a cross-regulatory in- 52 

teraction between the two components setting up oscillations in 53 

their respective numbers. The anti-inflammatory factors suppresses 54 

inflammation while increase of the inflammatory component in 55 

turn strengthens the anti-inflammatory response. The initial dam- 56 

age to the CNS is the demyelination of white matter caused by 57 

inflammatory attacks [13] ; the greater the inflammatory compo- 58 

nent in the immune system, the more their infiltration into the 59 

CNS, and hence, more widespread the demyelination. There is si- 60 

multaneously an internal process within the CNS that repairs the 61 

dama ge and remyelinates the axons [14] . In addition, neurodegen- 62 

eration and neuronal death [8] occurs in the CNS and we model 63 

the combined effect of demyelination and neurodegeneration as 64 

the overall disease pathology. 65 

Apart from the above well-established processes, there are a 66 

couple of additional dynamics that we propose as model hypothe- 67 

ses. First, the immune system is subjected to random noise that 68 

represents (a) the fluctuations of the coarse-grained model and (b) 69 

the perturbations from the interactions with other elements that 70 

do not comprise the core processes of the disease [15] . It is im- 71 

portant to note that, while the actual interactions that produce 72 

the noise are external to the central disease mechanisms, their 73 

combined effect as noise has a very important role in determin- 74 

ing the disease evolution as we will see later on. The second is 75 

a pair of critical events that irreversibly change the interaction 76 

dynamics. The first of these is the collapse of the negative feed- 77 

back loop in the immune system when the inflammatory compo- 78 

nent reaches a certain threshold following which the inflammatory 79 

component increases unremittingly [16,17] . The primary motivation 80 

for introducing this threshold is the observation that the interac- 81 

tions of Fig. 1 implies that the presence (or absence) of oscillations 82 

in the demyelination of the CNS necessarily requires presence (or 83 

absence) of similar oscillations in the immune system, and specif- 84 

ically the PI. This is a very general result and is proved in Supple- 85 

ment Section A. 86 

The second critical event represents the triggering of neurode- 87 

generation in the CNS when axonal demyelination reaches a cer- 88 

tain threshold (see Methods for details). This happens when the 89 

protective capacity of the CNS against neuronal damage from in- 90 

flammatory demyelination is overwhelmed. Once triggered, the 91 

process of neuronal death spreads across the CNS unabated. The 92 

reasoning leading to the hypothesis of a CNS threshold arises from 93 

the fact that while demyelination and CNS lesions are the associ- 94 

ated forms of pathology during the relapsing remitting phase, ax- 95 

onal loss and brain atrophy are the key contributors to the disabil- 96 

ity in the progressive form of MS [18–20] . 97 

The full set of ordinary differential equations that underpin the 98 

model is given in Eqs. (1) –(5) . 99 

dI 

dt 
= −c 1 I 

A − A S 

b 1 + A 

1 [ I C − I] + ξ0 e 
− t−t C 

τ 1 [ I − I C ] + F λ(t) (1) 

100 

dA 

dt 
= c 2 A 

I − I S 
b 2 + I 

1 [ I C − I] (2) 

101 

dZ Demy 

dt 
= c 3 

I − I S 
b 3 + I 

(
Z Tot − Z Demy − Z Dead 

Z Tot 

)
1 [ I − I S ] − κZ Demy (t) 

(3) 
102 

dZ Dead 

dt 
= c 4 

(
Z Tot − Z Dead 

Z Tot 

)
1 [ Z Demy − Z C ] (4) 

103 

Z Path = Z Demy + Z Dead (5) 

Eqs. (1) and ( 2 ) represent the immune system processes. I and A 104 

are the inflammatory and anti-inflammatory components, I S , A S be- 105 

ing their stationary values respectively, c 1 , c 2 kinetic constants. F is 106 

the stochastic noise 107 

F λ(t) = 

∑ 

i 

δ(t − t i ) v i 

characterized by instantaneous stimulus v i that occurs at times 108 

that are Poisson distributed with average rate λ. v ′ 
i 
s are drawn in- 109 

dependently from a uniform distribution U[ −0 . 1 , 0 . 1] . 110 

1 [ x ] is a step function taking 1 when x ≥ 0 and 0 otherwise. 111 

This is used to represent the threshold in the immune system, such 112 

that when I < I C the trajectory around the stable fixed point ( I S , A S ) 113 

is oscillatory. The stochastic term introduces random, uncorrelated 114 

perturbations to the oscillations. If, as a result of such deflections, 115 

I > I C at some point t C , the negative feedback loop is severed and 116 

the increase of I is governed by a factor that exponentially decays 117 

over time and with time-scale τ . We emphasize that the qualita- 118 

tive features of the model would be equally valid with any non- 119 

decreasing function determining the rate of change of I , and this 120 

particular factor was meant to capture the finiteness of inflamma- 121 

tory factors and also the time-span over which the proliferation of 122 

I occurs. The interaction term between the two components that 123 
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Table 1 

Parameters used in the model and their values. 

Parameter Description Value 

c 1 , b 1 Controls rate of change of inflammatory component. c 1 = 20 , b 1 = 30 

I S , A S Stationary state values of pro and anti inflammatory components. I S = 7 , A S = 7 

ξ 0 Initial rate of increase of inflammatory component upon immune threshold breach. 0.5 

τ Time scale determining the proliferation of inflammatory component following immune breach. 20 

λ Poisson rate at which the random perturbations occur. 20 

I C Immune threshold. Varies 

c 2 , b 2 Controls rate of change of anti-inflammatory component. c 2 = 50 , b 1 = 30 

c 3 , b 3 Controls rate of change of demyelination. c 3 = 20 , b 3 = 40 

Z tot Total volume of the region susceptible to damage. 2 

κ Rate of remyelination. 1 

c 4 Controls the growth of dead cells c 4 = 0 . 5 

Z C CNS threshold Varies 

Table 2 

List of abbreviations. 

Abbreviation Expansion 

CNS Central Nervous System 

RRMS Relapse Remitting MS 

SPMS Secondary Progressive MS 

PPMS Primary Progressive MS 

PI Pro-Inflammatory 

AI Anti-Inflammatory 

determines their rate of change is modeled as a hyperbolic factor 124 

[21] . 125 

Eq. (3) represents the demyelination in the CNS Z Demy caused by 126 

the inflammatory attacks on the undamaged fraction of the total 127 

volume Z tot ; the last term in that equation represents remyelina- 128 

tion at rate κ . The other threshold, in Eq. (4) , triggers the neurode- 129 

generation in the CNS when Z Demy > Z C causing neuronal death 130 

Z Dead . The overall pathology in the CNS is the sum of the demyeli- 131 

nation and death in CNS, Eq. (5) . 132 

3. Results 133 

We demonstrate the generation of the basic clinical subtypes of 134 

the disease using the model described above. Although the model 135 

generically produces the different subtypes, in order to study the 136 

qualitative variations introduced by differences in thresholds, all 137 

the parameters of the model (except the thresholds I C , Z C ) are 138 

maintained constant to generate the different subtypes that are 139 

discussed below. These parameter values are given in Table 1 in 140 

the Methods section. 141 

Fig. 2 a shows the progression of RRMS in the CNS, where the 142 

disease pathology - here, equivalent to demyelination - follows a 143 

quasi-periodic behavior of expansion and retraction (due to re- 144 

myelination). Fig. 2 b shows the corresponding oscillations in the 145 

immune system between the pro and anti inflammatory compo- 146 

nents. The waxing and waning of the inflammatory component di- 147 

rectly leads to the relapses and remissions in the disease pathol- 148 

ogy. 149 

The random noise term in the immune system creates the ir- 150 

regularities in the periodic behavior of the inflammatory compo- 151 

nents in Fig. 2 b. For a given trajectory, the stochastic term is criti- 152 

cal in determining if and when the immune threshold is breached. 153 

During relapse-remitting, if the inflammatory component breaches 154 

the threshold, the disease course turns towards progressive phase 155 

(SPMS) and this is shown in Fig. 3 a. The threshold eliminates 156 

the negative feedback loop in the immune system and induces a 157 

switch from oscillatory behavior to monotonic increase of the in- 158 

flammatory component Fig. 3 b. This is relayed to the CNS leading 159 

to steady increase in disease pathology ( Fig. 3 a). 160 

Fig. 2. (a) Disease trajectory for RRMS and (b) the corresponding dynamics in the 

immune system. Immune and CNS thresholds are 25 and 4 respectively. 

Finally, the PPMS subtype, characterized by unremitting wors- 161 

ening of the condition from the start, is shown in Fig. 4 a. This 162 

is the outcome of the lower immune threshold that is breached 163 

by the inflammatory component very early in the evolution (see 164 

Fig. 4 b). Fig. 4 a also shows another phenomena - dead cells start 165 

accumulating from around time t = 18 , that is triggered by the 166 

breach of CNS threshold. Yet another subtype that emerges from 167 

our model is the progressive relapsing (PRMS) [22] where the dis- 168 

ease deteriorates steadily except there are intervals of partial re- 169 

missions, leading to quasi-periodic ripples over a growing pathol- 170 

ogy ( Fig. 5 a). This arises when the CNS threshold against neurode- 171 

generation is overcome first, leading to accumulation of neuronal 172 

death, while the oscillations in the immune system are relayed 173 
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Fig. 3. (a) Disease trajectory for SPMS and (b) the corresponding dynamics in the 

immune system. Immune and CNS thresholds are 13 and 4 respectively. 

to the CNS in the form of waxing-waning demyelinating pattern 174 

( Fig. 5 b). The overall pathology is the combined effect of neuronal 175 

death and demyelination. 176 

4. Model reproduces disease characteristics 177 

Disease evolution thus depends on the two thresholds and the 178 

magnitude of the fluctuation term in the immune system. Together, 179 

we show that they generate model features that are consistent 180 

with the existing knowledge of MS. If the initial appearance of 181 

MS is relapse-remitting, then the different thresholds correspond 182 

to transitions to progressive phase at different levels of disabil- 183 

ity [23] . An immediate but important consequence of the model 184 

is the increase in probability of overcoming the thresholds and 185 

switching to chronic progressive type increases with age [24] . For 186 

any given threshold, shorter time to progressive transition in our 187 

model implies faster deterioration of the disease condition [24] . 188 

The thresholds being independent of the negative feedback dynam- 189 

ics implies that the time between onset of the disease and transi- 190 

tion to progressive phase is independent of the frequency of re- 191 

lapse [25] ( Fig. 6 a). 192 

The relapse-remitting and the progressive courses are decou- 193 

pled in our model by design. The natural consequences of this are 194 

that (a) the characteristics of the progressive course is indepen- 195 

dent to that of the relapse-remitting phase and (b) the progressive 196 

phase in SPMS or PPMS is similar to each other. There is significant 197 

evidence that this is indeed true with MS patients. First, while the 198 

median age for initial symptoms in both RRMS and SPMS is 29, 199 

the median age for the onset of the progressive phase in SPMS is 200 

Fig. 4. (a) Disease trajectory for PPMS and (b) the corresponding dynamics in the 

immune system. Immune and CNS thresholds are 9 and 1.2 respectively. 

39, which is exactly the median age for onset of the PPMS variant 201 

of the disease [23] . More strikingly, even the distribution of age of 202 

onset among patients is nearly identical for the RRMS/SPMS, as is 203 

the similarity in the corresponding curves for the age of onset of 204 

the progressive phase in SPMS and PPMS [23] . This shows that the 205 

development of disease pathology on an average is similar during 206 

the chronic progressive phase in both PPMS and SPMS. 207 

Second, the immuno-suppressive treatments found to be effec- 208 

tive during the relapse-remitting phase [2] of the disease have lit- 209 

tle to no benefits in patients who have already reached the pro- 210 

gressive stage of the disease [26,27] . This is certainly the case in 211 

our model once the CNS threshold is breached, as progression of 212 

neurodegeneration is independent of the immune system dynam- 213 

ics. Likewise, if the progressive course were to be initiated by over- 214 

coming the immune threshold, then the suppressive mechanism 215 

would no longer be effective against the inflammatory growth. 216 

5. Different regimes of MS 217 

To characterize the full spectrum of disease types arising from 218 

different combinations of the two thresholds, we consider the two- 219 

dimensional parameter space and examine the disease courses in 220 

each. However, we begin by considering the immune threshold 221 

only. Fig. 6 b shows the variation of the fraction of RRMS with the 222 

immune threshold based on 200 realizations (keeping other pa- 223 

rameters fixed). The stochastic nature of the immune dynamics im- 224 

plies that for a threshold in an intermediate range demarcated by 225 

vertical blue lines, a certain fraction of the realizations will breach 226 
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Fig. 5. (a) Disease trajectory for PRMS and (b) the corresponding dynamics in the 

immune system. Immune and CNS thresholds are 20 and 0.4 respectively. 

it. The thresholds to the left of this region are invariably breached 227 

(SPMS/PPMS) and those to the right exhibit only RRMS. 228 

The two-dimensional phase diagram should agree with the 229 

above results as a limiting case of CNS threshold Z C → ∞ . Likewise, 230 

we can argue that there is function σ ( I C ) of the immune threshold, 231 

corresponding to a phase transition curve, such that, for every Z C 232 

< σ ( T C ), there would invariably be a breach of the CNS threshold 233 

before that of the immune system. We also note that, if the im- 234 

mune system threshold is breached, the probability of an eventual 235 

CNS breach markedly increases. Thus, even before we perform de- 236 

tailed simulations over the entire parameter space, we can see that 237 

this scenario quite correctly captures the fact that neurodegenera- 238 

tion frequently accompanies the progressive phase of the disease, 239 

regardless of the history of the disease [2] . 240 

The complete classification of the two-dimensional parameter 241 

space is shown in Fig. 7 . Following the previous discussion, the 242 

two vertical light green lines have the same x-intercepts as the 243 

blue lines in Fig. 6 b and, as expected, we recover the three re- 244 

gions seen in that figure at the band above the blue curve of this 245 

plot. These two vertical lines together with the three curves repre- 246 

sent the phase boundaries between qualitatively different regimes 247 

of model behavior. The red curve is the one whose existence we 248 

argued for above, below which CNS breach invariably occurs prior 249 

to that of the immune system. Thus the entire region below that 250 

curve in the parameter space would map to PPMS or SPMS. The 251 

dark green curve separates the phase just above the red curve, 252 

where both RRMS and SPMS co-exist and the phase where the pro- 253 

gressive phase (when it occurs) is always initiated first by the im- 254 

mune breach (may or may not be followed by the CNS threshold 255 

Fig. 6. (a) Plot of the frequency of relapses with the time at onset of progressive 

phase. The immune and CNS thresholds are fixed at 25 and 4 respectively. c 1 was 

set equal to c 2 in Eqs. (1) and ( 2 ), and was sampled from a uniform distribution in 

the interval U [16, 28]. All other parameters were kept fixed. (b) Fraction of RRMS 

cases as the immune threshold is varied (CNS threshold is 4). For each threshold 

value, a set of 200 realizations was performed to determine the fractions. 

breach). Finally, the blue curve represents the boundary beyond 256 

which no CNS threshold (including secondary breaches) ever oc- 257 

curs. Note that a given pair of dashed and solid curves of the same 258 

color correspond to the original demarcation from simulation re- 259 

sults and the smoothed out spline fit of the same respectively. 260 

Fig. 7 admits a rich spectrum of disease courses, more so than 261 

the standard clinical classification of the disease types. Specifi- 262 

cally, SPMS can occur in different regions of the phase space, and 263 

while the manifestations of disability are likely to be similar, these 264 

have mechanistically different origins. In fact, even if we consider 265 

the subset of SPMS characterized by neurodegeneration, the phase 266 

space of our model indicates that it can be either from a breach 267 

of CNS threshold (below the red curve) or an immune breach fol- 268 

lowed by a CNS breach (above the green curve). In the band be- 269 

tween the red and green curves (and between the vertical lines), 270 

the progressive course could have been triggered by overcoming 271 

either the CNS or the immune threshold. 272 

6. Methods 273 

The above equations were integrated numerically by fourth or- 274 

der Runge –Kutta method. The step function was approximated by 275 

terms of the form 

1 

1+ e γ (I±I C ) 
for ( γ � 1, a constant). Indeed the 276 

key features of the model do not depend on the sharpness of the 277 

threshold. A full listing of all the parameters and their values is 278 

given in Table 1 . In all the realizations of disease evolution, the 279 
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Fig. 7. Immune and CNS threshold phase space split into different regimes, each 

marked by the types of disease evolution that is possible. This is a logical exten- 

sion of Fig. 6 to include the CNS threshold (the vertical cyan lines match the im- 

mune threshold boundaries indicated in Fig. 6 ). The ‘phases’ indicated in the figure 

are determined from the distribution of outcomes of model simulations. The three 

curves running from left to right represent the phase boundaries, where the model 

exhibits a qualitative change in terms of the classes of disease trajectories that are 

generated (see Methods section for details on how these boundaries were calcu- 

lated from the simulations; Table 2 provides a list of abbreviations to interpret the 

text for the various phases.). 

overall duration (simulation time/number of steps) was also main- 280 

tained constant, except where we study the dependence of the rel- 281 

ative prevalence of the different forms of MS on it. 282 

To obtain the phase diagram Fig. 7 , the two dimensional param- 283 

eter space was covered by a rectangular grid with the dimension 284 

of each cell being 1 × 0.03 along the x and y axis respectively. At 285 

every grid intersection, a set 100 realizations of the disease trajec- 286 

tories were carried out with all other parameters and initial con- 287 

ditions fixed. Each realization was categorized as a specific dis- 288 

ease type depending on how, if at all, the transition to progres- 289 

sive phase occurred. We classify the solution as RRMS if no thresh- 290 

old was breached, and SPMS/PPMS if either of the thresholds is 291 

crossed. The latter case is divided into three cases - in the first sce- 292 

nario, the breach happens only at the immune system, the second 293 

where the breach occurs in the CNS initially, and the third which 294 

is similar to the first case except that the CNS threshold is even- 295 

tually overcome too. In the case the CNS is originally breached, we 296 

obtain progressive relapsing MS, that subtype of the disease where 297 

relapses are superimposed on progressive degeneration. 298 

The phase boundaries in the two dimensional parameter space 299 

separating the different phases were determined by setting thresh- 300 

olds on the appropriate fractions from the numerical simula- 301 

tions. The boundary separating purely neurodegenerative progres- 302 

sive cases from the others (red) comes from determining, for each 303 

parameter value of the immune threshold, the CNS threshold at 304 

which the fraction of CNS breaches drops below 95%. A spline fit 305 

on these points gives the smooth red curve. Likewise, the curve 306 

separating regions of parameter space where CNS (primary) breach 307 

occurs with finite probability (below) and never (above) is set 308 

when the same fraction is diminished to 5% (green). Finally, the 309 

blue curve splits the region where CNS (secondary) breach is ob- 310 

served with a finite probability (below) and where it vanishes 311 

(above) and is identified by the CNS threshold value for which 312 

the fraction of CNS (secondary) breaches falls under 5%. Secondary 313 

breach is defined as disease trajectories where the transition to 314 

progressive phase occurs in the immune system, but the elevated 315 

damage to the myelin sheaths triggers the neurodegeneration as 316 

well. 317 

7. Discussion 318 

A set of prescriptive guidelines were used to devise our model, 319 

some of which are general to computational modeling while others 320 

are specific to the MS case. First, given the complexity of the inter- 321 

action dynamics in biological systems (different time-scales, non- 322 

linearity, external perturbations, physical and biochemical con- 323 

straints), we focus on reproducing the qualitative aspects of the 324 

system correctly [28] . This is especially true for MS where mech- 325 

anistic understanding of the disease is very limited and at the 326 

same time, the vast heterogeneity in its clinical course [6,7] ren- 327 

ders quantitative fitting of the model to training data sets futile. 328 

Second, the key characteristics of the model should emerge generi- 329 

cally from the equations. Equivalently, parameter fine-tuning is not 330 

necessary to generate a specific type of behavior. 331 

Indeed our full set of equations (1) –(5) have several parame- 332 

ters but the nature and properties of the different disease trajec- 333 

tories emerging from the model across different thresholds do not 334 

depend sensitively upon those parameters (aside from the thresh- 335 

olds, of course). For example, the coefficients { c i , b i } are the ki- 336 

netic rate parameters and a perturbation in their values would not 337 

change the phase space features of Fig. 7 . It is precisely because of 338 

this fact that we do not specify the scale (i.e., units) for the time, 339 

the immune system components or the CNS damage. Similarly, our 340 

results do not require sensitivity analysis because we are neither 341 

fitting the model to some specific disease course (patients or oth- 342 

erwise) nor are we arriving at specific magnitudes for quantities 343 

that can be measured. We however stress that our model aims to 344 

elucidate the mechanisms of the disease process and not precise 345 

fitting to specific cases. In much the same spirit, the key claims 346 

and results of our model are based on the interaction structure of 347 

the model (e.g., the existence of cross-regulation setting up oscilla- 348 

tions) and not on the specific mathematical form of the interaction 349 

dynamics, allowing us to draw more general and robust conclu- 350 

sions about the disease processes. 351 

As a further step in the direction of generality, we have de- 352 

scribed the immune system in terms of inflammatory and anti- 353 

inflammatory components without specifying whether these are 354 

T cells, B cells, macrophages, cytokines, antibodies, chemokines 355 

etc. The reasons are two fold: first, it must be noted that any 356 

component-pair with the regulatory dynamics we have considered 357 

here is sufficient to generate the patterns observed; second, what 358 

constitutes a regulatory or an inflammatory component may vary 359 

across time, and the same cell might switch from being one to the 360 

other, or a new entity may contribute to these roles. 361 

It could be argued that the lack of clear causal explanation for 362 

the disease, and especially the transition to the progressive form, 363 

and the heterogeneity of its pathogenesis permits several compet- 364 

ing hypothesis to be equally valid descriptions of MS development 365 

and progress. This may be true as a general principle but to the 366 

best of our knowledge there have been very few models of MS, 367 

computational or otherwise, dealing with the mechanism of the 368 

onset and progress of the disease. Even these focus on narrower 369 

aspects such as reproducing the relapse-remitting behavior [29] or 370 

modeling the development of lesions [30] . More important, there 371 

are definite assumptions that go into our model, and examining 372 

the validity of these assumptions provides a falsifiability test. 373 

First, we argue that periodic or quasi-periodic dynamics in the 374 

immune system is the key to explaining the relapse-remit behavior 375 

of patients (see Supplement Section A). Although oscillations in the 376 

immune system are manifested in several ways [31] the negative 377 
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feedback loop between the inflammatory and suppressive factors 378 

has only recently been explored [11] . The cross regulation of the 379 

inflammatory T effector cells and the T regulatory cells has been 380 

presented as model of the immune system dynamics generating 381 

solutions corresponding to natural protective immunity or to au- 382 

toimmunity [12,29] . Second, we posit that immune-mediated tran- 383 

sition from relapse-remitting to progressive phase occurs following 384 

the breakdown of the suppressive mechanism and hence the neg- 385 

ative feedback loop. The resistance of inflammatory cells to reg- 386 

ulation by regulatory cells has been observed in several cases of 387 

autoimmune diseases [32,33] . While we model the transition us- 388 

ing a threshold for the inflammatory component, we should point 389 

out that any mechanism that weakens or destroys the regulatory 390 

effect would lead to the same behavior as well. 391 

Third, the disease pathology originates from two sources - 392 

the immune-mediated inflammatory attacks causing demyelination 393 

and neurodegeneration in the CNS. Neurodegeneration itself is trig- 394 

gered when demyelination exceeds a certain threshold. The dis- 395 

tinction between the two subtypes is also observed in the analysis 396 

of the cerebrospinal fluid [34] . However, it should be noted that 397 

axonal injury has often been observed during the early stages of 398 

MS [35] but nonetheless a similar concept of threshold or protec- 399 

tive capacity has been used to describe its effects on neurologi- 400 

cal functioning [36,37] adding further evidence in support of our 401 

model. 402 
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