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Wakinyan Benhamou iD, Sébastien Lion iD, Rémi Choquet† iD and Sylvain Gandon† iD

CEFE, CNRS, Univ Montpellier, EPHE, IRD, Montpellier, France

†: equal contribution

July 5, 2023

Preamble

In this appendix, we show how phenotypic traits of the new variant affect its temporal dynamics. We

derive the selection coefficient (or selection gradient) of a variant – a measure of how much it is favoured

or disfavoured through natural selection – in a susceptible-exposed-infectious-recovered (SEIR) model.

In sections S2-S5 we show how we can use a weak selection argument to obtain a useful approximation

of the selection coefficient of the new variant. In section S6 we use a weak selection argument to derive

an approximation of the differentiation of variant frequency between the exposed and the infectious

states. Finally, in section S7, we detail how our analysis relates to the approach used in (Blanquart

et al., 2022).

S1 SEIR model

Let us consider a directly and horizontally transmitted disease and a host population of size N for

which individuals are either susceptible (S), exposed (E, infected but not yet infectious), infectious

(I) or recovered (R). For a given state, for instance S, we denote S(t), where t is the current time,

its density and Ṡ(t), its differentiation with respect to time. Demographic parameters (newborns,

migration balance, natural mortality, ...) are neglected.

Let also consider a polymorphic pathogen population: the WT strain (resident), which will be

represented with the subscript w, and the mutant strain (or variant), which will be represented with

the subscript m (we then neglect any occurrence of new mutations). Therefore, E(t) and I(t) can be

respectively decomposed into: E(t) = Ew(t)+Em(t) and I(t) = Iw(t)+ Im(t). The variant may differ

phenotypically from the WT in its effective transmission rate βm = βw + ∆β and/or in its recovery

rate γm = γw +∆γ and/or in its disease-induced mortality rate (virulence) αm = αw +∆α and/or in

its transition rate from state E to state I κm = κw +∆κ (note that 1/κ is thus the mean sojourn time

in the exposed state, i.e. the latent period).
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Besides, the transmission of both strains is more or less affected depending on c(t), the effectiveness

of governmental control measures – i.e. Non-Pharmaceutical Interventions (NPIs) – implemented at

time t to mitigate the spread of the epidemic.

We also assume that superinfections do not occur – including co-infections with both strains – and

that (persistent) immunity acquired with either strain protects effectively against both. We model

the temporal dynamics of this SEIR system with the following set of ordinary differential equations

(ODEs): 

Ṡ(t) = −(1− c(t))β(t)S(t)
I(t)

N

Ė(t) = (1− c(t))β(t)S(t)
I(t)

N
− κ(t)E(t)

İ(t) = κ(t)E(t)−
(
α(t) + γ(t)

)
I(t)

Ṙ(t) = γ(t)I(t)

(S1)

The overlines refer to mean values of the phenotypic traits after averaging over the distribution of

strain frequencies in the relevant compartments of the model:

κ(t) = (1− pm(t))κw + pm(t)κm

β(t) = (1− qm(t))βw + qm(t)βm

γ(t) = (1− qm(t))γw + qm(t)γm

α(t) = (1− qm(t))αw + qm(t)αm

where the frequency of the variant m in the compartment E is noted pm(t) = Em(t)/E(t) and the

frequency of the variant m in the compartment I is noted qm(t) = Im(t)/I(t). For each strain i

(i ∈ {w;m}): 
Ėi(t) = (1− c(t))βiS(t)

Ii(t)

N
− κiEi(t)

İi(t) = κiEi(t)−
(
αi + γi

)
Ii(t)

By noting X(t) =
(
E(t) I(t)

)⊤
, we have:

Ẋ(t) = R(t)X(t)

with R(t) =

(
−κ(t) (1− c(t))β(t)S(t)

N

κ(t) −α(t)− γ(t)

)
, the matrix of (average) transitions rates.
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S2 Overall frequency of the variant

The overall frequency of the variant in the system at time t, fm(t), is:

fm(t) =
Em(t) + Im(t)

E(t) + I(t)
=

pm(t)E(t) + qm(t)I(t)

E(t) + I(t)
= pm(t)p(t) + qm(t)q(t)

where p(t) = E(t)/(E(t) + I(t)) and q(t) = I(t)/(E(t) + I(t)) are the class frequencies of infected

individuals in the exposed state E and in the infectious state I, respectively. Note therefore that

p(t) + q(t) = 1.

The temporal dynamics of the variant can be tracked more conveniently using the following quantity

(Lion, 2018; Lion & Gandon, 2022):

f̃m(t) = pm(t)vE(t)p(t) + qm(t)vI(t)q(t)

where, vE(t) and vI(t) are the reproductive values in state E and in state I, respectively.

Let v(t) =
(
vE(t) vI(t)

)⊤
be the vector of reproductive values and f(t) =

(
p(t) q(t)

)⊤
be the

vector of frequencies within infected states; these two vectors are co-normalized such that v⊤f = 1.

Under the assumption of weak selection, f̃m(t) yields indeed a really useful expression:

df̃m(t)

dt
= f̃m(t)(1− f̃m(t))︸ ︷︷ ︸

Genetic variance

v(t)⊤∆R(t)f(t)︸ ︷︷ ︸
s(t), selection coefficient

, (S2)

or more simply, using the logit function, that is ln(frequency of the variant / frequency of the WT

strain):

s(t) =
d logit(f̃m(t))

dt
= v(t)⊤∆R(t)f(t). (S3)

∆R(t) is the matrix of differences in transition rates between the mutant and the WT strains such

that:

∆R(t) = Rm(t)−Rw(t) =

(
−∆κ (1− c(t))∆β S(t)

N

∆κ −∆α−∆γ

)
.

The selection coefficient s(t) is thus given by:

s(t) = v(t)⊤∆R(t)f(t)

= p(t)∆κ

(
vI(t)− vE(t)

)
+ q(t)

[
(1− c(t))∆β

S(t)

N
vE(t)−

(
∆α+∆γ

)
vI(t)

]
. (S4)

The main problem with this theoretical expression is that class frequencies (p(t) and q(t)) and repro-

ductive values (vE(t) and vI(t)) are generally not available from public health data. In the following

section we show how we can derive useful approximations for these quantities.
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S3 Class frequencies within infected states & growth rate

Following (Lion, 2018; Lion & Gandon, 2022), the temporal dynamics of the vector of class frequencies

is given by:
df(t)

dt
= R(t)f(t)− r(t)f(t)

with r(t), the growth rate of the epidemic:

r(t) = 1⊤R(t)f(t) = q(t)

(
(1− c(t))β(t)

S(t)

N
− α(t)− γ(t)

)
. (S5)

Therefore: 
ṗ(t) = q(t)(1− c(t))β(t)

S(t)

N
− p(t)

(
κ(t) + r(t)

)
q̇(t) = p(t)κ(t)− q(t)

(
α(t) + γ(t) + r(t)

) (S6)

When the difference between the vital rates of the mutant vs. resident is small and O(ε) (i.e. weak

selection), the dynamics of the frequency f̃m(t) is also O(ε) (equation (S2)) while equation (S6) is

O(1). This implies that p(t) and q(t) can be treated as fast variables while f̃m(t) is a slow variable.

Using a quasi-equilibrium approximation, i.e. setting the right-hand sides of (S6) to 0, we then have:
q(t)(1− c(t))β(t)

S(t)

N
= p(t)

(
κ(t) + r(t)

)
p(t)κ(t) = q(t)

(
α(t) + γ(t) + r(t)

)
which yields:

p(t)

q(t)
=

(1− c(t))β(t)S(t)
N

κ(t) + r(t)
=

α(t) + γ(t) + r(t)

κ(t)
. (S7)

In addition,

p(t)

q(t)
=

α(t) + γ(t) + r(t)

κ(t)
⇐⇒ 1− q(t)

q(t)
=

α(t) + γ(t) + q(t)

(
(1− c(t))β(t)S(t)

N − α(t)− γ(t)

)
κ(t)

⇐⇒ q(t)2
(
(1− c(t))β(t)

S(t)

N
− α(t)− γ(t)

)
+ q(t)

(
κ(t) + α(t) + γ(t)

)
− κ(t) = 0

Only the following solution satisfies q(t) ∈ [0, 1]:

q(t) =

−
(
κ(t) + α(t) + γ(t)

)
+

√(
κ(t)− α(t)− γ(t)

)2

+ 4κ(t)(1− c(t))β(t)S(t)
N

2

(
(1− c(t))β(t)S(t)

N − α(t)− γ(t)

)
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Under weak selection and when q(t) is at equilibrium, the growth rate of the epidemic can thus be

approximated by:

r(t) ≈ 1

2

−κ(t)− α(t)− γ(t) +

√(
κ(t)− α(t)− γ(t)

)2

+ 4κ(t)(1− c(t))β(t)
S(t)

N

 (S8)

Note that, when (1− c(t))β(t)S(t)/N − α(t)− γ(t) = 0, then r(t) = 0 which is also consistent for its

approximation (S8).

Besides, starting from either the real expression of the growth rate (S5) or its approximation (S8), we

have:

lim
κ → +∞

r(t) = (1− c(t))β(t)
S(t)

N
− α(t)− γ(t).

In other words, we recover the growth rate of the corresponding nested SIR model as a limit of this

model.

S4 Reproductive values within infected states

Following (Lion, 2018; Lion & Gandon, 2022), the temporal dynamics of reproductive values are given

by:

dv(t)⊤

dt
= −v(t)⊤R(t) + r(t)v(t)⊤

= −
(
vE(t) vI(t)

)(−κ(t) (1− c(t))β(t)S(t)
N

κ(t) −α(t)− γ(t)

)
+ r(t)

(
vE(t) vI(t)

)
.

Therefore: 
dvE(t)

dt
= κ(t)

(
vE(t)− vI(t)

)
+ r(t)vE(t)

dvI(t)

dt
= −(1− c(t))β(t)

S(t)

N
vE(t) +

(
α(t) + γ(t) + r(t)

)
vI(t)

(S9)

As previously, we see that the reproductive values are fast variables, so that we can use a quasi-

equilibrium approximation. Setting the right-hand sides of (S9) become equal to 0, we obtain:
κ(t)vI(t) =

(
r(t) + κ(t)

)
vE(t)

(1− c(t))β(t)
S(t)

N
vE(t) =

(
α(t) + γ(t) + r(t)

)
vI(t)

Which yields:
vE(t)

vI(t)
=

κ(t)

r(t) + κ(t)
=

α(t) + γ(t) + r(t)

(1− c(t))β(t)S(t)
N

(S10)
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S5 Approximation of the selection coefficient of the variant

Using the quasi-equilibrium approximation for vectors f(t) and v(t) (cf. (S7) and (S10), respectively),

the expression of the selection coefficient in equation (S4) becomes:

s(t) = p(t)∆κ

(
vE(t)

r(t) + κ(t)

κ(t)
− vE(t)

)
+ q(t)

[
(1− c(t))∆β

S(t)

N
vI(t)

r(t) + α(t) + γ(t)

(1− c(t))β(t)S(t)
N

−
(
∆α+∆γ

)
vI(t)

]

= p(t)vE(t)r(t)
∆κ

κ(t)
+ q(t)vI(t)

[
∆β

β(t)

(
r(t) + α(t) + γ(t)

)
−∆α−∆γ

]
.

Since combining quasi-equilibrium approximations (S7) and (S10) yields

p(t)vE(t)

q(t)vI(t)
=

α(t) + γ(t) + r(t)

κ(t) + r(t)

and, using the co-normalization v⊤f = p(t)vE(t) + q(t)vI(t) = 1, then:

q(t)vI(t) =
κ(t) + r(t)

κ(t) + α(t) + γ(t) + 2r(t)
and p(t)vE(t) =

α(t) + γ(t) + r(t)

κ(t) + α(t) + γ(t) + 2r(t)
.

Thus:

s(t) =

(
α(t) + γ(t) + r(t)

)
r(t) ∆κ

κ(t) +

(
κ(t) + r(t)

)[
∆β

β(t)

(
r(t) + α(t) + γ(t)

)
−∆α−∆γ

]
κ(t) + α(t) + γ(t) + 2r(t)

(S11)

Using (S8) to approximate the growth rate of the epidemic, the selection coefficient of the variant

becomes after some rearrangements:

s(t) ≈

2(1− c(t))S(t)
N

(
∆κβ(t) + κ(t)∆β

)
+∆κ

(
κ(t)− α(t)− γ(t)− Z(t)

)
−(

∆α+∆γ

)(
κ(t)− α(t)− γ(t) + Z(t)

)
2Z(t)

(S12)

with

Z(t) =

√(
κ(t)− α(t)− γ(t)

)2

+ 4κ(t)(1− c(t))β(t)
S(t)

N
.

Here again, we can recover the expression of s(t) from the nested SIR model (Day & Gandon, 2006,

2007) by taking the limit:

lim
κ → +∞

s(t) = (1− c(t))∆β
S(t)

N
−∆α−∆γ.

As in the main text, we now assume that the virulence may be neglected (αm = αw = 0) and that

there is no difference between the variant and the WT strains in terms of latent period, i.e. ∆κ = 0.
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The approximation (S11) of the selection coefficient reduces then to:

s(t) =
κ+ r(t)

κ+ γ(t) + 2r(t)

[
∆β

β(t)

(
r(t) + γ(t)

)
−∆γ

]
(S13)

Or, using (S12), i.e. based on an approximation of the growth rate:

s(t) ≈
2κ(1− c(t))∆β S(t)

N −
(
κ− γ(t)

)
∆γ −

√(
κ− γ(t)

)2

+ 4κ(1− c(t))β(t)S(t)
N ∆γ

2

√(
κ− γ(t)

)2

+ 4κ(1− c(t))β(t)S(t)
N

(S14)

Since d logit(f̃m(t))/dt = s(t), we get the following approximation of logit(f̃m(t)) by integrating the

last approximation of s(t) between the time points t0 and t = t0 +∆t:

logit(f̃m(t)) ≈ logit(f̃m(t0)) + κ

∫ t

t0

 (1− c(t))S(t)/N√
(κ− γ(t))2 + 4κ(1− c(t))β(t)S(t)/N

 dt ∆β

− 1

2

∫ t

t0

 κ− γ(t)√
(κ− γ(t))2 + 4κ(1− c(t))β(t)S(t)/N

 dt+∆t

∆γ

(S15)

Assuming also that γ(t) ≈ γw, β(t) ≈ βw (weak selection) and S(t)/N ≈ S/N – i.e. the proportion of

susceptible individuals varies sufficiently little throughout the considered time period –, we eventually

obtain the expression we used in the main text:

logit(f̃m(t)) ≈ logit(f̃m(t0)) + κ

∫ t

t0

(
(1− c(t))√

(κ− γw)2 + 4κ(1− c(t))βwS/N

)
dt ∆β

S

N

− 1

2

[(
κ− γw

)∫ t

t0

(
1√

(κ− γw)2 + 4κ(1− c(t))βwS/N

)
dt+∆t

]
∆γ

(S16)

S6 Differentiation between the exposed and the infectious com-

partments

In this section, we start with a SEIR model in a very general form. The particular transition rates

used previously and in the main text will be specified after the study of this general case.

By taking up the matrix form of the temporal dynamics of X(t) =
(
E(t) I(t)

)⊤
:

Ẋ(t) = R(t)X(t)
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with R(t) =

(
r
←−−
EE r

←−
EI

r
←−
IE r

←−
II

)
, the matrix of average transitions rates (the arrows indicate the sense of the

transitions). We recall that the overlines refer to mean values of the phenotypic traits after averaging

over the distribution of strain frequencies, such that:

r
←−−
EE = r

←−−
EE
m − (1− pm(t))∆r

←−−
EE

r
←−
EI = r

←−
EI
m − (1− qm(t))∆r

←−
EI

r
←−
IE = r

←−
IE
m − (1− pm(t))∆r

←−
IE

r
←−
II = r

←−
II
m − (1− qm(t))∆r

←−
II

In which, with (i, j) ∈ {E, I}2, we denote the phenotypic differences: ∆r
←−
ji = r

←−
ji
m − r

←−
ji
w , where the

subscript m refer to the variant and the subscript w to the WT.

Note that these transition rates may or may not be time-dependent, depending on the model. For

the sake of simplicity, we do not make here this (potential) time dependency explicit.

The temporal dynamics of pm(t) and qm(t) are given by:
ṗm(t) = pm(t)(1− pm(t))∆r

←−−
EE + qm(t)(1− qm(t))∆r

←−
EI

(
q(t)

p(t)

)
+ (qm(t)− pm(t))r

←−
EI

(
q(t)

p(t)

)
q̇m(t) = qm(t)(1− qm(t))∆r

←−
II + pm(t)(1− pm(t))∆r

←−
IE

(
p(t)

q(t)

)
+ (pm(t)− qm(t))r

←−
IE

(
p(t)

q(t)

)
(S17)

To focus on the differentiation between the exposed and the infectious compartments, we study here

the variable Q(t) such that:

Q(t) =
pm(t)

(1− pm(t))

(1− qm(t))

qm(t)
. (S18)

Thus:

ln(Q(t)) = logit(pm(t))− logit(qm(t)).

The temporal dynamics of Q(t) is therefore given by:

Q̇(t) =
qm(t)(1− qm(t))ṗm(t)− pm(t)(1− pm(t))q̇m(t)(

(1− pm(t))qm(t)
)2 .

By expanding the expressions for ṗm(t) and q̇m(t) and after numerous rearrangements, we obtain:

d ln(Q(t))

dt
=

q(t)

p(t)

(
1− qm(t)

1− pm(t)

)
∆r
←−
EI − p(t)

q(t)

(
1− pm(t)

1− qm(t)

)
∆r
←−
IE +∆r

←−−
EE −∆r

←−
II︸ ︷︷ ︸

Effect of selection (O(ε))

−
(
Q(t)− 1

)(
q(t)

p(t)

qm(t)

pm(t)
r
←−
EI
m +

p(t)

q(t)

1− pm(t)

1− qm(t)
r
←−
IE
m

)
︸ ︷︷ ︸

Effect of ”migration” (O(1))

. (S19)
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In the neutral case (ε = 0), the mutant strain m and the WT strain w have the same phenotype, that

is: ∀(i, j) ∈ {E, I}2, ∆r
←−
ji = 0, and we rapidly have pm(t)/qm(t) = (1− qm(t))/(1− pm(t)) = Q(t) = 1

because ”migration” – i.e. transitions between compartments E and I, including transmissions –

spatially homogenises the frequencies of the variant. Selection will disrupt these quantities to O(ε).

Solving (S19) for Q(t) based on a quasi-equilibrium approach, i.e. setting the right-hand sides of

(S19) to 0, and using a Taylor expansion for the solution about the neutral case to order ε yields:

Q(t) ≈ 1 +
∆r
←−−
EE +

(
q(t)
p(t)

)
∆r
←−
EI −

(
p(t)
q(t)

)
∆r
←−
IE −∆r

←−
II(

q(t)
p(t)

)
r
←−
EI
m +

(
p(t)
q(t)

)
r
←−
IE
m

+O(ε2). (S20)

By replacing the general form of the transition rates with the particular parameters of the model (S1),

we get after some rearrangements:

Q(t) ≈ 1 +

(
q(t)
p(t)

)
(1− c(t))∆βS(t)/N −

(
1

q(t)

)
∆κ+∆α+∆γ(

q(t)
p(t)

)
(1− c(t))βmS(t)/N +

(
p(t)
q(t)

)
κm

+O(ε2). (S21)

Note that q(t) and p(t)/q(t) may then be approximated by their quasi-equilibrium values.

Assuming that the virulence may be neglected (αm = αw = 0) and that there is no difference

between the variant and the WT strains in terms of latent period, i.e. ∆κ = 0, the previous equation

then reduces to:

Q(t) ≈ 1 +

(
q(t)
p(t)

)
(1− c(t))∆βS(t)/N +∆γ(

q(t)
p(t)

)
(1− c(t))βmS(t)/N +

(
p(t)
q(t)

)
κ
+O(ε2). (S22)

It is interesting to note that the quasi-equilibrium of Q depends on ∆β and ∆γ. More specifically,

this expression predicts that the value of Q will be greater than 1 in the case of a variant with a higher

transmission rate (∆β >0 and ∆γ =0) while the value of Q will be less than 1 in the case of a variant

with a longer duration of infectiousness, i.e. with a lower recovery rate, (∆γ <0 and ∆β = 0). Hence,

some data on the differentiation between different host compartments (here between E and I) could

potentially yield another way to estimate these two quantities.

S7 Relation with Blanquart et al. (2022), eLife

In (Blanquart et al., 2022), the growth rate of the epidemic r(t) and the effective reproduction number

R(t) – i.e. the average number of secondary infections – are linked through the framework popularized

by Wallinga and Lipsitch in (Wallinga & Lipsitch, 2007). Let us consider an epidemic that grows

exponentially at a rate r(t) and a probability density function g for the generation time – i.e. timing

of secondary infections. Assuming that the distribution of the age of infections stabilises very rapidly,

the relationship between r(t) and R(t) are given by (Wallinga & Lipsitch, 2007):

1

R(t)
=

∫ +∞

0

e−r(t)ag(a) da. (S23)
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Let us consider the scenario where a new variantm emerges and spreads in a host population previously

dominated by a wild type strain w. The selection coefficient associated with the new variant can be

computed from the difference in the per capita growth rate of the two variants: s(t) = rm(t)− rw(t).

The higher growth rate of the new variant can be due to different phenotypic effects acting on the

transmission and/or the duration of infection and/or the shape of the whole distribution g. In our

analysis we assume that the mean and the variance of the generation time distribution are linked due

to the assumption of exponentially distributed sojourn times. In contrast, other studies have allowed

the mean and the variance of the distribution to be independently modified by the mutations of the

new variant (Blanquart et al., 2022; Park et al., 2022). More specifically we follow (Blanquart et al.,

2022) and assume that the variant is characterized by its effective reproduction number Rm(t) and by

its generation time distribution with mean µm and standard deviation σm (likewise, Rw(t), µw and

σw, respectively, for the resident stain) such that:
Rm(t) = Rw(t)

(
1 + δ1

)
µm(t) = µw(t)

(
1 + δ2

)
σm(t) = σw(t)

(
1 + δ3

) (S24)

where δ1, δ2 and δ3 refer to the effects of the mutation of the new variant on the three phenotypic

traits as in (Blanquart et al., 2022). To characterize these phenotypic differences between the variant

and the resident strain, one must then look at δ1, δ2 and δ3.

In the well-known S(E)IR models formalised by a system of ODEs, susceptible hosts S are infected

with a constant transmission rate β and infectious individuals I recover at a constant rate γ. In

(Blanquart et al., 2022), the authors assume that temporal variations in behavior and NPIs would

affect the transmission, only captured by variability in the parameter Rw(t), without affecting the

generation time distribution. We use the same assumption in our analysis through c(t) ∈ [0; 1], the

effectiveness of NPIs. Accounting for these control measures, the effective reproduction number in

classical S(E)IR models is given by: R(t) = (1−c(t))β
γ

S(t)
N , with S(t)/N the proportion of susceptible

hosts at time t in the population (of size N). We recall the notations made in the main text for the

resident strain and the variant, respectively: βw and βm = βw +∆β referred to transmission rates; γw

and γm = γw +∆γ referred to recovery rates. Thus, assuming c(t) to be the same for both strains, we

have: 
Rw(t) = (1− c(t))

βw

γw

S(t)

N

Rm(t) = (1− c(t))

(
βw +∆β

γw +∆γ

)
S(t)

N

(S25)

As discussed in (Park et al., 2022), this is indeed valid for interventions that reduce transmission – e.g.

social distancing, face covering – but no longer holds for interventions that lead to isolation of infected

individuals – e.g. contact tracing.

In the following, our aim is to show the links between the framework developed in (Blanquart et al.,

2022) – with phenotypic differences δ1, δ2 and δ3 – and the framework we developed in this study –

10



with phenotypic differences ∆β and ∆γ – through the SIR and SEIR models.

S7.1 SIR model

In the classical SIR model formalised by ODEs, the generation time is exponentially distributed (and

thus memoryless). Let’s start, however, with a gamma-distributed generation time as the exponential

distribution is merely a special case of the gamma distribution family. Under this assumption, by

substituting g in (S23) for the probability density function of the gamma distribution with mean µm

and standard deviation σm, growth rates rw(t) and rm(t) thus become (Blanquart et al., 2022):

rw(t) =
(
Rw(t)

( σw
µw

)
2

− 1
) µw

σ2
w

rm(t) =

(Rw(t)
(
1 + δ1

)) σw

(
1+δ3

)
µw

(
1+δ2

)2

− 1

 µw

(
1 + δ2

)(
σw

(
1 + δ3

))2 (S26)

Under the assumption of weak selection – i.e. δ1, δ2 and δ3 are small and O(ε) – the selection gradient

s(t) = rm(t)− rw(t) is:

s(t) =

(
Rw(t)

( σw
µw

)
2

µw

)
δ1 +

(Rw(t)
( σw

µw
)
2

− 1
) µw

σ2
w

−
2Rw(t)

( σw
µw

)
2

ln
(
Rw(t)

)
µw

 δ2 +

2

Rw(t)
( σw

µw
)
2

ln
(
Rw(t)

)
µw

−
(
Rw(t)

( σw
µw

)
2

− 1
) µw

σ2
w

 δ3 +O(ε2). (S27)

At equilibrium (i.e. Rw(t) = 1), s(t) reduces to: s(t) = δ1/µw + O(ε2). In Fig. S13, we plot an

example of relation between s(t) and Rw(t) according to (S27) for three types of variant. In accordance

with (Blanquart et al., 2022), we can see that:

• Higher δ1 are always selected (whatever the value of Rw(t));

• Lower δ2 are selected when Rw(t) > 1 (conversely, higher δ2 are selected when Rw(t) < 1),

except in some cases when Rw(t) becomes too small;

• Higher δ3 are always selected as soon as Rw(t) ̸= 1.

WhenRw(t) is not too far from 1, ln
(
Rw(t)

)
≈ Rw(t)−1, and, eventually assuming that the generation

time of the resident strain is exponentially distributed (special case of gamma distribution where

σw = µw), (S27) becomes:

s(t) ≈
(
Rw(t)

µw

)
δ1 +

((
Rw(t)− 1

)(
1− 2Rw(t)

)
µw

)
δ2 + 2

((
Rw(t)− 1

)2
µw

)
δ3 +O(ε2). (S28)

This expression, easier to understand than the previous one, leads to the same interpretations.
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We now use the expressions in (S25) for the effective reproduction number of the resident strain

and of the variant. Under the assumption of weak selection – i.e. ∆β and ∆γ are small and O(ε) –

a Taylor expansion for the effective reproduction number of the variant Rm(t) about the neutral case

(ε = 0) to order ε yields:

Rm(t) = Rw(t)

(
1 +

∆β

βw
− µw∆γ︸ ︷︷ ︸
δ1

)
+O(ε2), (S29)

with µw = 1/γw, the mean generation time for the resident strain.

Likewise, for µm = 1/(γw +∆γ), the mean generation time of the variant:

µm(t) = µw(t)

(
1−µw∆γ︸ ︷︷ ︸

δ2

)
+O(ε2), (S30)

This result is the same for σm, the standard deviation of the generation time of the variant, as σm = µm

for the exponential distribution. Hence, using the notations of (Blanquart et al., 2022):
δ1 =

∆β

βw
− µw∆γ

δ2 = −µw∆γ

δ3 = −µw∆γ

(S31)

Substituting these expressions for δ1, δ2 and δ3 in (S27) for the exponential case (µw = σw = 1/γw)

along with the expression of Rw(t) in (S25), s(t) reduces to:

s(t) ≈ (1− c(t))∆β
S(t)

N
−∆γ +O(ε2), (S32)

which is indeed known to be the expression of the selection gradient in the simplest SIR model (Day

& Gandon, 2006, 2007).

S7.2 SEIR model

We now add an exposed state – i.e. infected but not yet infectious –, that individuals leave at a constant

rate κ, altering the generation time distribution. Let us assume that the infectious period is gamma-

distributed with mean µI and standard deviation σI and that the exposed period is exponentially

distributed with mean 1/κ. Therefore, the convolution:

g(a) =

∫
a

0

κe−κx
(a− x)

(
µI

σI

)2
−1

e
−µI (a−x)

(σI)2

Γ

[(
µI

σI

)2](
(σI)2

µI

)(µI

σI

)2 dx

12



– where Γ is the Gamma function –, yields a probability density function for the generation time with

mean µ = 1/κ+ µI and standard deviation σ =

√
1/κ2 + (σI)

2
. Substituting the probability density

function in (S23) for this convolution gives:

R(t) =

(
1 +

r(t)

κ

)(
1 +

(
σI
)2

µI
r(t)

)(
µI

σI

)2

. (S33)

The issue with this expression for the SEIR model is that, although it is easy to express R(t) as a

function of r(t), the reverse (expressing r(t) as a function of R(t)) does not seem to be true. Never-

theless, we may look at some special cases.

First, when 1/κ → 0+ – i.e. the SEIR model tends to the SIR model since the exposed individuals

tend, on average, to leave their compartment instantaneously –, we find indeed the result for the SIR

model (S26).

Besides, when the infectious period is now exponentially distributed (with σI = µI = 1/γ), the

generation time is hypoexponentially distributed (generalized Erlang distribution) and the previous

expression becomes:

R(t) =

(
1 +

r(t)

κ

)(
1 + µIr(t)

)
, (S34)

as already shown in (Wallinga & Lipsitch, 2007), which yields:

r(t) =
−κµI − 1 +

√(
κµI − 1

)2
+ 4κµIR(t)

2µI
(S35)

It corresponds to the expression we used for the growth rate of the epidemic in this study.

Assuming no change in κ between the resident strain w and the variant m – i.e. same latent period,

on average, for both strains –, we still have Rm(t) = Rw(t)
(
1+ δ1

)
and we obtain from the expression

of the mean generation time µm in (S24) an expression for the mean duration of infectiousness µI
m:

µm(t) = µw(t)
(
1 + δ2

)
⇐⇒ 1

κ
+ µI

m =

(
1

κ
+ µI

w

)(
1 + δ2

)
⇐⇒ µI

m = µI
w + δ2

(
1

κ
+ µI

w

)
(S36)

Substituting R(t) and µI in (S35) using (S24) and (S36), respectively, we can calculate the selection
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gradient s(t) = rm(t)−rw(t). Again, a Taylor expansion about the neutral case (weak selection) gives:

s(t) =

 κRw(t)√(
κµI

w − 1
)2

+ 4κµI
wRw(t)

 δ1+


(
κµI

w + 1
)(√(

κµI
w − 1

)2
+ 4κµI

wRw(t) + κµI
w

(
1− 2Rw(t)

)
− 1

)
2κ (µI

w)
2
√(

κµI
w − 1

)2
+ 4κµI

wRw(t)

 δ2 +O(ε2). (S37)

At equilibrium (i.e. Rw(t) = 1), s(t) is simply: s(t) = δ1/
(
1/κ+ µI

w

)
+ O(ε2). Furthermore, in any

case, we also have:

• Higher δ1 are always selected (whatever the value of Rw(t));

• Lower δ2 are selected when Rw(t) > 1 (conversely, higher δ2 are selected when Rw(t) < 1).

As in the previous subsection with the SIR model, a weak selection approximation of Rm(t) from

(S25) yields:

Rm(t) = Rw(t)

(
1 +

∆β

βw
− µI

w∆γ︸ ︷︷ ︸
δ1

)
+O(ε2), (S38)

and, for the mean generation time of the variant µm = 1/κ+ 1/(γw +∆γ):

µm(t) = µw(t)

(
1−

κ
(
µI
w

)2
κµI

w + 1
∆γ︸ ︷︷ ︸

δ2

)
+O(ε2). (S39)

Hence, with the notations of (Blanquart et al., 2022):
δ1 =

∆β

βw
− µI

w∆γ

δ2 = −
κ
(
µI
w

)2
κµI

w + 1
∆γ

(S40)

Substituting these expressions for δ1 and δ2 in (S37) along with the expression of Rw(t) in (S25) and

µI
w = 1/γw, the selection gradient becomes after some rearrangements:

s(t) =

 κ√(
κ− γw

)2

+ 4κ(1− c(t))βw
S(t)
N

 (1− c(t))∆β
S(t)

N

− 1

2

 κ− γw√(
κ− γw

)2

+ 4κ(1− c(t))βw
S(t)
N

+ 1

∆γ +O(ε2). (S41)
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This is the theoretical derivation of the selection gradient we used in this study (cf. equation (S14)).
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Figure S1: Epidemiological and genetic data from the COVID-19 outbreak in England
between September 2020 and January 2021. Weekly numbers of TaqPath Pillar 2 COVID-19
positive tests associated with the resident strain of SARS-CoV-2 or with the Alpha variant (lineage
B.1.1.7) at the national scale (A, total numbers of tests (not only TaqPath tests) are shown in black)
and at regional scale (C). Weekly percentages of each strain within the TaqPath Pillar 2 COVID-19
positive tests at the national scale (B) and at the regional scale (D). SGTF from qPCR was used as a
proxy of the Alpha variant. In this study, we considered two consecutive evo-epidemiological phases:
(i) the phase that preceded the emergence of the Alpha variant, and (ii) the phase that followed it. The
first phase took place just before the frequency of the variant reached 5% of the cases tested positive
at the national scale (horizontal black line in B). Then, for each region, the second phase started at
the date the variant reached at least the threshold value 10%, indicated in D with horizontal white
lines. Below, the number of cases associated with the Alpha variant was quite low and the dynamics of
its frequency was widely driven by stochastic processes – see for example the erratic dynamics below
the horizontal white line for the second region (’East of England’) in D.
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Figure S2: Flow chart of the epidemiological SEIR model used in the first step of our
analysis (phase 1). Hosts may be: S (Susceptible to the infection), E (Exposed, that is infected but
not yet infectious), I (Infected, with IA: Asymptomatic; IS : Symptomatic (with subscript r for those
for will eventually recover and d for those who will eventually die from the disease)), R (Recovered and
immunised) and D (Deceased). Transitions are represented by solid line arrows associated with the
corresponding parameters (see Table S1 for definitions). The dashed line arrow symbolises the role of
compartment I in the force of infection λ(t) – i.e. transition rate from compartment S to compartment
E. c(t) is the efficacy of NPIs.
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Figure S3: Model fitting to data for the first phase (from 2020-08-03 to 2020-11-08 in the
UK). Observed data – (A) daily new cases tested negative, (B) daily new cases tested positive and
(C) daily new fatality cases – are shown as dark points. Fits based on the best WLS estimates are
represented as dark lines and about 2000 model fits resulting from wild bootstrap are represented as
light lines.
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Figure S4: Identifiability profiles of the first phase. Simulated data for the first phase – i.e. (i)
new cases tested negative, (ii) new cases tested positive and (iii) new fatality cases – were generated
with the parameter values indicated by the vertical dashed lines: E(t0)/N = 8.0 × 10−4 (where t0
refers to the initial time point of the first phase), ω = 0.08, p = 0.02, α = 0.1, k = 0.99, a = 3.78,
η = 3.2 × 10−5, µ = 2.3 × 10−3; i.i.d. Gaussian noise was added to each series of simulated data,
with standard deviation (i) 5000, (ii) 500 and (iii) 5. For the fixed parameters, we set: κ = 0.2,
γ = 0.1, R0 = 2.5, β = γR0 = 0.25 and S(t0)/N = 0.9. We used real values for the Stringency
Index (from 2020-08-02 to 2020-11-08 in the UK). Profiles were built following (Raue et al., 2009): a
parameter of interest is set to a given value (on the x-axis) and the others are estimated to obtain a
WLS value (y-axis, here on log scale); this is then reiterated with different values of the parameter of
interest to cover the desired range (x-axis). As initial conditions, we only started from the parameter
values that we used to simulate the data. Discontinuities in the profiles result merely from convergence
failures. Points associated with the lowest WLS value are enclosed in a circle and their good match
with the values used to simulate the data (vertical dashed lines) confirms that these parameters should
be identifiable. Though, the shallowness of some profiles suggest that precise estimations may be
numerically difficult.
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Figure S5: 95% distributions of the parameters estimated in the first step. The distributions of
these parameters (see Table S1 for definitions) were computed using wild bootstrap (Kline and Santos,
2012; Liu, 1988); bootstraped data were generated with residuals perturbed by an i.i.d. sequence
of n random weights {Wi}ni=1 following Mammen’s 2-points distribution (that is, (1 −

√
5)/2 with

probability (
√
5+1)/(2

√
5) and (1+

√
5)/2 with probability (

√
5−1)/(2

√
5)), which satisfies E(Wi) = 0

and E(W 2
i ) = 1. We only represented values between the 2.5% quantile and the 97.5% quantile. The

vertical dashed lines indicate the best (minimum) WLS estimates computed from the original data.
Using Rademacher distribution (that is 1 or −1 equiprobably) instead yields very similar results (not
shown).

7



50

60

70

80

90

100

Sep 2020 Oct 2020 Nov 2020 Dec 2020 Jan 2021

S
tr

in
ge

nc
y 

In
de

x 
(U

K
)

A)

0.00

0.25

0.50

0.75

65 70 75 80 85
Stringency Index (UK, weekly average)

S
el

ec
tio

n 
co

ef
fic

ie
nt

 s
(t

)
of

 th
e 

A
lp

ha
 v

ar
ia

nt
 (

pe
r 

w
ee

k)

B)

−4

−2

0

2

Sep 2020

Oct 2020

Nov 2020

Dec 2020

Jan 2021

lo
gi

t−
fr

eq
ue

nc
y 

of
 th

e
 A

lp
ha

 v
ar

ia
nt

 (
E

ng
la

nd
)

Region

East Midlands

East of England

London

North East

North West

South East

South West

West Midlands

Yorkshire and Humber

C)

0.00

0.25

0.50

0.75

65 70 75 80 85
Stringency Index (UK, weekly average)

S
el

ec
tio

n 
co

ef
fic

ie
nt

 s
(t

)
of

 th
e 

A
lp

ha
 v

ar
ia

nt
 (

pe
r 

w
ee

k)

D)

Figure S6: The selection coefficient of the Alpha variant in England is negatively correlated
with the Stringency Index in the UK (fall - winter 2020-2021). (A) Daily values of the
Stringency Index in the UK; (C) Temporal dynamics of the logit-frequency of SGTF, used as a proxy
of the Alpha variant, for each region of England (the black horizontal dashed line indicates the threshold
frequency 10%); (B-D) Selection coefficient s(t) (per week) of the Alpha variant – i.e. slope of its
logit-frequency over time - at the national scale (B) and by region (D) against the Stringency Index
(weekly average) – only frequencies greater than or equal to 10% (above the threshold in C) were
considered. The correlation between s(t) and the Stringency Index at the national scale is -0.884
(95% CI [-0.983; -0.390]) with a significance test yielding a p-value of 8.33× 10−3. Correlations at the
regional scale are: East Midlands: -0.948 (95% CI [-0.997; -0.400], p-value = 0.0142), East of England:
-0.868 (95% CI [-0.972; -0.483], p-value = 2.39×10−3), London: -0.969 (95% CI [-0.994; -0.857], p-value
= 1.61 × 10−5), North East: -0.885 (95% CI [-0.987; -0.263], p-value = 0.0189), North West: -0.899
(95% CI [-0.993; -0.080], p-value = 0.0381), South East: -0.846 (95% CI [-0.959; -0.499], p-value =
1.04 × 10−3), South West: -0.809 (95% CI [-0.971; -0.142], p-value = 0.0276), West Midlands: -0.968
(95% CI [-0.998; -0.588], p-value = 6.8×10−3), Yorkshire and Humber: -0.931 (95% CI [-0.999; 0.289],
p-value =0.0694).
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Figure S7: Model fitting to logit-frequencies of the Alpha variant in the nine regions of
England. Frequencies of SGTF (black points, on logit scale) were used as a proxy for the Alpha
variant. The magenta curbs show the fitted values based on a linear MEM with ∆β and ∆γ as fixed
effects and the region as a random effect on the intercept of the model. We only fitted frequencies
greater than or equal to the threshold frequency 10% (horizontal black lines) in order to get rid of the
more stochastic part of these temporal dynamics (when the variant was not yet really well established
in the host population).

9



 0.00 +0.25 +0.50 +0.75 +1.00

−0.10

 0.00

+0.10

+0.20

+0.30

Transmission effect  ∆β
R

ec
ov

er
y 

ef
fe

ct
  ∆

γ

5.52

5.54

5.56

5.58

Residual Sum
 of Squares

Figure S 8: Phenotypic profile of the Alpha variant (transmission and recovery rates)
relative to the previous lineage with uncertainty on the control parameters propagated
from the first step. Estimates per day (points) and 95% confidence interval (crosses) are colored
according to the residual sum of squares. We set S/N = 0.75, κ = 0.2, βw = 0.25 and γw = 0.1 and
each of the almost 2000 points corresponds to a pair {k; a} that was previously estimated with wild
bootstrap in the first step. Side curbs, representing the densities of the estimates of parameters ∆β
(bottom) and ∆γ (right), show that the vast majority of these estimates are grouped around very
similar values (dark purple). Indeed, for ∆β, 95% of them are between 0.147 and 0.153, for which
each corresponding 95% CI remain positive, while, for ∆γ, 95% are between -0.054 and -0.046, among
which 61% of the corresponding 95% CIs cross the zero axis. With these estimates of ∆β and ∆γ, the
selection coefficient s(t) of the Alpha variant in the absence of NPI was computed, on average, around
0.11 per day (standard deviation: 0.003), that is 0.77 per week (standard deviation: 0.023).
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Figure S9: 95% distributions of the inferred phenotypic differences ∆β (transmission effect)
and ∆γ (recovery effect) for the Alpha variant relative to the previous lineage. Each value
(per day) of ∆β and ∆γ was computed using a linear MEM and a particular pair {k; a} that was
previously estimated with wild bootstrap in the first step. Only values between the 2.5% quantile and
the 97.5% quantile are represented. Vertical dashed lines indicate the estimates of ∆β and ∆γ using
the best WLS estimates for parameters k and a.
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Figure S10: Phenotypic differences between the Alpha variant and the resident strain
with small variations in the fixed parameters. ±10% and ±20% perturbations were applied
separately to each fixed parameter to investigate robustness: βw = 0.25 (A), κ = 0.2 (B), γw = 0.1
(C) and S/N = 0.75 (D). Keeping our best WLS estimates for control parameters k and a (k = 1
and a = 3.78), we reiterated MEMs to obtain new estimates (points) and 95% CIs (segments) of the
phenotypic differences ∆β – transmission effect – and ∆γ – recovery effect – between the Alpha variant
and the resident strain.
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Figure S11: Effects of small variations in the fixed parameters propagated through the
two-step approach. ±10% and ±20% perturbations were applied separately to each fixed parameter:
(A) βw = 0.25 (transmission rate of the WT), (B) κ = 0.2 (transition rate from E (exposed state)
to I (infectious state); same for both strains), (C) γw = 0.1 (recovery rate of the WT) and (D)
S(t step 1

0 )/N = 0.9 (initial proportion of susceptible hosts where t step 1
0 refers to the initial time point

in step 1). (1) In the first step, each point corresponds to the best estimation (lowest WLS value)
from 500 non-linear optimizations starting from uniformly drawn initial conditions (cf. Table S2);
relative variations (y-axis) refer to the percentage of variation between the parameters estimated with
perturbations and those without. (2) For the second step, we reiterated MEMs using estimates from (1)
for the control parameters k and a along with the same corresponding ±10% and ±20% perturbations
to obtain new estimates (points) and 95% CIs (segments) for the phenotypic differences ∆β and ∆γ
(S/N was set in (2) consistently with the end of each simulation in (1)).
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Figure S12: Inferred relationship between the Stringency Index and the effectiveness of
NPIs in the UK. The link between the Stringency Index ψ(t) and the effectiveness of NPIs c(t)
is modeled through the following function: c(t) = k (ψ(t)/100)

a
. Depending on the value of a, this

relationship may be concave (0 < a < 1), linear (a = 1) or convex (a > 1). The aim of the first step
of our analysis is to infer the value of parameters k and a. The best WLS estimator yielded k = 1
and a = 3.78 (dark line); a joint distribution for these two parameters (light lines) was obtained using
wild bootstrap computations. With all our estimates of a greater than 1, we always find a (more or
less pronounced) convex relationship between the Stringency Index and the effectiveness of NPIs in
the UK.
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Figure S13: Variation of the selection gradient of three types of variant as a function of
the effective reproduction number of the resident strain (WT). In (Blanquart et al., 2022),
the authors propose that an emerging variant m may differ phenotypically from the WT strain w by
its effective reproduction number Rm(t) = Rw(t)

(
1 + δ1

)
and/or by its mean generation time µm =

µw(t)
(
1 + δ2

)
and/or by the variance of its generation time σ2

m =
(
σw(t)

(
1 + δ3

))2
(we keep the same

notations as in the original article (Blanquart et al., 2022) for the phenotypic differences δ1, δ2 and δ3).
Generation times are assumed to be gamma-distributed and, in particular, exponentially distributed
for the resident strain (special case of gamma distribution where σw = µw) with µw = 10. The selection
gradient is computed under the assumption of weak selection and, for each curb, phenotypic differences
are:

(
δ1 = +30%, δ2 = 0, δ3 = 0

)
,
(
δ1 = 0, δ2 = +30%, δ3 = 0

)
and

(
δ1 = 0, δ2 = 0, δ3 = +30%

)
,

respectively. The variant is selected when its selection gradient is positive – conversely, counter-selected
when it is negative. The case Rw(t) = 1 (vertical grey line) corresponds to a stable epidemic. At the
bottom of the figure, the horizontal arrow pointing to the left symbolizes more explicitly the impact
of NPIs (control measures) that reduces Rw(t), therefore altering the selection gradient.
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Table S1: Summary of the parameters involved in the model of the first phase. The first
phase is the period that took place just before the emergence of the Alpha variant. t step 1

0 refers to
the time point at which the model is initialized.

Symbol Description Value

k Maximum achievable efficacy of NPIs estimated

a ’Shape’ parameter for the relationship between estimated

the efficacy of NPIs and the Stringency Index

E(t step 1
0 ) Initial number of exposed hosts estimated

α
Virulence (per capita disease-induced mortality rate) estimated

ω Probability of symptom development estimated

p Probability to die for symptomatic hosts estimated

η Slope of the increase in screening effort over time estimated

µ Intercept of the increase in screening effort over time estimated

R0 Basic reproduction number 2.5 (Ferguson et al., 2020;

Kucharski et al., 2020;

Li et al., 2020)

γ Per capita recovery rate 0.1 day−1 (Byrne et al., 2020)

β Per capita transmission rate γR0 = 0.25 day−1

κ Transition rate from exposed to infectious state 0.2 day−1 (Ding et al., 2021)

N 2020 UK population size ≈ 67.9 million

S(t step 1
0 )/N Initial proportion of susceptible indivuals 0.9

ISd(t
step 1
0 )

Initial number of symptomatic hosts
D(t step 1

0 +1)−D(t step 1
0 )

αthat will eventually die

ISr(t
step 1
0 )

Initial number of symptomatic hosts (
1−p
p

)
ISd(t

step 1
0 )

that will eventually recover

IA(t
step 1
0 ) Initial number of asymptomatic individual

(
1−ω
ω

)
IS(t

step 1
0 )

R(t step 1
0 ) Initial number of recovered (immune) hosts N − S(t step 1

0 )−
E(t step 1

0 )− I(t step 1
0 )
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Table S2: Summary of the parameters involved in the model of the second phase. The
second phase is the period that took place just after the emergence of the Alpha variant.

Symbol Description Value

∆β Phenotypic difference between the Alpha variant and estimated

the resident strain in terms of transmission rate

∆γ Phenotypic difference between the Alpha variant and estimated

the resident strain in terms of recovery rate

k Maximum achievable efficacy of NPIs estimates from the first step

(best WLS estimate: 1)

a ’Shape’ parameter for the relationship between estimates from the first step

the efficacy of NPIs and the Stringency Index (best WLS estimate: 3.78)

γw Per capita recovery rate of the resident strain 0.1 day−1 (Byrne et al., 2020)

βw Per capita transmission rate of the resident strain 0.25 day−1

κ Transition rate from exposed to infectious state 0.2 day−1 (Ding et al., 2021)

S/N Proportion of susceptible host (assumed constant 0.75

for short enough periods of time during a

controlled epidemic)
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Table S3: Summary of the initialization and optimization sets for the parameters estimated
in the model of the first phase. Because of the presence of local minima, optimization procedure
was repeated for 1500 sets of initial values by drawing randomly in each initialization interval below
according to a continuous uniform distribution. Parameter transformations enabled then to restrict
optimization searches in more relevant ranges of values (referred to ’optimization intervals’ below).
You may refer to the Table S1 for the meaning of the symbols.

Symbol Initialization interval Optimization interval

k [0; 1] [0; 1]

a [0; 10] IR∗
+

E(t step 1
0 ) [0; 10−2] [0; 10−2]

α [0; 1] [0; 1]

ω [0.2; 0.8] [0; 1]

p [0; 0.1] [0; 0.2]

η [0; 10−4] [0; 1]

µ [0; 10−2] [0; 1]

Table S4: Likelihood-based comparisons of nested linear MEM. The tilde operator ∼ refers to
the linear relationship between the response variable logit(f̃m(t)), the logit-frequency of the variant,
and the explanatory variables. The phenotypic differences between the variant and the resident strain
∆β (transmission effect) and ∆γ (recovery effect) are considered as fixed effects while (1|Region)
refers to a random effect of the region on the intercept of the model. With a significance level of 5%,
results show a significant effect (*) for ∆β but not (.) for ∆γ (although the p-value associated with
the latter is very close to the significance threshold). AIC is the Akaike Information Criterion and
BIC is the Bayesian Information Criterion (models with lower values are preferred).

logit(f̃m(t)) ∼ ∆β +∆γ + (1|Region)

AIC BIC AIC 61.122 BIC 72.969

logit(f̃m(t)) ∼ ∆β + (1|Region) 62.867 72.345 p-value = 0.053 (.)

logit(f̃m(t)) ∼ ∆γ + (1|Region) 65.386 74.864 p-value = 0.012 (∗)
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