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S1 Epidemiological dynamics of a monomorphic popu-8

lation of phage λ9

The epidemiological dynamics of a monomorphic population with a single wildtype strain (w)10

can be modelled with the following dynamical system:11

Ṡ(t) = θ(t) + rS(t)(1 − κN(t)) − (d+ σ0h(t))S(t)

Ė1(t) = σ0h(t)S(t) − (d+ µ+ σ1h(t))E1(t)

...

Ėk(t) = σk−1h(t)Ek−1(t) − (d+ µ+ σkh(t))Ek(t)

...

ĖK(t) = σK−1h(t)EK−1(t) − (d+ µ)EK(t)

L̇(t) = rL(t)(1 − κN(t)) +
K∑

k=1

µφkEk(t) − (d+ α)L(t)

V̇ (t) = B
K∑

i=1

µ(1 − φi)Ei(t) +BαL(t) − (dV + aN(t))V (t)

(1)

where h(t) = aV (t) is the force of infection and N(t) = S(t) +
∑K

k=1 E
k(t) + L(t). If θ(t) is12

a periodic function of time, it will generate periodic fluctuations of the whole system. In the13

following we examine the evolution of the virus population when the system has reached this14

periodic attractor.15

The dynamics of the wildtype virus can be written in matrix form with:16

dnw(t)

dt
= Rw(t)nw(t) (2)

The matrix Rw(t) can be used to compute the dynamics of class frequencies and reproductive17

values. In the following, we’ll often omit the time dependency for simplicity.18
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Class frequencies The frequencies of the K+2 types of cells (i.e. K exposed cells, lysogenic19

cells and the free virus compartment) is given by the following dynamical system20

df

dt
= Rwf − rwf

where f is the vector of class frequencies and rw is the per-capita growth rate of the total21

population size N . This yields:22

ḟEk(t) = σk−1k − 1

k
h(t)fEk−1(t) − (d+ µ+ σkh(t))fEk(t) +

σk−1

k
aEk−1(t)fV (t) − rwfEk(t)

ḟL(t) = rfL(t)(1 − κN(t)) +
K∑

i=1

µφifEi(t) − (d+ α)fL(t) − rwfL(t)

ḟV (t) = B
K∑

i=1

µ(1 − φi)fEi(t) +BαfL(t) − (dV + aN(t))fV (t) − rwfV (t)

(3)
where k ∈ {1, K}, σ0 = 1, E0(t) = S(t) and σK = 0.23

Reproductive values The dynamics of the individual reproductive values of the virus in the24

K + 2 different types of host cells are given by the following adjoint system25

dv⊤

dt
= −v⊤Rw + rwv⊤

where v is the vector of individual reproductive values. This leads to the following system of26

equations:27

v̇Ek(t) = (d+ µ+ σkh(t))vEk(t) − σk k

k + 1
h(t)vEk+1(t) − µ(φkvL(t) + (1 − φk)BvV (t)) + rwvEk(t)

v̇L(t) = ((d+ α) − r(1 − κN(t))vL(t) − αBvV (t) + rwvL(t)

v̇V (t) = (dV + aN(t))vV (t) −
K∑

k=1

σk−1aE
k−1(t)

k
vEk(t) + rwvV (t)

(4)

S2 Epidemiological dynamics of a polymorphic popula-28

tion of phage λ29

Next, we want to account for the circulation of multiple strains to determine if a mutant strain30

can outcompete the wildtype. We start with a general model with N parasite strains that31

circulate in a host population where individual hosts can be multiply infected by at most K32

strains. Note that these multiple infections can involve different or identical strains. An infected33

host is characterised by its multiplicity of infection (MOI), k (1 ≥ k ≥ K), and its state xk. The34

state of a k-infected host, xk, is an element of Xk, the set of all k-permutations of {1, . . . , N}35

(i.e. we pick k strains at random with replacement among N different strains). Let Exk(t) be36

the density of hosts in state xk at time t.37

S2.1 Aggregate densities38

We assume that the time at which each strain infects the host does not affect the phenotype39

but that the proportion of the different strains matter. We thus need to weight the contribution40
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of each strain i in a host with state xk. Let τi(x
k) be the fraction of strain i in a host with41

state xk (i.e.,
∑

i τi(x
k) = 1). We may then define the total density of i parasites in hosts with42

MOI k as43

Ek
i (t) =

∑

xk∈Xk

τi(x
k)Exk(t) (5)

The total density of hosts with MOI k is

Ek(t) =
∑

xk∈Xk

N∑

i=1

τi(x
k)Exk(t)

=
∑

xk∈Xk

Exk(t)
N∑

i=1

τi(x
k)

=
∑

xk∈Xk

Exk(t).

Similarly, the total density of strain i in the population is44

Ei(t) =
K∑

k=1

Ek
i (t) =

K∑

k=1

∑

xk∈Xk

τi(x
k)Exk(t) (6)

and the total density of infected hosts is45

E(t) =
N∑

i=1

Ei(t) =
K∑

k=1

∑

xk∈Xk

N∑

i=1

τi(x
k)Exk(t) =

K∑

k=1

∑

xk∈Xk

Exk(t) =
K∑

k=1

Ek(t). (7)

In the following we will assume that τi(x
k) is independent of time. In practice, we will also46

assume that all coinfected strains take up the same amount of "space" in the coinfected hosts,47

although it is possible to relax this assumption to investigate more general biological scenarios48

(see Lion & Gandon in prep).49

S2.2 From state-level to aggregate dynamics50

Our aim is to derive the dynamics of the aggregate densities Ek
i (t), together with the densities51

Li(t) and Vi(t).52

Exposed cells We start with the change of the density at the state level. Let πi(x
k) be53

the function that returns the vector
(

xk i
)⊤

, i.e. this operation adds strain i as the k + 1th54

infection of the host. We can then write55

d

dt
Eπi(xk)(t) = aVi(t)σ

kExk(t) −
(

d+ µ+ σk+1V (t)
)

Eπi(xk)(t) (8)

From this, we can derive the change in density of strain i in hosts with MOI k, Ek
i . Note that56

we can write57

Ek
i =

∑

xk∈Xk

τi(x
k)Exk(t) =

N∑

j=1

∑

xk−1

τi(πj(x
k−1))Eπj(xk−1)(t) (9)
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because Xk is obtained from Xk−1 by combining each element xk−1 with one of the N possible
strains. We thus have

dEk
i (t)

dt

=
N∑

j=1

∑

xk−1

τi(πj(x
k−1))

d

dt
Eπj(xk−1)(t)

=
N∑

j=1

∑

xk−1

τi(πj(x
k−1))

(

aVj(t)σ
k−1Exk−1(t) −

(

d+ µ+ σkaV (t)
)

Eπj(xk−1)(t)
)

=
N∑

j=1

∑

xk−1

τi(φj(x
k−1))aVj(t)σ

k−1Exk−1(t) −
∑

xk

τi(x
k)
(

d+ µ+ σkaV (t)
)

Exk(t)

=
N∑

j=1

∑

xk−1

τi(πj(x
k−1))aVj(t)σ

k−1Exk−1(t) −
(

d+ µ+ σkaV (t)
)

Ek
i (t)

Because we assume an equal frequency of all the coinfecting strains we obtain:58

τi(πj(x
k−1)) = τi(x

k−1)
k − 1

k
+
δji

k
(10)

where δij = 1 if i = j and 0 otherwise. This leads to

dEk
i (t)

dt
= σk−1

N∑

j=1

∑

xk−1

(

τi(x
k−1)

k − 1

k
+
δji

k

)

aVj(t)Exk−1
(t) −

(

d+ µ+ σkaV (t)
)

Ek
i (t)

= σk−1
N∑

j=1

(

k − 1

k
Ek−1

i (t) +
δji

k
Ek−1(t)

)

aVj(t) −
(

d+ µ+ σkaV (t)
)

Ek
i (t)

and we finally obtain59

dEk
i (t)

dt
= σk−1

(

k − 1

k
Ek−1

i (t)aV (t) +
Ek−1(t)

k
aVi(t)

)

−
(

d+ µ+ σkaV (t)
)

Ek
i (t). (11)

Lysogenics cells We assume that, when an exposed cell in state xk at time t undergoes60

lysogenization or lysis, which occurs at rate µ, only one of the strains coinfecting the host will61

survive to the next state. Hence, a host in state xk = {w,m} will produce lysogenic cells62

either in state {w} or in state {m}. We note φ(xk, t) the probability that a host in state xk
63

undergoes lysogenization and we assume that with probability ψL
i (xk) this leads to a lysogenic64

cell in state {i} (noted Li(t)). Note that 1−φ(xk, t) is then the probability that a host in state65

xk undergoes lysis. The dynamics of lysogenic cells in state {i} is then given by:66

dLi(t)

dt
= rLi(t)(1 − κN(t)) − (d+ α)Li(t) +

K∑

k=1

µ
∑

xk∈Xk

φ(xk, t)ψL
i (xk)Exk(t) (12)

To make progress, we can further assume that the probability ψL
i (xk) is equal to the within-host67

frequency of strain i, leading to68

ψL
i (xk) = τi(x

k)

Introducing the average lysogenization probability69

φk
i (t) =

∑

xk∈Xk

φ(xk, t)τi(x
k)
Exk(t)

Ek
i (t)

(13)

we obtain70

dLi(t)

dt
= r(1 − κN(t))Li(t) − (d+ α)Li(t) +

K∑

k=1

µφk
i (t)Ek

i (t). (14)
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Free viruses Upon lysis, a cell in state xk produces i virions with probability ψV
i (xk). Noting

B the burst size, we obtain

dVi(t)

dt
= BαLi(t) − (dV + aN(t))Vi(t) +B

K∑

k=1

µ
∑

xk∈Xk

(1 − φ(xk, t))ψV
i (xk)Exk(t) (15)

As before, a simple model is to assume ψV
i (xk) = τi(x

k), which leads to71

dVi(t)

dt
= BαLi(t) − (dV + aN(t))Vi(t) +B

K∑

k=1

µ(1 − φk
i (t))Ek

i (t) (16)

S2.3 Dynamics of aggregate densities72

Combining equations (11), (14) and (16) leads to the following dynamical system73

dni

dt
= Ri(t)ni (17)

where ni is the vector
(

E1
i , E2

i . . . , EK
i , Li, Vi

)⊤

, and Ri is the matrix of transition rates74

given by75

Ri(t) =














−(d+ µ+ σ1aV (t)) 0 . . . 0 0 σ0aS(t)
σ1

2
aV (t) −(d+ µ+ σ2aV (t)) . . . 0 0 σ1

2
aE1(t)

...
...

. . .
...

...
...

σK−1 K−1
K
aV (t) 0 . . . −(d+ µ) 0 σK−1

K
aEK−1(t)

µφ1
i (t) µφ2

i (t) . . . µφK
i (t) r(1 − κN(t)) − (d+ α) 0

Bµ(1 − φ1
i (t)) Bµ(1 − φ2

i (t)) . . . Bµ(1 − φK
i (t)) Bα −(dV + aN(t))














76

S3 Selection gradients77

Following Lion & Gandon (2022), we calculate the selection gradient on a given trait zi affecting78

the probabilities of lysogenization as79

S(t) = v̂⊤(t)
∂(Rm(t) − Rw(t))

∂zm

f̂(t)

where the partial derivative is evaluated at neutrality (e.g. zm = zw). Because of the simple
structure of the matrix Ri, where only the elements in the last two rows depend on the strain,
we have

∂(Rm(t) − Rw(t))

∂zm

=















0 0 . . . 0 0 0
0 0 . . . 0 0 0
...

...
. . .

...
...

0 0 . . . 0 0 0

µ∂(φ1
m(t)−φ1

w(t))
∂zm

µ∂(φ2
m(t)−φ2

w(t))
∂zm

. . . µ∂(φK
m(t)−φK

w (t))
∂zm

0 0

−Bµ∂(φ1
m(t)−φ1

w(t))
∂zm

−Bµ∂(φ2
m(t)−φ2

w(t))
∂zm

. . . −Bµ∂(φK
m(t)−φK

w (t))
∂zm

0 0















and therefore the general expression of the selection gradient is80

S(t) =

(
∑

k

µf̂Ek(t)
∂(φk

m(t) − φk
w(t))

∂zm

)

(v̂L(t) −Bv̂V (t)) (18)
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If the trait is only expressed in class k (e.g. zi = zk
i ), then the effect of the mutation on the81

probabilities of lysogenization in classes j 6= k is zero, leading to the following expression for82

the selection gradient in class k:83

Sk(t) = µf̂Ek(t)
∂(φk

m(t) − φk
w(t))

∂zk
m

(v̂L(t) −Bv̂V (t)) (19)

The direction of selection in a periodic environment is given by the average of the selection84

gradient over one period (e.g. 〈S〉 = 1
T

∫ τ+T
τ S(t)dt for a given τ).85

A full calculation of the selection gradients requires us to calculate the effect of a mutation86

on the differences φk
m(t) − φk

w(t). Different models for the within-host viral dynamics lead to87

different expressions. We explore the consequences of three different model assumptions in the88

next section.89

S4 Weak selection approximation of φkm(t) − φkw(t)90

S4.1 A model without pleiotropy91

We first consider a model where the potential genetic correlations across the traits zk
i in the92

different classes are negligible. We start from the expression of the average phenotype:93

φk
m(t) =

∑

xk∈Xk

φ(xk, t)τm(xk)
Exk(t)

Ek
m(t)

Let us define En,k(t) the density of the cells xn,k coinfected by k viruses among which n are
mutants. The proportion of mutant in a cell infected with k virus and n mutants is τm(xn,k) = n

k

and the phenotype of these cells is φ(xn,k) = nzk
m+(k−n)zk

w

k
, where zk

i is the phenotype of strain i in

a k infected host. By definition we have
∑k

n=0 τm(xn,k)En,k(t) = Ek
m(t). Then, for ε = zk

m − zk
w,

we can rewrite φk
m(t) as

φk
m(t) =

k∑

n=0

φ(xn,k)τm(xn,k)
En,k(t)

Ek
m(t)

(20)

=
k∑

n=0

(

kzk
w + nǫ

k

)

τm(xn,k)
En,k(t)

Ek
m(t)

(21)

= zk
w + ε

k∑

n=0

En,k(t)

Ek
m(t)

(
n

k

)2

(22)

This yields the following perturbation expansion94

φk
m(t) = zk

w + ε
k∑

n=0

(

En,k(t)

Ek
m(t)

)(0) (
n

k

)2

+O(ε2)

where
(

En,k(t)

Ek
m(t)

)(0)
is the zeroth-order term of the perturbation expansion of

En,k(t)

Ek
m(t)

for small ε.95

A leading-order approximation of φk
m(t) can then be calculated by calculating the frequencies96

En,k(t)(0)

Ek
m(t)(0) in the neutral model. This quantity can be computed from the distribution of mutants97

among hosts with k infections, which is binomial with parameter pm(t), where pm(t) is the98

overall frequency of the mutant:99

(

En,k(t)

Ek(t)

)(0)

=
k!

n!(k − n)!
pm(t)n(1 − pm(t))k−n.
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We also have100
(

Ek
m(t)

Ek(t)

)(0)

= pm(t)

which yields101

(

En,k(t)

Ek
m(t)

)(0)

=
k!

n!(k − n)!
pm(t)n−1(1 − pm(t))k−n.

We obtain finally:102

φk
m(t) = zk

w + ε
k∑

n=1

(

En,k(t)

Ek
m(t)

)(0) (
n

k

)2

+O(ε2) = zk
w + ε

(

1 + (k − 1)pm

k

)

+O(ε2) (23)

Similarly we can show that:103

φk
w(t) = zk

w + ε
(k − 1)pm

k
+O(ε2)

which finally yields:104

φk
m(t) − φk

w(t) =
ε

k
+O(ε2).

Thus, to leading order the effect of the mutation on the difference in lysogenization probability105

is106

∂(φk
m(t) − φk

w(t))

∂zk
m

=
∂(φk

m(t) − φk
w(t))

∂ǫ
=

1

k
. (24)

This leads to the following expression for the selection gradient on class k:107

Sk(t) = f̂Ek(t)
µ

k
(v̂L(t) −B v̂V (t)). (25)

S4.2 A model without plasticity108

In the previous section we assume that the virus can evolve independently at each MOI k.109

In the following, in contrast, we assume that the lysogenization strategy is fixed across the110

different MOI. In other words, this scenario assumes there is no plasticity and thus z1
i = z2

i =111

· · · = zK
i = zi. In this case, we can use equation (18) to obtain the selection gradient:112

S(t) =

(
∑

k

f̂Ek(t)
µ

k

)

(v̂L(t) −B v̂V (t)) (26)

S4.3 A model with plasticity and pleiotropy113

Next we consider an intermediate scenario where plasticity can evolve but the phenotype ex-114

pressed at MOI does not evolve independently from the phenotype expressed at other MOI.115

More specifically, we consider mutations that affect the overall shape of a function that governs116

how the MOI affects the rate of lysogenization. As explained in the main text, we assume the117

following function to describe the effect of MOI on the rate of lysogenization:118

zk
i = uk(ξi, νi) =

kνi

kνi + ξi

(27)

We could then study the evolution of the parameters ν and/or ξ that govern the shape of the119

reaction norm. For instance, if we want to let evolve the parameter ν for a fixed value of ξ, we120

write νm = νw + ε. This yields, using the chain rule:121

zk
m = zk

w + ε
∂uk

∂ν

∣
∣
∣
∣
∣
ν=νw

+O(ε2) = zk
w + ε

kνwξ log(k)

(kνw + ξ)2
+O(ε2) (28)
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As above, we use φ(xn,k) = nzk
m+(k−n)zk

w

k
and we compute φk

m(t) as in (23) which yields:

φk
m(t) =

k∑

n=0

φ(xn,k)τm(xn,k)
En,k(t)

Ek
m(t)

(29)

= zk
w + ε

∂uk

∂ν

∣
∣
∣
∣
∣
ν=νw

k∑

n=0

En,k(t)

Ek
m(t)

(
n

k

)2

(30)

We can then use the same tricks as above and end up with:122

φk
m(t) − φk

w(t) =
ε

k

∂uk

∂ν

∣
∣
∣
∣
∣
ν=νw

+O(ε2)

which yields, using equation (18) with zi = νi, the following selection gradient on ν:123

Sν =
∑

k

f̂Ek(t)
µ

k

∂uk

∂ν
︸ ︷︷ ︸

Qν(t)



v̂L(t) −B v̂V (t)



 (31)

where124

∂uk

∂ν
=
kνξ log(k)

(kν + ξ)2
.

Similarly, using equation (18) with zi = ξi, the selection gradient on the parameter ξ is:125

Sξ =
∑

k

f̂Ek(t)
µ

k

∂uk

∂ξ
︸ ︷︷ ︸

Qξ(t)



v̂L(t) −B v̂V (t)



 (32)

where126

∂uk

∂ξ
= −

kν

(kν + ξ)2
.

Note that ∂uk

∂ν
is always positive, whereas ∂uk

∂ξ
is always strictly negative. Hence, Qν(t) > 0 and127

Qξ(t) < 0.128

S4.4 Accounting for the cost of plasticity129

In the above pleiotropic scenario the two parameters ξ and ν are allowed to evolve freely. Yet,130

one may argue that the ability to modulate the phenotype with the MOI is associated with131

fitness costs. Indeed, this plasticity may require some sensing mechanism allowing the virus132

to “count” the number of coinfecting virus. Besides, when the information on the multiplicity133

of infection is known, the switch to an alternative strategy may require a costly regulatory134

process. Next, to account for these costs and to constrain the evolution of ν and ξ we assume135

that the burst size is:136

B = B0(1 − cξ ξ
2 − cν ν

2) (33)

where cξ and cν measure the cost of plasticity on ξ and ν, respectively.137

This yields the following gradients of selection on ν:138

Sξ =
∑

k

f̂Ek(t)
µ

k

∂uk

∂ξ
︸ ︷︷ ︸

Qξ(t)



v̂L(t) −B v̂V (t)



− 2cξ ξ B0 v̂V (t)

(
∑

k

µ ξ

kν + ξ
f̂Ek(t) + αf̂L(t)

)

(34)
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Sν =
∑

k

f̂Ek(t)
µ

k

∂uk

∂ν
︸ ︷︷ ︸

Qν(t)



v̂L(t) −B v̂V (t)



− 2cν ν B0 v̂V (t)

(
∑

k

µ ξ

kν + ξ
f̂Ek(t) + αf̂L(t)

)

(35)

S4.5 The unanimous voting rule139

The above analysis is based on the assumption that the phenotype at the scale or the cell is the
average of the phenotypes of the strains that coinfect the same host. An alternative decision
rule is the uninamous voting rule where lysogeny is decided if all the strains agree to lysogenise.
In this scenario the proportion of mutant in a cell infected with k virus and n mutants is still
noted τm(xn,k) = n

k
. Noting again zk

i the phenotype of strain i, the probability of lysogenization

of these cells becomes φ(xn,k) = (zk
m)n(zk

w)(k−n). By definition we have
∑k

n=0 τm(xn,k)En,k(t) =
Ek

m(t). Then, for ε = zk
m − zk

w, we can rewrite φk
m(t) as

φk
m(t) =

k∑

n=0

φ(xn,k)τm(xn,k)
En,k(t)

Ek
m(t)

(36)

=
k∑

n=0

(

(zk
w + ε)n(zk

w)(k−n)
)

τm(xn,k)
En,k(t)

Ek
m(t)

(37)

This yields the following perturbation expansion

φk
m(t) = (zk

w)k + ε(zk
w)k−1

k∑

n=0

(

En,k(t)

Ek
m(t)

)(0)
n2

k
+O(ε2) (38)

= (zk
w)k + ε(1 − pm(1 − k))(zk

w)k−1 +O(ε2) (39)

Similarly we have:

φk
w(t) = (zk

w)k − ε(1 − k)pm(zk
w)k−1 +O(ε2) (40)

This yields:140

φk
m(t) − φk

w(t) = ε(φk
w)(k−1)/k +O(ε2)

where we use the fact that (zk
w)k = φk

w in a neutral model. This expression can be used to141

derive the selection gradient under the three scenarios considered in the main text.142

• A model without pleiotropy143

The selection gradient acting at MOI k is:144

Sk(t) = µf̂Ek(t)(φk)k−1(v̂L(t) −B v̂V (t)). (41)

• A model without plasticity145

In the absence of plasticity the selection gradient on the lysogenization rate is:146

S(t) = µ

(
∑

k

f̂Ek(t)(φk)(k−1)/k

)

(v̂L(t) −B v̂V (t)) (42)
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• A model with plasticity and pleiotropy.147

Following the above approach and using (28) the selection gradient on the parameter ξ148

is:149

Sξ = µ
∑

k

f̂Ek(t)(φk)(k−1)/k ∂uk

∂ξ
︸ ︷︷ ︸

Qξ(t)



v̂L(t) −B v̂V (t)



− 2cξ ξ B0 v̂V (t)

(
∑

k

µ ξ

kν + ξ
f̂Ek(t) + αf̂L(t)

)

(43)
where150

∂uk

∂ν
=
kνξ log(k)

(kν + ξ)2
.

Similarly, the selection gradient on the parameter ν is:151

Sν = µ
∑

k

f̂Ek(t)(φk)(k−1)/k ∂uk

∂ν
︸ ︷︷ ︸

Qν(t)



v̂L(t) −B v̂V (t)



− 2cν ν B0 v̂V (t)

(
∑

k

µ ξ

kν + ξ
f̂Ek(t) + αf̂L(t)

)

(44)
where152

∂uk

∂ξ
= −

kν

(kν + ξ)2
.

S5 Constant environment153

In a constant environment (θ(t) ≡ θ), the dynamics of vL(t) at equilibrium simplify to154

0 = ((d+ α) − r(1 − κN))vL − αBvV

and therefore we have:155

vL −BvV = (r(1 − κN) − d) vL. (45)

Hence, at a singularity, the following condition must be satisfied:156

N̂ =

(

1 −
d

r

)

1

κ
. (46)

From the dynamics of S(t), we can shown that this is equivalent to the condition157

σ0a V̂ Ŝ = θ, (47)

which means that the outflow of new infections must exactly balance the inflow of new suscep-
tible cells. Under these constraints, the following conditions must be satisfied by the endemic
equilibrium and the φk’s:

0 = θ − σ0hS (48a)

0 = σ0hS − (d+ µ+ σ1h)E1 (48b)

0 = σ1hE1 − (d+ µ+ σ2h)E2 (48c)

... (48d)

0 = σKhEK−1 − (d+ µ)EK (48e)

0 = µ
∑

k

φkEk − αL (48f)

0 = µB
∑

k

(1 − φk)Ek +BαL− (dV + aN)V (48g)
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Together with the constraint S +
∑

k E
k +L = (1 − d/r)/κ, we have 2K + 3 unknowns (S, E1,158

. . . , EK , L, V , φ1, . . . , φk) and K + 4 equations, so the system is underdetermined, except in159

the non-plastic case where φk ≡ φ.160

From the sum of equations (48a) to (48e), we obtain

σ0aV S = θ (49)

(d+ µ)E = θ (50)

where E =
∑

k E
k. Together with equations (48f) and (48g), we obtain161

V =
µBE

dV + aN
=

µBθ

(dV + aN)(d+ µ)
(51)

Inserting into equation (49), we have162

S =
θ

σ0aB

dV + aN

θ − dE
(52)

Equations (48b)-(48e) allow us to write163

Ek =
k∏

j=1

σj−1h

d+ µ+ σjh
S (53)

which can be rewritten, using (49), as164

Ek =
k∏

j=1

σj−1 θ
σ0

d+ µ+ σj θ
σ0S

(54)

Hence, at a singularity, the expressions for V , S and Ek are all independent of the φk’s. Because165

of the constraint N = S + E + L, L is also independent of the φk’s.166

Equation (48f) tells us that, at a singularity, we have167

µ
∑

k

φkEk = αL. (55)

Because L and the Ek’s are independent of the φk’s, there is an infinity of combinations168

(φ1, . . . , φK) that satisfy this condition (just pick K − 1 random values between 0 and 1 for φ1,169

..., φK−1 then choose the value for φk as (αL/µ−
∑K−1

k=1 E
k).170

However, there is a unique non-plastic solution φk ≡ φ which satisfies171

φ∗ =
αL

µE
=
α(d+ µ)

µ θ
L (56)

Hence, φ∗ = 0 when L = 0 and φ∗ = 1 when L = θµ/(α(d+ µ)).172

We now turn to the problem of determining whether a plastic strategy can evolve from a173

non-plastic initial condition. To do this, we use the canonical equation of adaptive dynamics174

(Dieckmann & Law, 1996; Geritz et al., 1998; Leimar, 2009) for the vector of traits z, which175

has the form176

dz

dt
= Cg
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where g is the gradient with elements Sk. If we assume that the mutation covariance matrix177

C is diagonal with elements Ck (no genetic correlations between classes), we have178

dzk

dt
= CkfEk(vL −BvV ) = CkfEkvL (r(1 − κN) − d)

In addition, we have at the endemic equilibrium:179

0 = (r(1 − κN) − d)L+
k∑
µkφkEk − αL

and we have φk = zk in a monomorphic population. Therefore180

dφk

dt
= Ckf

k(vL −BvV ) = Ckf
kvL



α−
∑

j

µjφ
jEj

L





We rewrite the dynamics of φk as181

dφk

dt
= CkfEkvL



φ∗
∑

j

µjE
j

L
−
∑

j

µjφj
Ej

L





or182

d

dt
(φk − φ∗) = Ckf

kvL

∑

j

µj(φ∗ − φj)
Ej

L

Noting δk = φk − φ∗, we obtain183

dδk

dt
= −Ckf

kvL

∑

j

µjδjE
j

L

which can be written as184

dδ

dt
=
vL

L
Aδ

where185

A = −







C1fE1

...
CKfEK







(

µ1E1 ... µKEK
)

Thus, if we start from δ = 0 (i.e. φk = φ∗ for all k’s), the dynamics will not deviate from this186

non-plastic state.187

S6 Explicit simulations of the competition between mul-188

tiple viral strains189

We use a multi-strain version of the system S1 to explicitly simulate the competition between
n viral strains competing for the same host. For simplicity, we assume that a cell can have
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multiplicity of infection of at most two (i.e., K = 2) which yields:

Ṡ(t) = θ(t) + rS(t)(1 − κN(t)) − (d+ aV (t))S(t)

Ė1
i (t) = aVi(t)S(t) − (d+ µ+ aV (t))E1

i (t)

Ė2
ij(t) = aVj(t)E

1
i (t) − (d+ µ)E2

ij(t)

L̇i(t) = r(1 − κN(t))Li(t) − (d+ α)Li(t) + µφ1
iE

1
i (t)

+
µ

2

n∑

j=1

(

φ2
ijE

2
ij(t) + φ2

jiE
2
ji(t)

)

V̇i(t) = BαLi(t) − (dV + aN(t))Vi(t) +Bµ(1 − φ1
i )E

1
i (t)

+B
µ

2

n∑

j=1

(

(1 − φ2
ij)E

2
ij(t) + (1 − φ2

ji)E
2
ji

)

,

N(t) = S(t) +
n∑

i=1

(E1
i (t) + Li(t)) +

n∑

i=1

n∑

j=1

E2
ij(t) −

n∑

i=1

E2
ii(t)

V (t) =
n∑

i=1

Vi(t)

(57)

where S(t) is the density of susceptible cells while Vi(t) and Li(t) denote the densities of free
virions and lysogens of strain i, respectively. When a susceptible host cell is infected by a strain
i virion it becomes a singly infected exposed cell E1

i (i.e. we assume σ1 = 1). When an exposed
cell E1

i is subsequently infected by a strain j virion, it becomes a doubly-infected exposed cell
E2

ij. All exposed cells reach a decision between lysis and lysogeny at rate µ. An exposed cell
E1

i become a lysogen with probability φ1
i or is lysed by the virus with probability (1 − φ1

i ). An
exposed cell E2

ij becomes a lysogen Li with probability φ2
ij/2, a lysogen Lj with probability

φ2
ij/2 or is lysed with probability (1 − φ2

ij), releasing B/2 virions of type i and B/2 virions of
type j. The probabilities of lysogen formation, φi and, φ2

ij are related to the traits zk
i using the

average phenotype rule (see Methods):

φ1
i = z1

i

φ2
ij =

z2
i + z2

j

2

(58)

As expected, when n = 1 the system (57) reduces to the dynamics of the monomorphic pop-190

ulation defined by equation (1). The system (57) can be used to check the robustness of our191

evolutionary predictions when K = 2 (Figure S1), which are based on the invasion analysis192

of a mutant strain in a wildtype population and rely on the assumption that the mutant has a193

weak phenotypic effect relative to the wildtype. In contrast, our explicit simulations using (57)194

allow the viral strains to take any phenotypic value (the phenotypes can be very different). Be-195

sides, our explicit simulations allow us to to study the competition among more than two strains.196

197

One-to-one competition: First, we use explicit simulations to check that the predicted ES198

strategy outperforms all other strategies. Figures S2A and S2D show the periodic attractor199

of the ES strategies (φ1 = 0, φ2 = 1) and (φ1 = 0.061, φ2 = 0.881) for the non-pleiotropic and200

pleiotropic cases, respectively. A mutant is then added to the system when the resident is in201

its periodic attractor and the initial exponential growth rate of the mutant over 20 cycles is202

estimated by fitting an exponential to the peaks of the mutant fraction in the first 20 cycles.203

Figures S2B and S2E show the mutant fraction for a sample mutant added to the system204

when the resident is in its periodic attractor. Figures S2C and S2F show the initial exponen-205

tial growth rate for mutants with phenotypes (φ1, φ2). The black dots denotes the predicted206
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ES strategy. The figures show that the initial growth rates for all mutant strategies are neg-207

ative, indicating that none of the mutants are able to invade the ES resident. These results208

indicate that even in the absence of weak selection approximation, with mutant phenotypes209

significantly different from the resident phenotype, our selection gradient approach, correctly210

predicts evolutionary trajectories.211

212

Multistrain competition: Second, we use explicit simulations to track the mean class-specific213

phenotypes, φ̄1 and φ̄2, across time when we start with polymorphic populations composed of214

100 different plastic strategies (Figures S3A and S3D). We find that the mean trait values215

(defined as mutant frequency weighted averages) converge to the predicted class-specific ES216

strategies (Figures S3B and S3E). Further, we note that the standard deviation of the trait217

values also reduce – asymptotically approaching zero over time (Figures S3C and S3F).218

S7 Reparameterization of the epidemiological model219

The system of ordinary differential equations (S1) is difficult to solve by standard explicit time220

step methods when we use the parameter values given in Table 1 due to the stiffness of the221

dynamical system. One simple way to facilitate the numerical integration of the system it to222

rescale the dynamical variables. We start from a version of the model when K = 2 which yields:223

Ṡ(t) = θ(t) + rS(t)(1 − κN(t)) − (d+ σ0h(t))S(t)

Ė1(t) = σ0h(t)S(t) − (d+ µ+ σ1h(t))E1(t)

Ė2(t) = σ1h(t)E1(t) − (d+ µ)E2(t)

L̇(t) = rL(t)(1 − κN(t)) +
∑2

k=1
µφkEk(t) − (d+ α)L(t)

V̇ (t) = B
∑2

k=1
µ(1 − φk)Ek(t) +BαL(t) − (dV + aN(t))V (t)

(59)

For simplicity we assume h(t) = a V (t) and σ0 = σ1 = 1. In addition we introduce the following224

change of variable x = κX and A = a/κ which yields h(t) = Av(t)225

ṡ(t) = κθ(t) + rs(t)(1 − n(t)) − (d+ h(t))s(t)

ė1(t) = h(t)s(t) − (d+ µ+ h(t))e1(t)

ė2(t) = h(t)e1(t) − (d+ µ)e2(t)

l̇(t) = rl(t)(1 − n(t)) + µ
∑2

k=1
φkek(t) − (d+ α)l(t)

v̇(t) = B µ
∑2

i=1
(1 − φi)ei(t) +Bαl(t) − (dV + An(t))v(t)

(60)

In the non-plastic case we have φ1 = φ2 = φ and if we write e(t) = e1(t) + e2(t) we obtain:226

ṡ(t) = κθ(t) + rs(t)(1 − n(t)) − (d+ h(t))s(t)

ė(t) = h(t)s(t) − (d+ µ)e(t)

l̇(t) = rl(t)(1 − n(t)) + µφe(t) − (d+ α)l(t)

v̇(t) = B µ(1 − φ)e(t) +Bαl(t) − (dV + An(t))v(t)

(61)
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Figure S1: The speed of environmental fluctuations and the evolution of viral plas-

ticity with or without pleiotropy when K = 2 and for increasing influx of susceptible

hosts. We consider a scenario with or without pleiotropy (black or gray dots, respectively) and
we show how the period T of environmental fluctuations affect the variance (A, C and E) and
the mean (B, D and F) of the plasticity function (as in Figure 4). Note that when plasticity
evolves without pleiotropy (gray dots) it only evolves a bang-bang strategy where φ1 = 0 and
φ2 > 0. This implies that the mean lysogeny without pleiotropy is φ2/2 (gray dots in B, D
and F) and the variance is (φ2)2/4 (gray dots in A, C and E). When plasticity is not allowed
to evolve (white dots), the mean level of lysogeny remains much lower than when plasticity
can evolve. Same parameter values as Figure 4 but with K = 2 and the periodic function θ(t)
fluctuates as a square wave between 0 (i.e. no influx of susceptible cells) and 108 cells.ml−1.h−1

(in A and B), 3 × 108 cells.ml−1.h−1 (in C and D) and 5 × 108 cells.ml−1.h−1 (in E and F).
Since we assume influx of cells only occurs during the first 10% of the cycle, the mean influx
(over one period fo the fluctuation) of 107 cells.ml−1.h−1 (in A and B), 3 × 107 cells.ml−1.h−1

(in C and D) and 5 × 108 cells.ml−1.h−1 (in E and F).
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Figure S4: Evolution under the unanimity voting rule. Same as Figure 4 but using
a different rule for the decision reached at the scale of the cell. Here we use the “unanimous
voting rule” (Appendix section A.4.5).
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