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SUMMARY
Plasma cells that emerge after infection or vaccination exhibit heterogeneous lifespans;most survive for days
to months, whereas others persist for decades, providing antigen-specific long-term protection. We devel-
oped amathematical framework to explore the dynamics of plasma cell removal and its regulation by survival
factors. Analyses of antibody persistence following hepatitis A and B and HPV vaccination revealed specific
patterns of longevity and heterogeneity within and between responses, implying that this process is fine-
tuned near a critical ‘‘flat’’ state between two dynamic regimes. This critical state reflects the tuning of rates
of the underlying regulatory network and is highly sensitive to variation in parameters, which amplifies life-
span differences between cells. We propose that fine-tuning is the generic outcome of competition over
shared survival signals, with a competition-based mechanism providing a unifying explanation for a wide
range of experimental observations, including the dynamics of plasma cell accumulation and the effects of
survival factor deletion. Our theory is testable, and we provide specific predictions.
INTRODUCTION

Plasma cells differentiate from B cells following an immune

response. They then migrate to the bone marrow and other tis-

sues where their survival depends on exposure to secreted sur-

vival factors, including APRIL, which are secreted by niche

cells.1–6 Unlike B cells, plasma cells do not divide, and although

many plasma cells die within months, some can survive and pro-

duce antibodies for decades, without the need for replenishment

from B cell precursors.7 This property is essential for lifelong im-

mune protection following vaccination or infection from patho-

gens, such as measles or smallpox.

The reasons for the slow removal of plasma cells are not yet

fully understood.6 In standard in vitro culture conditions, the

extended lifespan of plasma cells is not observed, and they usu-

ally die within a few days unless survival factors are added. How-

ever, in vivo, the number of antigen-specific plasma cells after

immunizations follows a characteristic heavy-tailed survival

curve.8,9 Antibody titers to a specific antigen decrease rapidly

within the first year. Since antibodies have a half-life of only 1–

3 weeks, this decrease is attributed to a massive loss of plasma

cells within the first few months after immunization.8 Following

the first year, the overall pattern of loss transitions to much
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slower decay, with a half-life of the order of years to decades.

Short-lived plasma cells refer to those that die within the first

few months, while long-lived plasma cells persist longer.8,10

Long-lived plasma cells confer lifelong immunity to certain

pathogens.

Current models for plasma cell lifespan are based on compe-

tition for limited niche space,11,12 or the proposition that lifespan

is imprinted on plasma cells during the initial immune

response.10 In the first model, new plasma cells may displace

old plasma cells from the niche, a behavior consistent with the

crucial role of niche factors in plasma cell survival, as well as ex-

periments indicating competition over these factors.11,13,14 In

this case, plasma cell lifespan reflects the balance between the

carrying capacity of the niche and the arrival rate of new plasma

cells and can therefore be in principle long. However, this model

would predict a much narrower lifespan distribution than is

observed as it is characterized by a fixed removal rate. In partic-

ular, such a model cannot readily explain the large heterogeneity

in the decay dynamics of plasma cells that are specific to

different antigens.9 The imprinted lifespan model, on the other

hand, does not account for the possible role of competition in

determining plasma cell lifespan. Moreover, it is unclear how

the distribution of lifespans ranging from days to decades can
blished by Elsevier Inc.
commons.org/licenses/by/4.0/).
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be encoded by a biochemical network whose components are

likely to have a lifespan of only hours to days, and how it can

be set during B cell differentiation. Therefore, bothmodels strug-

gle to explain the full range of observations on antibody

persistence.

Here, we addressed the origin of plasma cell longevity by

developing a novel mathematical framework for the collective

regulation of cell state transitions. Based on our analysis, we pro-

pose that the extended lifespan of plasma cells is due to a pro-

tracted delay occurring at a critical state of the cell that preempts

its transition into an unviable state. This suggests that the gene

regulatory network of plasma cells is finely adjusted to lie in prox-

imity to the point at which a system transitions between mono-

and bistability. We argue that this fine-tuning arises from the

continuous influx of new plasma cells and the ensuing competi-

tion among them for survival factors. Consequently, we propose

that competition among plasma cells serves as a self-regulating

mechanism, fine-tuning their gene regulatory network to reach a

critical state. By operating near a critical state, the system is

capable of generating both a population of short-lived plasma

cells and a long-lasting population that can persist for decades.

RESULTS

Experimental observations on plasma cell survival
indicate that fate behavior is positioned near a
critical point
Different vaccines, aswell as different demographic groups, show

marked variability in their antibody responses. This variability does

not vanish when normalized by initial or average antibody levels

(Figure 1A), indicating that it is not only due to differences in the

number of plasma cells produced. The variability vanishes only

when the decay curves are normalized by their logarithmic range

(Figure 1B). Variability in the responses depends on the nature of

the antigen (Figures 1C and 1D). T cell-independent responses or

responses to self-antigens are believed to generate very few long-

lived plasma cells.10,15 Robust long-term immunity is associated

with repetitive antigens, such as mumps and measles

(Figure 1C), while non-repetitive antigens, such as tetanus or diph-

theria toxins, elicit responses that decay over years and require

booster vaccines16 (Figure 1C), and antibody persistence is

greater for whole vs. split virus influenza15,17 (Figure 1D).

To investigate the origin of the heterogeneity of plasma cell

lifespan, we adopted a dynamical systems approach. This

approach builds upon our prior work on the long-term transge-

nerational inheritance of gene silencing in C. elegans as a model

of epigenetic memory.21 That study demonstrates that competi-

tion among silencing factors for shared synthesis resources

leads to self-tuning near a critical state, resulting in a protracted

but finite delay in gene silencing. Here, we present a parallel

mechanism that may explain the longevity of plasma cells in

the bone marrow.

Our study concerned the transition from a viable to an unviable

plasma cell. This is governed by the state of the gene regulatory

network of the cell. Certain configurations of this network repre-

sent viable memory plasma cells, whereas others lead to cell

death or removal from the niche. The lifespan of a plasma cell

can be viewed as a prolonged delay in the transition from a viable

state to an unviable state along a trajectory in state-space that
we parameterize by the coordinate x (Figure 2A). The delay

time depends on the stability of the viable state. When the viable

state is a stable fixed point of the gene regulatory network, as

shown in Figure 2B, middle panel, a long lifespan can be

achieved in a bistable regime (here bistability refers to two stable

states—a stabilized viable state and a stable unviable state at

some large). In contrast, in a monostable regime, as shown in

Figure 2B, upper panel, cells have a very short lifespan.

We assumed that the concentration of niche survival factors,

such as APRIL, which is denoted as c, stabilizes the viable state.

When c is low, the transition is in the monostable regime with a

timescale of days. In contrast, when c is high, the system is in

the bistable regime and the cells are long-lived. Thismodel aligns

with the rapid elimination of plasma cells in vitro in the absence of

APRIL22 and their rapid elimination in vivo following APRIL inhib-

itor treatment.23,24 At a critical concentration of c = ccrit, the

system is precisely positioned at the critical point between

monostability and bistability (Figure 2B, lower panel). At this

point, the dynamics progress slowly, akin to the slow movement

of a ball rolling downhill in a flat region of the hill. This shift be-

tween regimes is known as a saddle-node bifurcation.

When the concentration of survival factors approaches the crit-

ical value ðczccritÞ, the lifespan of a cell (denoted as T ) exhibits

hallmarks that are typical of systems undergoing a saddle-node

bifurcation. Despite the complexity of the regulatory network in

the cell, the primary dynamics of the transition from a viable to

an unviable state can be described by a simplified dynamical pro-

cess. This process can be understood by ‘‘zooming in’’ on the dy-

namics near the critical point and ‘‘zooming out’’ in time to

consider the gradual evolution of the cell’s state toward the unvi-

able state. By doing so, the approach captures the essential as-

pects of the underlying dynamics within the framework of a

more minimal mathematical model, given by the equation:

dx =
�
x2 + m

�
dt + xdW (Equation 1)

This equation is also known as the (noisy) normal form of the

saddle-node bifurcation. It represents the dynamics of all sys-

tems that undergo a saddle-node bifurcation at the vicinity of

the critical point and can be used to analyze the delay around

the critical point. The effective variable x captures the transition

from a viable state to an unviable state, where xz0 represents

the viable state, and x[ 0 represents the unviable state. The

variable m represents the distance from the critical point, i.e., m

is approximately proportional to ccrit � c, the difference between

the critical level of survival factors and their actual sensed levels.

The amplitude of the noise around the critical point is denoted by

x, andW is a one-dimensional Wiener process. Note that x does

not necessarily represent the dynamics of a single component

(e.g., the level of a particular protein) but rather a scaled combi-

nation of many components in the plasma cell gene regulatory

network that characterizes the state of a cell as it transitions

froma viable to an unviable state. Furthermore, time in Equation 1

is rescaled in units of the typical decay time in the monostable

regime. An illustration of a gene regulatory network with dy-

namics corresponding to Equation 1 is given by a simple combi-

nation of positive and negative feedback (STAR Methods).

Equation 1 provides a relationship between the concentration

of survival factors and plasma cell lifespan (Figure S1). As the
Immunity 57, 600–611, March 12, 2024 601



Figure 1. Antibody levels decay with a heavy-tailed distribution

(A and B) Antibody titers decay over time after vaccination in humans (data from Schwarz et al.,18 Van Damme et al.,19 and Theeten et al.20). Each time point is the

geometric average of a group of individuals, with t = 0 representing the date of the last vaccination. Longitudinal trajectories were normalized to antibody titers at

tz0 (A) or to a target logarithmic range (B) The insets depict the decay in a log-log plot.

(C) The dynamics of antibody ELISA titers over decades in different individuals, data from Antia et al.9 and Amanna et al.16 Each thin line denotes a different

individual.

(D) Hemagglutination inhibition (HAI) reactions to four different influenza vaccines—two whole-virus vaccines (solid) and two split virus vaccines (dashed), data

from Slifka and Amanna15 and Cate et al.17 Responses in the left panel were normalized by levels at t = 1 month, while the right panel shows the unnormalized

responses. Error bars represent 95% confidence intervals.
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concentration of survival factors c approaches the critical con-

centration ccrit, the lifespan T gradually increases following the

relationship T � jmj� 1=2. Once the concentration of survival fac-

tors exceeds the critical value ðm < 0Þ, the lifespan T increases at

a faster rate, following the super-exponential dependence

log T � jmj3=2 (STAR Methods).

The dependence of the lifetime T on m is steep and has impor-

tant implications for the behavior of the system. Given that a pro-

longed but not infinite lifespan is expected to occur in the vicinity

of the critical concentration, we anticipate that for plasma cells,
602 Immunity 57, 600–611, March 12, 2024
mz0 (that is, czccrit), the exact value determining cellular life-

span (Figure 2C). It is also unlikely that all plasma cells will

have precisely the same value of m. Cell-to-cell variation in m

due to differences in cellular physiology, sensing, motility

behavior, and other factors will have an impact on the lifetime

of individual plasma cells. For instance, recent studies have

identified differences in plasma cell motility linked to variations

in the receptor CXCR4, as well as variations in adhesion and

the uptake of survival factors, which may affect cellular

longevity.14,25,26 This variation results in cell-to-cell variation in



Figure 2. Antibody decay captured by critical positioning of plasma cell lifespan

(A) Model setup. New plasma cells are generated following immune responses and migrate to the bone marrow. The cells’ lifespan is determined by a gene

regulatory network that transitions cells from a viable to unviable state along a trajectory that we parameterize by the coordinate x. The viable state is stabilized by

the concentration of survival factors c, with a transition from monostable to bistable dynamics occurring at the critical concentration c = ccrit .

(B) In the absence of survival factors, plasma cells die rapidly, whereas high survival factor levels lead to long-lived cells in the bistable regime. In the critical

regime, an intermediate lifespan is established.

(C) The heavy-tailed distribution of plasma cell survival is captured by slight cell-to-cell variation in parameter values when the transition is in the critical regime.

Plasma cell lifespanwas set according to Equation 2, with mi � N ð0; sÞ (left panel). Plasma cell survival distribution ranges fromweeks to decades (red line, left panel)

and captures the normalized decay curves of antibody titers following vaccination presented in Figure 1A (gray lines). Parameter values are provided in Table S1.

(D) Variation in distance from critical point captures variation in antibody decay between vaccines and demographic groups. Plasma cell survival curves were

simulated for mx�4=3 = � 0:2;0; 0:2; 0:4; 0:6; 0:8; 1 (all other parameters are as in Table S1). Left panel: survival curves normalized by t = 0 (black lines), compared

with the empirical survival curves from Figure 1A, upper panel. Middle panel: scaling of survival curves with log
4
3
�
T
A

�
. Simulated survival curves (black lines) and

empirical survival curves from Figure 1A, plotted against log
4
3
�
T
A

�
with A = 0:5 year corresponding to the inflection point where long-lived plasma cells emerge.

Right panel: survival curves normalized by their logarithmic range (black lines), compared with the empirical survival curves.
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the effective survival factor signaling, corresponding to variation

in m. Given the high sensitivity around the critical point, we must

account for this variation. Consequently, wemodel the dynamics

of cell i as follows:

dxi =
�
x2i + mi

�
dt + xdW (Equation 2)

where mi � N ðm;sÞ. Here, s accounts for static variation, and x

accounts for stochastic fluctuations. In addition, we should ac-

count for the possibility of variations in biochemical parameters

arising from exposure to different antigens. Thus, for cell i

exposed to antigen L, the distance from the bifurcation may

depend on the antigen such that mL
i � N ðmL;sLÞ where mL;sL

are antigen specific.

A critical configuration ðmz0Þ has profound implications for

the distribution of survival times. When the system is in the

monostable or bistable regime (that is, c � ccrit, or c[ ccrit,

corresponding to m[ 0 or m � 0, respectively), variation in pa-

rameters has limited consequences for variation in survival

times. However, in the critical regime, this variation results in a

broad distribution of survival times because some cells are posi-

tioned in the monostable regime, while others are in the bistable

regime.

To assess whether Equation 2 can accurately describe the

survival time distribution, it is necessary to specify model param-

eters. Equation 2 incorporates a rescaling of time, where t is con-

verted to t representing ‘‘real-world’’ time, rescaled by the

typical lifespan in the monostable regime. The remaining three

parameters (m, s, and x) need to be determined from the data.

For the critical configuration, we set m = 0 and select the rescal-

ing so that the cellular lifespan is a few days when the system is

monostable (specifically, 10 days at m = 1). This leaves two

fitting parameters, which can be determined from the decay

curves. x is set so that the cellular lifespan is approximately

tcrit = 6mo at the transition to bistability, where the long-lived

plasma cell population emerges in the experimental data (this

represents the regionwhere thedecay curves flatten in Figure 1A.

Note that the precise value of tcrit does not have a significant

impact on our findings). Lastly, the cell-to-cell variability param-

eter s was set according to the slope of the decay of long-lived

plasma cells (STAR Methods).

The critical survival distribution accurately captured the

decay of antibody levels (Figure 2C). The cells in the monosta-

ble regime correspond to the steep initial decay (‘‘short-lived

plasma cells’’) while those in the bistable regime correspond

to the shallow power-law-like decay (‘‘long-lived plasma cells’’).

Thus, modest cell-to-cell variability when the system is placed

near the critical bifurcation point provides a simple explanation

for the extreme variability observed in plasma cell survival

durations.

What is then the origin of the variability between vaccines, pre-

sented in Figure 1? We have already determined that the vari-

ability cannot be explained merely by differences in the overall

number of plasma cells produced. Therefore, we considered

the variability in the parameters mL and sL. These parameters

have different effects on the shape of the survival curve (repre-

senting the fraction of cells not yet removed at time T ). The tail

of the survival curve SðTÞ follows a distinct scaling relation

log SðTÞzC � Dlog
4
3ðT=AÞ (STAR Methods), where A;C;D are
604 Immunity 57, 600–611, March 12, 2024
constants and D is inversely proportional to the variance ðsLÞ2
and is independent of mL. The timescale A, denoting the lifespan

around m = 0, corresponds to the inflection point in the survival

curves (STAR Methods). Thus, sL controls the decay slope of

long-lived plasma cells, while mL controls the relative proportion

of cells in the monostable and bistable regimes, corresponding

to the intercept of the decay curve of long-lived plasma cells

(Figure 2D).

Although both factors can result in large heterogeneity in anti-

body decay over the timescale of decades, variability in mL alone

appeared to describe well the decay of the empirical curves

(Figure 2D), which have similar slopes and distinct intercepts.

Additionally, for decay curves corresponding to cellular popula-

tions with different mL, normalization of the decay curves by their

range resulted in collapse as seen in the vaccine data presented in

Figure 1B (Figure 2D). The collapse indicates a similar inflection

point for all decay curves, corresponding to the timescale of the

lifespan at the critical point. Overall, these observations indicated

that the variation in decay between vaccines is likely due to differ-

ences in the antigen-specific average distance from bifurca-

tion ðmLÞ.
We tested the consistency of variation in mL against data on the

initial antibody responses to four different influenza vaccines,

administeredasasingle immunization toadults. Thevaccinescon-

sisted of two whole-virus (WV) vaccines and two split virus (SV)

vaccines, with the former carrying a higher risk of adverse reac-

tions but suggested to provide more durable immunity.15 The

non-repetitive, disrupted nature of the detergent-treated ‘‘split’’

influenza vaccine prevents B cell receptor crosslinking, and it

has been hypothesized that this could result in stable differences

in the resulting plasma cell populations. Within our modeling

framework, thesestabledifferences translate intoahigheraverage

m for the SV vaccines compared with the WV vaccine. The differ-

ence in the initial decay in antibody responses between the vac-

cine types was indeed consistent with this scenario (Figure S2).

Antigen-specific variation in m offers a straightforward expla-

nation for the variation in decay observed between different vac-

cines and antigens. Vaccines with low m are likely to confer

potent lifelong immunity, such as the response to poxviruses.

Vaccines with slightly higher m decay faster and may require

booster shots. At even higher m levels, the decay is rapid, result-

ing in a loss of immunity in just a few months.

Together, these observations provided support for a model in

which the lifespan of plasma cells is governed by a state transi-

tion located near a saddle-node bifurcation point. Slight varia-

tions in the relative ‘‘fitness’’ of individual plasma cells, as in-

dexed by the distance from the bifurcation point, account for

the distinct distribution of cellular lifespans, as well as the large

long-timescale differences observed between antigen

responses.
Competition between plasma cells over survival factors
tunes the survival transition to the vicinity of the
critical point
The observation that the system is positioned in a critical regime

ðmz0Þ presents a challenge, as arbitrary values of m, corre-

sponding to arbitrary parameterizations of the underlying regula-

tory network, would typically place the system in the mono- or
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Figure 3. Competition over survival factors results in self-tuning near the critical point

(A) The human model was parameterized with an arrival rate of l = 30$107cells year� 1 and steady-state plasma cell abundance of 109cells (see Table S1 for

simulation parameters).

(B) Immune repertoire in the model (red line) is established with a timescale of Nst

l
z3years, matching the decay of the fraction of subjects with impaired immunity

following measles infection (model estimate, black line) and the decay in the incidence of bacterial invasive disease in children under 5 years of age after the

depletion of maternal antibodies (gray line), data from Mina et al.30

(C) Dynamics of average distance from bifurcation m in the competition model. (Inset) Decay curves taking the average m at ages 20–30 years (blue), 30–40 years

(orange), 40–50 years (green).

(D) The decay of tetanus antibodies in mice, with time rescaled by a factor of 5, is similar to the decay of antibody levels in humans after vaccination. The black line

denotes tetanus-specific antibody decay in an experiment in which tetanus-specific plasmablasts were adoptively transferred to wild-type mice (data from

Figure 1 in Belnoue et al.1) The gray lines are the human vaccine decay responses.

(E and F) Stochastic simulations of plasma cell accumulation (thin red lines) and average accumulation (thick red line) comparedwith experimental data on plasma

cell accumulation in the bone marrow from Pioli and Casero32 (E) and Robinson et al.26 (F) Experimental data were normalized according to the levels at the

maximal time point (E) or the maximal time point for the young mice (F), data presented as mean ± SEM.

(legend continued on next page)

ll
OPEN ACCESSTheory

Immunity 57, 600–611, March 12, 2024 605



ll
OPEN ACCESS Theory
bistable regimes. Moreover, slight deviations from the critical

regime would result in either rapid loss of plasma cells (monosta-

ble regime), or the generation of plasma cell populations with

effectively infinite lifespan (bistable regime). This prompted us

to examine how tuning near the critical point is accomplished

robustly.

To address this, we examined another important aspect of the

system—the competition between plasma cells within the niche.

Although the existence and nature of competition between

plasma cells has been disputed,11,26,27 we considered whether

it could play a key role in determining plasma cell lifespan in the

body. Therefore, we asked whether incorporating plasma cell

competition in our model could explain the apparent fine-tuning

of the regulatory network and help consolidate conflicting exper-

imental findings on the role of competition in plasma cell survival.

To incorporate competition in our model, we considered the

interaction between plasma cells and secreted survival factors.

Motivated by experimental observations on the dynamics of

plasma cells in the bone marrow, we considered the possibility

that plasma cells modulate the local concentration of survival

factors through their reception and consumption,14,27,28 leading

to changes in the survival potential of neighboring plasma cells.

Therefore, at the population level, the concentration of survival

factors c in the niche is limited by the number of plasma cells

N present. Note that, in this model, the lifespan of plasma cells

is coupled by indirect competition, through modulation of the

niche rather than by direct displacement. The resulting dynamics

of c are given by the balance between the production of c by the

niche (at a rate p) and its uptake by plasma cells (at a rate per cell

qi for cell i), resulting in a steady-state survival factor concentra-

tion c = pP
i
qi
. We allow individual cells to have different uptake

rates for survival factors qi, corresponding to the combined ef-

fect of observed variability on migration, adhesion, and survival

factor capture.14,25,26 Following survival factor uptake, the sur-

vival factor concentration internal to cell i, denoted ci, deter-

mines mi. This concentration is proportional to qic and is thus

given at steady state by cifqi
pP
i
qi
. The survival kinetics of indi-

vidual cells then depend on the total plasma cell abundance

through the dynamics (STAR Methods):

dxi =

 
x2i + 1 � kqi

pP
jqj

!
dt + xdW

z

�
x2i + 1 � kp

N

�
dt + xdW

(Equation 3)

where the approximation considers uniform uptake, corre-

sponding to identical qi for all cells. N is the number of plasma
(G and H) The mouse model self-tunes to the vicinity of the critical point, where the

line, compared with solid gray line, data from Figure 1 in Belnoue et al.,1 mean ± S

factors (a 3-fold decrease in p). The model self-tunes slightly further away from

sponding antibody titers for APRIL-deficient hosts in the experiment of Belnoue

abundance of plasma cells for wild-type, APRIL-deficient, and heterozygous mic

type abundance, are depicted (H, thick red line) and compared with the abundanc

and normalized by the wild-type abundance (gray dots and bars, mean ± SEM, sha

to a linear fit for plasma cell abundance. For all plots, the values of m and N were

(I) WHIM syndrome occurs when an activating CXCR4 mutation leads to more

syndrome by taking a large (10-fold) increase in the arrival rate l of new plasma ce

model for wild-type mice (red), compared with mutants (blue).
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cells in the niche, and the parameter k is an (unknown) scaling

parameter, and our conclusions are independent of the choice

of k.

Equation 3 indicates a negative feedback mechanism on

plasma cell abundance and results in the self-tuning of the sys-

tem around the critical point. The reason for this is the following.

When N is low, the system is bistable, resulting in plasma cells

accumulating in the niche. Conversely, when N is high, the sys-

tem is monostable, causing plasma cell removal. Let us then

denote l as the rate at which new plasma cells arrive in the

bone marrow. This rate is determined by the expansion and dif-

ferentiation of B cells andmigration to the bonemarrow following

immune responses. At steady state, the following relationship

must be satisfied29:

T = Nstl
� 1 (Equation 4)

where T is the average lifespan of the plasma cells and Nst is the

steady-state plasma cell population.WhenNstl
� 1 is large, Equa-

tion 4 will be satisfied around the critical point. At this point,

Nstzkp (STAR Methods) and Tzkpl� 1 can be prolonged.

We evaluated whether the model could explain the dynamics

of antibody decay in humans. To do so, we parameterized the

model using independent estimates of properties of the immune

repertoire11 (Figure 3A). At steady state, there are approximately

109 bone marrow plasma cells, and there are around 106 long-

lasting bone marrow plasma cells for a given effective antigen

(e.g., tetanus).11 Therefore, we assumed that each effective im-

mune response generates around 107 bone marrow plasma

cells, as the number of long-lasting plasma cells represents

around 10% of the initial response. Furthermore, we assumed

that there are on average around 30 immune activation events

per year,11 which translates to Nst

l
= 109

30$107
z3 years. This value

is consistent with the estimated timescale for the (re-)establish-

ment of immunity, as inferred from data on disease susceptibility

in early childhood and following measles infection, which is

associated with the elimination of plasma cells30,31 (Figure 3B).

The parameterized model self-tunes to the vicinity of the crit-

ical point (Figure 3C), where its behavior is consistent with the

full range of experimental phenomenology presented in Figure 2.

Importantly, self-tuning near the critical point is not sensitive to

precise parametrization—it is only important that Nst

l
will be on

the order of a few months to years.

Self-tuning by competition captures accumulation
dynamics and survival factor sensitivity in mice
Next, we asked whether self-tuning by competition could cap-

ture the accumulation dynamics of plasma cells in mice. We
distribution of m values captures the decay of tetanus antibodies (G) (solid red

D). For APRIL-deficient mice, we assumed a 3-fold lower production of survival

the critical point, where the distribution of m captures the decay of the corre-

et al.1 (G, dashed red line, compared with dashed gray line). The steady-state

e (simulated according to the parameters in Table S2), normalized by the wild-

es of total plasma cells in the bone marrow (data from Figure 3A, Benet et al.14)

ded area corresponds to 95% confidence interval). The black line corresponds

estimated after the dynamics had stabilized.

efficient migration of plasmablasts to the bone marrow. We modeled WHIM

lls into the bone marrow. Simulations of the parameterized mouse competition
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found that the dynamics of antibody decay in mice are similar to

antibody decay in humans after the rescaling of time (Figure 3D).

This suggests that the processes underlying plasma cell decay in

humans and mice are similar (critical dynamics) but occur at

different timescales due to physiological differences between

mice and humans, such as differences in metabolic rates or dif-

ferences in the parameters of the pathways governing cell death.

In mice, the total number of bone marrow plasma cells is

approximately 106, while each effective immune response gen-

erates approximately 105 plasma cells.11 Therefore, for a similar

frequency of immune responses in mice and humans, the accu-

mulation timescale Nst

l
is predicted to be about an order of magni-

tude faster in mice. That is, plasma cells should accumulate over

a few months in mice, compared with a few years in humans.

Furthermore, since only a few immune responses are sufficient

to fill the plasma cell niche in mice, we expected to observe a

large heterogeneity in the accumulation process.

To test these predictions, we used data on the accumulation of

plasma cells in the bone marrow of mice during aging. As mouse

pups do not express bone marrow plasma cell survival factors,

plasma cell accumulation begins in early adulthood.1 Pioli et

al.32 observed that young (2–3-month-old) mice have less overall

and relative bone marrow plasma abundance compared with

middle-aged (9–10-month-old) mice, which in turn have similar

overall and relative abundance as old (17–19-month-old) mice

(Figure 3E). Thus, by middle age, plasma cell levels have pla-

teaued. In another study, Robinson et al.26 observed that very

young (6-week-old) mice have nearly an order of magnitude

fewer plasma cells compared with middle-aged (6-month-old)

mice, but that both groups have effectively identical levels after

6months of aging (that is, approximately 6months old compared

with 1 year old), suggesting that plateauingmay occur as early as

at 6 months of age (Figure 3F). Other studies show similar

trends.14,33 Young mice also show large variability in their

plasma cell abundance, with some mice having plasma cell

abundance similar to that of middle-aged mice, while others

have very few plasma cells. Together, these observations sup-

port our parameterized model, where plasma cells accumulate

by stochastic infections and plateau with a timescale of months.

A distinct prediction of themodel is that the rate of survival fac-

tor production p affects both the steady-state levels of plasma

cells, Nst, and the average lifespan of plasma cells, T, propor-

tionally. This occurs through a shift in the balance between the

bistable and monostable regimes. To test this, we applied the

model to study plasma cell dynamics in wild-type mice and

mice lacking the survival factor APRIL, as shown in Figures 3G

and 3H. We analyzed data where plasma cells generated after

tetanus immunization were adoptively transferred into mice

that were homozygous or APRIL deficient.1 The parameterized

mouse model captured the decay of antibody titers in wild-

type mice (Figure 3G). We then evaluated whether the model

could capture the decay of antibody titers in APRIL-deficient

mice. In the model, lower production of survival factors is

captured by a lower value of p for these mice and leads to a pro-

portional decrease in the steady-state plasma cell levels. Mice

deficient in APRIL appear to have around a 3-fold reduction in

plasma cell levels,14 with heterozygous mice exhibiting interme-

diate plasma cell levels, in line with the model (Figure 3H). We,

therefore, considered the effect of APRIL knockout as a 3-fold
reduction in p. This accurately captured the decay of antibody ti-

ters for APRIL� =� mice (Figure 3G).

Taken together, these experimental observations support the

proposal that plasma cell lifespan is established by a self-tuning

process based on competition over limiting survival factors. To

further challenge themodel, it will be important to quantify the ef-

fect of survival factor ‘‘upregulation.’’ Upregulation is predicted

to increase steady-state plasma cell levels, prolong antibody

response, and increase the accumulation timescale in propor-

tion to the increase in survival factor production (Figure S3).

The accumulation may be accelerated by inducing immune re-

sponses in the mice, such as by vaccination. The change in

accumulation timescale will also distinguish plateauing due to

competition from plateauing due to age-dependent changes in

immune system function or survival factor production. This con-

trasts with an uncoupledmodel, where survival factor production

should have no effect on the above, or have a binary effect,

rather than a gradual effect.

Evolution of the plasma cell pool during accumulation
The accumulation dynamics for the model are illustrated in

Figure S3. Immune responses to different antigens result in the

creation of populations of plasma cells with different physiolog-

ical properties, which affect their responses to survival factors.

This can include variation in their ability to capture survival fac-

tors, such as variation in CXCR4, or downstream variation in

resistance to apoptosis. Since variation in the former has been

experimentally demonstrated,14,25,26 we will assume that this is

the dominant variation between naturally produced plasma cells.

The model predicts how the plasma cell population evolves

during accumulation. When plasma cell levels are low and sur-

vival factors are abundant, the niche can transiently support cells

that are poor competitors (points [i] and [ii] in Figure S3). As

plasma cells accumulate and survival factors are depleted, these

cells are removed and replaced by a population with improved

competitiveness for survival factors. This proposition is experi-

mentally supported by several lines of evidence. The plasma

cells of young mice are removed with faster kinetics compared

with those of middle-aged mice.26,34 As mice age, there appears

to be an increase in the fraction of cells with cell-surface markers

associated with plasma cell longevity,26,34 and this is re-estab-

lished over months following plasma cell depletion.26 Finally,

the surface expression of CXCR4, which promotes motility to-

ward survival factors, increases in close coordination with the

abundance of bone marrow plasma cells across age groups,14

in line with the predicted accumulation dynamics.

We also predict that during the accumulation process, good

competitors can persist for longer than in steady-state condi-

tions (point [iii] in Figure S3). This is consistent with recent reports

on the persistence of antibody responses to infections in infant

vs. adult humans.35 It is also consistent with recent experiments

in mice with bone marrow chimeric for a conditional CXCR4

knockout, where, following knockout induction, mutant cells

appear to rapidly egress from the bone marrow, while wild-

type cells showed high persistence.34

The overall consistency of the experiment and theory moti-

vates us to propose the following experiments to test the model,

where cells with different levels of competitiveness (i.e., different

CXCR4 expression, improved adhesion, etc.) are induced on a
Immunity 57, 600–611, March 12, 2024 607
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background of either few or many plasma cells. The model pre-

dicts that poor competitors may persist only when the back-

ground abundance of plasma cells is low, and that when back-

ground abundance is high, only the strongest competitors can

persist. This is in contrast to an uncoupled model, where there

should be no effect of the background cellular composition.

Self-tuning by competition provides a framework to
interpret the effects of mutations and inter-individual
variation
To further challenge the model, we turned to the effects of muta-

tions associated with plasma cell function. There are several well-

known genetic variants associated with immunodeficiency syn-

dromes. In this context, we examined how the effects of notable

mutants may be interpreted through changes in the effective pa-

rameters of the model. We first considered mutants associated

with impaired production36 or sensing37 of survival factors. These

mutants are associated with antibody deficiency and impaired

survival of newplasmacells after immunization.36–39 These effects

can be integrated into the model as due to a drop in pk, which is

proportional to the sensitivity to survival factors and survival factor

production rate. This results in lower plasma cell abundance and

attenuated antibody responses.

A more nuanced effect is observed in mutants associated with

the CXCR4 receptor, which is crucial for the chemotaxis and

homing of plasma cells toward the survival niche in the bone

marrow through its interaction with the CXCL12 ligand14,40

(Figure 3I). Gain-of-function mutations in CXCR4 are associated

with a rare immunodeficiency syndrome called WHIM syn-

drome.41,42 WHIM is associated with much greater migration

and retention of immune cells in the bone marrow and a defi-

ciency in their levels in the peripheral blood.42 It is also associ-

ated with recurrent infections and impaired vaccination re-

sponses.43 Furthermore, mice expressing gain-of-function

mutations exhibit rapid decay in antigen-specific plasma cells

in the bone marrow after immunization, despite having normal

(or slightly elevated) plasma cell levels.44 They also show a large

increase in the number of immature plasmablasts in the bone

marrow. Why should a mutation that increases plasma cell

chemotaxis toward the survival niche result in impaired plasma

cell lifespan?

Our model provides a possible explanation for this effect. Im-

mune responses produce a large population of plasmablasts. A

fraction of these successfully migrate to the bone marrow where

they may become long-lived plasma cells. The rate of successful

migration determines the arrival rate of new plasma cells l. Gain

of function in CXCR4, which increases the rate ofmigration to the

bonemarrow, corresponds to a large increase in l. This choice of

modeling is further motivated by the experimental observations

that downregulation of CXCR4 appears to result in net egress

of treated cells from the bone marrow, where they possibly recir-

culate and migrate to other niches.14,34

A large increase of l shortens the steady-state lifespan (since

Tzpk=l), and thus stabilizes the system slightly closer to the

monostable regime (Figure 3I). This requires a slight increase in

the number of plasma cells in the bone marrow. In this regime,

new plasma cells are rapidly removed, resulting in impaired im-

mune memory, possibly even when the number of plasma cells

generated after immunization increases (Figure 3I). The model
608 Immunity 57, 600–611, March 12, 2024
thus predicts that increasedmigration to the bonemarrow drives

impaired immunity in WHIM syndrome due to competition over

limiting survival factors.

The model can also capture the variation between individuals

in antibody persistence through variation in effective model pa-

rameters. An increase in the arrival rate l reduces antibody re-

sponses but has little effect on steady-state plasma cell levels,

while an increase in the effective parameter pk results in an in-

crease in both steady-state plasma cell levels and slower anti-

body decay. Therefore, assuming that both parameters are

largely independent of each other, we would expect that individ-

uals with higher plasma cell abundance (and thus overall higher

antibody titers) will also exhibit slower decay of these titers. This

could provide a possible explanation for the correlation between

total antibody titers across antigens and slower antibody decay,

observed by Antia et al.,9 suggesting that pk may be variable be-

tween individuals, corresponding possibly to individual differ-

ences in survival factor signaling. If this is the case, we would

predict that decay curves for specific antigens across individuals

should also collapse when normalized by their logarithmic range

and that the more slowly decaying curves would be associated

with individuals that have overall higher antibody titers.

DISCUSSION

Although the long-term survival of plasma cells is one of the cor-

nerstones of adaptive immunity, the origin of this longevity is un-

known. Here, we provide evidence that the process that governs

plasma cell lifespan is fine-tuned to the vicinity of a critical state

and that this fine-tuning is achieved by competition for survival

factors. This property, which has not been captured by previous

models for plasma cell decay,8,12,45 provides a unifying explana-

tion for a wide range of previously unexplained experimental

phenomena.

According to the self-tuning model, the longevity of plasma

cells is an emergent property that is maintained in a steady-state

environment. Perturbations to either the abundance of plasma

cells or the availability of survival factors can alter their lifespan.

A decrease in survival factors is expected to drive the system to-

ward a monostable regime where plasma cells are rapidly elim-

inated until a new steady-state equilibrium is achieved. This is

consistent with the rapid effects of APRIL inhibitors on plasma

cell elimination in vivo,23,24 and the lower steady-state level of

plasma cell abundance in APRIL-deficient mice.14

A decrease in plasma cells, on the other hand, shifts the system

transiently to the bistable regime, resulting in a transient pro-

longed lifespan of newly created plasma cells. This may play a

role in the much larger accumulation of measles-specific plasma

cells in response to wild-type infection (which depletes pre-exist-

ing plasma cells) compared with infection with live attenuated vi-

rus,46 and can be tested in experiments in which plasma cells are

transiently depleted. Finally, re-establishment of the steady-state

immune repertoire is predicted to occur with a timescale similar to

the steady-state plasma cell lifespan, which is consistent with a

broad range of experimental observations.26,30–33

The self-tuning model differs from previous models based on

direct competition or intrinsic plasma cell lifespan. In contrast

with thedirect competitionmodel,where newplasmacells directly

displace pre-existing plasma cells, in the self-tuning model
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competition occurs indirectly through changes in the concentra-

tions of the survival factors. This can potentially explain the effects

of drugs that deplete B cells, such as CD20 inhibitors, on plasma

cell persistence. Fromamodelingperspective, thesedrugs should

decrease plasma cell input l, although additional effects, such as

off-target killing and a perturbation of the plasma cell survival

niche, may occur.26,47,48 Treatment with CD20 inhibitors often re-

sults in a drop in antibody levels, which appears to contrast with

models based on direct displacement, with strong caveats

regarding effects that are additional to altering l.48 Ourmodel pro-

videsapotential explanation for thisdrop inantibody levels, assur-

vival factors initially remain unchanged after B cell depletion, and

therefore plasma cells continue to be removed. However, over

time, we predict that a persistent drop in l would result in the sta-

bilization of the system at a lower steady state of plasma cells,

where the average lifespan of plasma cells would be extended.

In a further challenge to the direct competitionmodel, Robinson

et al. observed that an intervention that increased the survival of

new plasma cells, through persistent BCL2 signaling, did not

deplete long-lived plasma cells.26 This is consistent with the

observation that new vaccinationsdonot appear to decreaseanti-

body levels associated with established antibody memory.49 Our

model may explain these observations in that long-lived plasma

cells are restricted to the bistable regime (high qi) and are thus

less sensitive to changes in survival factor concentration. As dis-

cussed in the results section, this effect is more pronounced dur-

ing the accumulation phase, which is relevant to the experiments

of Robinson et al.26 Moreover, as mutant plasma cells had persis-

tent anti-apoptotic signaling, their survival became decoupled

from their ability to compete for survival factors, which could

impair their ability to displace pre-existing long-lived plasma cells.

A well-established feature of plasma cell decay is the sensitivity

of the decay rate to the nature of the antigen. The self-tuning

model suggests that this reflects slight variations in the effective

distance from bifurcation of the cellular populations produced in

response to features of the antigen. These variations could be ex-

plained, for example, through slight differences in the expression

level of factors such as CXCR4.14,44 Therefore, the antigen-spe-

cific parameter mL acts as a mechanism to control the size of

the memory pool and its decay rate. The immune system can uti-

lize this mechanism to optimize antibodymemory and prevent the

accumulation of irrelevant or self-reactive antibodies. Thus, the

strength of long-term protection can be modulated according to

the antigen, providing stronger long-term protection to patho-

genic antigens compared with self- or benign agents.

Themodel also provides a possiblemechanism for the reduced

efficacy of vaccinations in older individuals.50–52 With aging,

plasma cells with lower mi (which may correspond to higher qi)

accumulate and may outcompete newly formed plasma cells, re-

sulting in a reduced effective m for new vaccines. Recent studies

on aging mice support this model by showing that plasma cells

with higher CXCR4 expression accumulate with age and are

more efficient in migrating toward APRIL sources in the bone

marrow.14,34 Consequently, newly formed plasma cells are closer

to the monostable regime. The model also aligns with the decay

curves observed for different age groups.18 If this model holds

true, it suggests that the decrease in antibody persistence can

be mitigated by transiently eliminating existing long-lived

plasma cells.
The assumptions of the model are generic and can be

extended to a wide range of systems where cellular lifespan is

determined through competition over survival factors. It will be

particularly interesting to test whether the model could be

extended to other immune populations. As an example, the

abundance of memory CD8 T cells also appears to decay slowly

over decades, with a heavy-tailed distribution,53 while the cells

themselves have a very low division rate.54 Self-tuning by

competition may thus be a design principle for regulating im-

mune memory duration, with favorable properties for the estab-

lishment and tuning of the immune memory repertoire.

Limitations of the study
By its nature, our work is both phenomenological and theoretical

and cannot conclusively determine the role of specific molecular

mechanisms, but rather it can serve as a guide for experimental

testing and validation. For example, we argue that the plateauing

of plasma cell abundance is consistent with the dynamics and

timescales of the self-tuning model. We cannot, however,

conclusively rule out other explanations, including changes in

survival factor production and changes in immune function

with age. In addition, the underlying assumptions of the model

may be contended, including the existence of coupling between

plasma cells. As discussed in the manuscript, the question of

whether plasma cells compete over survival factors has been un-

der intense debate. We attempted to address these issues

throughout the study by offering differential predictions that

can be used to test and refine the model in future studies.
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METHOD DETAILS

Simulation
All simulations were performed in Python 3.8.5. Plasma cells were generated with a fixed rate l with x0=�2 and were removed from

the niche at xremoval = 0:2. The dynamics were simulated using the Euler-Maruyama procedure with a time step dt. Survival curves

were estimated by simulating 10,000 particles, with dead particles being replaced through random re-sampling. In Equation 1, the

dynamics are in arbitrary time units (denoted here ATU). The units of x, also arbitrary, are denoted by AU. To convert the simulated

time to the measured time, we used a scaling parameter s. For accumulation simulations, we set a within-clone variation

qi � N
�
qL; sq

�
and a between-clone variation of qL � N ð1; bsqÞ. To model stochasticity in plasma cell accumulation (Figures 3E

and 3F), we assumed that immune responses that generate clones of size n0 occur at a fixed rate l0, with the accumulation of cells

from an immune response occurring at a fixed rate r. For all other simulations, we set a fixed n0 = 1 and the arrival rate of immune

responses occurs at a rate l.

Minimal model for plasma cell lifespan
Here, we introduce a simple model for the regulation of plasma cell lifespan. While this model may not capture all the details of the

regulatory network of plasma cells, several aspects of the model are highly generic and capture the behavior of a wide class of
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possiblemodels. These aspects pertain to the nature of the long transient before plasma cell death, and therefore, we expect that this

model is relevant to this system.

The model is based on a simple regulatory motif that combines positive and negative feedback and that we have previously intro-

duced to study long-term epigenetic memory in C. elegans.21 The model tracks the dynamics of two variables, denoted g;h (these

may correspond, for example, to the concentrations of two transcription factors that regulate themselves via transcriptional interac-

tions). g regulates itself through cooperative positive autoregulation. It also activates h, which in turn inhibits g (this interaction pro-

vides negative feedback). The dynamics are given by the equations:

dg =

�
V

gn

kn1+g
n

k2
h+k2

� gg

�
dt +X1ðg;hÞdW1 (Equation 5)
dh =

�
J

g

k3+g
� gh

�
dt +X2ðg;hÞdW2 (Equation 6)

where V is the maximum production rate of g,J is the maximum production rate of h, g is the degradation rate, and k1; k2; k3 are the

half-maximal rates for, respectively, autocatalysis, feedback inhibition, and activation. n is a Hill coefficient that determines the co-

operativity of the autocatalysis (we shall assume n> 2). X1;X2 are noise functions (that can depend on g;h) and W1;W2 are one-

dimensional Wiener processes. t denotes time.

We will consider that cell viability depends on the concentrations of h;g such that the unviable state occurs when their levels are

low (e.g. the origin is the unviable state), while plasma cells are viable at high levels of g or h. We also consider the high g; h as the initial

conditions of the plasma cell state.

The quantitative behaviour of Equations 5 and 6 has two main regimes based on the precise parameter values - monostability,

where only the origin is a stable fixed point, and bistability, where there is a further stable fixed point at a point ðhss;gssÞ with a large

basin of attraction at large h;g. The timescale of the decay in the monostable regime depends on g, which we assume to be on the

order of a few days (this corresponds to rapid plasma cell elimination), while in the bistable regime, the viable plasma cell state is long-

lasting.

The effects of survival factors such as APRIL on plasma cell lifespan occur through their effect on the biochemical rates given in

Equations 5 and 6. For example, we can take V = hc, where c is the concentration of the survival factor. When c is low, plasma cells

die quickly, whereas when it is high, the viable state stabilizes, corresponding to experimental observations.

There is a critical concentration of c = ccrit, corresponding to the transition between themonostable and the bistable regimes. This

transition is known as a saddle-node bifurcation. The concentration of survival factors c acts as a control parameter for this bifurca-

tion. To illustrate the effects of c on the viability of plasma cell lifespan, consider a hypothetical experiment where c is steadily

increased from low to high concentrations. As c increases and approaches ccrit, the lifespan of plasma cells slowly increases due

to a phenomenon known as the ‘saddle-node ghost’. Here, even though c< ccrit, as its concentration increases, trajectories in g; h

space appear to be attracted to a (as yet non-existent) fixed point, only to proceed and decay towards to stable fixed point at the

origin. The fixed point then appears at cR ccrit. When bistability is mild, escape from this fixed point is possible due to stochastic

fluctuations given by the noise process. However, as bistability becomesmore pronounced, escape becomes unlikely, and the viable

state becomes stabilized. This increase occurs rapidly, following the super-exponential dependence log T � ðc � ccritÞ3=2 (T is the

lifespan of plasma cells).

The slowdown of dynamics and the steep dependence of T on c � ccrit mean that any case of interest where T is prolonged but not

infinite occurs around the critical concentration czccrit. From the point of view of dynamical systems theory, the dynamics around the

critical point are effectively one-dimensional on a slow manifold corresponding to the slow mode of the dynamics. The global dy-

namics of the transition from the viable to the unviable state occurs mostly through a local delay near the ghost / stable fixed point,

where the dynamics are captured by the stochastic normal form of Equation 1, in which the coordinate system is rescaled around the

critical point, with x capturing the progression along the slowmanifold. Time is also rescaled. The parameter m captures the distance

from the critical point and is given by

mzqðccrit � cÞ (Equation 7)

where q is a positive scaling parameter, x is the magnitude of the noise, andW is a one-dimensional Wiener process. Note that while

we used a specific model, the derivation of Equation 1 is generic and applies to a wide class of models that undergo a saddle-node

bifurcation.

Competition model for plasma cell lifespan
By its uptake by plasma cells, survival factor concentration c is itself a function of plasma cell abundance in the niche. Plasma cell

abundance is, in turn, determined by the balance between the arrival of newplasma cells and their removal rate, set by c. There is thus

feedback between plasma cell lifespan and c, which we will now analyze.

Our analysis considers a model in which cells uptake survival factors from their environment, reducing their availability to neigh-

boring plasma cells. Tomodel this, wemake the distinction between c, which is the concentration of survival factor in the environment
Immunity 57, 600–611.e1–e6, March 12, 2024 e2
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of the cells, and ci, which is the concentration in cell i, representing the balance between uptake and degradation in this cell. Since it is

the concentration ci that controls the regulatory network of cell i, we will revise Equation 7:

mizqðccrit � ciÞ (Equation 8)

where now ccrit refers to an internal critical concentration. The dynamics of ci are given by the rate equations:

_c = p �
X
i

qic (Equation 9)
_ci = qic � gci (Equation 10)

where p is survival factor production, qi is the consumption by cell i, and g is the degradation of c in the cell. Taking a quasi-steady-

state assumption on the survival factor concentration, we have that c = pP
i
qi
, and:

ci =
qi

g

pP
iqi

(Equation 11)

plugging these into Equation 1 yields, for cell i:

dxi =
�
x2i + mi

�
dt + xdW

=

�
x2i + q

�
ccrit � qi

g

pP
iqi

��
dt + xdW

(Equation 12)

Since x; x; t are all arbitrarily scaled variables, we can further scale away qccrit to get the dynamics given by Equation 3, with k =
1

gccrit
.

Mean field competition dynamics
Equation 3 describes a many-body system in which the dynamics of each cell depend collectively on the size of the surviving pop-

ulation and their competitiveness for survival factor uptake, given by qi. Wewill simplify it by constructingmean field dynamics, where

the uptake is assumed to be uniform. Denoting byN the number of cells in the niche, we find that kqi
pP
i
qi
zk p

N. Plugging this into Equa-

tion 3, we get:

dx =

�
x2 + 1 � kp

N

�
dt + xdW (Equation 13)

Plasma cell lifespan
In our model, the viable state is set at x � 0 and the unviable state at x[0. The lifespan of the cell T represents the time taken to

transition from viable to an unviable state. When m is small and the system is near a saddle-node bifurcation, this timescale can be

determined exactly55 and is given by:

T = 21=3p2x� 2=3
�
Ai2
h
� 22=3x� 4=3m

i
+ Bi2

h
� 22=3x� 4=3m

i�
(Equation 14)

with mz1 � kp=N (Figure S1). Equation 14 has a near step-like dependence around m = 0, where in the bistable regime ðm < 0Þ it
increases as:

Tzpjmj� 1=2e
8

3x2
jmj3=2

(Equation 15)

a result that follows from the standard Kramers approximation for the escape of a particle from a potential well. In the monostable

regime, it decreases much more slowly, as:

Tzpm� 1=2 (Equation 16)

Self-tuning near the critical regime
The dynamics given by Equations 5 and 6 can, in principle, be monostable, bistable, or critical. The steep dependence of plasma cell

lifespan on c � ccrit means that a long, but not infinite lifespan can only be achieved with highly fine-tuned parameters.

To see how a long yet finite plasma cell lifespan is achieved, we need to consider the turnover of plasma cells due to the constant

arrival of new plasma cells following infections and vaccinations.When the system is in the bistable regime, plasma cells accumulate,

leading to a reduction in c. As the system approaches the monostable regime, plasma cells start to be discarded, leading to a sta-

bilization of the systemaround the saddle-node bifurcation. In this regime, the survival factor concentration becomes close enough to

ccrit so that plasma cell lifespan becomes finite. In this regime, the dynamics of plasma cell removal become dominated by the effec-

tive dynamics of Equation 3.
e3 Immunity 57, 600–611.e1–e6, March 12, 2024



ll
OPEN ACCESSTheory
Where will the system stabilize? If new plasma cells arrive at the niche at a rate l, at steady state, the abundance of plasma cells in

the niche N is constrained by Little’s law:

T = N=l (Equation 17)

where T is the average lifespan of plasma cells. The step-like increase of T around m = 0means that for a largeN=l, Equations 14 and

17 stabilize at around m = 0, where Nzpk and Tzpk=l.

Critical survival distribution
Equation 14 characterizes the delay time of all systems near a saddle-node bifurcation. The steep dependence of T on the distance

from bifurcation means that slight cell-to-cell variation in parameters has a profound effect on the distribution of cellular lifespans. In

particular, a distribution centered around mz0 has some cells closer to themonostable regime (where they have a very short lifespan)

while other cells would be in the bistable regime and have a very long lifespan. This broad range of timescales appears as a heavy-

tailed lifespan distribution, in contrast to a lifespan distribution with a characteristic timescale.

Consider that plasma cell populations after vaccination have a distribution of survival times that is centered around the critical

point, and is denoted FðmÞ. The probability density of the corresponding lifespan distribution is given by:

PrðTÞ = FðmðTÞÞ
����dmdT

���� (Equation 18)

We will focus on the tail of PrðTÞ which is dominated by the bistable regime m< 0, where lifespan is determined by Equation 15. To

estimate the tail of the lifespan distribution, wewill consider jmj to be large enough that the prefactor jmj� 1=2 changes slowly relative to

e
8

3x2
jmj3=2

. In this case, we can set TzAeBjmj
3=2

with A a constant, corresponding to the delay near the critical point ðA = Tðm = 0ÞÞ, and

B = 8
3x2

. Then, mz �
�logT

A
B

�2=3
, and jmj increases slowly (sublogarithmically) with T. Thus:

����dmdT
���� =

2

3B2=3T

0B@ 1

log
T

A

1CA
1=3

(Equation 19)

For a critical Gaussian distribution with standard deviation s, whose probability density is given by FðmÞ = 1
s
ffiffiffiffi
2p

p e�
m2

2s2 , we find that,

for m< 0:

PrðTÞz 1

s
ffiffiffiffiffiffi
2p

p e

�

�
log

T

A

�4=3

2B

4

3s2
2

3B2=3T

0B@ 1

log
T

A

1CA
1=3

(Equation 20)

We will use Equation 20 to derive the survival distribution, given by:

SðTÞ =

Z N

t = T

PrðtÞdt = 1 �
Z T

t = 0

PrðtÞdt (Equation 21)

When the standard deviation s is very large, the lifespan probability density decays approximately as 1=T in the bistable regime,

corresponding to a nearly flat tail for the survival distribution. More generally, we have that, for a large m:

1 �
Z T

t = 0

PrðtÞdt = 1 �
�Z A

t = 0

PrðtÞdt +
Z T

t = A

PrðtÞdt
�

= 1 � 1

2
�
Z T

t = A

PrðtÞdt

z
1

2

0BB@1 � erf

0BB@log

2

3

�
T

A

�
ffiffiffi
2

p
B2=3s

1CCA
1CCA

=
1

2
erfc

0BB@log

2

3

�
T

A

�
ffiffiffi
2

p
B2=3s

1CCA

(Equation 22)
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Using the approximation erfcðxÞze� x2ffiffiffi
p

p
x
, valid for large x56:

SðTÞz1

2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2B4=3s2

p log

4

3

�
T

A

�
vuuuut e

�
log4=3

�
T

A

�
2B4=3s2 (Equation 23)

and thus:

log SðTÞz log
1

2
+
1

2
log

2B4=3s2

p log

4

3

�
T

A

� �
log4=3

�
T

A

�
2B4=3s2

(Equation 24)

The left terms increase much more slowly than the right term, so we set it as a constant:

log SðTÞzC �
log4=3

�
T

A

�
2B4=3s2

(Equation 25)

with C = log 1
2+

1
2 log

2B4=3s2

p log

4

3

�
T

A

�. From Equation 25 it is clear that the scaling parameter B4=3s2 � s2

x8=3
can be extracted from the slope

of the critical survival curve when plotted against log
4
3
�
T
A

�
.

Near-critical survival distribution
When the system is near-critical, that is, FðmÞ = 1

s
ffiffiffiffi
2p

p e�
ðm� dÞ2
2s2 (where d is the distance from the critical point), and a fraction of cells n =

1
2

�
1 � erf

�
dffiffi
2

p
s

��
are in the bistable regime, the survival curve in the bistable fraction is given by:

SðTÞze+
1

2
erfc

0BB@log

2

3

�
T

A

�
ffiffiffi
2

p
B2=3s

� dffiffiffi
2

p
s

1CCA (Equation 26)

where e is a small parameter that decreases with d. As we are specifically interested in the slope of the tail of the distribution, rather

than the intercept, we further approximated the tail as:

log SðTÞz�
log

4

3

�
T

A

�
2B4=3s2

+

dlog

2

3

�
T

A

�
B2=3s2

� log

0BB@ ffiffiffiffiffiffi
2p

p
0BB@log

2

3

�
T

A

�
B2=3s

� d

s

1CCA
1CCA� d2

2s2
= � Dy + dE

ffiffiffi
y

p � F (Equation 27)

with y = log
4
3
�
T
A

�
and D = 1

2B4=3s2
;F = log

� ffiffiffiffiffiffi
2p

p �log
2
3

�
T

A

�
B2=3s

� d
s

��
+ d2

2s2
and E = 1

B2=3s2
. Again, the factor dE

ffiffiffi
y

p � F changes slowly

relative to the rightmost terms, so we will assume that it is effectively constant. The model, therefore, predicts that survival curves

of systems placed at different offsets around the critical point will show similar slopes at different intercepts when plotted as

log4=3
�
T
A

�
vs. logSðTÞ, and that the negative inverse of this slope approximates 2B4=3s2.

Generalization to many survival factors
This work focused on the coupling of plasma cell lifespan through the consumption of local factors such as APRIL. There are likely

other factors that are important for the specification of plasma cell lifespan, including local and systemic factors.57 Each of these

factors may, by itself, act as a control parameter for the saddle-node bifurcation. The critical point in this case will be a high-dimen-

sional critical manifold. Feedback between plasma cell abundance and (some of) these factors will result in self-tuning to the vicinity

of the critical manifold. To illustrate this, consider K survival factors that determine the expression of an anti-apoptotic factor y, such

that y = a1c1 +.aKcKz
a1+.+aK

N where N is the abundance of plasma cells and a1;.;aK are proportional to the production rates of

the corresponding survival factors (of course, more complex interactions are possible). In this setting, modulation of the production of
e5 Immunity 57, 600–611.e1–e6, March 12, 2024
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each survival factor corresponds to the modulation of the aggregate ‘‘production’’ parameter Equation 3. Thus, the deletion of a sin-

gle survival factor, such as APRIL, results in self-tuning through interactions with the remaining survival factors, corresponding to a

lower effective production rate in the dynamics.

Data preprocessing and normalization
Data on antibody decay was normalized at time points where there was a change in measurement kits, with all subsequent data

normalized according to the relative difference between the kits. For long-term decay of antibody titers to specific antigens across

individuals, data curation is the same as in Amanna et al.,16 where data was curated to exclude spikes due to revaccination or infec-

tion, censoring time points for 3 years after immunization, and removing data from seronegative or unvaccinated individuals, and

those with fewer than four contiguous data points. Normalization of survival curves according to their logarithmic range was per-

formed according to log SðTÞ�min log SðTÞ
max log SðTÞ�min log SðTÞ. Since this normalization is invariant to the multiplication of SðTÞ by a constant, we can

assume without loss of generality that max log SðTÞ = 0, and thus the normalization is by a factor of 1
min log SðTÞ. The target log range

chosen was of logðantibody titersÞ = 0 at t = 0 and logðantibody titersÞ = � 1 at the last time point.
Immunity 57, 600–611.e1–e6, March 12, 2024 e6
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