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Phased fragility and stability of non-genetic B cell
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evolution of antibodies

Graphical abstract

B-cell non-genetic states are dynamically regulated,
thereby accelerating affinity maturation
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® Clonal selection theory posits that B cells make affinity-
dependent fate decisions

@ A math model reveals that stochasticity in selection can
speed affinity maturation

@ In contrast, during clonal bursts, highly heritable non-genetic
states are optimal

® This model correctly predicts emergent vaccine response
properties in mouse mutants
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In brief

Xiang et al. present a mathematical model
of Darwinian antibody affinity
maturation—validated in mouse mutant
immunization studies—to examine the
impact of variable non-genetic cell states.
They report optimal antibody maturation
with some stochasticity during affinity
selection but high non-genetic state
heritability during the clonal burst phase.
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SUMMARY

Vaccine responses depend on the Darwinian genetic evolution of B cells to generate high-affinity antibodies.
However, B cells gain non-genetic heterogeneity while searching for antigen and T helper cells, but then their
non-genetic cell states remain stable within proliferative clonal bursts. We explored the functional conse-
quence of this dynamic control of non-genetic variability by developing a mathematical model, integrating a
wealth of immunological knowledge. We discovered that variability in B cell fate decisions does not impair
but instead accelerates affinity maturation by allowing high-affinity outliers to escape plasma cell differentiation
and seed further rounds of Darwinian evolution. During clonal bursts, non-genetic cell state stability further pro-
motes their amplification. The resulting model correctly predicts emergent vaccine response properties in
mouse strains with altered B cell fate decision profiles. Our work reconciles classical B cell clonal selection the-
ory with the experimentally observed non-genetic variability, and it provides an interpretable knowledge-based

modeling framework to support personalized vaccination strategies.

INTRODUCTION

With the identification of DNA as the carrier of genetic informa-
tion that provides for the heritable traits of organisms,’ Conrad
Waddington coined the term epigenetics to refer to the set of in-
structions that act on top of genetic instructions to explain how
distinct cell types emerge despite identical genomes during
development.” These instructions are heritable within a cell line-
age but may gradually change or bifurcate during differentiation,
thereby forming the Waddington landscape.® Yet, recent studies
have revealed that the set of non-genetic instructions—con-
tained in cells’ chromatin states,* molecular regulatory net-
works,” and subcellular organization®—exhibits substantial het-
erogeneity even among genetically identical cells. Unlike genetic
mutations, which cause stable changes to the genetic instruc-
tions, non-genetic states are dynamic and may respond to envi-
ronmental cues and molecular stochastic fluctuations. For
example, following inheritance of the same non-genetic state,
sibling cancer cells rapidly diverge in their propensity to respond
to a death-inducing ligand.”

In the immune system—where cellular responses must bal-
ance robustness with precision—such non-genetic variability in-

troduces both opportunity and challenges, potentially contrib-
uting to population resilience through bet-hedging.® However,
in processes that depend on reliable cell decision-making,
non-genetic variability may be detrimental. For example, the
stimulus-response specificity of innate immune sentinel cells is
diminished by variable responses to defined stimuli.®'° Further,
in Darwinian processes that aim for the selection of genetic in-
structions that confer the greatest fitness, unreliable fate deci-
sion-making is potentially detrimental. The generation of high af-
finity antibody by B cells involves a Darwinian process of
mutation and selection as described by classical clonal selection
theory."" Thus, the discovery of heterogeneous B cell responses
to identical stimulation in vitro was notable'>'® and prompted
the development of population dynamics models that assumed
stochastic decision-making.'*'® Pedigree lineage tracing
through microscopy revealed that non-genetic cell states were
actually remarkably stable within stimulus-induced proliferative
bursts and that the observed heterogeneity was largely due to
non-genetic differences in the starting population.'® Yet, it re-
mains unknown how this dynamically regulated non-genetic
variability affects the selection and production of high-affinity an-
tibodies in vivo.
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Figure 1. A mathematical model of the Darwinian process underlying antibody generation suggests that stochastic B cell fate decisions are
detrimental to affinity gain

(A) Schematic of the mathematical model of affinity maturation incorporating stochasticity in cell fate decision-making.>*>® The model includes sequential
processes of affinity-dependent selection in the LZ and cell fate decisions in the DZ across multiple affinity maturation cycles, with mutation occurring during
proliferative bursts in the DZs. a;, represents the B cell receptor (BCR) or antibody affinity in a given B cell b, B; represents the population of B cells at any given
cycle, and ¢ represents the removal of B cells due to death.

(B) Schematic of parameterizing affinity-dependent selection in the LZ. Based on the size of the GC (right), we define the affinity threshold ay, that selects a given
number of highest-affinity B cells. This threshold varies dynamically across cycles, due to changes in both GC size and the B cell affinity distribution.**

(C) Schematic of parameterizing affinity-dependent but stochastic cell fate decisions in the DZ. (Left) Stochastic cell fate decisions are modeled using a sto-
chasticity parameter S to distribute affinity-dependent fithess scores. See also Figure S6. (Right) The resulting effective fitness scores are used to determine the
corresponding B cell fate decisions, using a generation-specific probabilistic cell fate map. Higher fitness scores correspond to more proliferation, while lower
fitness scores favor cell death, consistent with affinity-dependent clonal selection theory.'"*°

(D) Schematic of parameterizing mutation and affinity changes during proliferative bursts in the DZ. During each cell division, each daughter cell independently
mutates its B cell receptor with a probability p,, set at 0.5 based on literature.*®*> The pie chart indicates the proportion of synonymous (gray), lethal (black), and
non-synonymous (magenta) mutations.*® For the fraction of non-synonymous mutations, the histogram represents the probability of changes in B cell affinity,
where gray indicates no change, open bars indicate detrimental mutations, and shaded bars indicate affinity-enhancing mutations.*® Aas, represents the antibody
affinity change in the given B cell b during a non-synonymous mutation, with the “—” sign (open bars) on the left indicating a decrease in affinity and the “+” sign
(solid bars) on the right an increase in affinity.

(legend continued on next page)
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In the antibody response to vaccination, B cells migrate be-
tween two compartments within the lymph node’s germinal
center (GC): the light zone (LZ), where they undergo selection
by picking up antigen and identify cognate T cells to provide
pro-proliferative signals, and the dark zone (DZ), where they
proliferate over several divisions and mutate their antibody
genes before cycling back to the LZ. Over a 2-week vaccine
response time, there are estimated to be up to 40 GC cycles
of selection and proliferation/mutation.””"'® In the LZ, B
cells—primarily in the GO/G1 cell-cycle phase—encounter
numerous signals that impinge on their molecular networks'®
and may generate a highly heterogeneous set of non-genetic
states. In contrast, B cells in the DZ undergo rapid proliferation
via shortened or absent G1 phases®® and largely preserve their
non-genetic state. Indeed, upon analyzing single B cells from
the LZ and DZ in both mouse and human GCs,?"*? we found
that LZ B cells show a looser clustering in gene expression
space with more cells at greater distances from the centroid
(Figures S1A and S1B), a higher entropy indicating diversity of
cell states (Figure S1C), as well as a greater number of genes
showing heterogeneous expression above a Vvariability
threshold (Figure S1D). This increased transcriptomic variability
in LZ B cells compared with DZ B cells is consistent with an un-
derlying epigenetic cause for their observed heterogeneity in
gene expression. Thus, the GC reaction cycles between two
phases of the non-genetic cell state: fragility in the LZ and rela-
tive stability in the DZ. This provides a natural framework to
investigate how dynamical modulation of cell-intrinsic vari-
ability may shape immune outcomes.

Here, we addressed the question of how the dynamic control
of non-genetic variability of B cells impacts the vaccine anti-
body response. Rather than focusing on the molecular details,
our goal was to theoretically dissect how the stochasticity and
heritability of B cell fate decisions shapes affinity maturation. As
there are no experimental tools to manipulate non-genetic vari-
ability in defined ways, we developed a mathematical model of
the antibody maturation process in the GC by leveraging a
wealth of immunological knowledge before validating it with
experimental perturbation studies in mouse mutants. This
model encodes key aspects of classical clonal selection theory:
experimental measurements of cell numbers; GC characteris-
tics; antibody mutation rates; selection stringency; and the
heterogeneous fate decisions of cell death, proliferation, and
differentiation. By manipulating the dynamic control of the
non-genetic cell-state fragility (stochasticity) or its stability
(heritability), we discovered how the phased fragility and stabil-
ity of B cell non-genetic states do not impair but accelerate the
evolution of high-affinity B cells. Our findings offer a conceptual
framework for understanding how phased non-genetic vari-
ability modulates immune evolution, with implications for vac-
cine design and the interpretation of clonal diversity in B cell
response.
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RESULTS

A knowledge-based mathematical model of B cell
affinity maturation

To study how non-genetic heterogeneity of B cells affects the ge-
netic evolution of their antibody gene sequences that drives their
affinity maturation, we leveraged extensive prior knowledge®*™'
to construct a mathematical model of the Darwinian process of B
cell selection and clonal expansion in GCs (Figure 1A). We
parametrized the initial B cell population size based on the num-
ber of clones seeding a typical GC,*? starting with a distribution
of low antigen affinities.>® We abstracted the spatial segregation
of the GC into LZ and DZ and the B cell migration between them
into sequentially occurring processes within each zone. The
model incorporates repeated cycles of three core processes: af-
finity-dependent selection in the LZ, followed by stimulus-
dependent cell fate decisions to survive, proliferate, or differen-
tiate in the DZ, with mutation during proliferative clonal bursts.

During affinity-dependent selection, either the initial founder B
cells or their progeny re-entering subsequent cycles after a
clonal burst are positively selected based on a dynamic affinity
threshold*® (Figure 1B left). This is a result of competition for
limited T cell help®' and shifts with time,*° reflecting the carrying
capacity of the GC, which expands in size before gradually con-
tracting®* (Figure 1B right). Low-affinity B cells that fail selection
undergo apoptosis, while the surviving high-affinity B cells pro-
ceed to cell fate decisions.

In contrast to models that assign stochastic B cell fates based
on expected outcomes,?®*"*? this model assigns affinity-depen-
dent fate decisions as prescribed by classical clonal selection
theory."" For each B cell that is positively selected, a fithess score
is assigned corresponding to the rank of its affinity within the pop-
ulation, as a proxy for signaling by T follicular helper cells. Fitness
scores are then mapped onto cell fate decisions described by a
multi-generational cell fate map that conforms to classical clonal
selection theory®® and literature measurements®*** (Figure 1C
right; see STAR Methods for details and illustrations). To capture
the non-genetic heterogeneity in B cell proliferation, we intro-
duced a stochasticity parameter S that describes the degree of
decorrelation between a cell’s initial affinity-dependent fitness
score and the actual cell fate decisions made in successive gen-
erations of a proliferative burst (Figure 1C left; see STAR Methods
for details and illustrations).

To complete the Darwinian process, we modeled the generation
of genetic variants—B cells undergoing division activate somatic
hypermutation, which alters the receptor’s affinity for the antigen
based on the probability of mutation occurrence®® 8 and the prob-
ability that the mutation results in a change in affinity versus being
detrimental (cell death) or neutral (no change in affinity or fitness)>*
(Figure 1D). We ensured reproducibility in the probabilistic formu-
lations of cellular behaviors by performing sufficient Monte Carlo
simulations to achieve 95% confidence within a 1% margin of error

(E) Kernel density plots showing the distribution of affinities of all B cells re-entering the subsequent GC selection cycle, at regular intervals during affinity
maturation when cell fate stochasticity is set to zero. Note the heavy tail that contains cells driving the affinity gain through the Darwinian process.

(F and G) Line plots of (F) the median affinity and (G) the speed of affinity gain (defined as the increase in median affinity relative to the previous selection cycle) for
B cells re-entering each subsequent affinity maturation cycle, across varying degrees of cell fate stochasticity with rainbow color in linear scale. Points indicate
the median, and shaded regions indicate the 95% confidence interval across 100 simulation runs, except (G) where stochasticity parameter varied from 1% to
100% in 1% increments, and each was evaluated over 2,000 Monte Carlo simulations to ensure statistical robustness.
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of the median estimate. First simulations of the model with these
literature-derived parameters (Table 1) showed that, as expected
for a Darwinian process, antibody affinity increases over time
(Figure 1E), demonstrating the capacity to simulate affinity matura-
tion as a function of the key regulatory steps described in clonal se-
lection theory when parameterized by a wealth of published exper-
imental data. Affinity distributions were characterized by a tail of
high-affinity outliers that became more pronounced at later cycles
(Figure 1E), indicating that affinity maturation is an outlier-driven
process.

Simplest model: Stochasticity in B cell fate decisions
impairs affinity gain
Prior in vitro studies of B cell proliferation revealed a high degree
of non-genetic cell-to-cell heterogeneity in proliferative re-
sponses'®'* such that probabilistic cell fate decision models
could capture the heterogeneous population dynamics.*® With
the newly established model, we could now investigate the impact
of this probabilistic cell fate decision process (Table 2) on antibody
affinity maturation. Simulations showed that with increasing sto-
chasticity S, the gain in median affinity is dramatically reduced
(Figure 1F), as the tail of high-affinity outliers in later cycles is
diminished. Quantifying the rate of affinity gain as a function of
the stochasticity parameter confirmed this conclusion (Figure 1G).
Thus, our simplest model of Darwinian evolution predicted that
the generation of non-genetic heterogeneity in the propensity of
cell fate decision making, a fundamental hallmark of cell biology,
substantially impairs the speed of affinity maturation. However,
B cell biology in the GC reaction involves two additional fate de-
cision events to be considered: differentiation into memory B
cells and antibody-producing plasma cells.

Considering memory B cell differentiation: Stochasticity
improves clonal diversity

Low-affinity B cells give rise to memory B cells that may seed
future antigen responses, while high-affinity B cells differentiate
into antibody-secreting plasma cells.*>*” We refined the model
by incorporating differentiation into memory B cells or plasma
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cells as additional cell fate decisions (Figures 2A-2C). This allows
us to contrast the removal of GC B cells from the Darwinian
evolutionary process at either end of their affinity distribution.

While the lowest affinity B cells are eliminated by death, we
modeled the next 5% of B cells at low affinity differentiating
into memory B cells*®" (Figure 2B). We then explored how sto-
chasticity in cell fate decisions affects affinity maturation when
low-affinity variants are removed. As earlier, we found that
increasing stochasticity substantially reduces the affinity gains
of cycling GC B cells (Figures 2D and 2E) and hence memory
B cells sampled from this pool (Figure S2A). However, stochas-
ticity dramatically improves the clonal diversity of memory B
cells (Figure 2F) and their total numbers produced
(Figure S2B), although at the expense of mutational depth
(Figure S2C).

Considering plasma cell differentiation: Stochasticity
enhances affinity gain

We again revised the cell fate map based on literature measure-
ments?®#445:48 without memory differentiation but with the 5%
of B cells at the highest affinities expected to differentiate into
plasma cells (Figure 2C). We again explored how stochasticity
in cell fate decisions affects gains in the affinity of plasma cells.

Increasing the stochasticity parameter from 0% to 100% re-
vealed that the relationship between stochasticity and the affinity
maturation rate is no longer monotonic when high-affinity outliers
are removed as plasma cells (Figure 2G). Specifically, we
observed an optimal level of stochasticity (between 15% and
25%, peaking at ~16%) at which cycling GC B cells showed
the fastest affinity maturation speed (Figure 2H). We confirmed
this by analyzing the affinity distribution of plasma cells, which
displayed similar trends in maturation dynamics (Figures S2D
and S2E).

Our results indicated that similarly to memory B cells, stochas-
ticity in cell fate decisions dramatically increases the total num-
ber of plasma cells (sampled from the large pool of GC B cells),
and this effect persists even at high levels of stochasticity
(Figure S2F). Likewise, increasing stochasticity also improved

Figure 2. Considering memory and plasma cell differentiation, an optimal degree of stochasticity in B cell fate decisions emerges
(A) Schematic of modified cell fate decision module incorporating memory B cell M; and plasma cell differentiation P;."'*>> See also Figure S6.

(B) Schematic of the modified cell fate decision map, directing the 5% of B cells just above the lowest effective fithess scores (undergoing cell death) in each
generation to differentiate into memory B cells.?**®

(C) Schematic of the modified cell fate decision map, directing B cells with the top 5% of effective fitness scores in each generation to differentiate into plasma
cells.”>*® As in Figure 1C, effective fitness scores of founders and progeny in each cycle are distributed as specified by the stochasticity parameter S.

(D-F) Line plots of (D) the median affinity of cycling GC B cells re-entering the LZ for a subsequent round of selection, (E) their speed of affinity gain (defined as the
increase in median affinity relative to the previous selection cycle), and (F) the cumulative clonal diversity of memory B cells (defined as fraction of extant clones
relative to number of founder B cell clones seeding the GC at cycle 0) generated in each affinity maturation cycle, for varying degrees of cell fate stochasticity.
Points indicate the median, and shaded regions indicate the 95% confidence interval across 100 simulation runs, except (E) where the stochasticity parameter
was varied from 1% to 100% in 1% increments, and each was evaluated over 2,000 Monte Carlo simulations to ensure statistical robustness.

(G-) Line plots of (G) the median affinity of cycling GC B cells re-entering the LZ for a subsequent round of selection, (H) their speed of affinity gain (defined as the
increase in median affinity relative to the previous selection cycle), and (I) the total number of plasma cells with high affinity (defined as above 20.7 kg T or Kp 1 nM)
generated in each affinity maturation cycle, for varying degrees of cell fate stochasticity with rainbow color in linear scale. Points indicate the median, and shaded
regions indicate the 95% confidence interval across 100 simulation runs, except (H) where the stochasticity parameter was varied from 1% to 100% in 1%
increments, and each was evaluated over 2,000 Monte Carlo simulations to ensure statistical robustness. The vertical red lines in (H) indicate the region where
speed of affinity gain is highest, between 16% and 20% stochasticity.

(J) Kernel density plots showing the distribution of plasma cell affinities generated at different degrees of cell fate stochasticity with rainbow color in linear scale.
(K) Progeny plot showing the number of GC-reentering cells (blue dots) and plasma cells (yellow dots) that derive from a single progenitor whose affinity-
dependent fitness score is shown on x axis (cycle 21). The red line indicates the 5% fitness score cutoff for plasma cell differentiation.?>*® Percentages indicate
the fraction of re-entering cells (blue) and plasma cells (yellow) that are below and above this fitness score cutoff.

See also Figure S2.
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Figure 3. Phased stochasticity and heritability of B cell fate decisions enables both rapid affinity gains and high plasma cell counts
(A) Schematic showing generation-specific cell fate map (left) with reduced stochasticity S due to heritability h (right, due to heritability) for progeny in generation 1
onward of a proliferative burst as observed by live-cell microscopy.'® See also Figure S6.
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clonal diversity of plasma cells (Figures S2G and S2H) while di-
minishing their mutational depth (Figure S2I). However, plotting
plasma cell affinities revealed that only the moderate level of sto-
chasticity (16%) yields the largest proportion of high-affinity
plasma cells (Figure 2l), i.e., increases the tail of high-affinity out-
liers in the distribution of their affinities (Figure 2J). This suggests
that moderate stochasticity may optimize affinity maturation by
balancing plasma cell differentiation with progeny production
among high-affinity cells.

To further investigate how stochasticity could result in a gain in
affinity maturation, we examined the progeny of selected cells
that are either differentiating into plasma cells or re-entering
the GC for another evolutionary cycle (Figure 2K). At 0% sto-
chasticity, all highest-affinity cells differentiate into plasma cells
without any further proliferative expansion, while almost all cells
re-entering selection (99.5%) are below the high-affinity
threshold. However, at the optimal 16% stochasticity, there is
a 5% tail of high-affinity cells that complete the proliferative pro-
gram to enter another round of selection and may therefore
contribute to subsequent cycles of selection and mutation.
Also, while only 11% of all plasma cells now cross the high-affin-
ity threshold, their total numbers have been amplified by division
prior to differentiation.

In other words, stochasticity in cell fate decisions allows some
high-affinity cells to escape removal from the Darwinian process,
thereby accelerating affinity maturation gains. Yet, stochasticity
also allows lower-affinity B cells to become plasma cells,
reducing the stringency of affinity-dependent differentiation.
Thus, as stochasticity increases, its detrimental impact on affin-
ity-based selection dominates over the benefit. This results in an
optimal level of stochasticity in cell fate decisions for efficient af-
finity maturation that improves both the affinity and clonal diver-
sity of plasma cells.

Within-burst heritability of non-genetic states stabilizes
proliferative fitness

Following selection in the LZ, B cells undergo a clonal burst of
rapid, successive divisions over multiple generations in the
DZ. Live-cell microscopy of stimulus-induced B cell prolifera-
tion revealed that sibling and cousin cells make highly corre-
lated cell fate decisions, suggesting that the wide heterogene-
ity of B cell responses to selection signals (via the B cell
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receptor [BCR] and CD40) is in fact based on heterogeneous
non-genetic cell states in selected cells that are largely in-
herited by the progeny within a clonal burst.'® The stability
of these non-genetic cell states of proliferating B cells stands
in contrast to their relative instability in a cancer cell line,
where correlations between cell death decisions of siblings
are lost within hours.”

Expanding the model to account for within-burst heritability
of the non-genetic cell state, we examined how it might shape
B cell proliferation dynamics in the GC and the maturation of
antibody affinity. Specifically, we introduced a heritability
parameter that reduces stochasticity during the successive
generations within a clonal burst, allowing us to study its effects
(Figure 3A; see STAR Methods for details and illustrations). We
could thereby generate lineage trees with and without within-
burst heritability. Without heritability of the non-genetic cell
state, progeny cells made fully independent fate decisions,
generating asymmetric trees (Figure 3B top). By contrast,
high heritability (95%) led to a more cohesive symmetric lineage
structure (Figure 3B bottom), where sibling cells made highly
correlated cell fate decisions in line with experimental
observations.'®

We then explored how within-burst heritability in the model im-
pacts affinity maturation in the plasma cell population, at the pre-
viously identified optimal value of 16% stochasticity. Unlike the
stochasticity in cell fate decisions, within-burst heritability of
fate decision propensities showed a monotonic, although non-
linear, gain accelerating affinity maturation (Figure S3A). The
speed of affinity gains increased dramatically within the biologi-
cally relevant range (Figure 3C), suggesting an evolutionary
benefit for maintaining the non-genetic cell state during a clonal
burst.

Our results also indicated that high within-burst heritability
reduced the total number of plasma cells (Figure S3B), while pro-
moting higher affinity (Figure S3C), as observed in the plasma
cell affinity distribution (Figure 3D). This implies a trade-off be-
tween plasma cell production and affinity gain. To further under-
stand this, we assessed progeny counts of founder cells, distin-
guishing between those differentiating into plasma cells and
those re-entering the GC LZ. We found that high heritability
restricts the affinity threshold for plasma cell formation,
increasing the proportion of plasma cells above the high-affinity

(B) Example lineage trees across two successive selection cycles, at optimal 16% stochasticity modified by a heritability parameter of 0% (top) or 95% (bottom)
within proliferative bursts. In each generation, dead cells are indicated in black, proliferating cells in shades of blue, and plasma cells in yellow. Pink arrows show
cells re-entering the next selection cycle.

(C) Line plot of the speed of affinity gain (defined as the difference between median plasma cell affinities generated in the current and previous selection cycles),
for optimal 16% cell fate stochasticity among founder B cells but varying degrees of heritability during proliferative bursts. Points indicate the median, and shaded
regions indicate the 95% confidence interval where the stochasticity parameter was varied from 1% to 100% in 1% increments, and each was evaluated over
2,000 Monte Carlo simulations to ensure statistical robustness. The red lines indicate the rise in speed of affinity gain from 0% to 95% heritability.

(D) Kernel density plots showing distribution of plasma cell affinities generated at different degrees of heritability and optimal 16% cell fate stochasticity.

(E) Progeny plot showing the number of GC-reentering cells (blue dots) and plasma cells (yellow dots) that derive from a single progenitor whose affinity-
dependent fitness score is shown on x axis (cycle 21). The red line indicates the 5% fitness score cutoff for plasma cell differentiation.?** Numbers indicate the
fraction of re-entering cells (blue) and plasma cells (yellow) that are below and above this fitness score cutoff.

(F and G) Two-dimensional heatmap of (F) the speed of affinity gain and (G) total number of plasma cells above the high-affinity threshold of 20.7 kg T (corre-
sponding to Kp 1 nM)*® across varying degrees of both stochasticity and heritability in B cell fate decisions. (Left) Workflow for estimating the stochasticity and
heritability of B cells using experimental data of tracked single WT B cell lineages from proliferative bursts in vitro.'® (Right) Heatmap of the resulting model fitting
scores across stochasticity and heritability, with higher scores indicating better fits to the experimental data. In (F)—(H), every heatmap pixel represents the median
of 100 simulation runs (300 runs for H), and the gray boxes outline the physiologically plausible range of values for stochasticity and heritability based on
experimental observations.'®

See also Figure S3.
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threshold —from 11% high-affinity plasma cells without any her-
itability to 21% high-affinity plasma cells at 95% heritability
(Figure 3E).

Dynamic regulation of non-genetic variability optimizes
affinity maturation

We extended our analysis to examine the combined effects of
stochasticity in cell fate decisions and within-burst heritability.
We found that the greatest speed of affinity gain occurs at mod-
erate stochasticity (5%-25%) and very high heritability levels
(95%-99%; Figure S3H shows full parameter range, with
Figure 3F magnifying the region of interest), consistent with re-
sults from individual parameter analyses (Figures 2D and 3C).
As expected, at a fixed stochasticity or heritability value, varying
the other parameter confirmed previous findings. However, the
number of high-affinity plasma cells showed a different pattern,
with a sharp decline at both extremely low stochasticity and
very high heritability (Figure S3I). Moderate values for both sto-
chasticity and heritability create a broad parameter range for
increased plasma cell counts, peaking at a different optimum
with similarly moderate stochasticity (around 10%-25%) but
only intermediate values of heritability (50%-70%; Figure 3G).
This reiterates that some stochasticity is indispensable for effec-
tive affinity maturation, while heritability modulates a trade-off
between plasma cell numbers and affinities.

We then evaluated how the predicted optima for stochasticity
and heritability correspond with experimental observations by
comparing the outcomes of our simulations with our previously
published experimental observations'® (Figure 3H). We esti-
mated the stochasticity in proliferative bursts by comparing the
spread of terminal generations with those observed in dye dilu-
tion assays'®"© and heritability by assessing the cell fate lineage
symmetry to traces from single-cell live microscopy assays'® un-
der identical stimulus conditions. By iteratively comparing the
experimentally measured distributions of terminal generations
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and lineage symmetry with model simulations that independently
varied both parameters, we estimated the best-fit between sim-
ulations and experiments at moderate stochasticity between
12% and 28% and high heritability between 90% and 98%,
consistent with our previous predictions for maximizing affin-
ity gain.

We also compared the effects of stochasticity (Figures S2C-
S2F) and heritability (Figures S3D-S3G) on the clonality and
mutational depth of plasma and memory cells, as additional di-
mensions of the GC response. We found that heritability had a
modest but opposite effect to stochasticity. At higher heritability,
increased progeny within a given lineage led to more mutations,
while the number of clones selected at a given carrying capacity
is restricted.

Taken together, non-genetic heterogeneity among founder B
cells and its within-burst heritability balance the multidimen-
sional properties of speed of affinity gain, titer, clonality, and
mutational depth, defining a biological set point for the antibody
response. The congruence between predicted and experimen-
tally fitted stochasticity and heritability parameters underscores
the role of phasing the fragility and stability of the non-genetic
cell state in optimizing production and maturation of high-affinity
plasma cells, supporting an effective immune response.

Predicting and testing emergent properties of vaccine
responses in distinct mouse strains
B cell fate decision-making propensities are determined by mo-
lecular regulatory mechanisms that may differ between individ-
uals due to genetics or health status, while non-genetic vari-
ability distributes these fate decisions. We asked whether our
model incorporating the phasing of non-genetic variability could
predict vaccination response outcomes based on B cell fate de-
cision propensities.

We experimentally tested model predictions of affinity matura-
tion through perturbation studies using genetically modified mice.

Figure 4. Key B cell biological parameters in cell fate decision-making determine trade-offs in vaccine-responsive affinity maturation
outcomes

(A) Schematic of workflow to generate probabilistic cell fate maps from in vitro B cell culture for three genotypes (WT, nfkb1~/~, IkBa>%'5S) (where SS indicates an
allele present in Sjdgren’s syndrome) varying in cell fate propensities. Follicular B cells from naive mouse spleens are cultured on a stromal layer of 3T3 fibroblasts
with pro-survival B cell activating factor (BAFF) and a median (non-saturating) dose of T-dependent stimuli (CD154, interleukin [IL]-4, IL-21), to mimic the GC
microenvironment while ensuring uniform stimulation and consistency with prior studies of proliferative heterogeneity. Proportions undergoing different cell fates
within each generation are assessed at 120 h by flow cytometry.

(B) Model-predicted binding antibody titers (estimated as the cumulative plasma cell affinities) in each of the three genotypes, based on probabilistic cell fate
maps generated from the in vitro flow cytometry measurements, with 16% stochasticity and 95% heritability corresponding to both theoretical optima and
statistical fits to physiological data. Each point represents the median titer value across 100 simulation runs.

(C) Line plots of in vivo serum antibody titers measured by ELISA against NP5 in mice from each genotype immunized with NP,1-OVA. Each dot represents a
measurement from one mouse, with solid lines showing the mean and shaded regions showing the standard error across three biological replicates for each
genotype.

(D) Bar chart of predicted high-affinity antibody fractions relative to total titer, estimated as the ratio of cumulative plasma cell affinities for those above 20.7 kg T
(corresponding to Kp 1 nM)*® versus the whole population, in WT and /kBaSS'S® genotypes using measurements from days 11 to 18, with 16% stochasticity and
95% heritability corresponding to both theoretical optima and fit to physiological data. Error bars represent standard errors across 100 simulation runs for each
genotype. Differences between bars are statistically significant with p value 107%* by a Students’ t test.

(E) Measured high-affinity antibody fractions in WT and /xBa>%SS genotypes, evaluated as the ratio of antibody binding to NP5 (stringent, high-affinity titer) versus
NP5 (total titer). Error bars show standard errors across three biological replicates per genotype. Differences between bars are statistically significant with p value
0.037 by a Students’ t test.

(F and G) Simulations of alternative parameter combinations of (F) 0% stochasticity corresponding to the deterministic clonal selection theory and (G) 16%
stochasticity and 0% heritability corresponding to the Cyton model. Each point represents the median titer value across 100 simulation runs.

(H and ) Heatmaps of the (H) titer and (1) high-affinity plasma cell fraction across the full range of stochasticity and heritability parameters in 1% increments for
both WT and /xBa>%/S® mutants, using the corresponding experimentally derived cell fate maps. Each parameter combination was evaluated over 2,000 Monte
Carlo simulations to ensure statistical robustness.

See also Figure S4.
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In response to stimulation in the GC by antigen and T follicular
helper cells, the nuclear factor kB (NF-xB) signaling network is
the key regulatory network that drives B cell fate determination.
Hence, we specifically chose nfkb1~/~%5°2 and kBa>>"55° (where
SS denotes a model for Sjogren’s syndrome) mouse strains as
they alter the regulatory dynamics of the NF-xB signaling
pathway. While the nfkb7~/~ mice were previously reported to
have substantially impaired antibody responses,*®°? the IkBa>%
SS mutant has not yet been evaluated in this regard. We undertook
in vitro dye dilution studies to measure cell fate decision propor-
tions (death, division, plasma cell differentiation) across each gen-
eration of a proliferative burst (Figure 4A) and used these mea-
surements to construct probabilistic cell fate maps for wild-type
(WT), nfkb1~'~, and IxBa®%'5S mice (Table 3, Figures S4A-S4D).
Our measurements showed that compared with WT, nfkb1~/~
mice have increased cell death but reduced plasma cell differen-
tiation, whereas /kBa>%'>® mice show increases in both.

Model simulations using these measured cell fate maps,
together with the physiologically relevant stochasticity and heri-
tability parameter values (S = 16% and h = 95%, corresponding
to the predicted theoretical optimum for S in Figure 2H and point
of increase for h in Figure 3C and congruent with the experi-
mental data fitted in Figure 3H), predicted higher total
antibody titer for IkBa>%SS mice and lower total antibody titer
for nfkb1~’~ mice, compared with WT (Figure 4B), consistent
with their respectively higher or lower plasma cell differentiation
rates (Figure S4D). We confirmed these predictions by
comparing them against in vivo serum antibody titers in mice
immunized with the model antigen 4-hydroxy-3-nitrophenylace-
tyl conjugated to chicken ovalbumin (NP,4-OVA), measured by
using ELISA against NP5 to capture total NP-specific antibody
(Figure 4C). The level of antibody produced by nfkb1~'~ mice
was too low to be reliably assessed and was thus not considered
when analyzing affinities. Our simulations also predicted an un-
expected decline in affinity maturation efficiency in /kBa%'SS
mice (Figure 4D). We confirmed this experimentally through
diminished ratio of high-affinity (NPs-binding) to total (NP»5-bind-
ing) antibodies in ELISA-based affinity ratio measurements
(Figure 4E). On the other hand, simulations using measured
cell fate maps but lacking either stochasticity (Figure 4F; S =
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0 corresponding to deterministic clonal selection theory) or her-
itability (Figure 4G; S = 16%, h = 0 corresponding to the Cyton
model) were unable to reproduce the in vivo observations.

To understand how the stochasticity and heritability of B cell
fate decisions specify the relationship between in vitro B cell
fate maps (Figure S4D) and the resulting in vivo titer and affinity
of antibody output for each mutant strain, we systematically var-
ied the S and h parameters and generated heatmaps for the
speed of affinity maturation (Figure S4E), total antibody titer
(Figure 4H), and high-affinity plasma cell fraction (Figure 4l).
Consistent with our previous theoretical results, we found that
some non-zero optimal stochasticity and increased heritability
promote both the titer and speed of affinity maturation, and
consequently the composite outcome of high-affinity plasma
cell fraction, for all strains. Similarly, in each strain, we again
found two distinct optima for titer and speed, which together
determine the range where high-affinity plasma cell fraction is
increased. The greater difference between the two optima in
WT mice, where moderate S with high h accelerates affinity in-
crease (Figure S4E top) but a greater S and lower h improve titer
(Figure 4H left), results in a broader parameter range promoting
high-affinity plasma cell formation (Figure 4l left). However, the
increased differentiation rate in /kBa®%’5S mice (Figure S4D bot-
tom) renders affinity maturation more sensitive to cell fate vari-
ability either preceding or during the proliferative burst, with a
more stringent regime producing high-affinity plasma cells
(Figure 4l right). While increased plasma differentiation in
IkBa>S"S® mice intuitively results in high titers, their affinity matu-
ration is generally slower due to removal of more high-affinity
outliers, together diminishing the production of high-affinity
plasma cells relative to WT at the physiologically relevant values
of S =16% and h = 95% (Figure 4E).

These results predict emergent properties of affinity matura-
tion in vivo, parametrized only on the underlying distribution of
B cell fate decisions measured in vitro. While the in vitro cell
fate maps determine the potential range of cell fate outcomes
for the B cell population within any evolutionary cycle, the sto-
chasticity and heritability parameters specify the precise distri-
bution of these cell fates, determining the evolutionary dynamics
that produce emergent properties of the resulting antibodies.

Figure 5. Parameter sensitivity analysis predicts non-monotonic relationships between regulatory parameters within the GC and antibody

response outcomes

(A-C) Line graphs showing how the speed of affinity gain (defined as the difference between median plasma cell affinities generated in the current and previous
selection cycles) varies, with key cell biological parameters representing the rates of (A) cell death rate, (B) plasma cell differentiation rate, and (C) receptor

mutation rate.

(D) Heatmap of the speed of affinity gain across the same differentiation-mutation parameter space.
E and F) Heatmaps showing the total number of plasma cells generated above the high-affinity threshold (20.7 kg T corresponding to Kp 1 nM),** during the

G) Schematic of simulations under the end-of-burst mutation model after each clonal burst.

(
(E) early or the (F) later phase of the GC response, as a function of the plasma cell differentiation rate and mutation rate.
(
(

H and I) Line graphs showing (H) the speed of affinity gain and (1) the total number of high-affinity plasma cells under the end-of-burst mutation model. Points
indicate the median across simulation runs, and shaded regions indicate the 95% confidence interval. Each parameter was varied in 1% increments, and each
point represents the median of 2,000 Monte Carlo simulations.

(J) Speed of affinity gain of plasma cells at each cycle of affinity maturation across varying degrees of stochasticity in cell fate decisions, tested under three
alternative assumptions about the distribution of BCR affinity changes (illustrated in red boxes above each plot). Left: narrow distribution; middle: broad dis-
tribution; right: uniform distribution. In all cases, the proportion of beneficial (affinity-enhancing) mutations is held constant, with affinity-enhancing mutations
shaded, deleterious mutations shown as open bars, and neutral mutations in gray.

(K) Schematic of simulations across the stringency parameter K during selection that relaxes the hard threshold of the step function to a sigmoidal function.
(L and M) Heatmaps of (L) speed of affinity maturation and (M) total high-affinity plasma cell output across the space of selection stringency K and stochasticity
parameter S. For all heatmaps, each parameter combination was evaluated using 2,000 Monte Carlo simulations to ensure statistical robustness.

See also Figure S5.
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Table 1. List of all symbols and parameters used in the model equations

Symbol Description Value Unit Source
t evolutionary cycle 1-40 - based on Janeway et al.'®
B population of B cells - - -
P population of differentiated plasma cells - - -
b individual B cell - - -
|B| population size at each cycle - - estimated for each cycle from Wittenbrink
et al.®®
|Blg population size of founder B cells 50 - estimated from Tas et al.””
at model initialization
A distribution of B cell affinities - - -
ap affinity of a B cell b - ksT -
7 mean affinity of founder B cells 1.4 ksT derived from estimated value of
Kg =10 pM*°
oo standard deviation of affinity 0.33 ksT assuming 99% of initial affinity distribution
among founder B cells lies in the range of thermal fluctuation
around ag
arn affinity threshold for selection - ksT estimated for each cycle from |Bl,,, (t)
F(a) affinity-dependent fitness score of a [0, 1] - -
cell b with affinity a
Fp redistributed fitness score of the cell b [0, 1] - -
G generation during clonal burst [1, 8] - based on Gitlin et al.*”
(G) average generation during clonal burst 3 - based on Gitlin et al.*”
p Pearson correlation coefficient [0, 1] - -
PaGi probability of terminating a clonal burst - - -
at it" generation
S stochasticity in cell fate decision [0, 1] - -
os standard deviation in truncated normal - - estimated from S
function for distributing fitness score
h non-genetic heritability in progeny [0, 1] - -
Aa affinity change upon mutation - ksT -
Pm probability of mutation in each division 0.5 - derived from Kleinstein et al.,** and
(Bernoulli trial) Kovaltsuk et al.**
Thus, incorporating the dynamic regulation of non-genetic vari- time limitations, thereby enabling the comprehensive

ability is necessary to establish this robust alignment between
knowledge-based mechanistic model predictions and experi-
mental outcomes.

Computational acceleration for large-scale parameter
sensitivity analysis

Building on the qualitative and quantitative agreement between
our model predictions and experimental measurements, we
next sought to systematically explore how individual mecha-
nistic parameters shape emergent affinity maturation out-
comes. This required a substantial expansion of the simulation
space, both in the number of varied parameters and the in-
depth Monte Carlo sampling needed to overcome the inherent
probabilistic variation in clonal expansion and mutation. To
enable this, we implemented an optimized simulation engine
to yield a ~200x increase in computational throughput. This
improvement allowed us to perform millions of independent
simulations across densely sampled parameter grids,
providing statistically stable estimates. The enhanced compu-
tational efficiency also allowed us to probe regions of param-
eter space that were previously inaccessible because of run-

12 Cell Systems 17, 101590, June 17, 2026

sensitivity analysis presented below.

Affinity maturation as a function of B cell regulatory
mechanisms

When underlying mechanisms are well captured, the strength of
amechanistic model lies in both its predictive power as well as its
interpretability. To explain the observed relationships between B
cell fate decisions and vaccine response outcomes, we used the
model to explore how the relevant regulatory mechanisms
impact affinity maturation. We looked at the cell death rate that
removes low-affinity variants and plasma cell differentiation
rate that removes high-affinity variants to produce plasma cells,
which varied between our mutant strains. We further studied the
effect of the mutation rate that controls the frequency at which
these variants are generated.

We found that death rate alone has little impact on affinity gain
(Figure 5A), plasma cell numbers, and affinities (Figures S5A and
S5B). We attribute this to the exponential growth of high-affinity
B cells over eight generations in a single GC cycle, rendering the
system insensitive to the fate of lower-affinity cells. Extending
this argument to memory B cells, which differentiate from lower
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Table 2. Summary statistics for fitting stochasticity and
heritability parameters

Parameter Measurement Value

Stochasticity lineages terminating at division 0 34
lineages terminating at division 1 29
lineages terminating at division 2 27
lineages terminating at division 3 89
lineages terminating at division 4 66
lineages terminating at division 5 108
lineages terminating at division 6 8
lineages terminating at division 7 1
lineages terminating at division 8 1

Heritability lineage sibling mismatch rate 0.09

affinity cells, we find that affinity gain and plasma cell numbers
are unaffected. However, increasing this rate has clear benefits
in improving clonal diversity of memory B cells (Figure S5C).

At the other end of the affinity range, increased plasma cell dif-
ferentiation rates reduced speed of affinity gain (Figure 5B), as
this removes high-affinity B cells from the Darwinian process.
However, this also increases the number of effector plasma cells
(Figure S5D). The balance results in a trade-off between titer and
affinity as a function of differentiation rate, with optimal produc-
tion of high-affinity plasma cells at moderate rates between 3%
and 8% (Figure S5E). This explains why increased plasma cell
differentiation produces a higher titer but lower affinity of anti-
bodies in [kBa>%"SS mice compared with WT. Low-affinity B cells
and thus memory B cell clonality remain unaffected (Figure S5F).

We further found that the mutation rate also showed an opti-
mum between 0.3 and 0.5 mutations per daughter cell
(Figure 5C). While a higher mutation rate generates more high-af-
finity variants, it also increases the risk of mutating away before
they have had time to divide, and it produces more lethal muta-
tions that reduce the number of progeny re-entering selection.
Thus, optimal numbers of high-affinity plasma cells are gener-
ated when these processes are balanced at ~0.3 mutations
per daughter cell (Figures S5G and S5H). The bias toward gener-
ating low-affinity variants also monotonically increases memory
B cell clonality (Figure S5I).

We examined the combined effects of plasma cell differentia-
tion and mutation rates on the speed of early (GC cycle 20) and
late (GC cycle 40) high-affinity plasma cell counts (Figures 5D
and 5E), as well as affinity gain (Figure 5F). Optimal conditions
for high-affinity antibody production were stringent early on,
peaking at 0.3 mutations per daughter cell and 2% plasma differ-
entiation. However, after affinity maturation is established, more
forgiving conditions allowed optimality across 0.1-0.4 mutations
per daughter cell and 3%-12% differentiation rates. In contrast,
total titer varied monotonically, similarly to when parameters
were individually varied (Figures S5J and S5K). The speed of af-
finity gain landscape (Figure 5F) recapitulates the trends from
one-dimensional parameter sweeps (Figures 5B and 5C) but
now resolved across the full two-parameter space. These multi-
dimensional results highlight that efficient affinity maturation re-
quires a coordinated balance between sustaining GC residence,
generating diversity, and avoiding mutational overload.
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To evaluate whether our conclusions depended on the assump-
tion that mutations occur continuously throughout a proliferative
burst, we implemented an alternative “end-of-burst” mutation
model in which daughter cells acquire mutations only after their
final division event (Figure 5G). Despite this substantial change
in underlying mechanistic assumptions, the qualitative behavior
of the system remained unchanged. The speed of affinity gain
(Figure 5H) exhibited the same characteristic peaked dependence
on stochasticity observed earlier. Likewise, total high-affinity
plasma cell output (Figure 5I) followed a parallel trend, showing
the same non-monotonic dependence on stochasticity and pre-
serving the relative ordering of outcomes. These results suggest
that modifying the timing of mutation introduces only marginal ef-
fects on overall GC performance. Instead, the dominant factors
shaping affinity maturation outcomes remain the degree of sto-
chasticity and heritability in cell fate decisions.

To test whether our finding of an optimum stochasticity around
16% is sensitive to assumptions about the underlying distribu-
tion of antibody affinity changes upon mutation, we repeated
the analysis using three alternative distributions with varied
shapes but a fixed proportion of beneficial mutations
(Figure 5J). Across all tested distributions, we consistently
observed the same optimal range of stochasticity that maxi-
mized the speed of affinity gain. This supports the robustness
of our conclusion that moderate stochasticity improves the effi-
ciency of affinity maturation, independent of the exact shape of
the affinity change distribution.

Finally, we relaxed the model’s strict Darwinian selection
assumption by replacing the hard affinity threshold, modeled
as a step function, with imperfect selection where some low-af-
finity cells may escape death while high-affinity cells are elimi-
nated, modeled as a sigmoidal function. This allowed us to sys-
tematically vary the stringency parameter (K) from 1 (perfectly
affinity-dependent selection) to 0 (no affinity dependence)
(Figure 5K). Under this softened selection regime, both the speed
of affinity maturation (Figure 5L) and the total number of high-af-
finity plasma cells produced (Figure 5M) declined sharply as
stringency decreased. Even modest relaxation of the threshold
allowed lower-affinity clones—previously excluded from sur-
vival—to persist and proliferate, diluting the selective advantage
of high-affinity variants. As a result, the efficiency of both affinity
gain and high-affinity plasma cell output deteriorated markedly.
These findings highlight that robust affinity maturation requires
not only appropriate intracellular stochasticity and heritability
(Figures 4 and 5) but also sufficiently stringent selection pressure
to ensure that the fittest B cells disproportionately contribute to
subsequent generations.

Overall, our findings from parameter sensitivity analyses pro-
vide intuition for the previously observed experimental out-
comes for vaccine response differences between mouse
strains and further predict that mutation and differentiation
rates play important but non-monotonic roles in shaping affinity
maturation dynamics through their impacts on high-affinity out-
liers. Further, the optimal rates for cell fate regulatory pro-
cesses predicted by our model showed striking congruence
with physiological estimates of ~0.5 mutations per cell®*®*”
and 5% differentiation,”>*® highlighting the reliability of the
model as well as the fine-tuning of the GC for an effective
plasma cell response.
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Table 3. Table of cell fate decision threshold values quantified
for different theoretical and experimentally derived cell
fate maps

Parameter Without PCs With PCs WT nfkb1~~  1kBaSS/SS
Txo 0.0500 0.0500  0.1033 0.2550 0.0314
Tx1 0.0959 0.2907  0.0983
Txo 0.1320 0.3001  0.3081
Txs 0.1840 0.3351  0.5526
Txs 0.2459 0.3978  0.6557
Txs 0.3193 0.4589  0.6323
Txs 0.3971 0.5140 0.5783
Tx7 0.4657 0.5190  0.5392
Txs 0.6588 0.5947  0.7172
Tho 0.0500 0.0500  0.1546 0.2883  0.0644
Th 0.1500 0.1400  0.2052 0.3689 0.1715
Tho 0.5500 0.5300  0.3687 0.4260  0.3899
Ths 0.8800 0.8600  0.5304 0.5335 0.6178
TRa 0.9600 0.9200  0.6247 0.6458  0.7329
Ths 0.9920 0.9380 0.6782 0.7154  0.7546
The 0.9990 0.9460  0.7139 0.7577  0.7416
Thz 0.9998 0.9495  0.7578 0.8086  0.7137
Ths 1.0000 0.9500  0.9613 0.9952  0.8889
Tro = 0.9500 0.9674 0.9861  0.9902
Tpy 0.9443 0.9703  0.9854
Tro 0.9615 0.9775 0.9756
Trs 0.9762 0.9886  0.9583
Tha 0.9758 0.9954  0.9363
Tps 0.9680 0.9961  0.9034
Trs 0.9566 0.9974  0.8747
Tpr 0.9505 0.9955  0.8576
Trs 0.9613 0.9952  0.8889
DISCUSSION

Here, we report that the regulated fragility and stability of the
non-genetic state of B cells have a critical role in determining
the efficiency of generating high-affinity antibodies. Previous
studies indicated that B cell non-genetic states are rendered
fragile during stochastic sampling of selection signals in the
LZ,"® while they are stably maintained during rapid proliferative
bursts in the DZ.'® Scrambling the non-genetic state in the LZ al-
lows some of the highest-affinity B cell clones to escape differen-
tiation into plasma cells, fueling further rounds of affinity matura-
tion. Conversely, the stable non-genetic cell state during
proliferative bursts ensures maximum expansion of these high-
affinity clones. Our insights clarify a key conflict in the litera-
ture—whether the seemingly stochastic B cell fate decision mak-
ing'®"® undermines the effectiveness of Darwinian genetic
selection as described by classical clonal selection theory.""
Non-genetic variability in a population confers known evolu-
tionary benefits® when leveraged for bet-hedging by diverse or-
ganisms including viruses,®*°® bacteria,®’"*® yeast,”® and
mammalian tumor cells.”® Heritability of non-genetic states
was also shown to advantage genetic alleles in fluctuating envi-
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ronments,®’"®? while a lack of heritability can generate asym-

metric cell fates during development.®** In contrast, antibody
affinity maturation is a developmental process involving selec-
tion of genetic variants for high affinity, but where affinity-defined
fitness is not monotonic with the selected trait, as the highest-af-
finity cells terminate proliferation to become immune effector
plasma cells.®® These features define a unique role for non-ge-
netic variability: to balance the need for effector formation while
ensuring rapid affinity maturation, the GC reaction employs two
alternating phases of non-genetic variability (fragility) and non-
genetic heritability (stability). Further, the generation and
maintenance of genetic and non-genetic variation is notably in
anti-phase, as activation-induced cytidine deaminase (AID)-
mediated mutation co-occurs with the proliferative burst in the
DZ, while the non-genetic state is relatively stable, but not in
the LZ during selection when the non-genetic state is affected
by stochastic encounters with numerous cells and stimuli. This
phase-structured coordination of genetic and non-genetic varia-
tion enables the GC to simultaneously optimize multiple, poten-
tially competing, properties of the antibody response.

Our work also underscores the importance of genetic and non-
genetic outliers rather than the average B cell in driving affinity
maturation. Outlier cells and rare events dominate diverse im-
mune processes from antiviral gene expression during infec-
tion®® to selection within the GC itself®’°%; hence, a predictive
understanding must identify functionally relevant outliers and
distinguish them from noise. This may challenge data-driven sta-
tistical inference methods that converge on a mean or dominant
signal,”®”" but it highlights a role for mechanistic models that can
track relevant outliers. The present model formulation accounts
for outliers along the singular dimension of fitness score
combining affinity and non-genetic cell state. Future refinements
could extend this framework to account for distinct molecular
modules controlling survival, proliferation, and differentiation
propensities—whose outlier distributions can interact in com-
plex ways to shape affinity maturation.

The mechanistic model presented here reveals non-mono-
tonic relationships between molecular regulatory parameters
and affinity maturation, identifying optimal values that maximize
antibody affinity gain or plasma cell production. These predicted
optima align with physiological measurements in the literature
(Figure 3H?°5°748) "indicating that the process is finely tuned
to maximize affinity gain, despite a wide parameter range where
it remains robust but less efficient. Further, trade-offs are
apparent among multiple aspects of the response, as improve-
ments in speed come at the cost of plasma cell generation,
and likewise between clonality and mutational depth. This sug-
gests that a Pareto front is balancing the various properties of
a vaccine response and that interventions for improvement
should be targeting the goldilocks zone.

Although we formulated the mathematical model to gain
fundamental insight into how non-genetic heterogeneity affects
evolution of genetic antibody variants, our work suggests that
the model also has forward predictive power, generating anti-
body response outcomes under molecular regulatory perturba-
tions or for individuals with different genetic or health statuses.
The mechanisms encoded in this knowledge-based model
constrain its outputs and hence require far less training data
for accurate prediction than purely data-driven models, with
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the potential to extend these predictions beyond the training
data. Notably, its interpretability allows identification of molecu-
lar targets for pharmacological perturbation and clinical transla-
tion. We suggest that clinical big data refinements of the mech-
anistic model may enable prediction of how small-molecule
modifiers of signaling pathways can be used as adjuvants or
co-treatments to improve outcomes in poorly responding patient
cohorts to advance personalized vaccine administration.

Our findings are based on a mathematical model that incorpo-
rates a wealth of prior research in its underlying assumptions,
structure, and parameter selection. The model’s reliability is
strengthened by sensitivity analyses, which revealed relation-
ships aligned with expectation, measured rates of regulatory pa-
rameters, and perturbation studies using mutants to alter the
regulatory network controlling B cell fate decisions. We specif-
ically addressed variability in B cell fate decision-making in
response to identical signals by abstracting the biological com-
plexities of other GC processes. While other models have de-
picted stochastic interactions with antigen-presenting follicular
dendritic cells and T follicular helper cells during B cell selec-
tion,>>"? we reduced these to a dynamic affinity threshold
consistent with current paradigms.’® We also assumed perfect
affinity-dependent selection to isolate the effect of cell fate vari-
ability, justified by the sequential and largely independent nature
of the two processes. We disregarded epitope-specificity of B
cell clones analogous to Brainbow-labeling studies of GC clonal
dominance,® as well as mutation biases to assume uniform
exploration of genetic variants. These strategic abstractions
enabled us to focus on the fundamental question of how B cell
non-genetic variability impacts affinity maturation.

While we found qualitative agreement between our model pre-
dictions and experimental observations of high-affinity antibody
production in mouse strains with cell fate alterations, there was a
quantitative discrepancy, with a drop of 13% in high-affinity anti-
body titer between WT and IkBa®%'S® predicted by the model but
a more extreme effect of 40%, measured through serum ELISA.
There are numerous potential reasons, such as (1) the definition
of high-affinity antibody in simulations (total plasma cell counts
with dissociation constant[Kp]>1nM) versus experiments
(serum antibody fraction bound by NP5 versus NP5 in ELISAS),
(2) larger error estimates in experimental data compared with
simulations, (3) the reliability of the in vitro experiments in deter-
mining cell fate decision maps that are relevant to in vivo condi-
tions, (4) alterations in non-B cell processes relevant to the GC
reaction, or (5) the reliability of the mathematical model itself.
Nevertheless, the prediction of non-intuitive trends in emergent
properties of the response, solely using in vitro measurements
that were not used to train the model, highlights the promise of
mechanistic modeling in enabling predictions across biological
scales and human variations in the vaccine response.
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STARxMETHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Rat monoclonal anti-human/ Biolegend 103212; RRID: AB_312997
mouse B220-APC

Rat monoclonal anti-mouse Biolegend 142504; RRID: AB_10916119
CD138-PE (Clone 281-2)

Recombinant mouse monoclonal Abcam ab206535

anti-NP [B1-8] standard 1mg/mL

Goat anti-mouse polyclonal IgG-biotin Abcam ab6788; RRID: AB_954885
Chemicals, peptides, and recombinant proteins

RPMI Gibco 11875-093

CpG (ODN1668) Invivogen tIr-1668-1

CD154 (CD40 ligand) Biolegend 797406

Murine recombinant BAFF/BlyS/TNFSF13B R&D Systems 2106-BF-010

Murine recombinant IL-4 PeproTech 214-14

Murine recombinant IL-21 PeproTech 210-21

NP,:-OVA Biosearch Technologies N-5051-10

NP5¢.29-CGG Santa Cruz Biotechnologies sc-396209

NP;.o-CGG Santa Cruz Biotechnologies sc-396187

Alhydrogel Invivogen vac-alu-250

Critical commercial assays

CellTrace™ Far Red Proliferation Kit ThermoFisher Scientific C34564

Streptavidin-HRP R&D Systems DY998

TMB color reagent for ELISA R&D Systems DY999B

Deposited Data

ELISA This Study Zenodo: 10.5281/zenodo.18778833
FLOW This Study Zenodo: 10.5281/zenodo.18778833
Experimental models: Cell lines

NIH 3T3 cells ATCC CRL-1658

Experimental models: Organisms/strains

Mouse: C57BL/6
Mouse: C57BL/6: nfkb1~/~
Mouse: C57BL/6: [kBa>%/SS

The Jackson Laboratory
The Jackson Laboratory
The Jackson Laboratory

JAX: 000664; RRID: IMSR_JAX:000664
JAX: 006097; RRID: IMSR_JAX:006097
RRID: IMSR_JAX:037800

Software and algorithms

FlowJO V10.4.2
Python v3.7.164-bit base: Conda
Original simulation and analysis code

High-performance simulation code

FlowJO LLC
Anaconda v3.0
This Study

This Study

N/A

N/A

Zenodo: 10.5281/zenodo.18778833;
GitHub: https://github.com/
signalingsystemslab/GC_evolution_model
Zenodo: 10.5281/zenodo.18807521;
Github: https://github.com/
signalingsystemslab/gc-model
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Mice

Mice were maintained in environmental control facilities at the University of California, Los Angeles. Biological replicates were typi-
cally neither age- nor sex-matched, were not littermates, and often not co-housed, in order to determine whether differences be-
tween genotypes were indeed greater than differences between individuals within the same genotype. All mice used in experiments
were 8-20 weeks old. The wild-type, nfkb1~/~*%°2 and IkBa>>/S%1%°® mice were all on the C57BL/6 genetic background. Animal work
was performed according to University of California, Los Angeles regulations under approved protocols.

Media and buffer compositions

B cell media

RPMI 1650 (Gibco) supplemented with 100 IU Penicillin, 100 pg/ml Streptomycin, 5 mM L-glutamine, 20 mM HEPES buffer, 1mM
MEM non-essential amino acids, 1 mM sodium pyruvate, 10% fetal bovine serum (FBS), and 55 uM 2-Mercaptoethanol.
MACS buffer

Phosphate buffered saline (pH 7.4), 2% FBS, 100 IU Penicillin, 100 pg/ml Streptomycin.

ELISA coating buffer

Phosphate buffered saline (pH 7.4).

ELISA sample dilution buffer

Phosphate buffered saline (pH 7.4), 0.1% bovine serum albumin (BSA), 0.025% Tween-20.

ELISA blocking buffer

Phosphate buffered saline (pH 7.4), 1% BSA.

ELISA wash buffer

Phosphate buffered saline (pH 7.4), 0.1% BSA, 0.5% Tween-20.

B cell isolation

Spleens were harvested from 8 to 20-week-old male and female C57BL/6 wild type, nfkb1~'~, and IkBa mice. For negative se-
lection of B cells, homogenized splenocytes were incubated with anti-CD43 magnetic beads for 15 min at 4-8 °C, washed with MACS
buffer and passed through an LS column (Miltenyi Biotech). The purity of B cells was assessed at >98% based on B220 staining as
described previously.'® Follicular B cells were then further purified from the enriched B cell population by positive selection, by la-
beling with anti-CD23 microbeads (Miltenyi Biotech) for 15 min at 4-8°C, followed by washing with MACS buffer and elution from
an LS column. The purity of follicular B cells was assessed at >99% using B220* CD21™¢ CD23" staining, distinguished from mar-
ginal zone (B220* CD21" CD23") B cells by flow cytometry.

SS/SS

B cell in vitro culture

We developed a B cell co-culture system to mimic germinal center follicles as closely as possible, based on prior work,”® while still
retaining control over the quantity of various stimuli available to each B cell. Briefly, NIH 3T3 fibroblasts were used to mimic the pres-
ence of stromal cells providing mechanical cues to B cells, plated at a starting density of 10,000 per well in the 48-well plate and
allowed to adhere for ~8 hours prior to seeding follicular B cells. Pure follicular B cells were seeded at a density of 100,000 starting
cells per well in a 48-well plate and cultured for 6 days in fresh RPMI-based media at 37 °C and 5% CO.. Cells were stimulated with
50 ng/mL BAFF in solution to maintain survival. T-dependent stimuli were mimicked by adding 100 ng/mL CD154 (CD40 ligand) as a
soluble peptide fragment, along with the cytokines 2 ng/mL IL-4 to promote proliferation and 1 ng/mL IL-21 to promote plasma dif-
ferentiation. We determined these by first evaluating a range of doses for each stimulus to identify their lower non-responding and
upper saturating doses, choosing their geometric mean as the representative dose in culture. B cells were harvested at 120 hours to
quantify proportions of various cell fates by flow cytometry.

Measurement of generation-specific B-cell fate decisions by flow cytometry

Immediately following isolation and prior to culture, WT, nfkb1~~ and IkBa®5"SS B cells were stained with Cell Trace Far Red (CTFR)
using the CellTrace Far Red Cell Proliferation Kit (ThermoFisher Scientific, # C34564) as described by the manufacturer protocol.
Briefly, 2M cells were resuspended in 1 mL RT PBS and incubated with 1 uL CTFR for 25 min at RT with rotation. Cells were washed
by centrifuging, resuspending in 1 mL RPMI with 10% FBS, and incubating until continuous mixing for 10 min at RT. The washing
steps were repeated a total of 3 times. CTFR labeled cells were cultured for 120 hrs as described above. B cells were harvested
by pipetting gently to resuspend them in the culture media without detaching the adherent 3T3 cells, collecting them in the super-
natant, washing in PBS, and staining with 1:1000 anti-CD138-PE diluted in PBS with 15 minutes incubation for plasma cell identifi-
cation. Samples were acquired on the CytoFlex flow cytometer (CytoFlex, Beckman Coulter). The cells were gated based on forward
scatter (FSC) and side scatter (SSC) to identify live single cells. Doublets were excluded from the analysis using FSC area and height.
Cell generation numbers were defined based on dilution of CTFR, and plasma cells identified as CD138™. Further quantitative ana-
lyses to estimate cell numbers per generation undergoing each fate were performed as described below.
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Immunization and serum collection in live mice

Mice were immunized with the model antigen NP,1-OVA (Biosearch Technologies) adsorbed on the adjuvant Alhydrogel 2% (Inviv-
ogen). A5 mg/mL stock of NP»1-OVA and 10% Alhydrogel were mixed in a 1:1 volumetric ratio by pipetting vigorously for 10 minutes.
8- to 20-week-old male and female C57BL/6 wild type, nfkb1~/~, and 1kBa>5">S mice were immunized subcutaneously in the left hind
footpad with 30 pL of the mixture using 31G insulin syringes, corresponding to 30 pg NP,1-OVA and 60pg adjuvant for each mouse as
per established protocols.”* Only a single priming dose was administered to monitor affinity maturation, as the computational model
does not explicitly account for recruitment of memory cells in a boosted response. About 50 pL blood was collected retro-orbitally
from each mouse in non-heparinized glass capillaries at 0-, 5-, 8-, 11-, 15-, and 18-days post immunization, alternating between left
and right eyes to minimize injury. Blood samples were placed at room temperature for at least 3 hours to initiate clotting, maintained
overnight at 4 °C, centrifuged at 500 rcf for 5 minutes to separate clot from serum with minimum hemolysis, after which about 20 pL
supernatant serum was collected. Centrifugation and supernatant collection were repeated to fully remove all debris, and purified
serum samples were stored at -20 °C until antibody content was assessed by ELISA.

Measurement of serum antibody by ELISA

ELISA protocols were adapted from established protocols (R&D Systems). Total antibody quantity was estimated by binding against
NP.5 oligomers and high-affinity fraction by binding against NP5 oligomers, with both oligomers conjugated to chicken gamma glob-
ulin (CGG) as a neutral carrier distinct from the conjugate immunogen ovalbumin (OVA). ELISA plates were prepared for capture by
coating with 1 pg/mL capture reagent (NP»4.09-CGG or NP4.o-CGG, Santa Cruz Biotechnologies) diluted in PBS. 50 puL coating re-
agent was applied to each well of a 96-well half-area plate and incubated overnight at 4 °C. Coated plates were washed according
to a standard wash protocol of 3 times in ELISA wash buffer with 3 minutes of shaking each time, once more without shaking, and
finally once in distilled water to remove excess coating reagent. All subsequent incubations were done at room temperature with
continuous shaking for 1 hour unless specified otherwise. Plates were blocked in 200 pL ELISA blocking buffer before washing. Sam-
ples were diluted to concentrations between 1:10,000 and 1:100,000 in ELISA sample dilution buffer, 50 pL each applied to sample
wells and incubated. Recombinant monoclonal B1-8 antibody (1 mg/mL stock) with known high affinity against NP was used to pre-
pare standards at five serial dilutions between 1 pg/mL and 1 ng/mL, with anti-tubulin as a negative control, and ELISA sample dilu-
tion buffer as blanks. Samples were washed off and incubated with 50 pL/well detection antibody (goat anti-mouse IgG-biotin) diluted
to a working concentration of 0.5 pg/mL in ELISA sample diluent buffer. After washing again, plates were incubated for 20 minutes
with 10 pg/mL streptavidin-HRP (R&D Systems) and washed to remove all unbound substrates. 50 pL/well of TMB color reagent (R&D
Systems) was added to each well and incubated for 3-8 minutes until blue color developed. The reaction was stopped by adding
25 puL of 2N H,SO, and absorbances measured on a plate reader (Biotek Gen 5.1.1) at 450 nm for signal and 570 nm for correction.
Blank wells were averaged and corrected absorbances calculated for each sample using the formula (Measured450 — Blank450) —
(Measured570 — Blank570). Raw absorbance values in the linear portion of the standard curve were converted to absolute concen-
trations in mg/mL, and fractions of high affinity antibody estimated as the ratio of antibody bound to NP5 over that bound to NP,s.

METHOD DETAILS

We describe the construction of a model of B cell evolution within the germinal center, based on experimental parameters derived
from the literature. The overall model consists of selection, fitness and mutation functions operating upon a population of B cells.
Each of these modules is described in detail within the following sections.

Defining the B cell population undergoing evolution
As the core component of the model, we define the population of B cells undergoing evolution, denoted as the time-varying set B.
During any given evolutionary cycle t, we define

B(t) = B; = {b}, (Equation 1)

where b represents any B cell forming an element of the population set. See Table 1 for symbols used in modeling and equations.
We characterize the population of B cells firstly by its size, i.e. number of elements in the set, as

|B|(t) = |B (Equation 2)

and secondly by its distribution of receptor affinities. The set of affinities A is defined as
A(t) = {aplb € By} (Equation 3)
where a;, represents the affinity of any individual B cell b present in the population B at cycle t. We then allow this population of B cells

to undergo 40 cycles of evolution, fromt = 1tot = 40, estimated to correspond to approximately 3 weeks of antigen response.'®

Initialization of the model by setting B cell population parameters
Att = 0, we initialized the model with a population of 50 founder B cells initiating the evolutionary cycle. This value was chosen from
estimates of the number of clones seeding a typical germinal center, measured by Tas et al.>*
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|B|(t =0) = |B|, =50 (Equation 4)

We assumed that the initial affinities of all the founders were normally distributed. We chose the mean of this normal distribution as
a typical “low” affinity value, corresponding to an antigen-receptor dissociation constant Ky = 10xM.°® This value can also be ex-
pressed on a linear scale, in terms of the free energy of binding AG between the antigen and receptor, using the relationship Ky =

exp < — é—‘;) where kg = 1.38 * 10~23J/K is the Boltzmann constantand T = 310K represents body temperature in a warm-blooded

animal. Thus, in terms of relative energy units, the mean affinity of the founder cells ag is fixed at @g = 11.5kgT where 1kgT = 4.3 x
10-21U.

Further, we assume that the spread in affinity between these founder B cells is small, such that 99% of all cells have affinities within
the range of thermal fluctuations, i.e. within £kgT. Thus, we choose 369 = kgT, where oy is the standard deviation of the founders’
affinity distribution.

Overall, we assign the affinity of each founder B cell a;, by sampling values from a normal distribution with meanag = 11.5kgT and
standard deviation 6y = 0.33kgT, represented as

ap ~ Norm(ag,a3), Vb € Bo (Equation 5)

Selection operating upon the B cell population

Selection of B cells arises from their interactions with antigen and follicular helper T-cells, with high affinity as the phenotype being
selected for. Without capturing the minutiae of interactions, we instead develop an abstraction of this process, allowing modulation of
the stringency of selection. We assume that T cell help is the primary driver of selection,”® and is a limited resource partitioned across
the B cell population based on their affinities. Thus, higher affinity B cells are more likely to receive T cell help, while lower affinity B
cells receive none. We define the criterion for selection as a B cell having sufficient affinity to get T-cell help. In its simplest form, the
probability of selection pr, is given by:

O7 ap <Qath
pm(b) = H(ap — am) = { (Equation 6)
1,(lb 2 QTh
where H represents the Heaviside step function, such that only the B cells with affinities higher than a dynamic affinity threshold a7,
are selected while the rest are all eliminated.

We indirectly determine the value of a7, at each cycle t, by prescribing the size of the population |B|, using experimental observa-
tions of germinal center size over time.®* The threshold ars, is chosen such that the number of selected B cells ap > a7, matches this
prescribed size. In cases where multiple B cells share the same affinity value exactly equal to a7, we randomly select a sufficient
subset of these cells to ensure that the total number of surviving B cells equals |B|;. We then update the set B to get:

Bt)=1{b € Bt — 1| > am} (Equation 7)

ams.t. B, = [Bleg (Equation 8)

The selected cells in B(t) then undergo a cell fate decision between apoptosis, division, and plasma cell differentiation, with the
progeny diversifying their receptor sequences through mutation, to complete the evolutionary cycle t.

Cell fate decisions and fitness in the subset of selected B cells

For the set of B cells that receive T-cell help and are selected, we then map their affinities to cell fate decisions (i.e. phenotype to
fitness), based on the classical clonal selection theory.”® The underlying assumption is that even among B cells that receive T cell
help, the quantity of this help is partitioned based on their affinities. B cells on the lower end of the affinity distribution A receive
only a little help and are more likely to die or divide a few times, while those on the higher end of A receive more help and are likely
to expand further, or even differentiate into plasma cells at the highest affinities.

To model this, we first define a fitness score Fg for each B cell, by transforming its absolute affinity a;, onto a common relative scale.
Rather than using a rank-based cumulative distribution function (CDF) transformation, we compute F based on the cumulative af-
finity contribution of selected cells. Specifically, we represent fitness score as the fraction of total affinity accounted for by cells with
equal or lower affinity, such that for each B cell b:

Z a;

ilaj <ap

Fo = Fylap) = S
7

NVa € A (Equation 9)

where the numerator represents the cumulative affinity of all B-cells with affinity less than or equal to ap, and the denominator nor-
malizes this by the total affinity of the selected population. This transformation maps the affinity of each B cell a, € A with range
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[@min, amax] onto the fitness score Fg(ab) € [0,1], preserving the relative contribution of each B-cell to the total affinity-weighted se-
lection pool.

We then partition this common range of fitness scores into a map of B-cell fate decisions, namely apoptosis, division, and plasma
cell differentiation. We prescribe that fithess scores between correspond to apoptosis, since the experimentally measured apoptosis
rate within germinal centers (excluding deaths due to both failed selection and lethal receptor mutation) is estimated around pgeatnh =
5%.%* At the other end of the range, we prescribe that fitness scores between (pgierentiation, 1 Undergo plasma cell differentiation, as
the plasma cell differentiation rate is also estimated to be around Pgitierentiation = 5%.°>"*8

Fitness scores in the intervening range [0.05, 0.95] correspond to a clonal burst in the germinal center. Here, based on experimental
observations,*® B cells undergo a burst of multiple divisions varying between 1 to 8, with an average of 3 divisions. We assume that
following each division, the progeny independently decides whether to divide again and produce another generation, or to terminate
the burst at that generation. Hence, we partition the interval of fithess scores according to terminal generation in the experimental
observation, by modeling the clonal burst over a range of generations, G € [1,8], having an expectation value (G) = 3. The prob-
abilities of reaching each terminal generation cumulatively set their corresponding thresholds of fitness score. In other words, the
probability pg1 of terminating the burst after a single division is mapped to fitness scores in the range [Pgeath Pdeath +Pa1], @ probability
Paz of dividing twice is mapped t0 (Pgeath +Pa1;Pdeath +Pa1 +Pa2), and so on until the eighth and last generation which maps the
interval (Pgeath +PG1 + ... +Pa7,Pdifferentiation]- 1he resulting cell fate decision map is illustrated in Figure S6A, and detailed threshold
values are listed in Table 3.

Finally, we assume that all B cell progeny that have reached their terminal generation re-enter the germinal center reaction for the
subsequent cycle of evolution t + 1. To conveniently capture the decision between cyclic re-entry and division at each generation of a
clonal burst, we treat the 1-D cell fate map of terminal generations across fitness scores as the linear projection of a 2-D cell fate map,
where the second dimension now represents generation number. Thus, at each generation, the fitness score threshold correspond-
ing to that terminal generation now marks the boundary between cyclic re-entry and division. Using the above example to illustrate,
the first generation maps fitness scores in [Dgeath; Pdeath +Pa1] 10 re-entry and (Dgeath +PG1,Pudifterentiationto division, the second gen-
eration maps fitness scores in [Dgeath; Pdeath +PG1 +Paz] to re-entry and (Dgeath +PG1 + PG2; Pdifferentiation O division, and so on until the
eighth and last generation which maps the entire interval [pgeath; Paifrerentiation] 0 cyclic re-entry. This 2-D expansion of the cell fate
decision map across generations is also illustrated in Figure S6A.

Following the assignment of cell fate decisions to each B cell b, we update the population B. Cells undergoing either apoptosis or
plasma cell differentiation are removed from the population. The plasma cells are added to a separate set P (where we assume that
there are no plasma cells prior to simulation, hence P(0) = @). The set of progeny {bg } from the terminal generation of a clonal burst
are added to the population B:and carried forward to the subsequent evolutionary cycle for selection. This modification of the pop-
ulation is represented as:

B\{b},0 < ap <Pdeatn
B(t) = Bf\{b} U {bG}7pdeath < ap < Pdifferentiation (Equation 10)
B\{b}, Paitrerentiation < o < 1

P(t) = P(t - 1) U {b}7 @p > Pdifferentiation (Equation 11)

Stochasticity and non-genetic heritability of cell fate decisions

Stochasticity in cell fate decision making may arise as a result of intrinsic noise in the intracellular molecular network regulating cell
fates. To model this, we introduce a stochasticity parameter S, defined as the degree of decorrelation between the affinity-dependent
initial fitness score Fg of a selected B cell, and the effective fitness scores F;, altered by noise at each generation of its proliferative
lineage (Figure S6B). We define S as:

S=1-p(F°F) (Equation 12)

where FO = {Fg } ,Vb € BrandF = {F,},Vb € B;respectively represent the set of affinity-dependent and effective fitness scores for
all B cells in the population, and p(FO, F) is the Pearson correlation coefficient between them.

To do this for each Fg, we draw the modified fitness score from a truncated normal distribution (restricted to the range [0,1] of
possible fitness scores) around the mean value Fg. The spread of this distribution is given by a standard deviation s which is deter-
mined by the desired degree of decorrelation S.

Fo ~ TNio.y (F, 0%) (Equation 13)

To approximate the value of o5, we assume normality for the distributions of both F° and F. The Pearson correlation coefficient
between them is given by

_ Cov(F°,F)

OF0°OF

p(F°,F) (Equation 14)
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We assume Fp, = Fg +x; where x; follows the normal distribution

x; ~N(0,0%) (Equation 15)
Thus, the mean of F remains unchanged since
HE = Hpo + iy = ppo +0 = pipo (Equation 16)
The variance of F is given by
02 = 0% + 0% = 020 +0% (Equation 17)

Hence the covariance between F° and F can be simplified such that
Cov(F°,F) = Cov(F°,F°+X) = Cov(F° F°) + Cov(F° X) = Var(F°) (Equation 18)

Since F° and X are independent, Cov(F%,X) = 0.
Therefore, we can substitute this in Equation 14 for the correlation coefficient to get

Cov(F°,F) Var(F°) 6o
p(F°.F) = = = Equation 19
( ) 6o OF oro- /—a§o+6§ o402 (Equation 19)

Therefore, we can determine o5 based on the standard deviation 60 of B cell fitness scores and the stochasticity parameter S =
1 — p(F°,F) by rearranging Equation 19 to get:
%
p(FO,F)°

%o
6,2:0 = ﬁ - 0,2:0 (Equation 20)

&=

When cells enter a clonal burst, in the subsequent generations after the first, we also model a possible reduction in stochasticity
due to non-genetic heritability among the progeny (Figure S6C). To do this, we introduce a heritability parameter h to modify the sto-

chasticity to get S:
S=S(1-h) (Equation 21)

The value of h is chosen in the range h € [0,1], where h = 1 represents perfect inheritance of cell fate propensities, and h = 0in-
dicates a complete lack of non-genetic correlation. After each cell division, we update the fithess scores for progeny b’ and b” based
on their parent b (Figure S6C), by modifying Equation as:

FI;,FZ ~ TN[OJ](FbaUZ

5

) (Equation 22)

where F,,’ and F,” represent the fitness score of the progeny after this redistribution, and calculate aé by modifying Equation 20 as:

o o .
2= i _F §)2 — P = m - % (Equation 23)

Mutation in the subset of dividing B cells

B cells undergo somatic hypermutation (SHM), where the immunoglobulin locus undergoes point mutations that may alter the recep-
tor sequence (genotype), and hence the receptor affinity (corresponding phenotype). This occurs only during divisions, and hence is
confined to the subset of dividing B cells in each generation during a clonal burst. For each daughter cell, we assume that whether a
mutation occurs or not can be modeled as a single Bernoulli trial with a mutation probability p,,. We use a value of p,, = 0.5, derived
based on estimates of the rate of SHM (1 mutation/1000 bp in each division®®) and the length of the immunoglobulin locus (600 bp*").

1 — pm, for no mutation
Bernoulli(pm) = (Equation 24)
Pm,for mutation

Once we determine that a daughter cell will undergo mutation, we next determine the impact of that mutation — whether it is syn-
onymous, lethal, or changes the affinity of the cell. We assign the probabilities of each of these three outcomes to be 0.53, 0.28, and
0.19 respectively, based on theoretical estimates by Shannon and Mehr.*®

Daughter cells that undergo synonymous mutations are left unchanged in the population. In the case of lethal mutations, we re-
move those daughter cells from the population of B cells.

B(t) = B()/{b}jethar (Equation 25)
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Finally, if we determine that a daughter cell will change its affinity due to mutation, we sample the change Aa from a probability
distribution determined previously,*® where only 5% of mutations are advantageous and 95% of them are deleterious. We update
the affinity for any daughter cell b’ based on its parent b as:

ay = max (ap + Aa, Amin) (Equation 26)

where we set a minimum affinity limit ami, = 1kgT, to avoid non-physical values corresponding to purely stochastic interactions. This
lower bound approximates the thermal energy scale, below which receptor-ligand interactions are dominated by Brownian motion
and do not represent meaningful binding events.

Modulating the stringency of affinity-dependent selection

Selection of B cells is an inherently stochastic process, owing to random noise on both intracellular and intercellular scales. We at-
tempted to capture some of this stochasticity in our model by considering a degree of decorrelation between the affinity of a B cell
and its probability of selection. We thus introduced a stringency parameter K such that at K = 1 the selection probability is, as before,
equivalent to the Heaviside step function, and at K = 0 the probability of selection is completely independent of affinity. We began by
defining the updated probability of selection py, as proportional to the logistic weight function wry,:

1

P (b)ocwm(b) = ——— (Equation 27)
1+e "%
where k = £ and o}, represents a linearly normalized a,, such that affinities in the range [am, amax] are mapped to [0, 1]:
ap — ¢
a, = 2 T (Equation 28)

QAmax — ATh

Like ar, the value of amax Was determined at each cycle t:

Omax = | TIAX o (Equation 29)

Finally, to obtain concrete values for py;,, we normalized our weights by a normalization constant ¢, such that the expected number
of positively selected B cells was at most equal to the expected number of B cells for timestep t:

Y Pmb) < [Bli=c > wm(b) (Equation 30)
beB(t—1) beB(t—1)
Solving for ¢, we obtained:
.__ I8l |
TS wn(b) (Equation 31)
beB(t—1)

which yielded the following concrete expression for the updated probability of selection:

P (b) = min(c-wm (b),1) (Equation 32)

Simulation details
The model code was written and run using Python version 3.11.4 on an Ubuntu server across 64 processing cores. To ensure the
reproducibility of insights obtained from these probabilistic dynamics, we performed Monte Carlo simulations, averaging results
across multiple simulation runs for each parameter set. We determined the minimum number required to ensure reproducibility as
50 runs, using a bootstrap method where we initially performed a large number of runs, down-sampled them in successively lower
proportions, and set a criterion of median within 1% to assess similarity between original and down-sampled affinity distributions. In
practice, we performed twice the number, i.e. 100 runs per parameter set, to provide maximum confidence that probabilistic trends
were accurately and robustly captured without ambiguity.

For the high-performance model, the code was written and run using Rust version 1.89.0, on the same Ubuntu server, also across
64 processing cores. In this case, to ensure reproducibility, we performed Monte Carlo simulations with 2000 runs per parameter set,
assessed as above to provide higher confidence bounds that probabilistic trends were accurately and robustly captured.

QUANTIFICATION AND STATISTICAL ANALYSIS

Fitting stochasticity and heritability parameters to experimental measurements

To fit the stochasticity parameter, we utilized experimental measurements from Figure 5B in Mitchell et al.'® by comparing the ter-
minal generation distribution between experimental data and first-cycle simulation results using the Mann-Whitney U test. Addition-
ally, we assessed lineage symmetry by applying a t-test to compare experimental lineage measurements from the same study
(Figure 5A) with first-cycle simulation results. The data from both figures are summarized in Table S2. The statistical scores from
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both U-test and t-test were normalized to a range of — 1 to + 1, and a combined model fitting score was computed as the average of
both, to evaluate agreement between experiment and simulation. We conducted 100 Monte Carlo simulations using bootstrap re-
sampling with 50 random samples per iteration. This process was repeated 300 times to obtain an average combined fitting score
for each pair of stochasticity and heritability parameter values. Finally, we varied both stochasticity and heritability parameters to
generate a heatmap illustrating the parameter space and its overall fitting.

Flow cytometry analysis to generate cell fate maps

Flow cytometry data were analyzed using FlowJo V10.0, with gating applied to identify lymphocytes, live ymphocytes, dead lympho-
cytes, and plasma cells (Figure S4A). The proliferation analysis tool was used to track cell generations and calculate population sizes
for live, dead, and plasma cells. Target cell fate propensities were then derived using a set of mathematical equations, and presented
in Table 3.

R =1L, — P (Equation 33)
T, = @i+Ri+D;+P (Equation 34)
Ti+1 Py
D; = fi=0,..,7
P= e M= (Equation 35)
D/ =0,ifi=8

where i € [0, 8] represent B cell generations during clonal burst, R represents re-entering cells, L represents live cells, P represents
plasma cells, T represents total cells, @ represents dead cells, and D represents dividing cells. This is based on the logic that the total
number of cells in a subsequent generation must be twice the number of dividing cells in the previous generation, with the boundary
condition that all cells in the terminal generation undergo either death, plasma differentiation, or cyclic re-entry. We constructed the
expanded 2D-fate map as follows:

Txi = @i
Tai = @i +R; (Equation 36)
Tp,' = @,‘+R,’+D;
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