
SUPPLEMENTAL MATERIAL: Using serorsurveys to optimize surveillance for zoonotic

pathogens

APPENDIX 1: SUPPLEMENT TO THE MATHEMATICAL FOUNDATION

Model (1) in the main text is a system of ordinary differential equations (ODEs) describ-

ing the ecology of a reservoir species and epidemiology of a pathogen expressed in

counts. We use model (1) as the mathematical foundation of our method and to gen-

erate synthetic epidemics in a reservoir host. To find the pathogen free equilibrium

for the population, R0, and the pathogen present equilibria for each disease compart-

ment using model (1), we assume a constant birth rate by substituting the average

birth rate b̄ for b(t). The total population size at equilibrium when the pathogen is ab-

sent using this assumption is

Neq =
b̄− µ

k
. (S1)

We can now use this pathogen free equilibrium to calculate R0 following the next gen-

eration method [1] giving us

R0 =
β(b̄− µ)

k(b̄+ γ)
. (S2)

Using equation S1, we can also calculate the pathogen present equilibria for each com-

partment assuming birth rate is constant:

Seq =
b̄+ γ

β
(S3a)

Ieq = −
(
ωA + b̄

) (
b̄+ ωT

)
(b̄(k − β) + βµ+ γk)

βk
(
ωA

(
b̄+ γ + ωT

)
+ (b̄+ γ)

(
b̄+ ωT

)) (S3b)

RAeq = −
γ
(
b̄+ ωT

)
(b̄(k − β) + βµ+ γk)

βk
(
ωA

(
b̄+ γ + ωT

)
+ (b̄+ γ)

(
b̄+ ωT

)) (S3c)

RTeq = − γωA(b̄(k − β) + βµ+ γk)

βk
(
ωA

(
b̄+ γ + ωT

)
+ (b̄+ γ)

(
b̄+ ωT

)) . (S3d)

We use the pathogen present equilibria as the initial values to simulate disease dy-

namics in our synthetic reservoir populations. Since we focus on a reservoir animal

that experiences both density independent and density dependent mortality, we need

to parameterize model (1) with a value for density dependent death rate, k, such that



the population size reaches a stable equilibrium given birth rate, b(t), and density in-

dependent death rate, µ. To find k that meets this criteria, we assume effective lifes-

pan (L)must be equal to 1
b̄
, and therefore

k =
1
L
− µ

Neq

(S4)

when the population is at equilibrium. Equation S4 was used to calculate the values

for k used for simulating surveillance data (table S2).

We assume serosurveillance data will most often be given in terms of proportion seropos-

itive animals obtained within a sample. To convert model (1) to proportions wemake

a change of variables directly to the system of ODEs using the quotient rule to get model

(2) as it appears in main text:

ṡ =
Ṡ

Ṅ
=
NṠ − ṄS

N2
= b(t)− s

(
b(t) + ιβN

)
+ ωT rT (S5a)

ι̇ =
İ

Ṅ
=
Nİ − ṄI

N2
= ι

(
sβN − b(t)− γ

)
(S5b)

ṙA =
ṘA

Ṅ
=
NṘA − ṄRA

N2
= γι− rA

(
b(t) + ωA

)
(S5c)

ṙT =
ṘT

Ṅ
=
NṘT − ṄRT

N2
= rAωA − rT b(t)− ωT rT . (S5d)

APPENDIX 2: SUPPLEMENT FOR THE ESTIMATION OF SEASONAL BIRTH PULSES

A function for b(t)

If the information is available and adding information about fluctuating birth pulses

to the model is needed, below we offer a method to estimate b(t). Similar to serosurveil-

lance data, we assume a sample of reservoir animals is captured at multiple times each

year. The data that can be used to estimate seasonal patterns of reproduction are di-

verse and may include, for example, the proportion of pregnant females, the propor-

tion of juvenile animals, or the proportion of lactating females over time. Thus, data

will consist of a discrete sampling date (i), a sample size (ni), and the number of ani-

mals within the sample that were birthed (or a metric thereof) (xi). Given any of these



data examples, we use the cyclic Gaussian function described and tested by [2]:

b(t) = g · e−s cos2(πft−ψ), (S6)

where g controls the amplitude, s controls the shape of the cycle, f is the frequency, ψ

is the phase shift, and t is continuous time.

To fit equation (S6) to data, we must estimate the unknown parameters g, s, and ψ.

We assume f to be a known parameter based on natural history of a species repro-

ductive cycle (e.g. species are known to reproduce once or twice a year).

A noticeable problem arises when fitting data on proportion captured animals that

are pregnant or lactating instead of data on birth rates directly. When the estimation

is performed on, for example, proportion lactating females, this specifies a function

that is proportional to b(t), preserving the shape and timing, but not the amplitude

in units of per capita birth rates. Once the parameters are fitted, this problem can be

rectified because we can adjust the value of g if we know or can estimate the average

birth rate of the population b̄with the following equation:

g =
b̄ · 1

f∫ 1
f

0 e−s cos2(πft−ψ)dt
. (S7)

Now, with the adjusted g, the parameterized equation (S6) can be plugged into equa-

tion (3) in the main text to calculate ι̂ if this is needed.

Fitting b(t) to data

To estimate the unknown parameters in equation (S6), we assume the likelihood of

observing a temporal sequence of seroprevalence values can be specified using a bi-

nomial:

L(θ) =
τ∏
i=1

(
ni
xi

)
b(t)xi

(
1− b(t)

)ni−xi , (S8)

where the product is carried over τ total sampling time points, which occur over con-

tinuous time, t, and θ = {g, s, ψ}′. For each sampling time point i, ni defines the num-

ber of animals sampled and xi defines the number of sampled animals found to be



"born" or a metric thereof (e.g. lactating, pregnant, juvenile, etc.).

To parameterize the birth function b(t) for E. helvum, we fit the time series of propor-

tion lactating individuals in the sample collected from December 2018 and Novem-

ber 2019 in Cameroon. We performed Bayesian estimation in rstan, which implements

the Hamiltonian Monte Carlo algorithm [3]. We allowed the algorithm to run for 1,000

iterations for the simulated data and 10,000 iterations to obtain estimates on the em-

pirical data using the likelihood function in equation (S8). Prior distributions and esti-

mates for model parameters and are given below in table (S1). We assumed E. helvum

has one birth pulse per year [4, 5]. Once the posterior modes were obtained, we had

to rescale the parameter g to obtain the final function b(t). To do this we assumed that

b̄ is equal to L−1. For E. helvumwe assume longevity in the wild is 6 years [6]. We used

this value and the parameter values in table (S1) to calculate g with equation (S7). The

results of the estimation that were used fit the proportion lactation data to equation

(S6) are shown in figure (S1) (note: figure (S1) shows the birth pulse in units of pro-

portion lactating where g = 0.74 to show the fit to the data).
Table S1: Prior distributions and parameter estimates for Bayesian inference of the birth function b(t) in equation S6. Parameter estimates
are the modes of the marginal posterior distributions. All units are in weeks.

Parameter Prior Distribution Estimate Rescaled

f fixed 1/52 NA

g U [0, 1] 0.74 0.018

s U [0,∞] 10.55 NA

ψ U [0, π], [−π
2
, π
2
] -0.77 NA
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Figure S1: Estimated annual birth pulse in E. helvum from proportion lactating animals. Black dots represent the sampling data and the
curve represents to estimated seasonal birth function.

APPENDIX 3: DETAILS ON THE SIMULATED SURVEILLANCE DATA

We generated 300 synthetic reservoir populations with seasonal forcing of a circulat-

ing pathogen over a period of 4 years. Parameter values for population simulations

and R0 are given in table (S2). We ran 100 simulations per parameter combination.

An example of the simulations generated from each parameter combination is shown

in figure (S2).
Table S2: Parameter values used to generate the 300 simulated outbreaks in a synthetic wildlife population. Values that vary were used to
generate datasets simulated from three different parameter combinations. All rates are given in days.

Parameter Definition/Reference Value in Simulations

N0 Initial pop. size 10,000

m Migration rate 2/365

s Equation S6 4.00,4.00,8.00

f Equation S6 1/365

ψ Equation S6 2.00

g Equation S7 0.0044, 0.0089, 0.013

µ Table 1 1/1095, 1/730, 1/730

L Equation S4 730, 365, 365

k Table 1, Equation S4 (L−1 − µ)N−1
0

β Table 1 6× 10−5

γ Table 1 1/10

ωA Table 1 1/90

ωT Table 1 1/730, 1/365, 1/365

R0 Equation S2 5.65, 5.50, 5.16
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Figure S2: Examples of epidemiological dynamics in three simulated populations using the parameter values in Table (S2) over a two year
time span.
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