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abstract: The outcome of an infection is determined by the dy­
namic interplay between microbial growth and host immunity. During 
a bacterial infection, bacteria killed by innate immune effectors can ac­
cumulate as corpses in the extracellular space, where they can continue 
to bind (and thus sequester) immune effectors. The impacts on infec­
tion outcomes of continued biochemical activity (“sponginess”) by  the  
dead have been generally overlooked in theoretical and empirical stud­
ies of within-host disease dynamics. We develop a mechanism-based 
mathematical model of within-host dynamics that incorporates host 
microbial sensing, the production of immune effectors, the interaction 
of those effectors with microbes, and shutdown of the immune re­
sponse after an infection has been controlled. Corpse sponginess 
impedes the host’s ability to control infection, but at the same time 
the rapid mopping up of effectors by bacterial corpses also protects 
host tissue against autoimmune self-harm from immune effectors still 
circulating after the infection has been resolved. This dual impact of 
bacterial sponginess alters the trade-off between damage done by 
infecting bacteria and autoimmune damage, consequently shifting 
the evolutionarily optimal immune activation and shutdown kinet­
ics. Thus, the sponginess of bacterial corpses likely shapes both the 
short-term infection dynamics and the long-term evolution of im­
mune systems. 
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Introduction 

The outcome of an infection is determined by the inter­
play of mutual negative feedbacks between host and path­
ogen. Innate immune interactions are biochemical in na­
ture. For example, a primary defense against bacterial 
infection in barrier epithelia of animals, as well as of sys­
temic defense in invertebrates, is production of antimicro­
bial peptides (AMPs) with direct antibiotic activity. A ste­
reotypical mode of AMP action is to bind to pathogen cell 
membranes and aggregate to form open pores that, in suf­
ficient numbers, result in osmotic leakage and cell death 
(Kleino and Silverman 2014). Pathogenic bacteria have 
means of defending themselves against AMPs, including 
cell membrane alterations that reduce sensitivity to AMPs 
and secretion of proteases to degrade AMPs in the extracel­
lular space (Joo et al. 2016). 

An important but generally overlooked consequence 
of these direct biochemical interactions is that dead patho­
gens can still participate in the battle. This ongoing effect of 
dead cells may have important consequences for the dy­
namics and outcome of an active infection, especially once 
the dead are abundant. An infection that initially pro­
liferates but is subsequently controlled must generate an 
appreciable number of dead pathogen cells that will persist 
in the host until they decompose completely or are filtered 
out, so there are likely to be times when killed pathogens 
outnumber the living. Dead pathogen cells or cell frag­
ments may sustain the host immune response by releasing 
molecules that stimulate the response (Troha et al. 2018; 
Hixson et al. 2024). However, because the cell envelope is 
not immediately completely destroyed upon cell death, 
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the corpse envelope (or envelope fragments) can also act as 
a “sponge” for AMP binding, diverting AMPs that other­
wise could bind to living bacteria (Snoussi et al. 2018; 
Wu and Tan 2019; Savini et al. 2020). In time-dependent 
killing experiments, we found that heat-killed bacteria pro­
tect live bacteria from AMP lethality in a dose-dependent 
manner (fig. 1A). Killed cells can be substantially more at­
tractive to AMPs than living cells (Snoussi et al. 2018; 
Savini et al. 2020), possibly because they no longer actively 
deploy anti-AMP defenses and because intracellular com­
ponents may be accessible to AMP binding after the outer 
membrane is breached. Furthermore, once an infection is 
controlled, sequestration of circulating AMPs by the dead 
may reduce the autotoxic effects on the host of AMPs cir­
culating at high concentration (Lei et al. 2019). 

Our goal in this article is to explore theoretically the 
impacts of the continued presence of killed pathogen cells 
on the progression and outcome of an infection. Based on 
the in vitro evidence that killed bacteria can absorb AMPs, 
we hypothesized that the dead cells generated in the course 
of fighting a pathogen could substantially alter the infec­
tion dynamics and outcome. We also explore some possi­
ble consequences of these impacts for evolution of the host 
immune response. 

Our dynamic model describes a pathogenic bacterial 
population growing in an invertebrate host that uses 
AMPs as its primary immune defense, while the bacteria 
can respond by producing proteases that degrade AMPs. 
Parameter values for our numerical experiments are mo­
tivated by empirical studies with Drosophila melanogaster 
as the host (Duneau et al. 2017) and several opportunistic 
bacterial pathogens where the infection outcome is not a 
foregone conclusion: in some host individuals the bacte­
ria overcome immune defenses and proliferate until the 
host dies, while other individuals eliminate the bacteria 
or reduce them to nearly harmless levels (Duneau et al. 
2017; Ellner et al. 2021; Frenkel et al. 2021; see fig. 1B). 
We explore these possible impacts of killed bacteria on 
two timescales. During the course of a single infection, 
how do continued stimulation of the immune response 
and AMP binding by dead microbes affect the dynamics 
of infection and immunity in an individual host? And 
over the longer timescale of evolution, how might contin­
ued biochemical activity of dead bacterial cells drive ad­
aptation of the host immune response, ensuring that the 
host can both control infection by living bacteria and de­
activate AMP production effectively when it is no longer 
needed? The last two tasks are not well aligned and lead to 
unavoidable trade-offs between minimizing pathogen 
damage and minimizing autotoxicity. We examine these 
trade-offs by considering the set of “Pareto-optimal” im­
mune responses, which will be described in detail in “Ma­
terial and Methods.” 
Model Development 

Our model aims to represent the host’s induced immune re­
sponse and its consequences when the host faces a potentially 
Figure 1: A, Presence of heat-killed bacteria increases the survival of living bacteria in the presence of antimicrobial peptides (AMPs). 
Serratia marcescens cells were exposed to the AMP cecropin B for 1 h with or without the addition of heat-killed cells, as indicated on 
the x-axis. Open black circles are experimental results (see “Experimental Demonstration of Shielding by Heat-Killed Bacteria”); closed red circles 
are model predictions at baseline parameter values. The nearly constant survival across the three lowest doses of heat-killed bacteria in the exper­
iments is interpreted as a subpopulation of inert cells that neither divide nor die in the presence of AMPs. This subpopulation is too rare to affect the 
dynamics we consider (≈3 in a population of 218 bacteria) and is not included in our model. B, Experimental infections of Drosophila melanogaster 
strain Canton S with the bacterium Providencia rettgeri. Each open circle represents total bacteria count for a fly sacrificed at the plotted time. 
Replotted using data from figure 3D of Duneau et al. (2017). The ≈210–214 (1,000–10,000) surviving bacteria in the lower arm of infection outcomes 
at 10–20 h postinfection represent the empirically observed chronic infection (e.g., Haine et al. 2008; Kutzer and Armitage 2016; Duneau et al. 2017; 
Chambers et al. 2019; Jent et al. 2019; Hidalgo et al. 2022). These cells are relatively inert and interact with the host weakly if at all (Ellner et al. 2021), 
and they are omitted from this article’s model (see main text). Figure made by script Figure1_and_3.R. 
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lethal septic infection. The initial time t p 0 in our model 
corresponds to the moment when an infection has become 
established as systemic and consequently triggers the sig­
naling cascade(s) that lead to a systemic induced immune 
response. The bacterial population is large enough by then 
that it can be modeled deterministically using differential 
equations. 

To explore potential roles of dead pathogen cells in infec­
tion kinetics and the evolution of the immune response, the 
model includes (i) gradual upregulation of host immune 
responses, including AMP production, once a potentially 
harmful pathogen has been detected; (ii) binding of AMPs 
to living bacteria (causing cell mortality) and to dead bac­
teria (sequestration, or “sponging”); and (iii) shutdown of 
the immune response once an infection has been con­
trolled. Because all of these processes interact with effects 
of AMP absorption by dead bacteria, our model aims to 
represent the essential features of the mechanisms under­
lying each of these. 

In particular, the timing of immune response—how 
long does it take for AMP concentrations to ramp up, 
and how long does it then take for the bacterial death rate 
to increase—is life or death for a host fighting an opportu­
nistic infection (Duneau et al. 2017; Lafont et al. 2022). Our 
model is therefore most detailed with regard to the mech­
anisms determining these time lags, including multistep 
upregulation of AMP production and gradual increase in 
bacterial mortality as additional bound AMPs are accumu­
lated. Here, we provide a summary (fig. 2; box 1) and an 
explanation of the main features of the model. Additional 
details can be found in the supplemental PDF (secs. S1– 
S5). 

Figure 2A shows the key processes included in our 
model. The state variables are living bacteria B, dead bacte­
ria D, peptidoglycan (PGN) G produced by living and dead 
bacteria (Kleino and Silverman 2014), AMPs A, host-
derived extracellular negative regulators X, intracellular neg­
ative regulators H, and  U, representing the degree of host 
immune upregulation driving production of A, X, and  H. 
The difference between X and H is that X acts outside host 
cells, degrading the PGN that accumulates during a grow­
ing infection, while H acts within host cells, diminishing 
the degree of upregulation in response to a given PGN con­
centration. In reality hosts produce a mixture of different 
AMPs as well as different intra- and extracellular negative 
regulators, but we simplify by combining these into three 
compartments (A, X, and H) rather than modeling multi­
ple proteins that have qualitatively similar functions. 

The system of ordinary differential equations (2)–(10) in 
box 1 describes the full model of host-pathogen interac­
tions. A detailed derivation of this model is given in the 
supplemental PDF (sec. S1); here we outline the main 
assumptions and features of the model. 
AMP Binding and Lethality. We model AMP-induced 
pathogen mortality with a multihit model (Abel Zur Wiesch 
et al. 2015; Clarelli et al. 2020; Teimouri et al. 2021; Hemez 
et al. 2022), with bacteria classified by the number of AMP 
molecules bound to them. AMP-induced mortality occurs 
through creation of leaky pores in the cell envelope, which 
requires multiple AMP molecules acting in concert. In 
our model, the bacterial per capita mortality rate m in­
creases monotonically with the number of AMPs bound 
to the cell, up to a threshold number L of bound AMPs 
where bacterial cell death is instantaneous. This results 
in a delayed and gradual increase of bacterial mortality fol­
lowing host immune upregulation, which is realistic for 
physiologically reasonable AMP production rates and 
magnifies the number of cells that must be killed to control 
an infection. 

AMP Dilution. The number of AMPs bound to a live 
bacterium does not increase monotonically over time: in 
our model, when a cell divides, each AMP bound to it is 
equally likely to end up in either of the two daughter cells, 
independent of the fate of other bound AMPs. For each di­
vision of a cell with k AMP hits, the expected number of 
daughter cells with j ≤ k hits is given by equation (S2) in 
the supplemental PDF (sec. S1.2). 

Bacteria Death. Because bacteria cell death results from ly­
sis, we assume that the PGN from a killed cell becomes im­
mediately accessible for recognition by the host at the mo­
ment of cell death. The remaining bacterial corpses (or 
corpse fragments) continue to sponge away AMPs for a 
much longer period. The “sponginess coefficient” xD p 
cD =cL (i.e., the relative rate of AMP attachment to dead 
vs. live bacteria) is a main focus of our attention through­
out this article. 

Bacteria Defense. Some AMPs are also degraded by pro-
teases that are produced by the bacteria. Following Ellner 
et al. (2021), we make the quasi-steady-state assumption 
that protease concentration is proportional to bacterial 
abundance. We assume that for each AMP that binds 
to a live bacterium, m others are destroyed by proteases. 

Host Immune Upregulation. The speed and intensity of 
host immune response depend on the intensity of the stim­
ulus. The immune upregulation U is modeled as a multistep 
process (using state variables U1, U2, and  U3, corresponding 
roughly to transcription, translation, and secretion out of 
the host cell) in order to capture the time delay tU between 
signal (PGN) and response (AMP production). A detailed 
model of the Imd signaling cascade (see the supplemental 
PDF, sec. S2) suggests that the steady-state relationship be­
tween PGN concentration and immune upregulation (i.e., 
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the amount of bound promoter Relish in the cell nucleus), 
with all else held constant, is approximately a Monod curve. 
We use UU (G, H) p Ge2H =(eG 1 Ge2H ) to represent the 
quasi-equilibrium level for U1 given the current concentra­
tion of PGN (G). While this quasi-equilibrium response 
grows with G, it decreases when there are more intracellular 
negative regulators H. 
Negative Regulator Production. Because H acts within the 
host cell, its production is driven by the current level of U2, 
while the production of AMPs and extracellular negative 
regulators X (responsible for removing PGN) are driven 
by U3. Thus, an increase in H indirectly suppresses the pro­
duction of new AMPs as well as the production of new neg­
ative regulators of both kinds. 
Figure 2: A, Diagram of the processes included in our model to predict the impacts of dead bacteria during an infection. B, Compartment  
diagram of the model. As described in the main text, the bacteria B are subdivided according to their number of antimicrobial peptide (AMP) hits, 
and the upregulation variable U is subdivided into U1, U2, and U3, roughly corresponding to transcription, translation, and secretion out of the host 
cell. Other state variables are dead bacteria D, AMPs  A, peptidoglycan (PGN) G (bacterial products that stimulate the immune response), extra-
cellular negative regulators X, and intracellular negative regulators H. Solid arrows show material flows (creation, flows between compartments, 
loss), and dashed arrows show effects of state variables on flow rates, color-coded according to their function. Note that a positive effect on a loss 
rate (e.g., effect of AMPs A on death rate of bacteria B) will have a negative effect on the affected state variable. C, Model parameters and their 
definitions. Parameter values are provided and justified in sections S3 and S5 of the supplemental PDF. 
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Box 1: Rescaled dynamic equations for the model

Time is scaled relative to bacterial doubling time in the absence of resource limitations (implying r p ln 2);
rescalings of some state variables are described in section S1.4 of the supplemental PDF. The state variable Bj

denotes the population of bacteria (cells per host) with j bound AMPs, and B p B0 1⋯1 BL is the total popu-
lation of bacteria. The function W represents the gradual decrease in immune response capabilities when bacterial
load approaches Q, the bacterial load upon death (BLUD); W(x) ≈ 1 for x ≈ 0 and W is monotonic decreasing
with W(x) p 0 for x ≥ 1, to ensure that no AMPs or negative regulators are produced by dead hosts.
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Host Death. All immune response activities also gradually 
shut down if the pathogen population approaches the le­
thal pathogen burden Q, the bacterial load upon death 
(called BLUD). However, for modeling bacterial growth 
dynamics, we assume that the carrying capacity K ≫ Q is 
much greater because the bacteria can continue to multiply 
in a dead host. 

Natural Decay. Dead bacteria, AMPs, PGN, and negative 
regulators H and X are all subject to natural decay at spec­
ified rates dD, dA, dG, dH, and dX, respectively. 
 

Material and Methods 

Experimental Demonstration of Shielding 
by Heat-Killed Bacteria 

In  1 mL of Luria-Bertani  (LB)  broth growth medium,
7#106 live bacteria Serratia marcescens were introduced, 
followed immediately by addition of heat-killed bacteria 
and AMP cecropin at a concentration of 20 mg/mL, approx­
imately 1015 AMP molecules. Survival (number of living bac­
teria) was assessed after 1 h. There were two replicates each, 
at five different initial doses of heat-killed bacteria: zero, 106, 
5#106, 107, and  108. Survival of living bacteria was very low 
at the three lowest doses (under 0.002% survival). With 107 

heat-killed bacteria the survival of living bacteria was 
0.02%, and with 108 the number of living bacteria increased 
to 111% and 240% of the initial number in the two replicates. 

General Computational Methods 

All numerical calculations were done in R version 4.2.0 
or higher for Windows (R Core Team 2025), using BLAS 
from the Intel oneAPI Math Kernel Library, version 
April 2023 or later. 

Model solution trajectories were calculated numerically with 
the ode function in the deSolve R package (Soetaert et al. 
2010). We generally used the default integration method lsoda, 
an adaptive solver that switches between stiff and nonstiff 
solvers based on an internal monitoring of system stiffness. 
For model calibration, which was very time demanding, we 
used method vode with method flag mfp22. This specifies 
a stiff solver using backward differentiation and finite differ­
ence approximation of the full Jacobian (Brown et al. 1989). 
For our model, vode was generally faster but more likely to 
fail (usually in step-size adjustment) when unrealistic param­
eter values produced extreme model dynamics, generating 
an error message and rejection of those candidate values. 

Choice of Default Parameter Values 

We used two approaches to select the default parameter 
values for numerical studies of our model. The general 
approach is outlined here; full details are in the supple­
mental PDF (secs. S3, S5). 

The available information in the literature, or from our 
own experiments, is sufficient to identify a range of plausi­
ble values for many model parameters. For those, we used 
the geometric mean principle to select a single default value 
from the plausible range. Namely, when the plausible range pffiffiffiffiffi 
for a parameter v was a ≤ v ≤ b, we selected ab as its de­
fault value. This choice minimizes the maximum possible 
fold error (i.e., the worst-case ratio) between the chosen 
value and any other value in the plausible range. Baseline 
values were chosen this way for Q, K, tU, gD, m, xD, dD, dA, 
dX, dH, dG, and L. See section S3 of the supplemental PDF 
for details. 

The parameters VA, VX, VH, and  cL and the parameters in pffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi 
the pathogen mortality function m( j) p m0jv= L 1 1 2 j 
were estimated by model calibration; specifically, they were 
chosen to minimize an error function combining the dis­
crepancies between model simulations and three perfor­
mance targets when using the baseline values for the other 
parameters. 

The first target was the bacterial survival rate in the in 
vitro experiments with shielding by 107 and 108 heat-killed 
bacteria (see below in “Experimental Demonstration of 
Shielding by Heat-Killed  Bacteria”). As noted in the figure 1 
legend, the survival rates in the other treatments are inter­
preted as a very small number of inert bacteria (one in 105– 
106). These are omitted from our model because they 
would have no effect on the dynamics in the situations that 
we consider. 

The second target was a pair of stylized trajectories 
of total living bacteria population dynamics (fig. S7; 
figs. S1–S11 are available online) representing typical be­
havior in the experiments in Duneau et al. (2017). The 
error function term from this target was the sum over 
the two trajectories of the mean absolute difference be­
tween the natural logs of observed and predicted total liv­
ing bacteria. 

The third target was the property that AMP concentra­
tions decrease monotonically after reaching their maxi­
mum during the course of a controlled infection. This 
property has not been demonstrated experimentally. We 
nonetheless impose it here to rule out the very small win­
dow of parameter values very near the split between clear­
ing the infection and succumbing to it, where model solu­
tions oscillate at intermediate values for several days, a 
property that was either very rare or entirely absent in 
experiments (Duneau et al. 2017). The error function term 
from this target was the fraction of time after AMP concen­
tration reached its maximum that dA=dt was positive be­
tween t p 0 and 72 h. 

Section S5 of the supplemental PDF provides details on 
how the error terms were computed and combined into 
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an overall objective function and how that function was 
optimized. 
Parameter Sensitivity Analysis 

We evaluated the relative sensitivity of infection outcomes 
to changes in different model parameters by computing 
the parameter elasticities of four measures of the host’s 
ability to fight off infection and the costs of doing so. 
Our first measure, primarily highlighting the immune re­
sponse effectiveness, is the maximum initial pathogen load 
(at t p 0, when the infection becomes systemic) that is 
controlled by the host, leading to host survival. The re­
maining three measures highlight different costs associated 
with controlling the pathogen. The second is the cumula-Ð ∞tive AMP production over time, given by 0 VAU 3(t)dt, 
where U3 measures the fractional upregulation of immune 
effector secretion out of host cells and VA is the maximum 
possible production rate. The third is the cumulative 
autotoxic damage to the host by AMPs, assumed propor­
tional to 

Ð 
0 
∞A(t)dt, where  A is the number of circulating 

AMP molecules (not including those bound to living or 
dead bacterial cells). Finally, the fourth measure is the cu­
mulative direct damage to the host by the pathogen, as-Ð ∞sumed proportional to 0 B(t)dt, where B is the total num­
ber of living bacteria at time t. 

Maximum initial load was approximated by finding 
the initial pathogen load such that the total number of 
bacteria after 48 h was equal to the initial number. For 
the second and third measures, the infinite integrals 
were evaluated by integrating up to a finite time T such 
that U3 and A had fallen to zero and remained there for 
some time because the host either had cleared the infec­
tion or was dead, and in either case all immune activity 
has ceased. Integrals were evaluated by computing model 
solution trajectories at a fine grid of time points (ev­
ery 0.05 h) and approximating the integrals by trapezoid 
rule. 

The last two measures have the unbiological feature that 
if the pathogen kills the host, the host continues to accrue 
damage even after it is dead. However, postmortem auto-
toxic damage is actually near zero because a dead host pro­
duces no new AMPs and circulating AMPs are almost 
instantly absorbed by the rapidly growing pathogen popu­
lation. Allowing damage from bacteria to accrue on the 
host has the desirable feature that being killed by infection 
is much more costly than being nearly killed but eventually 
controlling the infection. 

For any response Y as a function of some parameter v 
with baseline value v0, the parameter elasticity of Y to v 
is defined as the fractional change in Y resulting from a 
small fractional change in v away from v0, with all other 
model parameters held constant. We calculated elasticities 
using52% changes in each parameter. The parameter elas­
ticity is thus 

[Y(1:02#v0) 2 Y(0:98#v0)]=Y(v0) 
p

[1:02#v0 2 0:98#v0]=v0 

ð1Þ 
Y(1:02#v0) 2 Y(0:98#v0) 

: 
0:04#Y(v0) 

This formula was evaluated at our best-fitting parameter 
values, with initial pathogen dose of 3,000 cells. That initial 
dose is close to the maximum controlled dose (≈3,500 cells) 
but far enough away from the split between controlled and 
uncontrolled infections that 2% changes in model para­
meters did not produce uncontrolled infections. 

In addition, we calculated how each response variable 
changed as a function of xD, the AMP affinity of dead rel­
ative to living bacteria, and maximum AMP production 
rate VA over a fine grid of values from 50% to 150% of 
the default values of those parameters. This grid crosses 
the split in infection outcome, where some hosts launch 
on a trajectory toward death and others head toward sur­
vival. We found that as the split is crossed, the changes 
in the responses (all but the first above) were not monotonic 
at fine scales because model solutions very close to the split 
are oscillatory, and small parameter changes can make a 
big difference in when the pathogen population crashes 
to extinction versus when it kills the host and commences 
uncontrolled growth. 
Pareto Front Computations: “Optimal” Trade-Offs 
in Host Immune Response 

In our evolutionary analysis, host performance is con­
strained by two mechanistically distinct components of 
harm generated by the within-host dynamics: cumulative 
pathogen damage (i.e., the time-integrated burden of living 
bacteria) and cumulative immune self-damage (i.e., the 
time-integrated toxicity of circulating AMPs). For any can­
didate immune strategy, here represented by evolvable 
parameters such as the maximal AMP production rate 
and intracellular negative regulation (i.e., VA and VH), the 
model produces a corresponding pair (DB, DA) of these 
two damages. Because increasing immune aggressiveness 
typically reduces bacterial damage while increasing AMP 
toxicity damage, there is generally no single strategy that si­
multaneously minimizes both objectives. The Pareto front 
is therefore the set of nondominated strategies, meaning 
that you cannot “beat” any of them on both axes at once: 
for anything Pareto optimal, there is no feasible strategy 
that yields lower bacterial harm and lower immune self-
harm simultaneously. Equivalently, each point on the front 
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represents a strategy such that any attempt to further de­
crease one type of damage necessarily increases the other. 
This construct is useful here because the true mapping 
from (DB, DA) to  fitness is rarely known a priori (i.e., 
how strongly selection penalizes bacterial harm versus im­
munopathology), and the Pareto front includes all those 
strategies that could be optimal for at least one plausible 
way of weighting these damages into overall fitness. In 
practice, we approximate portions of the Pareto front by re­
peating the optimization while varying how strongly selec­
tion penalizes bacterial harm versus immune self-harm 
and compiling the resulting optimal strategies. Mathemat­
ically, this is essentially a linear scalarization method; see 
section S7 of the supplemental PDF for full details. Our 
main conclusions hinge on how corpse sponginess shifts 
the achievable trade-off boundary (fig. 5) rather than on 
any one particular choice of weighting. 
Results 

Infection Timescale 

The negative feedbacks between host and pathogen in 
our model allow either to get the upper hand—the host 
suppressing the infection in the early stages of proliferation 
or the pathogen overwhelming the immune defense and 
killing the host. Consequently, our model exhibits the same 
bimodality of outcomes as previous models (in van Leeu­
wen et al. 2019; Ellner et al. 2021; Lafont et al. 2022). In par­
ticular, the model replicates the empirical observation in 
Duneau et al. (2017) for the Drosophila model system 
showing that variation among individuals in the time re­
quired for immune upregulation can determine whether 
the host defeats an infection or succumbs to it (fig. 3A). 
A greater delay in immune upregulation causes a delay in 
AMP production (fig. 3B). That delay allows the bacterial 
population to continue growing longer, reaching a tipping 
point where the host’s AMP production is outpaced by bac­
terial cell divisions producing new cells with fewer AMP 
hits each than the parent. 

We note that our model predictions depart from ex­
perimental data in that a defeated pathogen in the model 
is completely eliminated, whereas experimentally there is 
often a small population that survives the host immune re­
sponse and persists as a low-level chronic infection having 
little or no effect on the host. It would be straightforward to 
make our model exhibit this feature by including a subpop­
ulation of near-inert persister cells (the approach we took 
in Ellner et al. 2021). However, doing so would not change 
our conclusions about the role of the dead bacteria, so we 
omit it here for the sake of simplicity. 

Our model also makes the new prediction that the af­
finity of dead cells for binding by AMPs (their AMP 
sponginess relative to that of living cells, xD) can be a 
matter of life or death for the host (fig. 3C). If the delay 
in immune upregulation is kept the same but we instead 
vary AMP sponging by the dead, an infection that would 
quickly be controlled if AMPs did not bind to killed bacte­
rial cells (lowest curve in fig. 3C) is controlled much more 
slowly if living and dead bacterial cells have equal affinity 
for AMPs (xD p 1) and instead kills the host if dead cells 
have slightly higher affinity than living cells (xD ≥ 1:5). 
Higher AMP affinity of dead cells has indeed been observed 
for Escherichia coli interacting with human AMP LL-37 
(Snoussi et al. 2018) and porcine AMP PMAP-23 (Savini 
et al. 2020). Converting one kind of adversary into another— 
that is, turning a living bacterium capable of proliferating 
into a corpse that more quickly absorbs AMPs—may thus 
be a kind of Pyrrhic victory, by no means optimal from the 
host perspective. But hosts cannot avoid the constraint 
(Gould and Lewontin 1979) that a killing creates a corpse. 

Although very similar pathogen dynamics are produced 
by variation in immune upregulation lag tU (fig. 3A) and 
variation in dead relative sponginess xD (fig. 3C), the under­
lying mechanisms are very different. Increasing the relative 
sponginess from xD p 1 (equal affinity) to xD p 1:5 has a 
near-zero effect on AMP production (fig. 3D) or on the 
number of dead bacteria (fig. 3E), up to t ≈ 12. But the re­
sulting AMP concentrations diverge much earlier, around 
t p 6 (fig. 3F), due to higher AMP absorption by the large 
number of dead bacteria. 

This potential effect of dead bacteria on the buildup of 
AMP concentration and how it can affect infection clear­
ance are the new features introduced in this article. The ca­
pacity for this to occur in the model is a consequence of the 
experimentally demonstrated mechanisms that we included 
in the model, but whether it actually occurs depends on the 
combination of parameter values. For example, if the PGN re­
leased by the dead stimulated a higher host immune response, 
this could compensate for AMP sponging and give the host 
the upper hand. So it is significant that we find these effects 
at parameter values that were either based on estimates 
in the literature or calibrated to match the available data, 
rather than values that were chosen to achieve some partic­
ular consequences of differing levels of AMP binding by 
the dead. 

Many model parameters contribute to the speed or 
strength of the host immune response and therefore 
contribute to determining whether the host controls or 
succumbs to the infection. Model sensitivity to small 
changes in parameter values (fig. 4) confirms that time 
is of the essence for successful immune response (Duneau 
et al. 2017; Ellner et al. 2021). The response variables in fig­
ure 4 are four measures of the host’s ability to fight off in­
fection and the costs of doing so; see “Parameter Sensitivity 
Analysis” for mathematical definitions of the response 
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measures and their elasticities, as well as calculation meth­
ods. Bar height measures how strongly each parameter 
affects the response variable (named in each panel’s label) 
and whether the effect is positive or negative. For example, 
in figure 4A a 1% increase in tU would cause a 2.73% de­
crease in the maximum controlled initial dose. The model 
parameters omitted from the figure had an elasticity of 
≤0.2 for all response measures. Because elasticities are pro­
portional changes, they are independent of the units in 
which the response is measured. 
Figure 3: Immune upregulation lag and antimicrobial peptide (AMP) sponging by the dead can both be life or death for the host, but the 
mechanisms are completely different. In all panels, solid curves are scenarios where the pathogen is cleared, and dashed curves are scenarios 
where the host is eventually killed. A, Model simulations capture the observed divergent infection outcomes (fig. 1B) as the time constant for 
immune upregulation, tU, is varied with other parameters at their baseline values (baseline tU p 7:5 h).  B, Increasing tU leads to a delay in 
AMP production, which allows bacterial population growth to continue longer and pass a tipping point. C, Model simulations also predict 
divergent outcomes when we vary xD, the AMP sponginess of dead cells relative to that of the living. D–F, How increased AMP sponging by 
the dead produces divergent outcomes. Even though AMP production rate is the same up to t ≈ 12, the accumulation of dead bacteria be­
tween t p 5 and  t p 10 causes the AMP concentration to decrease starting at t ≈ 7 if the dead absorb AMPs faster, allowing bacterial pop­
ulation growth to resume and eventually kill the host. Figure made by script Figure1_and_3.R. 



Figure 4: Left column, parameter sensitivities for the model parameters (eight of 18 total parameters) that had the largest impacts on four 
measures of host ability to control an infection or impacts on the host of a controlled infection. Plotted values are elasticities, the percent 
change in the response measure relative to small percent changes in parameter values (evaluated numerically by making 52% parameter 
changes). For our baseline parameter values, the maximum controlled initial pathogen load is ≈3,500 cells; B–D used an initial load of 
3,000 cells. Right column, heat maps displaying how the response measures vary across a wider range of values for two model parameters, 
the relative AMP affinity of dead bacteria, xD, and the maximum antimicrobial peptide (AMP) production rate by the host, VA. Black solid 
circles indicate default parameter values. Figures made by R scripts in the figure 4 code archive folder. 
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Slower immune upregulation (large tU) decreases the 
maximum controllable initial pathogen dose (fig. 4A) and  
increases the cumulative damage done by the pathogen 
as well as the total AMP production (fig. 4B, 4C). This is 
intuitive, as slower upregulation of immune response 
allows a longer initial window for uncontrolled pathogen 
proliferation, resulting in more bacteria that do more dam­
age and require more AMPs to control. Less intuitively, 
slower upregulation actually decreases the cumulative self-
damage from AMPs (fig. 4D) because higher AMP production 
is more than counterbalanced by the greater absorption of 
AMPs by the larger population of bacterial cells, both living 
and the corpses remaining after the infection has been con­
trolled, thereby limiting autoimmune damage. Increasing 
bacterial tolerance of AMPs by increasing the instanta­
neously lethal dose L shows the same pattern as tU. As
values of L increase, more time is required to control the 
pathogen. The maximum production rate of AMPs, VA, 
and the AMP binding affinity of living cells, cL, show exactly 
the opposite pattern because they hasten rather than delay 
the effective impact of immune upregulation on the bacte­
rial population. 

The relative sponginess of dead cells, xD, also has sub­
stantial effects, following the same pattern as tU and L. 
By absorbing AMPs that could otherwise attack living 
pathogen cells, the dead act as a partial shield to the living, 
increasing the time (and the cumulative AMP production) 
needed to reverse pathogen proliferation. Yet at the same 
time, sponging of AMPs partially shields the host against 
the autotoxic effects of circulating AMPs, decreasing cu­
mulative AMP impact on the host. The pathogen corpses 
thus act as a double-edged sword for the host: infections 
are harder to control (i.e., faster immune induction or higher 
maximum AMP production rate is needed to compensate 
for AMP sponging by the dead), but the self-inflicted col­
lateral damage from the AMPs required to control an in­
fection is reduced. Thus, the dead do not just shield their 
living relatives, they also shield the host. 
Evolutionary Timescale 

It is natural to expect hosts to coevolve with narrowly 
specialized bacteria they are often exposed to. But with op­
portunistic (and broadly distributed) bacterial pathogens, 
it is a reasonable simplification to consider bacterial prop­
erties as fixed and to ask how the host’s immune mecha­
nisms might evolve over time in response to frequent 
exposures. The assumption is that maximizing host fitness 
would correspond to minimizing the negative impacts of 
various costs associated with fighting off that infection. 
However, the mix of positive and negative impacts of dead 
bacteria on the host results in nontrivial and subtle impli­
cations for (a) which types of immune response deserve to 
be called optimal and (b) how these optimal responses de­
pend on bacterial properties. By shielding living pathogens 
from AMP damage, the dead increase the importance for 
the host of having a high potential rate of AMP produc­
tion. By removing many of the AMPs once the infection 
is controlled, the dead bacteria also shield the host from 
autotoxicity damage, reducing one cost of higher AMP 
production. 

As an initial exploration of the evolutionary implications 
of shielding by the dead, we used our model to ask how the 
sponginess of the dead relative to the living affects the 
adaptively optimal values of two key parameters of the host 
immune response, VA and VH. (Of course, other parameter 
combinations could be similarly considered; see sec. S8 of 
the supplemental PDF for an example.) Our purpose here 
is to test provisionally whether sponging of AMPs by bac­
terial corpses might have different (indeed, opposite) ef­
fects on the infection and evolutionary timescales. 

The parameter VA is the main determinant of the strength 
of the immune response once it is upregulated, and VH 

determines the speed and intensity of the first-acting com­
ponent of the immune shutdown after the host clears an in­
fection (extracellular regulators X come into play more 
slowly because they have to be secreted out of the cells in 
which they are produced, and they act more gradually be­
cause they gradually degrade PGN to reduce subsequent 
immune stimulation, whereas H directly blocks the re­
sponse to PGN). 

We asked how these parameters could be expected to 
evolve in response to natural selection for minimizing 
two costs of infection: the cumulative damage to the host 
from bacteria (fig. 4B) and the cumulative damage to the 
host from circulating AMPs (fig. 4C). These are conflicting 
goals. If damage caused directly by bacteria was the only 
concern, infinite VA and zero VH would be optimal (instan­
taneous and infinite immune system activity). However, 
such a strategy would result in unsustainably high costs 
of AMP production and autoimmune damage (indeed, this 
is a leading explanation for why immune responses are in­
ducible by stimulus instead of being constitutively active at 
high levels; Lazzaro and Tate 2022). 

To explore evolution of immune system activity in re­
sponse to these two kinds of damage, we computed the 
set of Pareto-optimal host defense strategies for different 
values of xD, the sponginess of dead relative to living bacte­
rial cells. A strategy is Pareto optimal if neither of these two 
types of damage can be further reduced without increas­
ing the other (Miettinen 1999). Such strategies provide us 
with a lower bound for the damages actually incurred by 
any evolved immune response mechanisms. 

Pareto fronts—that is, curves showing the incurred cost 
pairs (bacterial damage, AMP damage) for all Pareto-optimal 
immune response strategies—are shown in figure 5. 
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Suppose that a host is willing to tolerate damage from bac­
teria up to some level, but no more than that. A vertical 
line that intersects the Pareto front at that value of bacte­
rial damage indicates the lowest AMP damage that such a 
host can achieve while limiting bacterial damage to the 
level it is willing to accept. The dotted vertical line in fig­
ure 5 is an example. 

Such frontiers are useful for visually interpreting the 
shifting trade-offs in different Pareto-optimal immune 
responses. Moving to the left along the Pareto front from 
the dotted line intersection, it is easy to see how much of an 
increase in AMP damage will necessarily result if the host 
decreases the bacterial damage that it is willing to tolerate 
by any specific amount. The damages resulting from any 
evolved immune response would necessarily lie “north­
east” of the corresponding Pareto front curve. 

Whether we limit the host to optimizing the value of 
AMP production rate VA (dashed curves) or also allow 
optimization of VH (solid curves), Pareto-optimal strate­
gies for higher sponginess of dead bacterial cells relative 
to living ones (xD p cD =cL) are  “southwest” of those for 
lower sponginess. This reflects that after an infection has 
been controlled, dead pathogens shield the host from 
subsequent autoimmune damage. Moreover, the ability 
to optimize the speed of both activation and shutdown 
allows for an equally effective immune response with 
much lower resulting damages to the host (i.e., the solid 
lines are southwest of the dashed lines in fig. 5). 

The relative positions of the Pareto fronts for different 
levels of sponginess of dead bacterial cells relative to living 
ones  shows that higher sponginess of the  dead  allows  the host  
to achieve a lower AMP damage through optimization of its 
immune response for any given level of damage from bacte­
ria. In addition, the tolerated bacterial damage is achieved 
through different immune response strategies, producing a 
different time course of infections (fig. 6). For example, for 
Figure 5: Sponginess affects the trade-off between damage from bacteria and damage from circulating antimicrobial peptides (AMPs) and 
shapes how the immune system should evolve to balance these costs. The host immune response has to balance direct damage caused by 
infecting bacteria against the collateral autotoxic effects of circulating AMPs, including AMPs that persist after an infection is controlled. 
The displayed Pareto front curves show the nondominated (Pareto-optimal) immune responses such that neither damage can be further 
decreased without increasing the other. All damages are relative, that is, shown as fractions of damage incurred during a controlled infection 
in the model with our baseline parameter values. Dashed curves correspond to optimizing the rate of AMP production (VA) only; solid 
curves correspond to optimizing the production rates of both AMPs and intracellular negative regulators (VA and VH). Colors corresponds 
to dead bacteria sponginess relative to living bacteria (xD). The plotted Pareto-optimal strategies all lead to controlled infections; the full 
Pareto fronts also include biologically irrelevant strategies (outside the plotted region and disconnected from the plotted curves) where there 
is no immune response and very high bacterial damage. The vertical dotted line indicates the level of bacterial damage studied in figure 6. 
Figure made by scripts in the figure 5 code archive folder. 
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the lowest AMP sponginess (blue Pareto front), PGN lingers 
much longer and would stimulate continued immune up-
regulation except that this is blocked by much higher level 
of intracellular regulators H that prevent an unnecessary 
and damaging continuation of AMP production. AMPs nev­
ertheless also linger longer because fewer are removed by 
dead bacteria, so the overall damage from AMP toxicity is 
higher than when the dead are more spongy. 
Discussion 

Innate immune effector molecules such as AMPs act as 
“suicide molecules” that are consumed during the immune 
response. During a controlled infection, many bacteria are 
killed, generating corpses that can continue to bind and ac­
cumulate AMPs, a phenomenon we term “sponginess” of 
the dead. To explore the physiological consequences of dead 
bacterial sponginess on infection dynamics, we established 
a general mechanistic model for pathogens interacting with 
a stereotypical innate immune response: the systemic re­
sponse of Drosophila. Our model successfully captures es­
sential aspects of host-microbe interactions that occur in 
vivo in Drosophila, including the bimodal nature of survival 
outcomes. Both in experiments (Duneau et al. 2017; Ellner 
et al. 2021) and in our model, minute variations in infection 
dose can lead to life-and-death differences in infection out­
comes. In agreement with prior literature, our model shows 
that these outcomes are affected by the strength and ramp-up 
time of the innate immune response. Additionally, our model 
suggests that dead bacterial sponginess strongly affects not 
only the outcomes but also the side effects for the host. 

Dead bacterial sponginess has previously been explored 
in vitro, where dead cells can protect their kin from AMPs by 
sequestering these molecules, resulting in population-level 
Figure 6: The temporal dynamics of Pareto-optimal host immune responses depends on the relative sponginess of dead bacteria. Three 
scenarios with different values of dead sponginess result in very similar bacterial damage (within 0.2% from each other), but this is attained through 
different means. The concentration of intracellular negative regulators is much higher when the sponginess of dead bacterial cells relative to live 
ones is low, resulting in lower antimicrobial peptide (AMP) production even though the value of VA is higher, and lower X concentration allowing 
longer persistence of peptidoglycan (PGN). The graphs are time plots of (left to right, top to bottom) the numbers of living and dead bacteria, PGN, 
new AMP production rate, unattached AMPs, and extracellular and intracellular negative regulators. Each panel shows the trajectories for three 
different Pareto-optimal (VA, VH) values from figure 5, with different dead sponginess levels (xD) indicated by colors. Red: VA ≈ 1:07#1013, 
VH ≈ 13:7; black: VA ≈ 1:3#1013, VH ≈ 38; blue: VA ≈ 6:13#1013, VH ≈ 3:4#103. Figure made by R script sponge_Pareto_compare.R 
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AMP tolerance. However, what has not been explored be­
fore now is how this affects within-host infection dynam­
ics and the trade-offs associated with aggressive immune 
response (Snoussi et al. 2018; Wu and Tan 2019). Dur­
ing an infection, the degree of dead bacterial sponginess 
broadens the range of conditions under which the patho­
gen can overwhelm host defenses. By capturing some of 
the free AMPs, dead bacterial sponginess shields live path­
ogens from immune effectors, thus increasing the inten­
sity of immune response required for control. Once the in­
fection is controlled, dead bacterial sponginess switches from 
being deleterious for the host to being beneficial, through 
shielding the host from autoimmune damage from free 
AMPs. The fact that the relative sponginess of the dead, de­
scribed by the parameter xD p cD =cL, is a double-edged 
sword for the host is confirmed by the sensitivity analysis 
of our model in figure 4. We therefore propose that even 
moderate levels of sponginess of dead bacteria can be a crit­
ical factor driving within-host pathogen dynamics and 
evolutionary optimization of immune responses. Indeed, 
the in vitro experimental evidence (Snoussi et al. 2018; Wu 
and Tan 2019; Savini et al. 2020) suggests that dead spong­
iness may be far higher than values that already produce 
major effects in our model. 

On the evolutionary timescale, if the host is regularly ex­
posed to the same level of initial bacterial infection, it is 
reasonable to expect that the immune response would im­
prove through natural selection to become highly effective 
for this specific type and level of infection. Absent other se­
lective pressures, one can expect that immune response 
parameters such as VA and VH, the maximum production 
rates of AMPs and intracellular negative regulators, would 
be tuned over generations to minimize a combination of 
bacterial and AMP toxicity damage corresponding to 
specific values of bacterial parameters such as r, L, and
relative dead sponginess xD. If we neglect the metabolic 
cost of producing AMPs, the Pareto front analysis in fig­
ure 5 shows that even in the case of immune response op­
timized for each specific dead sponginess level, higher xD 

still results in lower AMP toxicity damage and/or lower 
bacterial damage. This holds true despite the fact that the 
actual strategies of xD-customized optimal immune re­
sponse might be quite different, as illustrated, for exam­
ple, in the shift to producing mostly intracellular regulators 
for a lower xD p 0:5 in  figure 6. Expecting selection pres­
sures to produce an optimal outcome is, of course, naive, 
even with very carefully modeled fitness functions. How­
ever, this does not negate the usefulness of considering 
such (Pareto-)optimal immune response strategies. Rather 
than predicting a specific evolved immune response, they 
show the constraints on what evolution could possibly ac­
complish, a lower bound for the damages that are unavoid­
ably incurred by whatever response actually manifests. 
While we have parameterized our model around em­
pirically estimated values wherever possible, empirical 
data are limited for some aspects. In most cases, this is 
a function of practical limits in experimentation. Current 
methods commonly used for quantifying bacterial popula­
tions (Dionne et al. 2006; Khalil et al. 2015; Dostálová et al. 
2017; Troha and Buchon 2019) do not separately and si­
multaneously quantify living and dead bacterial cells over 
the course of a natural bacterial infection. Furthermore, 
assays of the AMP sponging by dead bacterial cells have 
thus far been conducted only in vitro (Snoussi et al. 2018; 
Wu and Tan 2019; Savini et al. 2020), and their sponginess 
in vivo has never been estimated. The half-life of AMPs in 
circulation is unknown and are likely to vary among 
distinct AMPs (Cociancich et al. 1994; Uttenweiler-Joseph 
et al. 1998). And while some studies have indicated auto-
toxic damage from AMPs, particularly in neurological tis­
sue (Kounatidis et al. 2017; Badinloo et al. 2018; Swanson 
et al. 2020), the exact amount and tissue ubiquity of auto­
immune damage from AMPs is largely unknown. Finally, 
the actual production cost of AMPs remains unquantified. 
Because of these large parameter uncertainties, our evolu­
tionary analysis did not aim to produce quantitative pre­
dictions for experimental testing but is rather a qualitative 
exploration of the idea that AMP sponging by dead bacte­
ria can have large but entirely different effects on infection 
and evolutionary timescales. 

The present work builds on Ellner et al. (2021) and more 
recent related studies (Hidalgo et al. 2022; Lafont et al. 
2022; Asgari et al. 2023). It introduces several important 
innovations, including an explicit separation of two types 
of negative regulators and the first use of a massive multihit 
model in host-microbe interactions. The latter is needed to 
match biological reality but presents significant analytic 
and computational challenges, which we handle with the 
binning technique described in section S4.2 of the supple­
mental PDF. We provide some analytic results on the sta­
tionary distribution of AMP hits in a bacterial population 
subject to a constant density of AMPs and under the as­
sumption that the death occurs after (L 1 1) hits only 
(see the supplemental PDF, sec. S6). Given the estimated 
mortality function, which rapidly transitions from low to 
high risk of death before dividing, it may be adequate to as­
sume that bacteria are killed by some critical number of hits 
and unaffected by any smaller number. 

Our model reaffirms the crucial importance of rapidly 
eliminating an infection that has succeeded in becoming 
systemic (fig. 4). The most influential parameters for all 
measures of disease impact are the time constant for in­
duction of immune response, the rate at which AMPs 
are produced once the response is induced and the rate 
at which AMPs binds to living pathogens, and the number 
of AMP “hits” needed to kill instantly (tU, VA, cL, and L, 
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respectively). Parameters affecting the shape of bacterial 
mortality as a function of hit number are less important 
(m0, v), which is fortunate because those are difficult pa­
rameters to experimentally quantify. 

In our study of immune system evolution, we have con­
sidered only two of many potentially important defense 
costs (e.g., we considered autotoxicity of AMPs but not 
the cost of producing those AMPs) and only two potentially 
evolvable parameters in the host’s immune response (VA 

and VH). Taking account of both production costs and 
autoimmune damage is an important area for future study, 
although a proper exploration will require accurate empir­
ical estimates of AMP production costs that do not cur­
rently exist. This will also allow for a more careful consid­
eration of the role played by other evolved host parameters; 
for example, the mechanisms for clearing out bacterial 
corpses (see the supplemental PDF, sec. S8). 

Another direction for future work will be to explore the 
evolutionary optimality of the overall immune system archi­
tecture. For example, how do hosts benefit from producing 
both intracellular negative regulators that block immune 
signaling and extracellular negative regulators that degrade 
the immune stimulus? And why do negative regulators and 
activating surveillance molecules exist as multigene fami­
lies of closely related paralogs (Dziarski 2004)? 

Here we have considered a single infection, but a nat­
ural free-living host is likely to face multiple infections, 
and its altered immunological state after fighting off one 
infection may change the starting conditions for a sec­
ond that arises before the host reequilibrates. Evolution 
of the immune response therefore may depend on how fre­
quently such rapid-succession infections occur. Moreover, 
pathogens vary in their growth rates, tolerance of AMPs, 
AMP sponginess, and detectability by the host immune 
system. The consequences of a response strategy will de­
pend on which pathogens a host is exposed to during its 
lifetime, increasing the challenge of devising an immune 
system that can cope with a large suite of encountered 
pathogens. 

Our results demonstrate that dead bacterial sponginess 
can strongly affect within-host infection dynamics and 
evolutionary optimization of the immune system. Some 
empirical estimates of xD in recent articles suggest that dead 
bacterial cells may be considerably more spongy than we 
have assumed here (Snoussi et al. 2018; Wu and Tan 2019; 
Savini et al. 2020), suggesting that the real impacts of shield­
ing by the  dead  may actually be much larger than our  theo­
retical predictions. This shielding may also contribute to 
additional aspects of infection, including the empirically 
observed chronic infection sustained by surviving hosts 
(Chambers et al. 2019). Altogether, our results demon­
strate that dead bacterial sponginess is an overlooked 
but potentially crucial element of host-microbe interac­
tions. Elucidating its full role will require an iterative 
combination of mathematical modeling and empirical 
experimentation. 

More broadly, our results highlight a general (and un­
derappreciated) principle: “killed” enemies are often not 
inert but can persist on infection timescales as structured 
biochemical particles that bind, sequester, or otherwise 
neutralize host effectors, thereby reshaping the effective 
strength, and side effects, of host defense. For AMPs specif­
ically, multiple studies show that dead bacteria can absorb 
and retain large numbers of peptide molecules, protecting 
surviving cells and increasing population-level tolerance 
to AMPs. When incorporated into within-host dynamics, 
this “corpse sink/decoy” effect changes not only whether 
infections clear but also the shape of the fundamental 
trade-off between pathogen control and immunopathology, 
thereby altering which immune activation/shutdown strat­
egies can be favored by natural selection as environments, 
pathogens, or host physiology vary. This extends beyond 
Drosophila: by changing within-host pathogen loads and 
infection duration, corpse-mediated shielding can ulti­
mately affect transmission and virulence evolution and 
thus selection on hosts and pathogens. Finally, this per­
spective suggests two general evolutionary hypotheses: 
pathogens might be selected to enhance corpse persistence 
or effector binding as a kin-benefitting “public good,” while 
hosts might be selected to invest in more rapid clearance/ 
processing of microbial debris (analogous in spirit to the 
strong selection for corpse clearance in other immune 
contexts) to prevent dead pathogens from interfering with 
host defenses. The potentially large effects of AMP spong­
ing by the dead raise the question of whether killed patho­
gens might also benefit their living kin in other ways in the 
context of both innate and adaptive immune responses, 
further generating selection pressures on the host for 
investing in clearing mechanisms even if they are costly. 
Acknowledgments 

This project was supported by the National Institutes of 
Health (NIH; R01 AI141385 to B.P.L., R01 AI148529 and 
AI148541 to N.B., and R01 AI143704 to T.D.), the National 
Science Foundation (NSF; IOS 2024252 to N.B., DMS 
2111522 to A.V., and DEB 1933497 to S.P.E. and G. Hooker), 
the Air  Force Office of Scientific Research (FA9550-22-1­
0528 to A.V.), the National Institute of Food and Agriculture 
of the US Department of Agriculture (USDA; Agriculture 
and Food Research Initiative grant 2021-67015-35235 to 
S. McArt, C. Myers, and S.P.E., as part of the Ecology and 
Evolution of Infectious Diseases program of the USDA, 
NSF, NIH, UK Research and Innovation, United States– 
Israel Binational Science Foundation, and National Natu­
ral Science Foundation of China), and the Royal Society 



000 The American Naturalist 
(Wolfson Visiting Fellowship to A.V.). M.I.K. is supported 
by a Fleming Postdoctoral Fellowship. Any opinions, find­
ings, conclusions, or recommendations expressed in this 
publication are those of the author(s) and do not necessar­
ily represent official views of the funding organizations. We 
are grateful to four reviewers for comments that substan­
tially improved the presentation. The authors declare no 
competing interests. 
Statement of Authorship 

N.B., T.D., S.P.E., B.P.L., and A.V. contributed to con­
ceptualizing the study, model development, discussion 
and interpretation of results, and writing of the manu­
script. T.D. designed and supervised experiments that were 
performed by M.I.K. S.P.E. and A.V. did the coding and 
math. S.P.E. wrote most of the first manuscript draft, and 
all authors besides M.I.K. contributed to revisions. 
Data and Code Availability 

All original data and all computer scripts necessary to 
replicate the results are available from Zenodo (https:// 
doi.org/10.5281/zenodo.18481456; Ellner et al. 2026). 
Literature Cited 

Abel Zur Wiesch, P., S. Abel, S. Gkotzis, P. Ocampo, J. Engelstädter, T. 
Hinkley, C. Magnus, M. K. Waldor, K. Udekwu, and T. Cohen. 
2015. Classic reaction kinetics can explain complex patterns of an­
tibiotic action. Science Translational Medicine 7:287ra73. 

Asgari, D., A. J. Stewart, and R. P. Meisel. 2023. The role of uncertainty 
and negative feedback loops in the evolution of induced immune 
defenses. bioRxiv, https://doi.org/10.1101/2022.10.11.511650. 

Badinloo, M., E. Nguyen, W. Suh, F. Alzahrani, J. Castellanos, V. I. 
Klichko, W. C. Orr, and S. N. Radyuk. 2018. Overexpression of an­
timicrobial peptides contributes to aging through cytotoxic effects 
in Drosophila tissues. Archives of Insect Biochemistry and Physiol­
ogy 98:e21464. 

Brown, P. N., G. D. Byrne, and A. C. Hindmarsh. 1989. VODE: a 
variable coefficient ODE solver. SIAM Journal on Scientific and  
Statistical Computing 10:1038–1051. 

Chambers, M. C., E. Jacobson, S. Khalil, and B. P. Lazzaro. 2019. 
Consequences of chronic bacterial infection in Drosophila mela­
nogaster. PLoS ONE 14:e0224440. 

Clarelli, F., J. Liang, A. Martinecz, I. Heiland, and P. Abel zur Wiesch. 
2020. Multi-scale modeling of drug binding kinetics to predict drug 
efficacy. Cellular and Molecular Life Sciences 77:381–394. 

Cociancich, S., P. Bulet, C. Hetru, and J. Hoffmann. 1994. The in­
ducible antibacterial peptides of insects. Parasitology Today 10:132– 
139. 

Dionne, M. S., L. N. Pham, M. Shirasu-Hiza, and D. S. Schneider. 
2006. Akt and foxo dysregulation contribute to infection-in­
duced wasting in Drosophila. Current Biology 16:1977–1985. 

Dostálová, A., S. Rommelaere, M. Poidevin, and B. Lemaitre. 2017. 
Thioester-containing proteins regulate the toll pathway and 
play a role in Drosophila defence against microbial pathogens and 
parasitoid wasps. BMC Biology 15:79. 

Duneau, D., J.-B. Ferdy, J. Revah, H. Kondolf, G. A. Ortiz, B. P. 
Lazzaro, and N. Buchon. 2017. Stochastic variation in the initial 
phase of bacterial infection predicts the probability of survival in 
D. melanogaster. eLife 6:e28298. 

Dziarski, R. 2004. Peptidoglycan recognition proteins (PGRPs). 
Molecular Immunology 40:877–886. 

Ellner, S. P., N. Buchon, T. Dörr, M. I. Kazi, B. P. Lazzaro, and A. 
Vladimirsky. 2026. Code and data from: Shielded by the dead: 
how killed bacteria shape the dynamics and evolution of innate 
immunity. American Naturalist, Zenodo, https://doi.org/10.5281 
/zenodo.18481456. 

Ellner, S. P., N. Buchon, T. Dörr, and B. P. Lazzaro. 2021. Host–path­
ogen immune feedbacks can explain widely divergent outcomes 
from similar infections. Proceedings of the Royal Society B 288: 
20210786. 

Frenkel, N., R. Saar Dover, E. Titon, Y. Shai, and V. Rom-Kedar. 
2021. Bistable bacterial growth dynamics in the presence of an­
timicrobial agents. Antibiotics 10:87. 

Gould, S., and R. Lewontin. 1979. The spandrels of San Marco and the 
Panglossian paradigm: a critique of the adaptationist programme. 
Proceedings of the Royal Society B 205:581–598. 

Haine, E., Y. Moret, M. Siva-Jothy, and J. Rolff. 2008. Antimicrobial 
defense and persistent infection in insects. Science 322:1257–1259. 

Hemez, C., F. Clarelli, A. C. Palmer, C. Bleis, S. Abel, L. 
Chindelevitch, T. Cohen, and P. A. zur Wiesch. 2022. Mecha­
nisms of antibiotic action shape the fitness landscapes of resis­
tance mutations. Computational and Structural Biotechnology 
Journal 20:4688–4703. 

Hidalgo, B. A., L. M. Silva, M. Franz, R. R. Regoes, and S. A. Armitage. 
2022. Decomposing virulence to understand bacterial clearance in 
persistent infections. Nature Communications 13:5023. 

Hixson, B., L. Huot, B. Morejon, X. Yang, P. Nagy, K. Michel, and 
N. Buchon. 2024. The transcriptional response in mosquitoes 
distinguishes between fungi and bacteria but not gram types. 
BMC Genomics 25:353. 

Jent, D., A. Perry, J. Critchlow, and A. T. Tate. 2019. Natural var­
iation in the contribution of microbial density to inducible im­
mune dynamics. Molecular Ecology 28:5360–5372. 

Joo, H.-S., C.-I. Fu, and M. Otto. 2016. Bacterial strategies of resis­
tance to antimicrobial peptides. Philosophical Transactions of 
the Royal Society B 371:20150292. 

Khalil, S.,  E.  Jacobson, M. C. Chambers,  and B. P. Lazzaro. 2015.  Sys­
temic bacterial infection and immune defense phenotypes in Dro­
sophila melanogaster. Journal of Visualized Experiments 99:e52613. 

Kleino, A., and N. Silverman. 2014. The Drosophila IMD pathway 
in the activation of the humoral immuneresponse. Develop­
mental and Comparative Immunology 42:25–35. 

Kounatidis, I., S. Chtarbanova, Y. Cao, M. Hayne, D. Jayanth, B. 
Ganetzky, and P. Ligoxygakis. 2017. Nf-kb immunity in the brain 
determines fly lifespan in healthy aging and age-related neuro­
degeneration. Cell Reports 19:836–848. 

Kutzer, M., and S. Armitage. 2016. The effect of diet and time after 
bacterial infection on fecundity, resistance and tolerance in Dro­
sophila melanogaster. Ecology and Evolution 6:4229–4242. 

Lafont, P. D. M., C. Lauzeral, N. Parthuisot, C. Faucher, D. Duneau, 
and J.-B. Ferdy. 2022. A within-host infection model to explore 
tolerance and resistance. bioRxiv, https://doi.org/10.1101/2021.10 
.19.464998. 

https://doi.org/10.5281/zenodo.18481456
https://doi.org/10.5281/zenodo.18481456
https://doi.org/10.1101/2022.10.11.511650
https://doi.org/10.5281/zenodo.18481456
https://doi.org/10.5281/zenodo.18481456
https://doi.org/10.1101/2021.10.19.464998
https://doi.org/10.1101/2021.10.19.464998


Shielded by the Dead 000 

 

 

Lazzaro, B. P., and A. T. Tate. 2022. Balancing sensitivity, risk, and 
immunopathology in immune regulation. Current Opinion in 
Insect Science 50:100874. 

Lei, J., L. Sun, S. Huang, C. Zhu, P. Li, J. He, V. Mackey, D. Coy, 
and Q. He. 2019. The antimicrobial peptides and their potential 
clinical applications. American Journal of Translational Re­
search 11:3919–3931. 

Miettinen, K. 1999. Nonlinear multiobjective optimization. Kluwer, 
Boston. 

R Core Team. 2025. R: a language and environment for statistical 
computing. R Foundation for Statistical Computing, Vienna. 

Savini, F., M. Loffredo, C. Troiano, S. Bobone, N. Malanovic, T. 
Eichmann, L. Caprio, et al. 2020. Binding of an antimicrobial 
peptide to bacterial cells: interaction with different species, 
strains and cellular components. Biochimica et Biophysica Acta 
Biomembranes 1862:183291. 

Snoussi, M., J. P. Talledo, N.-A. Del Rosario, S. Mohammadi, B.-Y. 
Ha, A. Košmrlj, and S. Taheri-Araghi. 2018. Heterogeneous ab­
sorption of antimicrobial peptide LL37 in Escherichia coli cells 
enhances population survivability. eLife 7:e38174. 

Soetaert, K., T. Petzoldt, and R. Setzer. 2010. Solving differential 
equations in R: package deSolve. Journal of Statistical Software 
33:1–25. 

Swanson, L. C., S. A. Rimkus, B. Ganetzky, and D. A. Wassarman. 
2020. Loss of the antimicrobial peptide metchnikowin protects 
against traumatic brain injury outcomes in Drosophila melano­
gaster. G3  10:3109–3119. 

Teimouri, H., T. N. Nguyen, and A. B. Kolomeisky. 2021. Single-
cell stochastic modelling of the action of antimicrobial peptides 
on bacteria. Journal of the Royal Society Interface 18:20210392. 

Troha, K., and N. Buchon. 2019. Methods for the study of innate 
immunity in Drosophila melanogaster. WIREs Developmental 
Biology 8:e344. 

Troha, K., J. H. Im, J. Revah, B. P. Lazzaro, and N. Buchon. 2018. Com­
parative transcriptomics reveals CrebA as a novel regulator of infec­
tion tolerance in D. melanogaster. PLoS Pathogens 14:e1006847. 

Uttenweiler-Joseph, S., M. Moniatte, M. Lagueux, A. Van Dorsselaer, 
J. A. Hoffmann, and P. Bulet. 1998. Differential display of peptides 
induced during the immune response of Drosophila: a matrix-
assisted laser desorption ionization time-of-flight mass spectrom­
etry study. Proceedings of the National Academy of Sciences of 
the USA 95:11342–11347. 

van Leeuwen, A., S. A. Budischak, A. L. Grahame, and C. E. Cressler. 
2019. Parasite resource manipulation drives bimodal variation 
in infection duration. Proceedings of the Royal Society B 286: 
20190456. 

Wu, F., and C. Tan. 2019. Dead bacterial absorption of antimicro­
bial peptides underlies collective tolerance. Journal of the Royal 
Society Interface 16:20180701. 
References Cited Only in the Online Enhancements 

Bates, D., K. M. Mullen, J. C. Nash, and R. Varadhan. 2023. minqa: 
derivative-free optimization algorithms by quadratic approxi­
mation. R package version 1.2.6. 

Bischoff, V., C. Vignal, B. Duvic, I. G. Boneca, J. A. Hoffmann, and 
J. Royet. 2006. Downregulation of the Drosophila immune re­
sponse by peptidoglycan-recognition proteins SC1 and SC2. 
PLoS Pathogens 2:e14. 
Buchon, N., N. Silverman, and S. Cherry. 2014. Immunity in Drosoph­
ila melanogaster—from microbial recognition to whole-organism 
physiology. Nature Reviews Immunology 14:796–810. 

Eden, E., N. Geva-Zatorsky, I. Issaeva, A. Cohen, E. Dekel, T. 
Danon, L. Cohen, A. Mayo, and U. Alon. 2011. Proteome half-
life dynamics in living human cells. Science 331:764–768. 

Flyg, C., and K. G. Xanthopoulos. 1983. Insect pathogenic proper­
ties of Serratia marcescens. passive and active resistance to in­
sect immunity studied with protease-deficient and phage-resistant 
mutants. Microbiology 129:453–464. 

Gibson, B., D. J. Wilson, E. Feil, and A. Eyre-Walker. 2018. The 
distribution of bacterial doubling times in the wild. Proceedings 
of the Royal Society B 285:20180789. 

Guillou, A., K. Troha, H. Wang, N. C. Franc, and N. Buchon. 2016. 
The Drosophila CD36 homologue croquemort is required to 
maintain immune and gut homeostasis during development and 
aging. PLoS Pathogens 12:e1005961. 

Haugan, M. S., G. Charbon, N. Frimodt-Møller, and A. Løbner-
Olesen. 2018. Chromosome replication as a measure of bacterial 
growth rate during Escherichia coli infection in the mouse peri­
tonitis model. Scientific Reports 8:14961. 

Inoue, I., and M. Rechsteiner. 1994a. On the relationship between 
the metabolic and thermodynamic stabilities of T4 lysozymes: 
measurements in Escherichia coli. Journal of Biological Chemis­
try 269:29241–29246. 

———. 1994b. On the relationship between the metabolic and 
thermodynamic stabilities of T4 lysozymes. measurements in eu­
karyotic cells. Journal of Biological Chemistry 269:29247–29251. 

Jutras, B. L., R. B. Lochhead, Z. A. Kloos, J. Biboy, K. Strle, C. J. 
Booth, S. K. Govers, et al. 2019. Borrelia burgdorferi peptidogly­
can is a persistent antigen in patients with Lyme arthritis. Proceedings 
of the National Academy of Sciences of the USA 116:13498–13507. 

Lemaitre, B., J.-M. Reichhart, and J. A. Hoffmann. 1997. Drosophila 
host defense: differential induction of antimicrobial peptide genes 
after infection by various classes of microorganisms. Proceedings 
of the National Academy of Sciences of the USA 94:14614–14619. 

Minichmayr, I. K., V. Aranzana-Climent, and L. E. Friberg. 2022. 
Pharmacokinetic/pharmacodynamic models for time courses of 
antibiotic effects. International Journal of Antimicrobial Agents 
60:106616. 

Nigro,  G., L.  L.  Fazio, M. C. Martino, G.  Rossi, I.  Tattoli,  V.
Liparoti, C. De Castro, A. Molinaro, D. J. Philpott, and M. L. 
Bernardini. 2008. Muramylpeptide shedding modulates cell sens­
ing of Shigella flexneri. Cellular Microbiology 10:682–695. 

Roversi, D., V. Luca, S. Aureli, Y. Park, M. L. Mangoni, and L. Stella. 
2014. How many antimicrobial peptide molecules kill a bacterium? 
the case of PMAP-23. ACS Chemical Biology 9:2003–2007. 

Witzany,  C., J. Rolff, R.  R. Regoes,  and C. Igler.  2023.  The
pharmacokinetic-pharmacodynamic modelling framework as a 
tool to predict drug resistance evolution. Microbiology 169:001368. 

Zaidman-Rémy, A., M. Hervé, M. Poidevin, S. Pili-Floury, M.-S. 
Kim, D. Blanot, B.-H. Oh, R. Ueda, D. Mengin-Lecreulx, and 
B. Lemaitre. 2006. The Drosophila amidase PGRP-LB modulates 
the immune response to bacterial infection. Immunity 24:463– 
473. 
Associate Editor: Greg Dwyer 
Data Editor: Benedicte Bachelot 

Editor: Sébastien Lion 

http:gaster.G3


Online Supplement for the paper

Shielded by the dead: how killed bacteria shape

the dynamics and evolution of innate immunity

published by American Naturalist.

Stephen P. Ellnera,d, Nicolas Buchonb,d, Tobias Dörrc,d,e, Misha I. Kazie, Brian P. 
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S1 DETAILED MODEL DEVELOPMENT

S1 Detailed model development

S1.1 Sensing and responding to an infection
Presence of bacteria is signaled by an increase in PGN G, which is perceived by the host as an

indication of infection and stimulates an immune response. We assume that the rate of PGN

shedding by living cells is proportional to the cell division rate (Nigro et al., 2008). Because cell

death caused by AMPs is associated with lysis, we assume that the PGN from a killed cell be-

comes immediately accessible for recognition by the host at the moment of cell death. In our focal

experimental system, PGN triggers the Imd signaling pathway (and to a much lesser extent the

Toll pathway (Hixson et al., 2024; Troha et al., 2018), which we ignore for simplicity). The result

of the signaling cascade is nuclear localization of the NF-κB transcription factor Relish (modeled

as production of active Relish) and binding to promoter sites of genes that express host immune

proteins. This includes genes encoding antimicrobial peptides, as well as negative regulators, pep-

tidoglycan sensors, and Relish itself (Buchon N, 2014). PGN is probably always present at some

very low level, coming from the host’s microbiota, but we ignore this because it is far smaller than

the amount produced quickly at the onset of a potentially harmful infection.

An essential feature of the immune response is the time delay between signal and response,

which can determine the outcome of the infection (Duneau et al., 2017; Ellner et al., 2021). We

model the delay as follows. A constant fraction of bound nuclear promoter sites (resulting from

some constant PGN concentration) would produce after several hours a corresponding steady rate

of AMP production. We let Ū(G) denote that production rate as a fraction of the maximum rate

when all promoter sites are bound. A detailed model of the Imd signaling cascade (see § S2 Input-
output description of the initial cascade) suggests that the relationship between PGN and steady-state

bound nuclear Relish is approximately a Monod curve. We assume that a sufficiently high PGN

concentration would result in nearly all promoter sites being bound, while extracellular negative

regulators H decrease the sensitivity to G, so we specify Ū(G) = Ge−cH H/(eG + Ge−cH H) for some

constants eG and cH.

Up-regulation of AMP production is the result of multiple steps and we model it as such:

dU1/dt = 3(Ū(G(t))−U1)/τU

dU2/dt = 3(U1 −U2)/τU

dU3/dt = 3(U2 −U3)/τU

(S1)

Given enough time, if G(t) is constant then U1, U2, and U3 all converge to Ū(G). Our use of three

steps was motivated by considering that ramping up of AMP production is mainly delayed by

transcription, translation, and secretion, while the signaling cascade and promoter binding are

much faster. We assume that the host dies, and production of AMPs and other gene products

ceases, when the total bacterial population B reaches a threshold value Ω (called the BLUD, bac-
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S1.1 Sensing and responding to an infection S1 DETAILED MODEL DEVELOPMENT
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Figure S1: The host “well being” function W showing how AMP and extracellular regulator X production
decrease when the pathogen load B approaches the threshold level Ω. We used the function W(x) =
(1− x)6)/(0.16 + (1− x)6) for 0 ≤ x ≤ 1 and W(x) = 0 for x > 1 (meaning that the host is dead because
bacterial load is above Ω). Figure made by Multihit utilities.R.

terial load upon death, by Duneau et al. (2017)). AMP production rate is given by VAU3W(B/Ω)

where VA is the maximum possible rate, and W is a function that equals 1 when B� Ω and quickly

but smoothly shuts down production when B/Ω increases towards 1 (see SI Fig. S1). The chain of

state variables Uj produces a gamma-distributed delay between a brief spike in G and consequent

up-regulation U3, with τU as the mean of the distribution. A single step model produced unreal-

istically fast control of infections relative to bacterial population increase (i.e., the ratio between

peak and initial bacterial populations was much smaller than observed experimentally (Duneau

et al., 2017)), while the three-step model produces more realistic dynamics of controlled infections

(see § Results, Fig. 1 in the main text) and has a mechanistic interpretation.

AMP molecules are lost through binding to living and dead bacteria, by natural degrada-

tion with first-order loss constant δA, and through degradation by proteases that are produced by

the bacteria. As in Ellner et al. (2021) we make the quasi-steady-state assumption that protease

concentration is proportional to bacterial abundance. This implies an AMP loss rate mAB rep-

resenting the effect of proteases. We assume that binding of AMPs to host tissue, which causes

AMP auto-toxicity, never becomes saturated and is therefore modeled as a first-order process and

combined into the loss constant δA.

Binding of nuclear Relish also up-regulates production of negative regulators. Intracellular

regulators H decrease the sensitivity to PGN, as described above. Extracellular regulators degrade

PGN and thus dampen further stimulation of the immune response after an infection has been

controlled. Although there are multiple such regulators (e.g., families of PGRPs with amidase

activity (Bischoff et al., 2006; Zaidman-Rémy et al., 2006)), we combine them into a single variable
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S1.2 Bacterial population dynamics S1 DETAILED MODEL DEVELOPMENT

X with production rate VXU3. We assume first-order kinetics for X degrading PGN, creating a

PGN loss term ρGXG. We assume that X and H are only lost through natural degradation with

decay constants δX and δH respectively.

S1.2 Bacterial population dynamics
We model AMP-induced bacterial mortality as a multi-step process, building on past models

for killing by antibiotics (Abel Zur Wiesch et al., 2015; Clarelli et al., 2020; Hemez et al., 2022).

This results in a delayed and gradual response of the bacterial mortality rate to dynamic changes

in AMP concentration, whereas classic pharmacokinetic-pharmacodynamic models (Minichmayr

et al., 2022; Witzany et al., 2023) posit an immediate response dependent on AMP concentration

and cell state (e.g., active versus resting). Gradual response due to cumulative binding of addi-

tional AMPs is biologically more realistic when AMP is produced at physiologically reasonable

rates (in contrast to a therapeutic antibiotic that is instantaneously applied at an overwhelming

concentration). This lagged response is important because it magnifies the number of cells that

must be killed to control an infection, and may also be important for evolutionary optimization

of the host immune response if bacteria cause damage to the host before the infection is brought

under control (see § Results in the main text).

We assume that bacterial mortality is zero in the absence of AMPs, while each additional

“hit” (bound AMP molecule) produces an increase in mortality rate, described by a smooth func-

tion µ(x) giving the instantaneous mortality rate for a cell with x hits. We let Λ denote the max-

imum number of hits that a live cell can sustain – when a cell with Λ hits acquires one more, it

immediately dies. The live bacterial population thus consists of sub-populations B0, ..., BΛ with the

subscript encoding the number of bound AMP molecules. The total population of live bacteria is

B = B0 + · · · + BΛ. We assume that all sub-populations have the same maximum division rate

r and overall carrying capacity K. We also assume that AMP molecules bind to all live cells at

the same rate cL A, because the number of possible binding sites is very high relative to Λ. This

property of AMP binding differs from the situation with many antibiotics, where binding sites can

be saturated at clinically relevant concentrations (Abel Zur Wiesch et al., 2015).

Consider first the gains and losses of cells in Bj due to cell divisions. We assume that when

a cell divides, each bound AMP molecule is equally likely to go to either daughter, independent

of the fate of other AMP molecules. In the calculations below, we consider that division by such a

cell eliminates it from Bj. On the other hand, a daughter cell in Bj can be produced by division of

cells in compartments Bj, Bj+1, · · · BΛ.

When a cell in Bj+m divides (with m ≥ 0), we can arbitrarily label one of them as the “first

daughter”. If the first daughter has j AMPs, this creates a daughter in Bj. If the first daughter has

m AMPs, this also creates a daughter in Bj because the second daughter necessarily has j AMPs.

5

Supplemental Material (not copyedited or formatted) for: Stephen P. Ellner, Nicolas Buchon, Tobias Dörr, Misha I. Kazi, Brian P. Lazzaro, Alexander Vladimirsky. 
2026. "Shielded by the Dead: How Killed Bacteria Shape the Dynamics and Evolution of Innate Immunity." 

The American Naturalist 208(2). DOI: https://doi.org/10.1086/741105.



S1.3 AMPs sponging by the dead S1 DETAILED MODEL DEVELOPMENT

Thus, for each cell division in Bk with k = j + m, the expected number of daughters in Bj is

β j,k = 2−(j+m)

[(
j + m

j

)
+

(
j + m

m

)]
= 21−(j+m)

(
j + m

j

)
= 2(1−k)

(
k
j

) (S2)

Combining losses and gains to Bj through cell divisions with those due to AMP binding, the

living bacterial population dynamics are

dBj

dt
= r(1− B/K)

[
Λ

∑
k=j

β jkBk − Bj

]

− cL ABj + 1j>0cL ABj−1 − µ(j)Bj,

(S3)

j = 0, ..., Λ. The first term on the right hand side is changes due to cell divisions (with the factor

1− B/K reflecting resource limitations on cell division rate), the second is “promotions” out of Bj

into Bj+1 due to AMP binding, and the next is promotions into Bj from Bj−1 due to AMP binding

(for j > 0), and the final term is mortality.

As we lack direct information on hit-dependent mortality µ(j), we specified a flexible func-

tional form and estimated its parameters by optimizing model fit to experimental data and data

summaries (see §S5). We initially assumed a product of three terms: a gradual power-law increase

with per-capita mortality proportional to jθ , θ > 0, a step-like increase at some critical number of

hits, and a rapid increase near Λ hits such that cells with Λ + 1 hits die instantly, proportional to

1/
√

Λ + 1− j. However, the step increase was invariably estimated to be zero so we removed it,

giving µ(j) = µ0 jθ/
√

Λ + 1− j. The rapid increase near j = Λ also had little effect because the

fitted µ0 and θ values produce rapid death at j well below Λ (see Fig. S8), but we retain it to ensure

that all living bacteria have j ≤ Λ hits.

Analysis of (S3) shows that the AMP concentration needed to prevent bacterial population

growth (if A is held constant) is at most r(1 + Λ)/cL; this bound represents the situation where

bacterial mortality is zero until a cell acquires Λ + 1 hits and immediately dies. Because the es-

timated µ(j) increases steeply at j = Λ/2, r(1 + Λ/2)/cL is a reasonable estimate of the AMP

concentration at which killing by AMPs exactly balances cell divisions.

Because Λ is very large (O(107) hits, see §S3), eqn. (S3) yields an extremely high-dimensional

system of stiff coupled nonlinear ODEs. For that reason, we used a coarsened (“bin-based”) ap-

proach to obtain accurate numerical model solutions; see §S4.2 for details.

S1.3 AMPs sponging by the dead
We assume the simplest possible model for AMP binding to a killed cell, using first-order reaction

kinetics. We assume that bacterial cells are very large targets for AMP binding, and that if one dead
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bacterial cell breaks into several fragments, the cumulative binding potential of the fragments

remains high enough that there is no effect on overall AMP binding potential in the system. The

degradation rate of ”corpses” (and their corresponding fragments) and their elimination from the

system is given by δD. The model for the number of dead bacteria D is then

dD
dt

=
Λ

∑
j=0

µ(j)Bj + cL ABΛ − δDD. (S4)

S1.4 Rescaling the model
The process models developed in the previous sections combine to produce the overall model.

Before studying the model, we can reduce the number of free parameters by rescaling variables.

We scale time so that one unit is the bacterial doubling time at the maximum possible population

growth rate r, resulting in r = ln(2) ≈ 0.69. For typical bacterial opportunistic pathogens, the

doubling time in vivo is on the order of an hour (Gibson et al., 2018; Haugan et al., 2018), so we

can informally think of time as measured in hours. We scale G so that one bacterial division

produces one unit of G (γ = 1), and then scale X so that the rate constant for degradation of PGN

is ρG = 1. Then γD represents the PGN production from killing one bacterium, relative to the

amount produced when one living cell divides. We scale H so that cH = 1. However, we keep live

and dead bacteria dimensional (bacteria per host), for comparison with experimental results. We

cannot rescale AMPs usefully because the exact integer number of hits and maximum number Λ

affect the distribution of hits in daughter cells. These scalings produce the complete model shown

in the main text. Ranges of values for model parameters based on our focal experimental system

are discussed in §S3 and §S5.

S2 Input-output description of the initial cascade
In this section we derive an input-output description R∗N = fR(G) of the Imd signaling cascade,

where R∗N is the amount of bound nuclear Relish. The description is based on assuming quasi-

equilibrium of the initial cascade relative to the current value of PGN, G. We are mostly interested

in the possible qualitative shapes of this function so the dynamic model in the main text can use a

simple but realistic parametric equation fR instead of including additional dynamic equations for

the signaling cascade that would introduce many additional model parameters.

Our model of the cascade is diagrammed in Fig. S2. This is essentially the same in as in Ellner

et al. (2021), except that we omit the intracellular positive regulators that maintain the supply

of Relish needed for the cascade. Here we assume for simplicity that those regulators do their

job perfectly, and as a result the parameters of the cascade (i.e., all of the rate constants in the

reaction kinetics) are constant. Our dynamic model in the main text includes intracellular negative

regulators, denoted H. Their effect is modeled as a reduction in the sensitivity to PGN, so that

R∗N = fR(e−HG) when units of H are scaled appropriately.
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G

RP

4P P*

I I*

RB

RN

R*N

Creation, Conversion, or Loss: 
Positive effect on rate:

RU

Figure S2: Our simplified model for the initial signaling cascade from PGN to bound nuclear Relish, in
the fork of the IMd pathway going through PGRP-LC. Solid black arrows indicate flows. Dashed red lines
indicate positive effects of a variable’s concentration on the rate of a reaction arrows The state variables are
G: peptidoglycans exterior to the cell (moles/l); P, P∗: unbound and bound PGRP-LC (moles); I, I∗: free
and recruited IMD (moles); RU , RB, RP: forms of Relish outside the nucleus; RN , R∗N : unbound and bound
Relish in the nucleus. RB is the native cytoplasmic version of the protein, having an intact self-negative-
regulatory domain. RU is cleaved – the negative domain is removed – but it is still unphosphorylated and
therefore inactive. RP is both cleaved and phosphorylated and therefore is active.
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Figure S3: Graph of steady-state P̄∗(G) as a function of G, for PT = eP = 1.

For convenience we omit below brackets [•] denoting concentration.

The first step is dimerization of PGRP-LC (P) through binding to PGN (G). On the fast time

scale of these chemical processes we can assume that the total amount of PGRP-LC is a constant

PT. The reaction diagram

2P + G 
 2P∗ + G∗

gives the kinetic equation

dP∗

dt
= cPGP2 − ρPP∗ = cPGP2 − ρP(PT − P). (S5)

In the loss term, ρP is the detachment rate of dimers, the concentration of dimers is P∗/2, and each

dimer detachment event produces two unattached P molecules.

We assume that G∗ is negligibly small compared to G. We define eP(H) = cP/ρP, the ratio

between the forward and backward rate constants (e for “efficiency”). Then solving the quadratic

(S5) for P we get the steady states

P̄(G) =

√
1 + 4GePPT − 1

2GeP
, P̄∗(G) = PT − P̄(G). (S6)

This expression already rules out finding the overall cascade steady-state analytically. The Taylor

series about G = 0 (using MAXIMA script PGN.max) is P̄∗ = ePP2
TG − 2e2

PP3
TG2 + · · · , increasing

and concave down. That remains true for all G: the first derivative in G is positive (converging to 0

as G → ∞), the second derivative is negative. Fig. S3 shows P̄∗ as a function of G for PT = eP = 1.

The limit as G → ∞ is P̄∗ = PT, i.e. all PGRP-LC is in the dimerized state.

The second step is recruitment (activation) of Imd, I 
 I∗ with I + I∗ ≡ IT, giving kinetic

equation
dI∗

dt
= cI P∗(IT − I∗)− ρI∗ I∗ (S7)
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S2 INPUT-OUTPUT DESCRIPTION OF THE INITIAL CASCADE

The steady-state value is Michaelis-Menten,

Ī∗ = IT
eI P̄∗(G)

1 + eI P̄∗(G)
(S8)

where eI = cI/ρI . As a function of G (with P̄∗(G) as found above) this has the same qualitative

shape as P̄∗(G), increasing and concave down (why: if functions f and g are both increasing

and concave down, it’s simple calculus to prove that their composition is increasing and concave

down).

The third step is the one we omit in our kinetic model: recruited Imd catalyzing activation of

kinase and caspase. Instead, we assume that activated kinase and caspase are both proportional

to I∗. The reaction kinetics for kinase and caspase both have the same form as Imd, so the ac-

tual quasi-equilibrium relationships are both Michaelis-Menten functions of I∗. Thus, we tacitly

assume that concentrations of activated caspase and kinase are small enough that saturation as a

function of I∗ can be ignored.

The fourth step is Relish outside the nucleus:

→ RB → RU → RP →
with RB → RU and RU → RP catalyzed by I∗. It is reasonable to assume that RU goes “immedi-

ately” to RP, i.e. the RU → RP step is very fast. The leftmost→ is production of RB; the rightmost

→ is one-way transport of RP into the nucleus (where it becomes RN). Previously we collapsed

this step by omitting RU , but that may be problematic for our present purposes if it changes the

functional form of the steady-state rate of transport into the nucleus.

Binding of nuclear Relish leads to up-regulation of RB production. The kinetic equations are

dRB

dt
= VB +−cB I∗RB − δRRB

dRU

dt
= cB I∗RB − cU I∗RU − δRRU

dRP

dt
= cU I∗RU − DPRP − δRRP

(S9)

The total amount of cytoplasmic Relish results from the balance between production of RB, nat-

ural degradation, and transport of RP into the nucleus. Setting all derivatives in (S9) to zero and

solving, we get that the steady-state of RP is

R̄P =

(
VB

δR + DP

)
(I∗)2

(I∗ + δR/cB)(I∗ + δR/cU)
, (S10)

in other words

R̄P =

(
VB

δR + DP

)
I∗(G)2

(I∗(G) + δR/cB)(I∗(G) + δR/cU)
(S11)

where I∗(G) is given by eqns. (S8) and (S6). fR is thus an increasing, saturating function of G that

10

Supplemental Material (not copyedited or formatted) for: Stephen P. Ellner, Nicolas Buchon, Tobias Dörr, Misha I. Kazi, Brian P. Lazzaro, Alexander Vladimirsky. 
2026. "Shielded by the Dead: How Killed Bacteria Shape the Dynamics and Evolution of Innate Immunity." 

The American Naturalist 208(2). DOI: https://doi.org/10.1086/741105.



S2 INPUT-OUTPUT DESCRIPTION OF THE INITIAL CASCADE

is quadratic (concave up) near G = 0.

The next steps are movement of RP into the nucleus (becoming RN), and binding/unbinding

of RN with promoter sites:

dRN

dt
= DPRP − δRRN − cN RN(M− R∗N) + ρN R∗N

dR∗N
dt

= cN RN(M− R∗N)− ρN R∗N

(S12)

where M is the total number of promoter sites at which RN can bind. At steady state the second

line equals 0, hence the last two terms in the first line add to zero, implying RN =
DP

δP
RP at steady

state. Solving the second line gives R∗N in terms of RN . Putting those together, at steady state

R̄∗N/M =
R̄P

kP + R̄P
(S13)

where kp = (ρNδP)/(cN DP).

We now want to explore the possible qualitative shapes of R∗N as a function of G. As a first

step, we can reduce the parameter count by expressing the result in terms of parameter combina-

tions, as follows.

First, eP only appears in the product GeP, so for examining the qualitative shape we can take

GeP as the independent variable. Equivalently, without loss of generality we can assume eP = 1.

When (S8) is substituted into (S11), we can divide numerator and denominator by IT and the

only effect is to change the value of the δ/c constants in the denominator of the second factor. We

can therefore set IT = 1 in (S8) and make the constants in the denominator of the second factor

our basic parameters.

Second, when (S11) is substituted into (S13), we can divide numerator and denominator by

the first right-hand-side factor in (S11), and this only changes the value of kp. After these steps kp

is a combination of parameters, including many that do not appear anywhere else in the formula

for R∗N . We can therefore take kp as a basic model parameter.

With these simplifications, the input-output relationship is given by combining (S13) with

(S6) for P̄∗(G) with eP = 1, and (S8) with IT = 1, giving

R̄P =
I∗(G)2

(I∗(G) + kB)(I∗(G) + kU)
(S14)

The free parameters are thus PT, eI , kB, kU and kP.

Generating curves of R̄∗N/M versus G with randomly drawn parameters, we find that that

except for very small values of G (i.e., values such that most promoter sites are unbound), the

curve is qualitatively like a Michaelis-Menten curve (Fig. S4). In the main text, we therefore as-

sume that the fraction of bound promoter sites is given by a Michaelis-Menten function of G.
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Figure S4: Graphs of R̄∗N/M versus G with randomly drawn parameters. Each panel shows the result of
random parameter draws. All curves are scaled relative to their maximum value as G → ∞. Parameter sets
were generated as iid lognormal perturbations of base values (PT = 1, eI = 2, kB = 1, kU = 1, kP = 1) e.g.,
the random value of eI in each parameter set was generated as 2eZ where Z has a Normal(0,1) distribution.
Figure made by R script CascadeFunction.R
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S3 Parameter ranges
Here we explain the rationale for our choice of baseline parameter values for the parameters whose

values were not derived by model calibration (§S5).

1. Ω, the BLUD (bacterial load upon death). A typical value is 5× 106 bacteria per fly (Duneau

et al., 2017).

2. K, the “carrying capacity” represents total consumption of the host and so is much larger

than Ω. So long as K � Ω the particular value has no effect on any of the properties we are

studying, so we arbitrarily set K = 1000×Ω.

3. τU. Lemaitre et al. (1997) found that transcription of mRNAs encoding AMPs was generally

detectable but low at 1 hour after infection with a variety of bacteria, and strong and in-

creasing at 3hr and maximal by 6 hr. In our model, transcription rate increases from zero to

maximal, in response to a constant AMP concentration, in proportion to 1− e−t/(τU/3). Val-

ues of τU/3 between 2 and 3 hours produce up-regulation in our model that align with the

qualitative results of (Lemaitre et al., 1997). We therefore chose τU = 7.5 hours as the baseline

value for our model. After calibration of other model parameters (as described below) this

value produced a good match to two observed features of the dynamics in our focal experi-

mental system (Duneau et al., 2017). First, there is significant AMP up-regulation detectable

by 4 hours after infection with several thousand bacteria. Second, there was significant con-

tinued increase after 4 hours, such that AMP levels sufficient to bring an infection under

control (when that did occur) were reached only after ≈ 7 hours following inoculation with

the pathogen, and the bacteria population continued to grow approximately exponentially

until close to that time.

4. γD is the total PGN released as the result of a cell death (we assume that this release is instan-

taneous), relative to that released when one living cell divides. The dead do have immuno-

stimulatory effects (Hixson et al., 2024; Troha et al., 2018). But in experiments where equal

numbers of living and dead bacteria were injected into different hosts (mosquitoes, Aedes
aegypti), living bacteria induced a far stronger immune response (Hixson et al., 2024). Trans-

lating this empirical finding into a value for γD is challenging because, in an experiment, the

immune response to living cells creates dead cells in the same host, and because the living

potentially increase in numbers over the course of infection. A further complication is the

nonlinear and time-delayed relationship between PGN concentration and immune response.

We therefore considered that γD was likely to be somewhere between 0.01 and 1, and applying

our geometric mean principle (described in § Choice of default parameter values of the main text)

we adopted γD = 0.1 as the baseline value. This means that most PGN stimulation of the

immune system in our model comes from living bacteria, unless the dead greatly outnumber

the living. We further note that, because γD has very low elasticity for all of the response

measures that we considered (too small for it to be included in Fig. 4), mis-estimation of this
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parameter would have very little effect on model predictions.

5. m. A bacterial cell removes AMP molecules from circulation two different ways: by absorb-

ing AMPs (acquiring “hits”) and by producing protease, an enzyme that degrades AMPs but

is not consumed in the process. The model assumes a constant ratio between the number

of bacteria and the protease concentration. The ratio between AMP elimination rate by pro-

teases and AMP elimination rate through absorption, at any given moment, is given by the

parameter m. Knocking out protease production has only a small effect on bacterial growth

in Drosophila infected with Serratia marcescens bacteria (Flyg and Xanthopoulos (1983) and our

own unpublished experiments). We therefore set m = 0.1. This is perhaps small enough

to simply ignore, but we retain m in the model because larger values might apply in other

systems.

6. xD gives the “sponginess” of dead bacteria relative to live bacteria, so we are interested in

exploring the range cD = O(1). We chose default value xD = 1 because cell death does not

alter the chemical properties relevant to AMP absorption, but we consider that larger values

are worth exploring. For example, the dead may lack active defenses that the living have.

7. δA. As in Ellner et al. (2021), we consider that AMPs are stable on the time scale of an infection

(i.e., the≈ 0.5− 1 day required for clearing an infection or host death). Documented half-lives

for different AMPs vary from hours to a week (Cociancich et al., 1994; Uttenweiler-Joseph

et al., 1998). If we take the range of half-lives to be approximately 1/8 day to 8 days, the

geometric mean principle gives 1 day as a reasonable half-life. As baseline value we use

δA = 0.03, giving AMP a half-life of 23.1 hours.

8. δX. The extracellular negative regulators are enzymes, similar to lysozymes, that degrade

PGN. Lysozyme half-lives are highly variable, ranging from 1 to 50 hours (Inoue and Rech-

steiner, 1994a). On the geometric mean principle we assume a half-life of ≈ 7 hours, giving

the default value δX = 0.1. The value of δX turns out to be fairly unimportant for the proper-

ties we consider, because once X has done its job of degrading PGN, it matters very little how

much longer it persists in the fly.

9. δH. Many different types of protein are actually involved in intracellular negative regulation,

each of which will have different kinetics, and little is known about their half-lives. A typical

half-life for a protein would be several hours (i.e., neither minutes nor days) (Eden et al.,

2011; Inoue and Rechsteiner, 1994b). We set δH equal to δX so that the two components of the

immune shut-down process operate on the same time scale.

10. δG. PGN is also fairly stable on the time scale of infection success or failure (Jutras et al., 2019).

Exact values of these parameters are not important for the dynamics of model simulations, so

long as they are not far from δA and δX. We chose δG = 0.03 giving a half-life of ≈ 24 hours.

11. δD. The loss of dead bacteria and thus of their ability to sponge AMPs is affected both by

chemical decay and by active clearance of dead cells by the host through phagocytosis and/or
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filtering. Our system is modeled on adult Drosophila, in which phagocytes are rare and easily

saturated (Guillou et al., 2016), so we chose a relatively low value of δD = 0.05 giving dead

cells (or more precisely for our model, the AMP-sponging capacity of dead cells) a half-life of

14 hours. The situation would be very different in Drosophila larvae, or in other insect species

with more macrophages and high filtration capacity, but we believe that it is the correct choice

for the model system represented by our default parameters. Nevertheless, to explore the

robustness of our conclusions for species with more active clearance of dead cells, we replicate

our main analyses for a scenario where dead cells are cleared 10× faster, δD = 0.5, but are

more AMP-spongy than living cells (which is in line with the experimental evidence (Savini

et al., 2020; Snoussi et al., 2018)); see §S8 below.

12. eG. This parameter controls how strongly the host responds to the presence of a small bacterial

population. With B� K bacteria present, dG/dt = rB− δGG so the value after 1 hour starting

from G(0) = 0 is G(1) ≈ rB ≈ 0.7B because degradation within an hour is negligibly small.

When we allowed eG to be a fitted parameter in model calibrations (described below), the best

fits all had implausibly small values, eG � 1 or smaller, implying a fully activated immune

response to the PGN produced by one bacterium in an hour. As a minimal lower bound, we

assume that the PGN produced by 10 bacteria in an hour should elicit a weak response so as

not to over-react to a harmless bacterium “passing through”, suggesting eG ≥ 100. Assuming

larger values up to eG = 300 had little effect on calibrated values of other parameters, and no

visible effects on model dynamics with best-fit parameters, so we kept eG = 100 as our default

value.

13. The experimental results on shielding by heat-killed bacteria (Main Text, Methods and Mate-

rials, Experimental demonstration of shielding by heat-killed bacteria) provide a rough estimate for

Λ, the maximum possible number of hits on a living bacterium. For these calculations, we as-

sume that living and heat-killed cells are more or less equally “spongy”, because heat-killed

cells (unlike AMP-killed cells) still have intact membranes, at least initially. In the experi-

ment, the presence of 107 heat-killed bacterial cells had a very small effect on mortality of

living cells but 108 heat-killed cells greatly reduced the living cell mortality. Thus, we infer

that 108 heat-killed cells were enough to absorb, within well under an hour, an appreciable

fraction of the AMP molecules initially present and thereby shield the living cells (absorption

in the same trial by the 7× 106 initially living cells is small enough to ignore). So if 108 killed

cells together acquired O(1014) to O(1015) hits (and thus, a non-negligible fraction of the 1015

AMP molecules present) each heat-killed cell would have acquired O(106) to O(107) hits, and

each initially living cell would have acquired about the same. The instantly lethal dose Λ

therefore must be substantially larger than this number of hits. This suggests that the highly

lethal hit burden Λ is O(107) or possibly larger, which is consistent with previous estimates

in the literature (Roversi et al., 2014; Savini et al., 2020).

As an upper bound, if all of the 1015 initially present AMP molecules were absorbed by the 7×
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Figure S5: The rate-reduction functions used to impose an extinction boundary at very low bacteria cell
counts. When the total number of bacteria cells in the host falls below 10, cell division rate begins to
decline. Other rates also decline, but only when the cell count is below 1.Figure made by Bin scheme.R.

106 initially living cells, each cell would have about 1.4× 108 hits on average. Consequently,

that number of hits must be high enough to entail substantial mortality. Thus, Λ is unlikely

to be much larger than 108. We chose Λ = 2× 107 as our default value.

By similar arguments, we attempted to roughly estimate the AMP binding coefficient cL from

the same set of experimental results. However, we found that this required a number of

questionable assumptions and still left nearly hundred-fold uncertainty about the value. We

therefore put cL among the parameters to be estimated by model calibration, as described in

§S5.

S4 Numerical solution of the model

S4.1 Making sure that extinct is forever
Regardless of the AMP concentration, the number of bacteria in the model cannot fall to exactly

zero; at best, bacteria decline exponentially toward zero. However, this type of spurious per-

sistence can allow a modeled bacterial population to regrow (in model solutions) even after the

host’s immune response has reduced them to far less than one living cell, with bacteria eventually

becoming so numerous as to kill the host. This triumphant return can occur because the negative

regulators X and H might still be at appreciable concentrations in the host, preventing an effective

immune response, while previously produced AMPs would have been absorbed by living or dead

bacteria.

In order to prevent this unrealistic behavior, we imposed a “quasi-extinction” boundary at

low bacteria densities. In ecological terminology, we added an artificial strong Allee effect at low

cell counts. Specifically, the cell division rate r(1− B/K) was multiplied by B4/(34 + B4) where B
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is the total number of bacteria. All other per-capita rates of the bacteria, including mortality, were

multiplied by B4/(1 + B4); see Fig. S5. The nonlinear reduction in cell division rate, relative to

other rates, implies that at sufficiently low cell counts, divisions are dominated by mortality. This

behavior is biologically realistic, as very small bacteria populations are likely to be held in check

by processes not included in our model, such as phagocytosis.

The smooth decrease in other rates is a device to prevent negative bacteria abundances in nu-

merical solutions of the model. The more common device of using log-transformed state variables

fails for our model because very low values of state variables (especially, bacteria being driven to

minute cell counts) produce numerical overflow in the calculating the logarithm of a very small

number, crashing solver routines.

In our bacterial population equations with these modifications, bacteria in the absence of a

host immune response would be a one-dimensional ODE with a stable equilibrium at B = 0, and

an unstable equilibrium at B = O(1) cells in a host. With initial conditions above the unstable

equilibrium the bacteria will increase to their carrying capacity. Initial conditions below the un-

stable equilibrium lead to extinction of the bacteria, with the extinction rate slowing as B = 0 is

approached due to the declining per-capita mortality rate. In the full model, a bacteria population

driven below the unstable equilibrium by the host immune response will inevitably decrease to

zero, while the dynamics for B = 10 or more (which is 2 order of magnitude below their experi-

mental initial abundance) are unaffected by the modifications.

S4.2 Approximation by binning
In the model bacteria, are classified by AMP “hits”, the number of bound AMP molecules running

from 0 to Λ where Λ is very large (our default is Λ = 2 × 107). The model therefore cannot

be integrated directly. Instead, we use a low-dimensional approximation in which bacteria are

combined into “bins” representing an interval of AMP hit numbers.

Recall that when a cell divides, hits are allocated independently, with equal probability, to

the two daughters. This implies that the fraction of divisions, by parents with k hits, that produce

a daughter with j ≤ k hits, is

β jk = 2(1−k)
(

k
j

)
. (S15)

Let z denote “hit fraction” k/Λ where k is the absolute number of hits. Consider a cell with hit

fraction z that divides. Label one daughter as the “first”. The number of hits in the first daughter

is Binomial with parameters N = zΛ and p = 0.5. The mean number of hits is Np = zΛ/2,

corresponding to hit fraction z/2 in the daughter. But the variance in the number of hits is is

Np(1− p) = zΛ/4, and so the variance of the resulting daughter z values is z/(4Λ).

Higher Λ gives a tighter distribution, hence a larger number of bins is needed to approximate

the distribution. Moreover, the variance is lower for lower z. This creates problems for solving

the model using even-size bins. Suppose cells are classified into 1 + s bins based on hit number,
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where λ = Λ/s is the “bin width”. Bin 0 consists of cells with exactly zero hits; bin 1 ≤ ` ≤ s
consists of cells with (`− 1)λ + 1 to `λ hits. When a cell in bin ` divides, the expected number

of daughters sent to bin m would be the average, across the hit numbers in bin `, of the expected

number of daughters that lie in bin m according to (S15).

To illustrate the effects of small variance at low hit numbers, consider for example Λ = 105

with 200 even-size bins. Bin 0 consists of individuals with 0 hits, Bin j > 0 consists of individuals

with 500(j− 1) + 1 to 500j hits. The computed allocation matrix bins the 8 lowest bins is

FROM: 0 1-500 501-1000 1001-1500 1501-2000 2001-2500 2501-3000 3001-3500

TO:

0 2 0 0.00 0.00 0.00 0.00 0.00 0.00

1-500 0 2 1.95 0.05 0.00 0.00 0.00 0.00

501-1000 0 0 0.05 1.95 1.93 0.07 0.00 0.00

1001-1500 0 0 0.00 0.00 0.07 1.93 1.91 0.09

1501-2000 0 0 0.00 0.00 0.00 0.00 0.09 1.91

2001-2500 0 0 0.00 0.00 0.00 0.00 0.00 0.00

2501-3000 0 0 0.00 0.00 0.00 0.00 0.00 0.00

3001-3500 0 0 0.00 0.00 0.00 0.00 0.00 0.00

Here, reading down column j gives the bin distribution of daughters from bin-j parents. Bin 0

is exact. But bin-1 and bin-2 parents both produce nearly 100% bin-1 daughters, and bin-3 and

bin-4 parents both produce daughters that are almost entirely in bin 2. It continues like that. With

evenly spaced bins, pairs of adjacent bins are assigned nearly identical daughter distributions,

both with nearly zero variance.

This problem can be reduced by using narrower bins at small z. In order to approximately

represent the variance of the allocation distribution, each bin’s width should be comparable to

(and ideally smaller than) the standard deviation of the allocation distribution for daughter cells

being added to that bin.

Let 0 = x(0) < x(1) < x(2) < · · · x(N) = 1 denote the bin boundaries on z scale, and

x̄(k) the midpoint of the kth bin. We can heuristically think of x as real-valued. The typical hit

number in bin k is x̄(k)Λ, so incoming daughter cells were produced by parents with roughly

2x̄(k)Λ hits. The hit distribution in their daughters has variance x̄(k)Λ/2 in hits, and therefore

standard deviation
√

x̄(k)/(2Λ) on the z scale. We therefore want

x(k)− x(k− 1) ≈ αx̄(k)0.5, α = 1/
√

2Λ. (S16)

Again, let us treat k as a continuous variable u, and approximate the last equation as

dx
du

= αx0.5. (S17)
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The solution is x(u) =
α2

4
(u + C)2 where C is a constant of integration. We need (very roughly

speaking) x(u) → 0 as u → 0, so C ≈ 0. Returning to discrete bin boundaries x(k), we conclude

that x(k) should increase quadratically with k, and hence bin widths increase roughly linearly

with k (because (k + 1)2 − k2 = 2k + 1).

Because the variance becomes very low at low hit numbers, we used a hybrid scheme in

which the first m+ 1 bins consist of cells with exactly 0, 1, 2, · · · , m hits, and thereafter we have het-

erogeneous bins whose widths increase linearly. Function make limits in script Multihit funs binned

implements the hybrid scheme. With Λ = 106 (a 10-fold increase from the equal-bins example),

m = 4 and 120 heterogeneous-size bins, the allocation matrix for bins the 8 lowest bins is

FROM: 0 1 2 3 4 5-73 74-281 282-628

TO:

0 2 1 0.5 0.25 0.13 0.00 0.00 0.00

1 0 1 1.0 0.75 0.50 0.01 0.00 0.00

2 0 0 0.5 0.75 0.75 0.03 0.00 0.00

3 0 0 0.0 0.25 0.50 0.05 0.00 0.00

4 0 0 0.0 0.00 0.13 0.06 0.00 0.00

5-73 0 0 0.0 0.00 0.00 1.86 0.71 0.00

74-281 0 0 0.0 0.00 0.00 0.00 1.29 1.63

282-628 0 0 0.0 0.00 0.00 0.00 0.00 0.37

The first 5 columns are exact, and the others approximate the variability among daughter cells

better than with even-size bins.

For most of our calculations, we used m = 10 and n = 120 so that the bacteria population is

approximated by 131 bins (see §S4.4 below).

S4.3 ODEs with unequal bin widths
The equations for living and dead bacteria populations need to account for the heterogeneous hit-

number bins with nonconstant width. Let M be the daugher-allocation matrix with variable bin

widths, wj the width of bin j (the number of distinct hit numbers in the bin), µk the instantaneous

mortality rate of a cell with exactly k hits, and m̄uj the average of µk over the hit numbers in bin j.
Indexing on bins and entries of M requires some care because the first bin corresponds to

zero hits, not one. We therefore let bin indices, and the subscripts on matrix entries Mjk, run from

0 to S, where bin S has Λ as its right endpoint.

Let cA be the rate at which living cells aquire hits when AMP concentration is A. If AMP

concentration is constant at A, then it takes a cell wj/(cA) time units, on average, to go from

entering bin j to leaving bin j in the absence of mortality. The advection rate out of cell j should

therefore be set to cA/wj.

Combining losses and gains to Bj (the number of living cells in bin j) through cell divisions,
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AMP binding, and mortality, the living bacterial population dynamics are implemented numeri-

cally as

dBj

dt
= r

(
1− B

K

)[ S

∑
k=j

MjkBk − Bj

]
+ 1j>0

(
cA

wj−1

)
Bj−1 −

(
cA
wj

)
Bj − µ̄jBj, j = 0, 1, · · · , S.

(S18)

The first term on the right hand side is changes due to cell divisions, the next two are “promotions”

into and out of Bj due to AMP binding, and the last is mortality. There are no promotions into B0,

and cells “promoted” out of bin S are dead because Λ + 1 is an instantly lethal dose. Note that the

promotion terms can be grouped for j > 0 as

cA
(

Bj−1

wj−1
−

Bj

wj

)
. (S19)

The term in parentheses is an “upwind” discrete concentration gradient, so our numerical scheme

makes “physical” sense.

The dynamics of dead cells are then approximated numerically as

dD
dt

=
S

∑
j=0

µ̄jBj + (c/wS)ABS − δDD. (S20)

The first term is mortality losses from within bins, the second is instantaneous death upon acquir-

ing Λ + 1 hits, and the third is loss through natural degradation.

S4.4 How many bins is enough?
Choosing the number of bins is a trade-off between accuracy (more bins) and computing speed

(fewer bins). Our computing bottlenecks in this study were parameter optimizations, first for esti-

mating parameters through trajectory matching, and then for evolutionary optimization (see main

text §Materials and Methods ). By trial and error, we found that for parameter values producing ei-

ther controlled and uncontrolled infections at initial bacterial concentrations close to those where

bimodal outcomes were observed by Duneau et al. (2017), using more than m = 10 (11 exact bins)

had no detectable effect on the dynamics of controlled infections, large increases above n = 120

heterogeneous bins had minute effects on solutions but appreciable effects on solution time, and

decreasing n much below 120 had visible effects on solution accuracy.

Fig. S6ABC shows the dynamics of total bacteria population, AMP concentration, and immune-

upregulation U3 with n = 120 and n = 240 heterogeneous bins, for a controlled infection using our

default parameter values. Small differences are apparent at the peaks of each, but the differences

are very small (1.26%, 1%, and 0.23% of the average for bacteria, AMPs, and U3, respectively).

In contrast, increasing from n = 120 to n = 240 heterogeneous bins increases the time required

to calculate the plotted solutions by a factor of 2.8. We expect the greatest effects of numerical
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Figure S6: A,B,C: Numerical solutions of the model with default parameter values, m = 10 (11 exact bins)
and n = 120 or n = 140 heterogeneous bins. D: Maximum initial infection (number of bacteria present
at t = 0, all with zero AMP hits) such that the bacteria population is driven to extinction by the host
immune response, rather than growing to the carrying capacity K and killing the host. Figure made by
Compare matrix size.R.
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Figure S7: Stylized bacterial population trajectories, typical of those seen in Duneau et al. (2017), exhibiting
divergent outcomes as a function of the total number of bacteria in the host when the presence of a pathogen
is detected and the IMD signaling pathway is triggered. Figure made by script Figure stylized split.R

errors for initial conditions at the split between controlled and lethal infections. Fig. S6D shows

the maximum controlled bacteria population in numerical model solutions for different numbers

of heterogeneous bins. Bin number does affect the precise value, but again the effect is very small:

for n between 80 and 280, the value changes by less than 1%.

S5 Parameter estimates from model calibration
Here we explain how the parameters VA, VX, VH, cL and the parameters in the mortality function

µ(j) = µ0 jθ/
√
(Λ + 1− j) were estimating by minimizing an error function quantifying the over-

all discrepancies between model predictions and the three performance targets described in the

main text. The descriptions here provide additional details on how the error terms were calculated

from model simulations.

The first target was the observed survival rate in the experiments with heat-killed bacteria

(Main Text, Methods and Materials, Experimental demonstration of shielding by heat-killed bacteria), in

the treatments with 107 and 108 bacteria. As noted in the Fig. 1, the observed survivals in the other

treatments are interpreted as a very small number of bacteria (one in 105− 106) that are resistant to

AMPs, which are omitted from our model because they would have no effect on the dynamics in

the situations that we consider in this paper. Model predictions were generated by initializing the

living and dead bacterial populations to the intended densities at the start of the experiment for

each treatment, with all living bacteria having zero AMP hits, and eliminating any host immune

response because these experiments were done in vitro. The error function term e1 from this target

was the sum of absolute differences between the natural logs of observed and predicted survival

rates in the two treatments.

The second target was a pair of stylized trajectories of total living bacteria population dy-

namics (Fig. S7) representing typical behavior seen in the experiments in Duneau et al. (2017).

22

Supplemental Material (not copyedited or formatted) for: Stephen P. Ellner, Nicolas Buchon, Tobias Dörr, Misha I. Kazi, Brian P. Lazzaro, Alexander Vladimirsky. 
2026. "Shielded by the Dead: How Killed Bacteria Shape the Dynamics and Evolution of Innate Immunity." 

The American Naturalist 208(2). DOI: https://doi.org/10.1086/741105.



S5 PARAMETER ESTIMATES FROM MODEL CALIBRATION

Model predictions for each trajectory were generated by initializing the living bacterial popula-

tion to the first “data point” exactly with all living bacteria having zero AMP hits, and all other

state variables set to zero (in particular, no PGN, AMPs, or dead bacteria, and no up-regulation

of AMP production). The error function term e2 from this target was the sum over the two tra-

jectories of the mean absolute difference between the natural logs of observed and predicted total

living bacteria.

The third target was the property that AMP concentrations decrease monotonically after

reaching their maximum during the course of a controlled infection. The error function term

e3 from this target was the fraction of time that dA/dt was positive after the time when AMP

concentration reached its maximum in a simulation of the model from t = 0 to 72 hours. The

simulation was initiated as for the second target, with 211.5 living bacteria present at t = 0, which

is very slightly below the initial bacterial population for the lower (controlled infection) trajectory

in Fig. S7.

The weights attached to the error function terms were adjusted by trial-and-error so that

parameter values that were optimal or near-optimal resulted in model simulations matching all

three targets fairly well, rather than matching two very well and not coming at all close to the

third. The overall error function that parameter values were chosen to minimize was J = 4e1 +

e2 + 25e3. The large coefficient on the e3 term makes it act as penalty term ensuring that optimal

parameters give e3 = 0, meaning that AMP concentrations increase to their maximum and then

decline monotonically to zero in the course of a controlled infection.

For numerical evaluation of the objective function J, the mortality function was re-parameterized

in terms of the mortality rate µ1/2 at j = Λ/2 hits and the exponent θ > 0,

µ(j) = µ1/2(2j/Λ)θ

√
Λ/2 + 1√
Λ + 1− j

. (S21)

Numerical minimization of J was done in stages. Beginning from an initial guess at the opti-

mal parameters, nearby parameter vectors were generated at random by adding Gaussian random

values with mean 0 and standard deviation 0.1 to the log of the initial guess and exponentiating.

Any time the value of J at the new random parameter vector was smaller than the value at the

initial guess, the random parameter vector replaced the initial guess as the base point for gener-

ating random parameter vectors. This was repeated for 250 draws of random parameter values.

The resulting “rough guess” was used as the starting point for minimization by the Nelder-Mead

simplex method using the optim function in R, with a maximum of 1000 iterations. The resulting

“best” parameters were used as the starting point for another Nelder-Mead minimization; and

this was repeated for up to 5 minimizations.

We found that the exponent θ was problematic: the final value after multiple Nelder-Mead

optimizations was always very close to the initial guess. Moreover, repeating the optimization

with θ “frozen” at its final value invariably found parameter values giving a smaller value of
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Figure S8: Best-fit mortality curves for different initial values of the exponent θ; final best-fit val-
ues of θ were all within a few percent of the initial values. The dashed curve shows the singular
term in µ(j), 1/

√
Λ + 1− j using our default parameter value Λ = 2 × 107. Figure made by script

Compare mortality fits.R

J — which is mathematically impossible, if the numerically recovered minima really were min-

ima. This difficulty arose, we believe, because any changes in θ without a precisely compensating

change in µ1/2 caused large increases in J, so that any virtually change in θ was unsuccessful. To

cope with this, we carried out a series of optimizations in which a value of θ was assumed; see

Fig. S8. The final value of J was relatively insensitive to the assumed value of θ, with shallow

and nearly identical local minima around θ = 3 and θ = 9. We considered the sudden mortality

increases for θ ≥ 9 to be unlikely: the odds of death before dividing go from 50:50 at ≈ 1.25× 107

hits, to 10:1 at≈ 1.6× 107 hits. We therefore focused on θ ≈ 3. When penalties were added to con-

strain 2 ≤ θ ≤ 4, optimization resulted in θ ≈ 3. We therefore fixed θ = 3 and used optimization

as described above to select the default values of the other calibrated parameters.

We remind readers again that the currently available data are not adequate to estimate all

model parameters with confidence (see main text § Discussion ). Our goal is to demonstrate the

potential importance of killed bacteria, in a model with parameter values that are consistent with

all available data and estimated as well as we can.

S6 The AMP concentration required for pathogen control
In this section we derive an upper limit on the AMP concentration required from control of the

pathogen, that is, the value of α = cA (in the unscaled model) such that the long-term bacteria
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population growth rate is 0. The upper limit, given by α = r(1 + Λ), is derived by simplifying

the model in two ways: we assume K = ∞, allowing unlimited exponential growth of the bacteria

population if AMPs are absent, and we assume that mortality is zero until AMP concentration

reaches the instantly lethal pathogen concentration Λ + 1. While seemingly extreme, this approx-

imation is not entirely irrelevant because the fitted mortality rate function rises quickly in a fairly

narrow range, from values such that a cell is very likely to divide before dying (i.e., mortality

� 0.69/hr) to values such that a cell is very likely to die before dividing. Replacing Λ with the lo-

cation of that range in the results below should give a good approximation for the actual model’s

behavior.

We let xj denote population fractions xj = Bj/B, where B = ∑i Bi. Let β be the matrix of

β jk values, and G be the matrix with -1 on the diagonal and 1 on the first subdiagonal. Then the

model with K = ∞ can be written as

d~B
dt

= (r(β− I) + αG)~B = H(α)~B, (S22)

the last equality being the definition of H(α). On the assumption that the long-term behavior of

the bacteria population is exponential growth or decay (as we have seen numerically), it follows

that the steady-state cell distribution is the dominant eigenvector of H(α), and control is achieved

when the dominant eigenvalue equals 0.

We observed numerically that the value of α required to achieve control is exactly α = r(1 +
Λ). One way of proving this is based on the dynamics of total bacteria B = ∑i Bi,

dB
dt

= rB− αBΛ (S23)

Zero population growth then occurs if and only if xΛ ≡ BΛ/B = r/α. It is therefore sufficient to

show that xΛ = 1/(1 + Λ) when α = r(1 + Λ). Rewriting (S18) with K = ∞, and noting that
dBj
dt = 0 for all j implies dxj

dt = 0 for all j, we obtain

r

[
Λ

∑
k=j

β jkBxk − Bxj

]
− αBxj + 1j>0αBxj−1 = 0, j = 0, ..., s. (S24)

Dividing through by αB and recalling that at equilibrium xΛ = r/α,

xΛ

[
Λ

∑
k=j

β jkxk − xj

]
− xj + 1j>0xj−1 = 0, j = 0, ..., s. (S25)

Multiplying each of the above equations by the corresponding j and adding them up,

xΛ

[
Λ

∑
j=0

Λ

∑
k=j

jβ jkxk −
Λ

∑
j=0

jxj

]
−

Λ

∑
j=0

jxj +
Λ

∑
j=0

1j>0 jxj−1 = 0. (S26)
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S6 THE AMP CONCENTRATION REQUIRED FOR PATHOGEN CONTROL

The content of the square brackets is equal to zero. To see this we can change the order of summa-

tion in the double sum:

Λ

∑
j=0

Λ

∑
k=j

jβ jkxk =
Λ

∑
k=0

(
k

∑
j=0

jβ jk

)
xk =

Λ

∑
k=0

kxk, (S27)

where the last equality follows from the standard property of binomial coefficients (
k
∑

j=0
j(k

j) =

k2k−1 – see also the “physical” explanation below). The remaining two terms in (S26) yield

0 = −
Λ

∑
j=0

jxj +
Λ

∑
j=0

1j>0 jxj−1 = −
Λ

∑
j=0

jxj +
Λ−1

∑
j=0

(j + 1)xj

= −ΛxΛ +
Λ−1

∑
j=0

xj = −ΛxΛ + (1− xΛ).

(S28)

Thus, xΛ = 1/(Λ + 1).

Another approach is to consider the growth of total “reproductive value”, ~B weighted by a

left eigenvector of H. Let ~v = (1 + Λ, Λ, Λ− 1, · · · , 1) (a column vector) and e = (1, 1, · · · , 1) a

column-vector equal in length to ~v. The following calculation was inspired by observing numer-

ically that ~v is a left eigenvector of H(α) when α = r(1 + Λ) with corresponding eigenvalue of

0.

We assert (and will prove below) that

~vT(β− I) = (1 + Λ)eT and ~vTG = −eT. (S29)

Accepting for the moment that (S29) is true, we have

d(~vT~B)
dt

= ~vT(r(β− I) + αG)~B = (r(1 + Λ)− α)eT~B

= (r(1 + Λ)− α)B. (S30)

It follows from (S23) that
dB
dt
≥ (r − α)B hence B(t) > 0 for all t whenever B(0) > 0. Therefore

d(~vT~B)
dt

always has the same sign as r(1 + Λ)− α. The proof is thus complete as soon as (S29) is

proved.

The second identity in (S29) is easy. G looks like this:
−1 0 0 0

1 −1 0 0

0 1 −1 0

0 0 1 −1


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S7 MULTI-OBJECTIVE OPTIMIZATION OF HOST’S IMMUNE RESPONSE

The first entry in ~vTG is therefore −(1 + Λ) + Λ = −1; the second entry is −Λ + (Λ− 1) = −1;

and so on until the last entry is last entry is -1, confirming that ~vTG = −eT.

The first identity in (S29) is not quite so easy. Start with the first entry, corresponding to

zero hits. The first column of β is (2, 0, 0, · · · 0) because a parent with zero hits always produces 2

daughters with zero hits each when it divides. The first entry in ~vT(β− I) is therefore 2(1 + Λ)−
(1 + Λ) = (1 + Λ), as claimed.

Other columns correspond to division of cells with a positive number of hits. Consider the

column corresponding to a “parent” cell with k hits. The corresponding entry in ~vTβ is

(Λ + 1)β0,k + Λβ1,k + (Λ− 1)β2,k + · · ·+ (Λ− k + 1)βk,k

= (Λ + 1)
k

∑
j=0

β j,k −
k

∑
j=0

jβ j,k

= 2(Λ + 1)− k.

(S31)

The last equality above follows from the “physical” interpretations of the sums. The first is the

expected total number of daughters of a parent with k hits that divides, which is 2. The second

is the expected total number of hits in all daughters of a “parent” cell with k hits, which equals k.

And the final expression is equivalent to the first assertion in (S29).

Alternatively, the last equality above can be also derived without the “physical” interpreta-

tion, as follows. We have

k

∑
j=0

jβ j,k =
k

∑
j=1

j 2−(k−1)
(

k
j

)
=

k

∑
j=1

j 2−(k−1) k!
j!(k− j)!

= k
k

∑
j=1

2−(k−1) (k− 1)!
(j− 1)!(k− j)!

= k
k

∑
j=1

2−(k−1)
(

k− 1
j− 1

)

= k
k−1

∑
j=0

2−(k−1)
(

k− 1
j

)
= k,

(S32)

the last equality holding because the sum is the binomial expansion of (1/2 + 1/2)k−1 = 1.

S7 Multi-objective optimization of host’s immune response
Suppose that T is a time horizon sufficiently long to determine the qualitative outcome of an

infection (the infection is either controlled or the host is dead by the time T hours is reached).

Assuming that the initial pathogen load and all model parameters are fixed, we consider two

main metrics for the effectiveness and side effects of immune response.

1. The total bacterial damage is assumed to be proportional to the time-integrated bacterial load,

DB =
∫ T

0
B(t) dt, (S33)
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S7 MULTI-OBJECTIVE OPTIMIZATION OF HOST’S IMMUNE RESPONSE

where B(t) is the total number of living bacteria at the time t.

2. The total AMP auto-toxicity damage is assumed to be proportional to the time-integrated

number of unattached AMPs,

DA =
∫ +∞

0
A(t) dt. (S34)

Both
∫ T

0 B(t) dt and
∫ T

0 A(t) dt are easy to compute by augmenting the ODE system (2)-(10). How-

ever, the damage to host tissues from the AMP toxicity continues even after the infection is con-

trolled, as long as there are any lingering AMPs. (This is why the upper limit in the second integral

is +∞.) But based on our assumption that the host’s fate is determined long before the time T, it

is reasonable to assume that no new AMPs are produced for t > T. If B(T) ≈ 0, the ODE for AMP

numbers after that time are easy to solve analytically:

dD
dt

= −δDD =⇒ D(t) = D(T)e−δD(t−T), t ≥ T

dA
dt

= −cD AD− δA A =⇒ A(t) = A(T) exp
[
−δA (t− T) − D(T)

cD

δD

(
1− e−δD(t−T)

)]
.

(S35)

Using the above, the remaining AMP-toxicity damage,
∫ +∞

T A(t) dt, can be accurately approxi-

mated with the standard Gauss-Laguerre quadrature.

With bacterial-parameters and the initial load fixed, we can now explore how the immune

response parameters could be adjusted (by evolutionary pressure) to minimize both the bacterial

damage and the side effects. However, minimizing both DB and DA simultaneously is clearly

impossible. Indeed, taking VA = 0 ensures no toxicity damage (DA = 0), but will lead to a hugeDB

and host death. Similarly, sending VA → +∞ will control the infection with less and less bacterial

damage, but will result in a dramatic increase in DA. Because these two optimization criteria are

not aligned, it is necessary to consider all Pareto optimal regimes; i.e., the set of immune-response

parameter values such that the resulting DB cannot be decreased without increasing DA (and vice

versa). We accomplish this by using the standard linear scalarization approach. If y is a vector of

optimized immune response parameters and ξ is an arbitrary number from [0, 1], we define

Fξ(y) = ξ
DB(y)
DB(y0)

+ (1− ξ)
DA(y)
DA(y0)

,

where both the bacterial and AMP damages resulting from y are normalized using the respective

damages incurred with y0, the reference/default values of optimized immune response param-

eters. A standard argument (Miettinen, 1999) shows that, if y∗ξ minimizes Fξ(y) for any specific

ξ ∈ (0, 1), then it must be Pareto optimal. (The coefficients ξ and (1− ξ) can be interpreted as

specifying the relative importance of these two types of damages.) This essentially reduces the

problem to standard single-objective optimization: given a set of ξ values, we can minimize Fξ for

each of them and then display the set of
(DB(y∗ξ )
DB(y0)

,
DA(y∗ξ )
DA(y0)

)
points, thus approximating (a portion

28

Supplemental Material (not copyedited or formatted) for: Stephen P. Ellner, Nicolas Buchon, Tobias Dörr, Misha I. Kazi, Brian P. Lazzaro, Alexander Vladimirsky. 
2026. "Shielded by the Dead: How Killed Bacteria Shape the Dynamics and Evolution of Innate Immunity." 

The American Naturalist 208(2). DOI: https://doi.org/10.1086/741105.



S8 EFFECTS OF ADJUSTING THE DEAD CELL CLEARANCE RATE δD

of) the Pareto front for this bi-objective optimization problem; see Fig. 5 in the main text. The ξ

values were first sampled from a regular coarse grid on [0, 1] and then more values were added

adaptively as needed to accurately trace out the curve of Pareto optimal points.

Minimizing Fξ(y) for a fixed ξ is a “standard” problem, but finding the global minimum can

be computationally challenging when the function is non-smooth or rapidly changing. For exam-

ple, near the ”split” in outcomes (between controlled infection and host death), the gradient ofDB

becomes extremely large, even though the optimal y∗ξ parameter values are nearby. This makes

it harder to use methods that rely on smoothness of the objective function. In the text we con-

sider two cases: y = VA and y = (VA, VH). In the former, the one-dimensional minimization was

performed using a combination of golden section search and parabolic interpolation (optimize

function in R). In the latter two-dimensional case, we used nested one-dimensional optimization.

Specifically the newuoa algorithm (Bates et al., 2023) was used to optimize VH, with the golden

section method used to optimize VA for every tested VH value.

S8 Effects of adjusting the dead cell clearance rate δD

As we noted above in §S3, our default value for the dead cell clearance rate (δD) is appropriate

for our focal model system, adult Drosophila melanogaster, but other biological systems, including

other insect species, invest more in clearance mechanisms. In this section we repeat the central

analyses from the main text, allowing for higher values of δD on the infection time scale, and

allowing δD to be one of the evolvable host defense parameters on the evolutionary time scale.

To represent more active clearance of dead cells and other debris, we chose a 10-fold increase

in clearance rate, δD = 0.5, giving a half-life of roughly 1.4 hours. We also increased the relative

AMP sponginess of the dead cells (xD) so that with default values of the other parameters, the

model output remains very close to the split between host death and pathogen clearance after an

initial dose of around 3000 live bacteria, in accordance with the empirical observations of (Duneau

et al., 2017), and crosses the split as model parameters are varied around their default values.

By trial and error, we found that a 2.5-fold increase in AMP sponginess (xD = 2.5), which is

still conservative relative to the experimental evidence (Savini et al., 2020; Snoussi et al., 2018)),

compensated for the 10-fold decrease in the mean persistence time of dead cells.

Fig. S9 corresponds to Fig. 3 in the main text. The only qualitative change in behavior is

that the fly dies within the simulated time period, rather than soon after, in scenarios where the

immune response does not contain the infection and the bacteria population eventually exceeds

the BLUD (Ω). This death of the fly results in the abrupt shutdown of AMP production. Apart

from a slightly speedier demise of the doomed, the model behavior is qualitatively unchanged

from the scenario in main text Fig. 3. Increasing the time-lag for immune up-regulation τU (panels

A and B) again delays AMP production, allowing bacteria population growth to continue until

the bacteria are so numerous that host’s AMP production cannot kill enough of them to prevent

further increase. Higher sponginess of the dead (panels C-F) again has no detectable effect on
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S8 EFFECTS OF ADJUSTING THE DEAD CELL CLEARANCE RATE δD
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Figure S9: Re-creation of Figure 3 from the main text, assuming dead bacteria decay 10× faster (δD = 0.5)
and are more spongy (xD = 2.5) relative to the default parameter values. Figure made by script
Figure3 moreSpongy.R

AMP production, but once the dead are numerous, they sponge up so many AMPs that the living

bacteria can continue to proliferate and kill the host.

Fig. S10 corresponds to Fig. 4 in the main text. Sensitivities are defined by small changes

in individual parameters, close to the default parameter vector, so changing two of the default

parameters (δD and xD) changes the sensitivities numerically. However, there are no changes in

sign — no changes in whether increasing a parameter increases or decreases any particular cost.
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S8 EFFECTS OF ADJUSTING THE DEAD CELL CLEARANCE RATE δD

The main quantitative difference is that parameters in the bacterial mortality function (µ0 and θ)

become substantially more important for most of the costs to the host. This change is intuitive; a

larger value of xD means that each bacterial death has a larger effect on the overall rate of AMP

absorption by bacteria (living and dead combined) and therefore has a larger effect on the struggle

between host and pathogen.

Because removal of AMP-sponging dead cells could contribute to a successful host defense,

we also repeated our evolutionary time-scale analysis with δD rather than VH as the second evolv-

ing parameter in tandem with the maximum AMP production rate, VA. The (VA, δD) pair includes

one of the main parameters affecting the ramp-up of host defenses alongside another parameter

affecting how long the bacterial corpses remain present and able to sponge the AMPs.

The main qualitative features in Fig. S11 are the same as those in Figure 5. Optimizing

two parameters is still better for the host than optimizing one (i.e., the Pareto fronts move to the

“southwest”, where both costs are lower, when two parameters are allowed to evolve). It also

remains true that larger values of dead relative sponginess (xD) allow better outcomes for the

host as the end result of defense parameter evolution. In line with the latter trend, if more AMP

sponging by the dead benefits the host, the host also benefits from having the dead persist as long

as possible — when δD is allowed to evolve, the optimized value of δD at all calculated points on the

Pareto front is always δD = 0. That is: dead bacteria that persist forever will be maximally effective

as the mop-up squad after the host attacks the pathogen with very rapid AMP production.

But the finding that in this computational experiment δD evolves to zero (meaning that the

host should make no investment in mechanisms for clearing the dead) should not be regarded

as a serious prediction about host immune evolution. Indeed, there are many insects that do

make such investments (e.g., by having more circulating blood cells than adult Drosophila do).

Instead, this observation re-emphasizes the point we make in the Discussion that taking account

of more costs of defense for the host, such as the cost of AMP production, should be a priority

for future investigations on the evolutionary time scale. Unfortunately, this will result in higher-

dimensional Pareto fronts, which will be harder to visualize and use to evaluate the possible trade-

offs rigorously.

A deeper exploration of the effect on evolutionary time scales of mechanisms for clearing

dead cells will also benefit from relaxing several of our simplifying assumptions:

1. Our model assumes immediate and complete release of PGN upon cell death, but in real-

ity bacterial corpses probably release more PGN over time, having an ongoing immuno-

stimulatory effect.

2. Even very high abundance of bacterial corpses is assumed to have no direct deleterious con-

sequences for the host.

3. The host strategy of producing extremely high AMP concentrations and counting on dead

bacteria to limit the autotoxic damage is only possible due to our simplifying assumptions

that there is no intrinsic upper bound to the AMP production rate VA, and that maintaining
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S8 EFFECTS OF ADJUSTING THE DEAD CELL CLEARANCE RATE δD

the biochemical capacity to very rapidly produce AMPs is cost-free.

4. We have considered host defense against a single pathogen that the host can safely assume to

be “spongy”. Relying on dead bacteria for clean-up after high AMP production may be too

risky a strategy, if the dead cells of some pathogens have low sponginess. It may also be too

risky if there is a chance of false positives (an immune response in the absence of an actual

pathogen attack).
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Figure S10: Re-creation of Figure 4 from the main text, assuming dead bacteria decay 10× faster (δD = 0.5)
and are more spongy (xD = 2.5) relative to the default parameter values. The main change in results is
that because of increased dead sponginess, the response variables are more sensitive to parameters in the
mortality function (θ, µ0, Λ). Panels made by scripts in the code archive Figure4 moreSpongy folder.
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Figure S11: Re-creation of Figure 5 of the main text, in which the two evolvable parameters are VA (max-
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mizing VA only; solid curves correspond to optimizing both VA and δD. Colors corresponds to dead bacteria
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