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ABSTRACT.

Early detection of invaders requires finding small numbers of individuals across large landscapes. It has been
argued that the only feasible way to achieve the sampling effort needed for early detection of an invader is
to involve volunteer groups (citizen scientists, passive surveyors, etc.). A key concern is that volunteers may
have a considerable false-positive and false-negative rate. The question then becomes whether verification
of a report from a volunteer is worth the effort. This question is the topic of this paper. Since we are
interested in early detection we calculate the Z% upper limit of the one sided confidence interval of the

incidence (fraction infected) and use the term maximum expected plausible incidence for this.

We compare the maximum plausible incidence when the expert samples on his/her own, EE, and the

maximum plausible incidence when the expert only verifies cases reported by the volunteer surveyor to be

infected, 9v. The maximum plausible incidences 9 and 9V are related as,

— _ 9p
qv l—Bfn

qr
where B¢, and Bs, are the false positive and false negative rate of the volunteer surveyor, respectively. We

also show that the optimal monitoring programme consists of verifying only the cases reported by the

volunteer surveyor if,

Tx - 9 Tx Ofp
Ty 1—9fnTN l—efn ,

where Ty is the time needed for a sample taken by the expert and Tx is the time needed for an expert to verify
a case reported by a volunteer surveyor.

Our results can be used to calculate the maximum plausible incidence of a plant disease based on
reports of passive surveyors that have been verified by experts and data from experts sampling on their own.
The results can also be used in the development phase of a surveillance project to assess whether including

verifying passive surveyor reports is useful in the early detection of exotic invaders.

Keywords: Early detection, volunteers, surveillance, false positive, false negative, cost.
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INTRODUCTION.

Early detection is a key requirement for successful eradication or containment of exotic invasive species
(Ferguson et al., 2001). Early detection requires finding small numbers of individuals across large landscapes.
The sampling effort and budget needed to achieve this are often well beyond the capacity of regulatory
surveys. Volunteer data are frequently the first records of invading species. For example, Epanchin-Niell et al
(2021) found that in the US around 25% of exotic invaders were detected by the general public and individual
operators, in New Zealand the figure was even around 60%. In their review of existing and emerging tools for
early detection of exotic invaders, Larson et al (2020) concluded: “Programs that promote public
participation in large-scale biodiversity identification and monitoring (such as iNaturalist and eBird) may be
the best resources for early detection”. Dickinson et al (2010) argues that the only feasible way of achieving
the sampling effort needed to meet the biosecurity objective of early detection is to involve volunteer groups
in data collection.

A key concern with sightings of exotic invaders reported by volunteers is the quality of the data. It is
to be expected that sightings by non-specialists have a considerable false-positive and false-negative rate. In
their assessment of data from the iNaturalist platform, one of the most widely used citizen science platforms,
Soroye et al (2022) found that poor data quality is one of the key risks in volunteer data gathering. A study
on the ability of citizen scientists to identify bumblebee species, for example, showed that, depending on the
observer, as few as 20% of the bumblebees were named correctly (Falk et al. 2019). For a range of amphibians
it was found that the false-positive rate ranged from 0.01 to 0.09 (Cruickshank et al., 2019), although high,
considerably better than the bumblebee recognition. Moreover, Given invasive pests are novel species,
misidentification rates and are likely to be on the upper end of misidentification rates. This implies that a first
report of an invader by a volunteer cannot be taken as conclusive proof that the invader has entered the area
of interest. Verification of the sightings by an expert is essential, but comes at a cost.

The question then becomes whether verification of a report from a volunteer is worth the effort or
if it is more effective when experts go directly into the field themselves to sample. What is the value of

volunteer reporting for the early detection of an exotic invader if the volunteer is error-prone? That question

3
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is the central topic of this paper. We will restrict our attention to pests and diseases of plants. In the paper

we will use the terminology of an infectious plant disease, but the results hold for insect plant pests as well.

Detection surveys for invading plant pathogens proceeds in two stages:

Disease freedom. Surveillance is started when the pathogen is believed to not yet be present. This implies

that for one or more surveillance rounds no detections are made. However, since sampling is a stochastic
process it might be that the pathogen is present but missed by chance. The important question is thus, what
could be the true incidence (fraction of plants infected), although still missed by chance, when no detections

are made.

First detection. At some point in the sequence of surveillance rounds an infected plant will be found for the
first time. This establishes that the invader has arrived. The question, then, is whether the surveyor found
the very first case or that a considerable fraction of the plants are already infected.

We are thus concerned with situations in which the observations consist of cases of no detections and cases
of the earliest detections of an infected tree or other plant; in other words, situations where the invasive
species is not yet recognised to be invaded yet. These cases limit the contribution volunteers can make to
this process. In the case of no detection or first detection it is incorrect to assume that a report by a volunteer
of an infected host is an actual positive, as described above. An expert will always have to verify whether the
report concerns a true positive. In that sense a volunteer can only provide information, that after the expert’s
verification, is redundant. From the moment the first true positive is established, so it is certain the species
has invaded, further effort to delineate the outbreak and/or estimate incidence or density, information from
the volunteer can be incorporated (including the appropriate methods to deal with probabilities on false
positives and negatives in the estimates) without the need of verifying every single report . Moreover, for
delineating an outbreak and estimating population densities volunteer reports from areas inaccessible to
experts (e.g. private lands) or further afield than possible for experts to visit, are a valuable volunteer

contribution.
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Eradication and containment programs are very expensive and their total cost depends on the disease
incidence at the start of the management programme. If initially too few resources are allocated to the
eradication/containment programme the disease will escape control and the costs to get the outbreak
eventually under control increase sharply (Cuthbert et al 2022). Therefore, it is of key importance to allocate
enough resources when the invader is detected, implying we need to be sure that the actual incidence of the
outbreak is smaller than our estimated incidence. More precisely, we are interested in the upper limit of the

Z% one sided confidence interval of the incidence. Figure 1a illustrates this where the probability P, of

incidence g, is plotted. Throughout the paper we will calculate such upper limits, > of the incidence to be

expected. We refer to this as the maximum plausible incidence. This upper limit is (figure 1a) calculated from,

2 P(q) dq = 2/100 W

<figure 1 around here>

Several methods have been published about repeated sampling of populations to estimate incidence
(Cameron & Baldock, 1998; Cannon 2022; Coulston et al., 2008). In these papers the disease incidence is
assumed to be constant. In reality, for invading pathogens, the pathogen population and equivalently the
population of infected hosts will often grow exponentially during the early period of invasion. Following the
ideas developed by Metz (1983) several authors have studied the cases of disease freedom and first detection
with exponential growth of the number of infected hosts (Bourhis et al., 2018; Parnell et al., 2015; Mastin et
al., 2017; Bourhis et al., 2019). These authors studied the scenario in which an expert does multiple

surveillance rounds, in which they assess several plants for the presence/absence of disease, and with a fixed

time interval between surveillance rounds. From the data gathered, the maximum plausible incidence, ‘A?’, (as
defined above) is calculated.

The scenario we study in this paper is one where the expert verifies reports from the volunteer and
we compare that with the scenario where experts sample for themselves without prior scouting by
volunteers. We assume the expert can assess the infection status with certainty for example because they

can bring samples into the laboratory and perform any diagnostics needed (also see the discussion for more

details about this assumption). We derive expressions for the maximum plausible incidence, 4, and compare
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this maximum plausible incidence when the expert verifies volunteer reports, f}?' with the scenario where

the expert goes into the field and chooses their own hosts to assess for disease, qE. By this comparison, we
will be able to quantify the value of volunteer reporting for the early detection of an invader. Our purpose is
to derive general results which explain how these various quantities combine to determine the value of
voluntary surveillance.

Our key aim is to derive simple explicit equations for the maximum plausible incidence. This will

enable practitioners developing surveys to use our results without having to take recourse to extensive
numerical computations for which they the need to involve a computer expert. We also aim at deriving simple
equations measuring the value of volunteer reporting that, again, can directly be used by practitioners
developing surveys. Therefore, we restrict, in this paper, our attention to a set of cases that does yield simple
explicit expressions for the maximum plausible incidence. In the discussion, we will describe further
extensions.
In the material and methods, we describe the model for sampling to establish disease freedom and first
detection. These lead to the use of numerical procedures to calculate the maximum plausible incidence. To
find simple explicit expressions we derive a series of approximations that yield explicit expressions and give
insight into the value of volunteer surveillance for early detection. We will assess the accuracy of the
approximations by comparing the maximum plausible incidence calculated from the full model and from
these approximations.

Although we use ‘the volunteer’ and ‘the expert’ in the text there usually are more volunteers and
experts involved. The key assumption here is that the inter-observer variation in detection skill is not taken

into account (see discussion).

MATERIAL AND METHODS.

We use TE and 9V to denote the upper limit of the confidence interval of go for sampling by experts only and

for verifying reports of volunteer surveyors, respectively. We use 4ev for surveys including both experts

sampling on their own and validation of reports of volunteers. In the sections where approximations are
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compared with exact solutions we will use 4+-exact and q'—ﬂpp?‘ox, where - can be E or V, to denote the exact

and the approximated upper limit, respectively.

Preamble:

1. The probability for a volunteer surveyor to report a positive host:

Disease incidence (the proportion of trees or plants, referred to generically as “hosts”, in a survey area that
are infected) is denoted by g. The probability that a volunteer surveyor observes an infected host to be
uninfected, known as the false negative rate, is 6s,. The probability that the volunteer surveyor observes an
uninfected host to be infected, known as the false positive rate, is &,. We denote the uninfected as 0 and
the infected as 1. Table 1, the confusion matrix, summarises the probabilities.

<table 1 around here>
The probability for the volunteer surveyor to observe an infected, 1, host is,

p1(disease = 1lobs = 1) = (1 —q)bpp + q(1 — 6pn) (2)

The probability to observe an uninfected, O, host is,

Po:(1_QJ(1_9fp)+q9f?1:1_Pl_ (3)

After some rearrangement we see from (2) and (3) that the probability of a volunteer-reported positive
detection being a false positive, kj, is,

_ (1_‘1)9}';;
(1-a)8fp +a(1-6fn) (4)

1

2. Multiple monitoring rounds.

We assume that the epidemic is growing exponentially in time with rate r. This assumption is reasonable

_ rt
because we are only interested in small values of g. The incidence increases as q(t) = qine , Where gin is
the initial incidence. We want to estimate the incidence at the most recent monitoring round, go. At each
previous monitoring round the incidence was smaller (figure 1b). We will number the monitoring rounds

7
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starting with 0 for the most recent monitoring round. The time interval between two previous rounds i and

Zi= ()" =1

i _ i
i-1 is A. From the exponential growth we find that ,and thus 7% =4 9o . A can be

interpreted as the multiplication factor of the incidence in a A time step, figure 1b.

Disease freedom sampling.

1. Requlatory survey only.

The probability of species detection by experts from a regulatory agency is modelled to depend only on the
prevalence of the pest and the number of hosts sampled. In a monitoring programme of K rounds (where the
most recent round is round 0 and the first round is round K) the expert samples Nk, Nk, ..., N2, N1, No hosts.
The expert concludes that none of these hosts are positive for the invasive species. We denote the number
of true positives in monitoring round i by Yni. When the incidence is gi the probability of not finding any
infected hosts in a sample of size N; is (1-g;)V. Therefore, the probability of not finding any infected hosts in

all K monitoring rounds is given by,
P(yni = 0lqo) = TTio(1 - q)™ (5)

We will use Bayes’ equation to calculate P(qgo|yni=0),

ﬁ(qo) P{yvyni=0lqg)
P . = 0 = =
(qolywi ) Iy Blao) P(Yyi = 0lqg)dao (6)

We assume that there is no pre-existing knowledge of the incidence and thus the prior, P(‘?O), is taken as a
uniform density between 0 and 1, also known as an uninformative prior (more details surrounding this choice

of prior is given in the see the discussion for notes on the prior). This results in,

MK ,(1-g"i
P P — 0 - =0 ;
(qolywi ) J3 K (1-q9)Vidg, ) 7)

Using equations (1) and (7), and noting that gi=A"qo, we can now numerically calculate the upper limit of the

7% confidence limit of qo,‘ﬁ . This TEis informally called, as discussed above, the maximum plausible

incidence.
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2. Volunteer surveillance only.

The volunteer surveyor reports xx, X1, ...., X2, X1, Xo , Xi>0, infected hosts. We denote the number of true
positives in monitoring round i by yy. In the absence of disease all hosts reported by the volunteer surveyor
kj

are verified by the expert and found not infected, ™1 . The probability of not finding any infected hosts in

all K monitoring rounds is thus given by,

P(yxi =0lqo) = [Toks™ (8)
Using Bayes’ equation to calculate P(qo|yx=0) as above we find,

P(¥,:=0190) MKk, ™
P . 0 = = L
(QOD’x: ) f;p(yxf, — U|QO)dGo fol Hg‘;oklxidqo . (9)

Using equations (1) and (9), and noting that gi=A"qo, we can numerically calculate the upper limit of the Z%

confidence limit of qo, qv,

3. Combined volunteer surveillance and requlatory survey.

In the situation where the incidence is very small, the volunteer surveyor reports xg, Xk-1, ...., X2, X1, Xo hosts as
infected and all of these are verified by the expert. On top of this the expert samples Nk, Nk.1, ...., N2, N1, No

hosts themselves. In this case,
P(yxi = yni = 0lgo) = [Tio(1 —q)™ k™ . (10)
and using Bayes’ equation to calculate P(go|yi=0) as above we find,

_ K (1—g)Vik, i
folng":o(l—Qi)N"hx"d%. (11)

P(qolyxi = yni = 0)

From which we can, numerically, calculate the upper limit of the Z% confidence limit of qo, qEv.

First detection.

1. Regqulatory survey only.
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Following Parnell et al (2012) the expert samples Nk, N.1, ...., N2, N1, No hosts. In the survey rounds K to 1
none of the sampled hosts is infected, (1-gi)V, i€[K,...,1]. Only in the last round, round i=0, one or more

sampled hosts turn out to be infected, (1-(1-go)'°). We have,
P(yni=o¥no # 0lqo) = [T1(1 — g)™ (1 — (1 —g)™) ) (12)

As in the disease freedom case we calculate P(@ol Yni=0: ywo # 0) using Bayes’ equation with a uniform
prior and find,

M, (-9t (1-(1-g)"0)
Jy T (1-a)Mt (1-(1-q)N0)da, ) (13)

P(qo| yni=0,Yno = 0) =

Using equations (1) and (13) we can numerically calculate the upper limit of the Z% confidence limit of qo ,

—

qE.

2. Volunteer surveillance only.

The volunteer surveyor again reports xg, X1, ...., X2, X1, Xo cases. All reported cases in surveillance round K to
1 turn out to be not infected after the expert verifies the finds,
ky

1
, i=[K,1]. In the surveillance round 0 one or more reported cases are confirmed to be infected after

1—k°

expert verification, . We then get,

P(yi—o, Yo # 0lqo) = Hf:lklxi (1- klxo). (14)

As in the case of disease freedom we calculate P(qol yi=0,y0 # 0) using Bayes’ equation with a uniform
prior,

I, ky ™t (1K, ™)
fol M, ky ™ (1-k,™0)dq, . (15)

P(qo| yico,Yo # 0) =

From which we can numerically calculate the upper limit of the Z% confidence limit of qo, qv-

3. Combined volunteer surveillance and requlatory survey.

The volunteer surveyor reports xx, Xk-1, ...., X2, X1, Xo hosts as infected and all of these are verified by the expert.

On top of this the expert samples Nk, Nk.1, ...., N2, N1, No hosts themself. In survey rounds K to 1 all hosts turn

10
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out to be uninfected. In the most recent round, round 0, one or more hosts are found to be infected. We

then have,

P(yxi = yni = 0, Yxo = 007 yno # 0lqo) = TTE.(1 — g™ k™ (1= (1 — go)Veky™) .(16)

Using Bayes’ equation to calculate P(qo|Yxi = Yni = 0, yxo # 001 yno # 0) as above we find,

Hf:cn(l—q(')m"hxi (1- (1—go)Nok,*0)
Jo T o(1-q)eke, ™ (1— (1-qo)Nok, ™) dao (17)

P(qolyxi = yni =0, yxo # 001 yno = 0) =

Using equations (1) and (17) we can numerically calculate the upper limit of the Z% confidence limit of qo,

Gev.

Approximations.

Equations (7), (9), (11), (13), (15) and (17) can be approximated to give simple expressions for the Z% upper

limit of the one sided confidence interval for go, the maximum plausible incidence. First, we write,

Jo, Xi = ( _ (1_’:"4 q“)_efp )Xi _ (1 _ _ A Qo[l_efn) )xi
L (1471 a0 )0sp+ 4~ ao(1-6fy) (1-17" 4o)6p+7 " ao(1-67n) (8)

Since we are only interested in small values of go we can write,

.2.4 Qo[l_efn) ~ [l_efn) '}L_f q
(=7 a0)Brp 7 a0(1-6m) O ° (19)

and finally, using a Taylor expansion,

_ . Xy — (l_efn) PR
(1 _ [l Bfn) /1—1 qo) ~e efp i90
Ofp (20)
Moreover since we are only interested in  small values of g0 we use,

1 1
Jo PO = 0lao)dqo =~ ;" P(i = 0lqo)dao 4 fy PGii=o:¥0 # 0lqo)dqo ~ [ P(ii=o.¥o # 0lq0)dqo

For the Disease freedom situation, equations (7), (9) and (11), we find that the probability distribution of the

incidence, P(qo), is of exponential form,
P(qo) = ae™"o (21)

11
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j ae odgy= —e o+ 1
0

And using equation (1) we get and equating this with Z/100 we find

the upper limit of the Z% confidence interval for qo, is,

c’i—" < 100 q' 100

a a

“In(1—-2) _ - “In(1--2)

(22)

Where ¢ can be ‘rﬁ:, qv or qev depending on the case under consideration, and a is as defined in Table 2

where equation (20) is used throughout.

<Table 2 around here>

For the First Detection cases, equations (13), (15) and (17), we find that the probability distribution is a hypo-

exponential density, of form,

P(qo) = T (e™4% — ¢Bd), (23)
A B

Using equation (1) to calculate the upper limit d does not give an explicit expression of 9 in the model

parameters and to obtain an approximation, we appeal to the law of large numbers and the z-score of the

standard normal distribution to arrive at an approximation for 4. The mean and variance of the hypo-

1

+ =2

exponential distribution are E(qq) = % % and r(qy) = % + respectively. Now assume that for a

large number of samples, the hypo-exponential density can be approximated by a normal density. Then the

z-score, ©, is,

M

Va2'® (24)

Which for the 95% tail Z:1.64, for the 99% tail £=2.33. Solving for q we find,

= A
e

(25)
12
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Where @« can be EE, qv or 9ev depending on the case under consideration, and A and B are defined in Table

The accuracy of the approximations.

We will calculate for a range of epidemic and surveillance parameters the upper limit of the confidence

interval for qo, for the distributions (7), (9), (11), (13), (15) and (17), 9 eexact and for their approximating

distributions, 9*-approx, given in Table 2. The relative difference between the two tells us about the accuracy
of the approximation. For this analysis we need realistic values of the epidemic growth rate of plant diseases.
Table 3 summarises the growth rate of six tree diseases, some from natural systems and some from
production orchard systems. The graphs to assess the accuracy of the approximations will be made for a
pathogen with a large epidemic growth rate, citrus canker, and for one with a small epidemic growth rate,
ash dieback.

<Table 3 around here>

Time budgets of the expert and volunteer surveillance.

Money and time are key constraints in monitoring programmes. It may take experts less time to sample a
host themselves than to verify a report from a volunteer surveyor, for instance because of the time
requirements to transfer the information from the volunteer surveyor to the expert and for the expert to
verify that the validation survey is located correctly. In other cases it may take less time to verify a report, for
example when sufficiently clear photographic material is available. In this case, however, the expert needs
to trust the volunteer that the photo was taken where the volunteer says it was taken. Here, we assume the
expert has in total T time units to do the work. To sample one host themselves an expert takes Ty time units,
while to verify a reported plant it takes Txtime units. Then,

T = TNN + TXX. (26)

Which is the same as,

13
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X:

Now consider the probability that the incidence of the disease is smaller than a value g*, which is given by,
* a

g* can for example be a threshold incidence below which the disease can still be controlled. Obviously with
the monitoring programme, one wants to maximise the probability P(g*) that the incidence is below this g*.
Equation (28), which is a function of N and X, allows us to plot contour lines of equal value of P(g*) in the N-
X plane (see figure 5). By superimposing the time constraint (27) on that plot it is possible to identify the

conditions under which it is time effective to verify reports of volunteer surveyors.

RESULTS.

Approximations.

Table 2 summarises the approximations to the upper limit of the Z% confidence interval of go, which we
termed the maximum plausible incidence. Given that the false-positive and false-negative rates of the
volunteer surveyor are known, these equations enable us to calculate the maximum plausible incidence, both
in the case of disease freedom and in the case of first detection. With this information, we can address the
guestion of the value for experts to verify reports of volunteer surveyors, instead of sampling themselves. If
in both cases the expert samples/verifies N; trees, so Ni=x; we see from table 2 that in both the situation

where the disease is absent and for the first detection case,

—_ 0 —_
qv = [p qE- (29)

a
Thus, the maximum plausible incidence becomes smaller or larger by a factor of /(1 ~9m) when the
experts verify reports of volunteer surveyors, than when the experts sample on their own. Figure 2a shows
lines of equal value of this factor as a function of the false-positive and the false-negative rate. We note that
B5, is also known as the false positive proportion, FPP, and, 1-6x, is also known as the true positive proportion,

TPP. The FPP/TPP ratio measures the value of volunteer surveillance.
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The accuracy of the approximations.

The accuracy of the approximation of q was guantified by,

A exact:— Q.—';;‘;;rox:

qexact . (30)

Where q;—_;;&cf, is the upper limit of the Z% confidence interval for qo in the full model and qe-approx js the

upper limit calculated for the approximation. The accuracy of the approximations q for experts sampling on
their own has been studied (Parnell et al., 2015; Mastin et al., 2017). Therefore, we study the accuracy of the
scenario where experts verify the reports of volunteer surveyors only. Figure 3 shows the results of the
analysis. Clearly, both the approximation for the disease freedom case and for the first detection case are
more accurate for smaller epidemic growth rates, for shorter time intervals between samples, and for larger
sample sizes. The approximations are however surprisingly accurate. Even for survey intervals of 3 months,
for samples larger than, the difference between the approximation and the full model is less than 5%. For
samples larger than around 15 the difference is less than 10%.

<figure 3 around here>

O
Accuracy of the % ratio.

O
The 1797 ratio quantifying the gain of involving volunteer surveillance into a programme to detect exotic

invaders is derived from the approximations. To see whether this ratio is also a good description of the gain

of involving volunteer surveyors when the full models are used, we calculated the upper limit of the
confidence intervals of qo, for the full model of the expert sampling on their own, 9E, and the full model for

the expert verifying reports of the volunteer surveyor, 4v. The ratio of these two, QV/QE, was compared

O
with the =9 ratio. Figure 4 shows the results of this analysis. As with the accuracy of the approximation of

O
the upper limit of the confidence interval for go, the *~%fn ratio is less than 5% different from qv/Tg when
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more than 35 samples are taken. The ratio is less than 10% different from & when more than 20 samples
are taken for less than 100 days between samples.

<Figure 4 around here>

Difference between disease freedom and first detection.

Figure 2b shows the maximum plausible incidence in the case of disease freedom sampling and in the case
of first detection for the disease with a small epidemic growth rate (Ash dieback) and for the disease with a
large epidemic growth rate (Citrus canker). The figure shows that the estimated incidence in the case of first
detection is between 1.5 (for low epidemic growth rate) and 2.5 (for high epidemic growth rate) times the

incidence in the case of disease freedom.

Time budgets of the expert and volunteer surveillance.

Disease freedom.

From (28) we find,

¥y q’ —Aq _ _ —AqQ"
P(g')=, Ae™®dq=1-e¢ ' (31)

and, with A given in Table 2, solving for x we get,

_ % __l _ ® _ K —i
x= = (7 M- P@) — NI

=g

8fp ! (32)
-1 *
q—,ln(l—P(q N
I—Bfn K_of,_i
Equation (32) is a straight lines in the x-N plane, with intercept °/7 = and slope
_ Eg‘rzo’l_i _ rp
1-8@ i _

Figure 5 shows both (27) in orange and (32) in blue for different values of P. Maximising P maximises the

probability that the epidemic has an incidence at or below g*, which can be taken as a threshold value below
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which the epidemic can still be controlled. From the graphs we conclude that the optimal surveillance

programme is to

. o TN Orp
Survey by the expertonly if — < ——
(i) urvey by the exp Vit o < Tem
(33)
6
(ii) Verify volunteer surveyor reports only if -~ > Ir
Tx (1_9fn)

Readers should refer to the contour line values in Fig 2's left panel to get a sense of the values of the right
hand side of these inequalities. Large values of Tn/Tx indicate longer verification time and large values of the
right hand side indicate large error rates. This implies that error rates need to be quite low for very time
intensive verification to be worthwhile.

<Figure 5 around here>
First detection.

From (28) we get,

P(g) =1+ 1 (5o = 1 7
A B , (34)
_; 1-64, _;
A= ?:=1/jL "N; +?‘L E?I:l/jL " xi
where fv and

—i 1-6 —i
B = f"zo}LLNi—i—?f?E?‘;oith

In this case it is not possible to express X as function of N and model parameters. Contour lines were drawn
numerically. An example is given in figure 5. The contour lines for equal P from (34) are virtually
indistinguishable from straight lines (supplementary materials / gives a large set of graphs showing the

g
o fp
generality of this statement). Moreover, the slope of the lines is virtually indistinguishable from (1=0pn)

This implies that in practice the same conclusion is reached for the case of first detection as that derived for

the disease freedom case.

DISCUSSION.
17
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In this paper we developed a method to include volunteer surveillance in efforts for the early detection of
exotic invaders. Explicit equations relating the maximum plausible incidence to model parameters and
number of volunteer reports were derived. These equations can be used by non-experts in the development
of surveillance programmes to determine if volunteer data would be cost effective for a given species. We
also quantified the value of volunteer surveillance and derived an expression showing how the ratio of time
for an expert to sample a host and the time for an expert to validate a volunteer report, compared with the
false positive and false negative rate of the volunteer, determines whether volunteer reports should be
validated or left outside the regulatory survey. Volunteer surveillance accumulates potentially valuable
datasets for research and outbreak response (Encarnacao et al., 20121). False-positive and false-negative
observations are, however, a concern about the usefulness of the data. Using statistical techniques, it is
possible to estimate false-positive and false-negative rates and correct for them as shown by Palmer et al.
(2017), Brown et al. (2017) and Cruickshank et al (2019). All three of these examples use volunteer surveyor
data, calculate a measure of the false-positive and false negative rate and in using the data include the
measured error rates in the calculation of density and trend. The present case of early detection of invading
exotic species is different in that a reported observation of an exotic invader cannot lead automatically to
the assumption of the presence of the invader. The reporting will always need to be verified by an expert.
The question thus is what the value is of volunteer surveillance reports. Should they be used as a preselection

of sites/trees to be visited or is that not an effective use of the expert’s time?

We have assumed that the expert has a zero or negligibly small false positive and false negative rate. For
plant diseases this is often a valid assumption. The development of molecular diagnostics, culturing
techniques, etc. is routine and the expert can take samples to the laboratory for diagnosis as needed.
Nevertheless there will be cases where the assumption of zero false positive and negative rate is too crude
an assumption. In that case the calculations become more involved as each possible series of correct positive,
correct negative, false positive and false negative rate the volunteer reports needs to be taken into account

since for each report there is a non-zero probability that an error-prone expert classifies it as positive. This
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case does not lend itself for the derivation of an explicit expression for the maximum plausible incidence and

thus is not examined here.

We made a range of other assumptions that could be explored using the methods developed in the paper.
Inter-volunteer variation in false positive and false negative rates is an important aspects that we did not
include, again for the reason we did not manage to derive a simple explicit relationship between incidence
and survey results. We assumed the host population to have a constant exponential growth rate. Population
growth rates may vary substantially, particularly in early phases of invasion, due to stochastic environmental
or demographic effects, for example. We also assumed that g scales constantly with the population density,
which is a simplification because species may have variable false positive and negative rates the change as a
function of population density. What the effects of these factors is on the estimation of the maximum

plausible incidence is not clear at first sight and will be the subject of future work.

In previous work which was concerned with surveys by experts we also developed the work in two phases.
Parnell et al (2012) developed the simple rule of thumb that the expected incidence at first detection is the
population’s intrinsic growth rate divided by the sampling rate. This, surprisingly simple equation was
subsequently, Parnell et al (2015), tested against a spatially explicit stochastic epidemiological model and it
was tested against a data set. It was shown that the simple equation performed well against model and data.
We envisage the same further work including variability in volunteer skills, variations in epidemic growth
rates and false positive and false negative rates of the experts involved to examine the robustness of the
simple approximations derived in the current work. Only after it has been shown that these simple
expressions give accurate estimates as compared with more elaborate, realistic models can the simple

expressions be widely used in practice.

We assumed that the expert will only verify reports of volunteers where they found an infected host.
Plausibly, the more common error among volunteers early in an invasion will be for false negatives, and it

may be worthwhile to verify some putative negative samples. However, negatives are seldom reported by
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completely amateur volunteers. In some well trained volunteer groups, for example those associated with
horticultural societies, taxonomy groups, or state-run programs it may be possible to have volunteers report
when they did not find anything. Thus, the number of these negative reports is usually so small that we

ignored them in the present case.

We have used the homogeneous density as our prior. As motivated in Dixon (2005) a Beta -distribution may
be a more appropriate prior than a homogeneous density. Dixon was able to specify such a prior because,
although the species under consideration was very rare, it was observed on a number of occasions. In the
current work we used an uninformative prior in the derivation of the results since it made the analytical
solutions tractable. The question then arises as to whether the results are robust to the substitution of
informative priors. We do not have any prior information as the species has not been detected yet and thus
need a prior that is uninformative. Dixon (2005) suggested the use of a Beta distribution with both
parameters a little larger than 1 as a suitable uninformative prior. This places the prior close to the uniform
distribution (in the interval [0,1]), which corresponds to a Beta distribution with both parameters equal to 1.
Analytically, using the Beta distribution as a prior in the case where experts verify volunteer reports

(equations 8 and 9) we find the posterior distribution becomes,

qg—l (1- QO)B_l H?,:OkIXi

P(qolyst = 0) = ———2@P)
fl a8t (1 —qo)? IHK I X d
o~ B(ap) =01 "o (35).

Where B(a,B) is the beta-function and a and B are the parameters of the Beta distribution. It is noted that by
using a Beta prior distribution, certain special cases can be derived explicitly. For example, when there is a
single monitoring round in the disease freedom case of regulatory surveyor only, the posterior distribution
for qo is itself a Beta distribution with parameters a and B + No. However, upon extensions to incorporate
volunteer surveillance, multiple monitoring rounds or first case detection, such conjugacy is lost as in
equation (35) above. Thus, the use of the Beta prior lends itself to numerical calculations only. In general,
early in an invasive epidemic when disease incidence is low, the appropriate prior will be characterised with

a << B, resulting in a heavily right-skewed distribution with the majority of the probability density covering
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an interval close to 0. Choice of the specific parameter values in particular cases may rely on expert opinion
and numerical analysis in such cases would allow for the sensitivity in predicted outcomes in the surveillance
effort to differences in the choice of parameter values to be examined. Exploration of that topic lies outside

the scope of this paper.

We have shown that the maximum plausible incidence of the disease when volunteer surveillance reports

i
are verified is a factor *=%n smaller (or larger) than the maximum plausible incidence when the expert

samples on their own. Given that both the false-positive and the false negative rates are small, including
volunteer surveyor into surveillance programmes can potentially be of great benefit. There is, however, a
possibility that including volunteer surveyors has a negative effect. When the false-negative rate is large, the

O
factor 1=%n can be bigger than 1 (Figure 2a). It is not entirely clear whether that will happen in practice. If,

for example, the false positive rate is 0.2, as in the amphibian example (Cruickshank et al., 2019), the false

O
negative rate needs to be close to 0.8 before the =9/ ratio becomes larger than 1, which seems prima facie

unlikely. It is much more to be expected that false positive and false negative rates are smaller than 0.5; the
equivalent of flipping a coin. In that case the gain from including volunteer surveyors into surveillance
programmes for the early detection of exotic invaders will always be positive. This is a useful result since
doing better than coin flipping in assigning infected/infested status is the mildest minimum capability
criterion one could imagine for this type of activity and performance far in excess of this is likely to be a

requirement in any practical situation.

We have developed a range of approximations on the basis of which the maximum plausible incidence can
be calculated when the false-positive and false-negative rates are known.

For both types of calculations we need an estimate of the epidemic growth rate, r, and of the false-negative
and false-positive rates for the volunteer surveyor. For invading pathogens, the epidemic growth rate is not

normally known. In such cases information on past invasions and/or invasions at other places can be used
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together with mechanistic insight into the effect of the difference in the environments is likely to have on
differences in epidemic growth rate (Parnell et al., 2015; Gottwald 2010) to produce estimates of r
heuristically.

Estimating false-positive and false-negative rates has been done in some recent cases (Falk et al.,
2019; Cruickshank et al., 2019; Brown et al., 2017). Spatial resampling techniques have been used in
ecology to approximate false positive and false negative rates of surveys of endemic species (Banks-Leite et
al 2014; Welsh et al 2013; Sélymos et al 2013). These models adjust for imperfect detection. They are
reviewed by Banks-Leite et al (2014). Since the false positive and false negative rates of volunteers cannot
be estimated in areas where the invader has not arrived yet, the case we are considering here, the
volunteers need to go to an area or country where the invader has established to use these approaches.
Other approaches could be that volunteer surveyors assess hosts, samples of hosts or photo material that
has also been assessed by experts. The expert assessment then can be used as the gold standard and the
false-positive and false negative rates of volunteer surveyors estimated. The need for expert assessment is
often the most costly part of the exercise. It would be worthwhile to investigate whether a technique to
estimate false positive and false negative rates for diagnostic tests, the latent class analysis (Turechek et al.,
2013), can be used in this case as well. For that analysis no gold standard is needed. A group of volunteers
is asked to assess the disease status of a group of hosts, the technique then both separates the hosts into
an uninfected and an infected group as well as estimating the false positive and false negative rates of each

of the volunteers.

Several authors (Parnell et al., 2015; Bourhis et al., 2019) have assessed the accuracy of the approximations
for the plausible mean incidence and the maximum plausible incidence in the cases where the expert samples
on their own. Here we have quantified the accuracy for the cases where experts verify reports of volunteer
surveyors (figure 3). In both cases it was shown that for the range of epidemic growth rates observed in
reality, (i.e. values of r between 0.002 and 0.02 per day) the approximations deviated less than 5% from the
full model when the number of samples assessed was larger than 50. The approximations deviated from the

full model by less than 10% when the number of samples exceeded 25. We conclude that the approximations

22



552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

576

577

are accurate enough to be useful in a practical situation where other stochastic factors are likely to add
uncertainty to the detection process. The approximations resulted in equations relating the maximum
plausible incidence with the model parameters and survey results. This enables non-modelling-specialists to
use them in the development of surveillance programmes and in the evaluation of survey data sets. The
explicit relationship between the ratio of time needed for an expert to sample a host and the time needed
to verify a volunteer report compared with the false positive and false negative rate can help decide whether
including volunteer reporting in regulatory surveys is worth the effort. Parnell and Bourhis arrived at very

similar conclusions for the approximations to methods where the experts sample on their own.

Finally, we investigated whether verifying volunteer surveyor reports is time effective or whether the expert
going into the field on their own to sample hosts is the more time effective method. We have shown a very
simple rule for when reports of volunteer surveyors should be verified. This rule say that if the ratio of the
time an expert needs to sample a host themselves and the time needed to verify a report of a volunteer

O
surveyor and is larger than the factor 1~ , the most time effective method is to dedicate experts’ time only

to verification of the work of volunteer surveyors. This gives a clear criterion for when verifying reports by

volunteer surveyors should be included in the development of regulatory surveillance programmes.
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Figure 1: 1a, probability density of the incidence qo. q is the upper limit of the Z% confidence interval of qo.
This upper limit is termed the maximum plausible incidence. 1b, development of the incidence through time.
The incidence growth exponentially. We are interested in estimating the incidence o when our most recent
sample takes place. A period A earlier a sample was taken ad the incidence at that time was qoZ1, a period 4
before that a sample was taken and the incidence was qoZ>, etc.

9

Figure 2: Left-hand panel: Contour lines of 16/~ for rate values of 0 and Of,. Right-hand panel: The
maximum plausible incidence (i.e. the right hand boundary of the 95% confidence interval for qo) as function
of the number of cases reported by the volunteer surveyor. Drawn lines are for a pathogen with an epidemic
growth rate of 0.018 (comparable to Citrus Canker), the dashed line for a pathogen with growth rate 0.0024
(comparable to Ash Dieback). The maximum plausible incidence is shown both for (i) the case where during
all monitoring rounds the expert, verifying reports of volunteer surveyors, does not find any host to be infected
(disease freedom), and (ii) when in the last monitoring round the expert, verifying reports of the volunteer
surveyor, detects an infection for the first time.

Figure 3: A comparison between the maximum plausible incidence, go, as calculated from the approximation
and as calculated from the full model. Both disease freedom and first detection is considered for a range of
false-positive and false-negative rates for two tree diseases, Citrus Canker and Ash Dieback. On the left-hand
side of the black line, the value of qo calculated from the approximation is more than 10% different from that
of the full model. On the left-hand side of the grey line, the value calculated from the approximation is more
than 5% different from the full model.

Ofp
Figure 4: The accuracy of the factor 1=f».
Orp
From the full model we calculate 7€ and v. The ratio of these is compared to the factor 19, Both
disease freedom and first detection is considered On the left-hand side of the black line the value of the factor
is more than 10% different from that calculated from the full model. On the left-hand side of the grey line the
value of the factor is more than 5% different from that calculated from the full model.

Figure 5: Lines of equal probability that the disease is found before incidence g. each drawn line is the contour
line for a value of go. The hashed line is the contour line for equal total time of the monitoring programme.
The left hand graph shows a case where the optimal monitoring programme consists of experts only verifying
the reported cases of the volunteer surveyor. The right-hand panel shows a case where the optimal surveillance
programme consists of experts going into the field themselves to sample.
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722 Table 1: The confusion matrix. Table of the disease status and the observation of infected, 1, and uninfected,
723 0, hosts. The incidence of disease in the host population is g. 0¢, is the false positive rate of the observations.
724 O is the false negative rate of the observations.

Disease status
1-q q
0 1
observation |0 | (1-g)(1-6y) q 6

(1-9) G q(1-6)
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734
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737

738

739
740

741

Table 2: Approximations to the probability densities of the incidence of disease in the most recent survey
round, P(qo). Densities are given for the case of disease freedom, where all survey rounds return no positive
finds, and for first detection where in the most recent survey round one of more positives is found. For the
disease freedom cases the right-hand column gives the upper limit of the Z% confidence interval for the
incidence. For the case of first detection this upper limit is approximated using the z-score.

DISEASE FREEDOM | Probability density Max. incidence
K
, =i — ~In(1—2)
Expert only P(qo) = (Z At N; ) (Zz ol N;} o g = _Zg{':o; %Uﬂl
6 - (Ul st g rin)ao | oo L o O
Volunteer P(q0) = ( )y Z 2 x ) e \ T N K e kv
surveillance
only
Combined expert P(qo) =Ce ¢ . 1n(1_m)
sampling and _ qev = C
volunteer C = z& N; + Z;’u—lx;
surveillance s
FIRST DETECTION | Probability density Max. incidence
P(q0) = 7 TBa) T =
Expert only X Z__L_ B P ~
A= dizad _NfA = =14 _ Ni and Z is the z-score for the
B=YK A 'NB=YKE N standard normal distribution.
For the 95% tail Z:1.64, for
the 99% tail £=2.33
11
— —Bq, qyv = —+ -+
Volunteer P(q0) 1 1 ) A B
surveillance only A B .
A= _f_ T AT x L and Z is the z-score for the
standard normal distribution.
B="2lmyK iy,
Ofp
Combined expert 1 —Aqy _ .- Bag
sampling and P(q0) = 1 1 (e € )
volunteer A _ B e _
surveillance A=YK N +?ﬂ YE At x
fo and Z

i 1-6 i
B = E?‘;o;L LNE 7f§—"2§ioi fx

Z is the z-score for the
standard normal distribution.
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Table 3: Epidemic growth rate of 6 tree diseases of natural forests and agricultural orchard.

Disease organism Mean epidemic references
growth rate day™®
Ash dieback Hymenoscyphus fraxineus 0.0024 Alonso Chavez et al.

2016

Sudden oak death Phytophthora ramorum 0.0033 Alonso Chavez et al.
2016

Citrus canker Xanthomonas citri 0.0184 Alonso Chavez et al.
2016

Huanglongbing Candidatus Liberibacter spp. 0.0072 Alonso Chavez et al.
2016

olive quick decline Xylella fastidiosa 0.0122 Mastin et al in press

syndrome

Pine pitch canker Fusarium circinatum 0.0019 Wikler et al 2003;

Reynolds et al 2019
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