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Assessing pest control treatments from
phenology models and field data
Diego F. Rincon,a,b* Javier Gutierrez-Illana and David W. Crowdera

Abstract

BACKGROUND: Efficacy of insecticides is often determined from apparent yield loses due to a target pest. However, pests can
affect yields even when controls work as expected. Further, most pest populations aremonitored through adult counts without
procedures to assess dynamics of immature stages. Here, we propose a framework to assess the efficacy of control treatments
from adult counts in non-experimental setups based on the shifts in temporal patterns of adult emergence caused during the
residual period of treatments applied to kill immatures.We use phenologymodels scaled to field counts to track the stage struc-
ture of pest populations across a season and produce reference population trajectories with and without the treatment. Field-
collected trajectories are then classified as with or without an effective control through a time-sequential probability ratio test.
The method was evaluated using pheromone trap captures of codling moth, Cydia pomonella, and four of the most widely
implemented treatment programs in apple and pear orchards.

RESULTS: Simulations revealed that when field-collected trajectories are classified as treatedwith a control, there is 70% chance
that the treatment program is> 50% effective, or that the program is< 66% effective when field-collected trajectories are clas-
sified as untreated, provided the trajectories are made of ≥ 15 pheromone traps.

CONCLUSION: This framework is a powerful, evidence-based tool to optimize the selection of inputs and application protocols
for pest control and could be applied to virtually any pest that can be sampled regularly and whose phenology can bemodeled
as a function of degree-days.
© 2024 The Author(s). Pest Management Science published by John Wiley & Sons Ltd on behalf of Society of Chemical Industry.

Supporting information may be found in the online version of this article.
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1 INTRODUCTION
Pest managers often struggle to assess the efficacy of pest control
treatments. Although pesticide registration by regulatory agen-
cies requires efficacy data,1 efficacy of most registered insecti-
cides is hard to measure in fields, because conditions such as
weather, application methods,2 or pest behavioral adaptations3

may affect pest control. Sound statistical frameworks have been
developed to determine the control efficacy of treatments in
experimental setups,4 but there are few evidence-based proce-
dures to aid growers to conduct such assessments with the mon-
itoring data that they collect. While experimental setups may
keep track of target immature life stages and include non-treated
experimental controls,5,6 growers only use count data on mobile
pest stages which are not usually killed by insecticides and rely
on their own experience and intuition to determine whether a
strategy is effective. However, quick field evaluations of treatment
programs are key to inform the selection of pest control inputs
and application protocols and may favor growers' adaptability
to increased pest pressure through experience-based learning.7,8

The phenology of many agricultural insect pests can be mod-
eled as a function of heat accumulation during a season.

Phenology models are used to predict the proportion of the pest
population that has completed a given stage, and whether it is
expected to increase or decrease based on temperature records
and weather forecasts.9,10 Phenology models are widely used to
guide pest management decision-making about timing of insecti-
cide treatments and when to start sampling monitoring
networks,11 and to track the effect of control treatments on the
larval hatching pattern of pest populations throughout the sea-
son.12 To increase their reach, phenology models have been
implemented through web-based systems linked to weather sta-
tion networks and forecast platforms to produce customized risk
maps, and to inform pest management based on the cumulative
proportion of individuals in a given stage.13,14
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Many tree-fruit pest management programs rely on phenology
models to plan insecticide treatments.13,15 The codling moth,
Cydia pomonella (L.), is a major pest of tree fruit in part because
the time window in which individuals are susceptible to insecti-
cides is relatively narrow; and growers in turn benefit frommodels
that inform the optimum timing for insecticide treatments.12

However, once treatments are applied, it is difficult to assess
whether they had the intended effect on the target population
given that yield effects may not be immediately apparent. Fur-
thermore, as most control tools are designed to kill a proportion
of the target population and direct evidence of larvae killed by
insecticides is difficult to collect, the assessment of recently
applied treatments through measures of damage or adult cap-
tures in traps can be deceptive.
Here, we propose a method to assess treatment programs by

combining probabilistic phenology models with field trap data.
Prior work used codling moth heat-driven phenology models to
track acute mortality events caused by insecticide treatments
throughout subsequent pest generations.12 We build on this
framework to model emergence of codling moth adults that
result from treatments applied to kill prior immature stages and
produce reference population trajectories scaled to field counts
with and without treatments. We use a time-sequential probabil-
ity ratio test16,17 to classify field-collected trajectories from phero-
mone trap captures into one of two categories: ‘with control’ or
‘without control’, based on the distinctive shape of codling moth
trajectories produced due to the emergence pattern created after
a successful treatment program. We tested our method with four
of the most common control treatment programs for the
codling moth.

2 MATERIALS AND METHODS
2.1 Phenology models and the effect of control
treatments
The codling moth overwinters as last-instar larvae and pupates in
spring. The emergence of the overwintering adults, egg laying,
egg hatching, and the occurrence of subsequent generations
throughout the season are driven by the accumulation of degree-
days after 1 January, with lower and upper development thresholds
of 10 °C and 31.1 °C, with horizontal cut-off.11,18 The proportion of
larval hatching or adult emergence, P DDsð Þ, for the two or three
generations that occur across the season can be predicted as a
function of cumulative degree-days with probabilistic phenology
models, which are based on the Johnson SB distribution:

P DDsð Þ= ⊐

⊗×
ffiffiffiffiffiffi
2π2

p
×z 1−zð Þ×exp −0:5× γ+⊐× log

z
1−z

� �� �2
� �

ð1Þ

where DDs are cumulative degree-days since 1 January, z= DDs−ξ
⊗ ,

γ and ⊐ are shape parameters, and ⊗ and ξ are scale and location
parameters, respectively, and their coefficients for every stage
and generation can be found elsewhere12,18 (Supporting Informa-
tion, Table S1).
Conventional control of codling moth is based on insecticides

that target eggs or neonate larvae before they enter fruits. Treat-
ments that target eggs are efficient because they can cover both
eggs that are already laid and those that will be laid within the
pesticide residual period. In contrast, treatments that target larvae
are only expected to kill those that hatch within a residual period.

Additional control for codling moth can be achieved through
mating disruption, which reduces fecundity of adults by delaying
mating and reducing female longevity.12

We used the framework of Jones,12 where phenology models
are used to track the effect of insecticide treatments throughout
a season to assess spray timing. Briefly, insecticides typically cause
acute mortality during a residual period, which is reflected in sub-
sequent stages and generations. The proportion of the hatched
larvae exposed to an insecticide treatment can be determined
from Eqn (1) based on the degree-day accumulation when the
treatment was made and the insecticide residual period, and then
the effect can be tracked through the season. However, instead of
tracking the mortality caused by insecticide treatments through
subsequent larval generations as Jones12 did, we tracked the
effect on the adults of the same generation to assess the effect
of the control using pheromone captures.
Following Jones,12 the effect of an insecticide applied at DDs*

degree-days can be incorporated into a phenology model by:

P*L DDsð Þ= PL DDsð Þ,DDs =2 DDs*,DDs* +h
� �

PL DDsð Þ× 1−mð Þ,DDs� DDs*,DDs* +h
� �

(
ð2Þ

where P*L DDsð Þ is the proportion of larvae that hatched and sur-
vived the insecticide treatment across cumulative degree-days,
PL DDsð Þ is the proportion of larvae from the first summer genera-
tion that hatched from Eqn (1) (Table S1), and m is the mortality
rate caused by the insecticide during the residual period h. It is
important to note that Eqn (2) applies to situations when the lar-
val population is only exposed upon hatching, but more
advanced larval stages remain protected inside the fruits.
The proportion of the larval population affected by the insecti-

cide treatment can be tracked through subsequent stages or gen-
erations by computing the cumulative proportions at DDs* and
DDs* +h from Eqn (1), and then use them to determine the respec-
tive quantiles (i.e., degree-days) in phenology models of subse-
quent stages. Thus, the interval of degree-days at which the
pattern of adult emergence is affected by the insecticide treat-
ment can be denoted as DDs01,DDs

0
2

� �
and is given by:

DDs01=QA P0L DDs*
� �	 
 ð3aÞ

and

DDs02=QA P0L DDs* +h
� �	 
 ð3bÞ

where QA :ð Þ is the quantile function of Eqn (1) for the subsequent
adult emergence (first summer adult generation) (Table S1), and
P0L DDsð Þ is the cumulative density function of PL DDsð Þ, so that
P0L DDs*
� �

=PL DDs* ≤DDs*
� �

. The effect of the insecticide treat-
ment on the adult emergence is then given by:

P*A DDsð Þ= PA DDsð Þ,DDs =2 DDs01,DDs
0
2

� �
PA DDsð Þ× 1−mð Þ,DDs� DDs01,DDs

0
2

� �
(

ð4Þ

where P*A DDsð Þ is the proportion of adults that emerged consider-
ing an insecticide treatment that causes mortality rate m on the
preceding larval stage across cumulative degree-days, and
PA DDsð Þ is the proportion of adults that emerged according
to Eqn (1).
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The effect of mating disruption can bemodeled in a similar way,
except the effect occurs on the preceding adult generation and
must include daily temperature data. Jones and Wiman18 used a
population model to estimate the effect of mating delay in
degree-days due to mating disruption on codling moth popula-
tion growth. We used a Gompertz equation to model the propor-
tion of population growth not impacted by the effect of mating
disruption on female survival and delayed mating as a function
of degree-days, as proposed by Jones and Wiman18:

sm= exp A 1−exp G×DDsDð Þð Þð Þ ð5Þ

where sm is the proportional of population growth as a function of
degree-days built up during the mating delay in days, DDsD, and
A and G are parameters which were set to 0.372 and 0.029, respec-
tively from figure 2 in Jones and Wiman.18

If degree-day accumulation data, DDsC, are available for a grow-
ing season, one should be able to determine the proportion of
adults that emerge daily considering the effect of a 3-day delay
in mating caused by mating disruption18,19 on the preceding gen-
eration by a five-step process: (i) compute the daily DDsD for the
3-day delay in mating and the corresponding daily proportions
of growth from Eqn (5), Sm, (ii) determine the distribution of
proportions of adult emergence across calendar days for an
untreated (‘without control’) population by P0A DDsCð Þ=
PA DDsCð Þ=∑PA DDsCð Þ, so that proportions from the same gener-
ation sum up one, (iii) find the DDs at which adult emergence is
impacted fromQA PL DDs≤DDsCð Þð Þ and the corresponding calen-
dar days, (iv) assign each Sm computed in step (i) to the calendar
days found in step (iii), (v) the resulting adult emergence per cal-
endar day after the effect of mating disruption is given by:

P*A DDsCð Þ=P0A DDsCð Þ×Sm ð6Þ

In cases where ti are assigned with two or more Sm values, these
aremultiplied to get a single value, and those that are assigned no
Sm values, adult emergence is approximated with a linear combi-
nation between the two closest known P*A DDsCð Þ.
We modeled four treatment programs for codling moth12

(Table 1). The first consists of two larvicide sprays that kill 90%
of the exposed population with a 14-day residual period, with
the first spray at 235 degree-days and the second 14 days after.
The second program consists of an oil spray that kills 80% of the
eggs, and then two larvicides, the first at 290 degree-days and
the second 14 days after. As the first and second treatment

programs were modeled in DDs, we assumed a daily accumula-
tion of 8 DDs for the residual period (112 DDs total), and 9.5 DDs
(133 DDs total) for the time between sprays. Although an ideal
scenario involves an overlap between the first and second sprays,
the residual period was shortened to account for rapid degrada-
tion.20 Since the third and fourth programs involved mating dis-
ruption, they were modeled in calendar days using the
temperature records collected from April and October 2023 from
a weather station located in Pullman, WA, USA (46°41024.000,
−117°09000.000) (https://weather.wsu.edu/). The third program
consists of only mating disruption without any insecticides, and
the fourth program included four virus sprays each causing 70%
mortality on recently hatched larvae, 7 days apart. The modeled
effect of an effective treatment for each treatment program on
larval hatching and adult emergence is presented in Fig. 1.

2.2 Theoretical reference population trajectories
The effect of treatment programs on phenology models, and field
data collected from pheromone traps throughout the season can
be used as inputs to construct theoretical reference population
trajectories with andwithout an effective control (Fig. 2). For treat-
ment programs modeled in degree-days, the reference popula-
tion trajectory without an effective control, N1 DDsið Þ, is given by:

N1 DDsið Þ¼
ðDDsiþ1

DDsi

PA DDsð ÞdDDs×∑
h

i¼1
xi

× log
1

∑h
i¼1

ðDDsiþ1

DDsi

P�A DDsð ÞdDDs

0
BBB@

1
CCCA

ð7aÞ

and the reference population trajectory with an effective control,
N0 DDsið Þ, by:

N0 DDsið Þ¼
ðDDsiþ1

DDsi

P�A DDsð ÞdDDs×∑
h

i¼1
xi

× log
1

∑h
i¼1

ðDDsiþ1

DDsi

P�A DDsð ÞdDDs

0
BBB@

1
CCCA

ð7bÞ

where a field-collected population trajectory, X= x1,…,xhf g, is
made of mean captures per trap collected at corresponding ith

Table 1. Treatment programs and expected efficacies, as reported by Jones,12 used to evaluate a procedure to assess the efficacy of control treat-
ments for codling moth management

Treatment program
Percent survival per

spray
Percent overall

survival Number of sprays

Timing (in degree-days)

First Second Subsequent

Conventional
traditional

10, 10 35.5 Two larvicides 235 368
(14 days)

—

Delayed first cover 20, 10, 10 7.74 Oil and then two
larvicides

210 290 423
(14 days)

Mating disruption† — 75.49 — — — —

Organic traditional‡ 30, 30, 30, 30 40.9 Four virus sprays 235 +7 days +7 days

† The overall survival of mating disruption programs depends on temperature.
‡ The organic traditional treatment program is deployed in addition to mating disruption.
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DDs, and N1 DDsið Þ and N0 DDsið Þ are estimated at the same inter-
vals. The first two terms in Eqns (7a) and (7b) produce a discre-
tized version of PA DDsð Þ and P*A DDsð Þ for the first summer adult
generation (where P*A DDsð Þ is obtained from P*L DDsð Þ for the first
summer larval generation) (Table S1) scaled to the total counts
recorded within the season. The third term places reference pop-
ulation trajectories approximately equidistant to the field-
collected trajectory (Fig. 2) and involves the ratio between the
sum of proportions at sampling DDs intervals with and without
an effective control. The numerator (without effective control) is
set to 1 when the population trajectory includes the entire adult
stage, and the denominator (with effective control) indicates the
overall expected survival (Table 1). However, when the overall
expected efficacy (i.e., 1 – survival) is lower than 63.2%, the third
term in Eqns (7a) and (7b) becomes < 1 and produces unrealistic
reference population trajectories, in which cases it is set to 1.
For treatment programs modeled in calendar days, reference

population trajectories are produced using a similar approach,
except that each element in the trajectory X is associated to a col-
lection of corresponding ith day, ti , each assigned with a number
of cumulative degree-days, DDsC tið Þ. Thus, the reference popula-
tion trajectory without effective control is given by:

N1 tið Þ¼
ðDDsC tiþ1ð Þ

DDsC tið Þ
P0A DDsCð ÞdDDsC

×
∑
h

i¼1
xi

∑h
i¼1

ðDDsiþ1

DDsi

P0A DDsCð ÞdDDsC

× log
∑h

i¼1

ðDDsC tiþ1ð Þ

DDsC tið Þ
P0A DDsCð ÞdDDsC

∑h
i¼1

ðDDsC tiþ1ð Þ

DDsC tið Þ
P�A DDsCð ÞdDDsC

0
BBB@

1
CCCA

ð8aÞ

and with effective control:

N0 tið Þ¼
ðDDsC tiþ1ð Þ

DDsC tið Þ
P�A DDsCð ÞdDDsC

×
∑
h

i¼1
xi

∑h
i¼1

ðDDsiþ1

DDsi

P0A DDsCð ÞdDDsC

× log
∑h

i¼1

ðDDsC tiþ1ð Þ

DDsC tið Þ
P0A DDsCð ÞdDDsC

∑h
i¼1

ðDDsC tiþ1ð Þ

DDsC tið Þ
P�A DDsCð ÞdDDsC

0
BBB@

1
CCCA

ð8bÞ

Since the proportions of adult emergence across calendar days
rarely sum up to 1, the sum of proportions at the sampling days ti
should be included in the denominator of the second term and
the numerator of the third term. This sum of proportions could
also be present in the second and third terms of Eqns (7a) and
(7b), but they are assumed to equal 1 when proportions of emer-
gence are modeled across DDs.

2.3 Assessment of field-collected trajectories
Pedigo and van Schaik17 proposed modifying Wald's sequential
probability ratio test21 to work in time rather than in space, which
is known as time-sequential probability ratio test. The motivation
is to classify a pest population trajectory into either a problematic
(outbreak) configuration, which is to be treated timely to prevent
damage, or an undamaging (endemic) configuration, which does
not require treatment. We use this approach to classify field-
collected trajectories into one of two categories: consistent with
a reference population trajectory with or without effective
control.
The stop boundary curves were constructed assuming a nega-

tive binomial distribution of the sample counts and following

Figure 1. Theoretical effect of four treatment programs on the codling moth larva (brown for treated verus pink for untreated) and adult (dark green for
treated versus light green for untreated) phenology for the first summer generation: conventional traditional (A), delayed first cover (oil application not
shown) (B) (from Eqn (4)), mating disruption (C), and mating disruption plus organic traditional (D) (from Eqn (6)). Models that involve programs based
solely on insecticide treatments (A and B) are showed in degree-days, while those that involve mating disruption are showed in calendar days with tem-
perature records collected in Pullman (WA, USA) between April and October 2023 (C and D). Population size in y-axes is given in relative abundance as
absolute quantities are context dependent. The black arrows indicate the timing of insecticide treatments and the red arrows the corresponding start
of the effect on adult emergence.
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Pedigo and van Schaik,17 but considering the effect of sample size
as proposed by Binns et al.,16 such that the upper boundary for a
population trajectory without an effective control is given by:

cU= log
1−⊎
⊍

� �
+b rið Þ ð9aÞ

and the lower boundary for a population trajectory with an effec-
tive control:

cL= log
⊎

1−⊍

� �
+b rið Þ ð9bÞ

where ⊍ is acceptable error rate when the control was effective, ⊎
is the error when the control was not effective, and they were set
to 0.01 and 0.0001, respectively. Value for ⊎were relatively conser-
vative because mistaken classifications when control programs
do not work are generally more costly than when they do. The
second term in Eqns (9a) and (9b), b rið Þ, is a function of time in

the broad sense, since ri could be either days, ti , or degree-days,
DDsi , and is expressed as:

b rið Þ=k∑ i
i=1ni× log

k0 rið Þ k1 rið Þ+N1 rið Þ½ �
k1 rið Þ k0 rið Þ+N0 rið Þ½ �

� �
ð10Þ

where k is the common negative binomial dispersion parameter
that describes codling moth captures in pheromone traps, k0 rið Þ
and k1 rið Þ are the negative binomial dispersion parameters asso-
ciated with N0 rið Þ and N1 rið Þ, respectively, and ni is the sample
size at time ri .
Before cumulative mean counts can be compared with bound-

aries, they must be weighed so that the dynamic change in sepa-
ration between reference population trajectories is accounted for
to place more emphasis on sampling times when the difference
between trajectories is greatest. Thus, each value in any field-
collected trajectory X must be weighted and multiplied by the
corresponding sample size, before adding it to the previous sum
and being compared with the corresponding boundaries:

Figure 2. Reference population trajectories (black) and simulated codling moth pheromone trap counts (red) (A–D), compared to the corresponding
stop lines and weighted cumulative trap counts (E–H) produced from the theoretical effect of four treatment programs on codling moth phenology.
For illustration, all the simulated population trajectories assumed 90% control efficacy for treatment programs that involve insecticides (A, B, E and F),
70% control efficacy for viruses (D and H) and a 3-day-delay in mating for mating disruption (C, D, G and H).
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x0i=∑ i
i=1xini log

k0 rið Þk1 rið ÞN1 rið Þ k0 rið Þ+N0 rið Þ½ �
k0 rið Þk1 rið ÞN0 rið Þ k1 rið Þ+N1 rið Þ½ �

� �
ð11Þ

where X 0= x01,…,x0h

 �

is the weighed cumulative trajectory. The
assessment is carried out by comparting the elements in X 0 with
the corresponding elements in cU and cL. The field-collected tra-
jectory is classified as ‘without control’ if there are more elements
in X 0 that are greater than cU compared to those that are less than
cL, or as ‘with control’ if more elements in X 0 are less than cL com-
pared to those that are greater than cU . When there is the same
number of elements in X 0 that are greater than cU and less than
cL, the population trajectory is ‘without control’ (Fig. 2).

2.4 Estimation of negative binomial parameters for
count data generation
Although model performance could ideally be assessed using
experimental data from treated and untreated field codling moth
populations, such data is not available. However, the use of
computer-generated data offers the opportunity to test different
pre-established control efficacies and sample sizes, which is
hardly guaranteed or viable with experimental setups. To produce
reliable pheromone trap capture counts, a 20-year codling moth
pheromone capture dataset from the Okanagan-Kootenay Sterile
Insect Release Programwas used tomodel variance about codling
moth captures per trap as a function of the mean. Data collection
is described in detail by Rincon et al.22 Briefly, the dataset used is
made of 134 field-collected trajectories from apple orchards
located around Kelowna, BC, Canada, between 1995 and 2015.
Data were collected weekly for the 24-week period of codling
moth flight from a variable pheromone trap density, which ran-
ged between 0.01 and 0.13 traps per hectare (mean = 0.08
± 0.04). Pheromone traps consisted of wing traps and Delta II
traps baited with codlemone or a mixture of codlemone and pear
ester (Trécé Inc., Adair, OK, USA).
Variation of k across mean trap captures was modeled using the

Taylor's power law parameters, a and b, which were estimated
with the linearized version, log ⊘ð Þ= log að Þ+b log ⊞2ð Þ by ordinary
least squares, with the means and variances of each of the sam-
pling times from the 134 filed-collected trajectories. Since a large
portion of the dataset includes zeros the variance–mean relation-
ship showed the ‘Poisson sampling effect’,23 Taylor's power law
parameters were estimated through the split-domain technique,
in which a separate set of parameters is estimated for each
domain with a cut-off that is found through an iterative pro-
cess.22,24 Thus, the dispersion parameter of the negative binomial
distribution, k, was estimated as16:

k=

⊘2

a1⊘b1−⊘
,⊘>exp cð Þ

⊘2

a2⊘b2−⊘
,⊘≤ exp cð Þ

8>><
>>: ð12Þ

where a1 was estimated as 6.41 [standard error (SE)= 1.016], a2 as
2.057 (SE= 1.053), b1 as 1.61 (SE= 0.011), b2 as 1.16 (SE= 0.014)
and c as −2.54. The common k was set to 0.32, which is the
k value obtained from Eqn (12) from the overall mean of the data.

2.5 Operational characteristics
Data were generated randomly from a negative binomial distribu-
tion with parameter k estimated from Eqn (13). The variability
about Taylor's power law parameters was included as the root

mean square error (RMSE) for the regression as described by Binns
et al.,16 such that:

k0=

⊘2

a1⊘b1 exp z 0,⊞1ð Þð Þ−⊘ ,⊘>exp cð Þ
⊘2

a2⊘b2 exp z 0,⊞2ð Þð Þ−⊘ ,⊘≤ exp cð Þ

8>>><
>>>:

ð13Þ

where z is a normally distributed variable with mean 0 and stan-
dard deviation ⊞1 or ⊞2, which equal 0.293 and 0.590 and are
the RMSE of the regression model for parameters a1 and b1, and
a2 and b2, respectively. The total mean captures per population
trajectory was set to 20, which was multiplied by the proportions
derived from P*A DDsð Þ or P*A DDsCð Þ (Eqns (4) and (6)), depending
on whether the simulation was performed across DDs or DDsC,
to set the mean and k’ of the negative binomial at each sampling
time of every generated population trajectory.
We tested model performance classifying sample population

trajectories as ‘with control’ or ‘without control’ across different
sample sizes (i.e., number of traps per sample): 5, 10, 15, 20,
25 and 30. The model was evaluated for the four treatments pro-
grams, using generated population trajectories set at the corre-
sponding survival rates that result from 100% control efficacy of
each treatment program (Table 1). Model performance was also
examined across levels of control treatment efficacy, by introduc-
ing the overall efficacy rate as a factor ofm in Eqn (4) to generate
the sample population trajectories, which were set to a sample
size of 25 traps per sampling time. In total, we tested ten different
efficacy rates: 100%, 90%, 80%, 70%, 60%, 50%, 40%, 30%, 20%,
10% and 0%. Each combination of treatment programs with sam-
ple sizes and control efficacies was simulated 1000 times, and the
number of ‘with control’ and ‘without control’ classifications were
recorded for each. To determine the efficacy of the model classi-
fying sample population trajectories, the probability of obtaining
a ‘with control’ or a ‘without control’ classification given different
levels (ranges) of control efficacies were calculated from simula-
tions. The proportions of classifications across efficacy rates were
differentiated to obtain the independent probabilities for each,
and then converted to cumulative probabilities across ranges of
control efficacies.
All data analysis and simulations were completed in R version

4.2.3.25 The Johnson SB function was implemented using the
SuppDists package,26 and data digitization from Jones and
Wiman18 for parameter estimation of Eqn (5) was performed
using the digitize package.27 All the simulations were run through
parallel computing using the parallel package.28

3 RESULTS
Our model produced > 90% accurate classifications provided the
sample size was 15 traps or more per sampling time for all
the treatment programs when their efficacy was 100%, except
for mating disruption alone, which reached a maximum of
84.7%. In general, the model was not reliable at classifying popu-
lation trajectories treated with mating disruption alone even
when sample size was increased to 30 traps (Fig. 3(A)). Simulations
also revealed model performance across control efficacies varied
with the treatment program being tested. When the model out-
put was a ‘with control’ classification, 84.0% of the codling moth
populations treated with mating disruption alone were correctly
classified, but 41.2% of the untreated were classified incorrectly
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(Fig. 3(B)). However, the model was accurate classifying popula-
tion trajectories as ‘with control’ for the remaining programs. If
we use an acceptable accuracy of 70%, simulations show that if
a ‘with control’ classification is obtained, one should be able to
consider that control efficacies are, in general, greater than 50%
(Fig. 3(B)). The performance was best for the conventional tradi-
tional program, for which ‘with control’ classifications indicate
(with 70% accuracy) that the treatment is ≥ 69.25% effective.
For the delayed first cover and the traditional organic programs,
when the model output is a ‘with control’ classification, simula-
tions showed that treatments are ≥ 54.0%, and ≥ 51.03% effec-
tive, respectively, with a 70% accuracy (Fig. 3(B)).
When the model output was a ‘without control’ classification,

16.5% of the populations treated with mating disruption alone
were incorrectly classified by the model, and only 60% of the
untreated ones were correctly classified as such (Fig. 3(C)). For
the remaining programs, simulations showed that when popula-
tions are classified as ‘without control’ by the model, there is a
70% chance that they are ≤ 66% effective (Fig. 3(C)). The most
accurate results were obtained when assessing the conventional
traditional program for which our model established with 70%
accuracy that the treatment is ≤ 80.34% effective when a ‘without
control’ classification is obtained. For the delayed first cover and
the traditional organic programs, simulations showed that when
a ‘without control’ classification is obtained, there is 70% chance
that the treatment programs are ≤ 66.35% and ≤ 69.75% effec-
tive, respectively (Fig. 3(C)).

4 DISCUSSION
Our study is among the first to propose a method to assess treat-
ment programs for pest control in non-experimental setups.
Other approaches addressed field or laboratory evaluations of
interventions with datasets that include non-treated experimen-
tal controls and/or direct observation of target stages, whose
main purpose is applying for pesticide registration.4,5 However, lit-
tle attention has been paid to evaluation of pest control

treatments carried out by growers to inform selection of inputs
and adjustment of application methods. Our approach involves
a four-step process, after a treatment program is applied:
(i) produce probabilistic phenology models that include the theo-
retical expected effect of treatment programs for the sampled
pest stage (Eqns (4) or (6)), (ii) collect data from at least 15 traps
at weekly intervals during the emergence of the first adult gener-
ation, (iii) derive reference population trajectories from phenol-
ogy models scaled to field counts (Eqns (7a) and (7b) or
Eqns (8a) and (8b)), and (iv) classify the field-collected trajectory
through a time-sequential probability ratio test (Eqns (9a) and
(9b) and Eqn (11)). Since our model relies on scaled versions of
heat-driven phenology models, the assessments have four key
assumptions. First, the probabilistic phenology models are prop-
erly adapted to the region where evaluations are to be made, par-
ticularly to variations caused by latitude, as is the case for the
codling moth.29 Second, the sampling effort should be the same
throughout the season. Third, any major deviations in the
field-collected trajectories due to drivers other than heat accumu-
lation are not considered; shifts in capture count patterns due to
predation,30 parasitism,31 epizootics,32 or migration33 may pro-
duce incorrect classifications. Fourth, insecticides have a negligi-
ble effect on codling moth adult survival, flight, or attraction to
pheromone traps, which is reasonable considering that most
modern insecticides target larval stages or eggs and that adult
intoxication by contact or ingestion is unlikely (but see Smith34).
The classification is based on the ratio between reference pop-

ulation trajectories at specific sampling times. When separation
between reference trajectories is greatest, more weight is placed
on the collected counts, and stop lines have greater slopes
(Fig. 2). As a result, the model is relatively insensitive to changes
in field-collected trajectories at times when reference population
trajectories are closer to each other, and sensitive to changes
when reference population trajectories are different. This condi-
tion makes the model efficient at classifying population trajecto-
ries based on the magnitude of counts and trajectory shape, but
prone to mistakes due to delays of field-collected trajectories

Figure 3. Operational characteristics of a procedure to assess pest control treatments from phenologymodels and pheromone trap counts for four treat-
ment programs: conventional traditional (black), delayed first cover (blue), mating disruption (gold), and organic traditional (brown). In (A), the probability
of a treated population trajectory being classified correctly as ‘with control’ is presented as a function of the number of traps per sampling time. In (B) and
(C), the probability of a treated population trajectory being classified as ‘with control’ (B) or ‘without control’ (C) is presented as a function of ranges of
control efficacy. The analysis in (A) assumes 100% control efficacy for all treatment programs, and the analyses in (B) and (C) were set to a sample size
of 25 traps per sampling time. The horizontal dashed line in (B) and (C) denotes 0.7 probability (70% accuracy) as a reference. Every data point is based
on 1000 simulations.
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relative to heat-driven phenology. This is especially true when
treatment programs produce clear peaks, such as the conven-
tional traditional (Fig. 2(A)), in which a delay in field-collected tra-
jectories may produce unrealistically high weighted counts and
false ‘without control’ classifications. Caution is advised when
classifications are carried out using trajectories collected from
populations treated with mating disruption, which is known to
delay between 2 to 3 days mate finding, and likely pheromone
trap catching as well.18,19

One more effect of relying on the local separation between ref-
erence population trajectories is that the model becomes rela-
tively insensitive when reference trajectories are similar in
shape, even if they are different in the overall magnitude. For
example, although the delayed first cover is the program with
the lowest overall pest survival (Table 1 and Fig. 1), the resulting
shape of the reference population trajectory is similar to that pro-
duced without an effective control (Fig. 2(C)). This condition
makes the weighing factor of counts relatively constant across
time, and the sole overall increased/reduced mean captures
might not be enough for the model to classify a given field-
collected population trajectory correctly. In fact, our model per-
formed best classifying populations treated with the conventional
traditional program, which produces reference population trajec-
tories that differ in shape from those that result without an effec-
tive control, but with an overall survival that is similar to the
organic traditional, which ranked third (Fig. 3(B)). One more
instance of this limitation is the poor performance classifying
populations treated with mating disruption alone. Beyond the rel-
atively low efficacy (i.e., high overall survival) of mating disruption
alone (Table 1), the similarity in shape of the produced reference
population trajectories with those of produced without an effec-
tive control may be why our model failed classifying correctly
populations treated with this program (Fig. 2(D)).
Beyond the limitations, these results show that our approach is

robust classifying population trajectories according to the level of
control achieved by pest control treatments, at least for some
of the most commonly used treatment programs for codling
moth management. In general, the procedure is sensitive to sam-
ple size regardless of the treatment program and provides accu-
rate results when field-collected trajectories are obtained from
monitoring networks made of ≥ 15 pheromone traps. Recent sur-
veys indicate that the average size of an orchard in Washington
State is about 40 ha (100 acres),35 and most extension programs
recommend trap densities that range from 0.1 to 10 per ha,
depending on whether the aim is detection, monitoring or mass
trapping.36,37 Therefore, this procedure could be readily imple-
mented in most orchards and produce useful control treatment
assessments at least across Washington State, where nearly 68%
of US apples are produced.38

Our approach showed to be better suited for treatment pro-
grams that involve insecticides that cause acute mortality events
than for those that cause sustained, chronic control, such as those
that involve mating disruption39 and possibly other techniques
like sterile insect release or biological control.30,31 We established
a 70% accuracy to interpret the model outcomes in terms of infer-
ences about treatment programs efficacies, but more confidence
could be added by increasing accuracy with a pay toll in the range
of efficacies that can be inferred from the assessment. For
instance, if we established a 90% accuracy instead, from a ‘with
control’ outcome for populations treated with a conventional tra-
ditional or a delayed first covert programs one could infer that the
treatment is ≥ 59.71% and ≥ 43.72% effective, respectively (Fig. 3

(B)). Similarly, with a 90% accuracy, from a ‘without control’ out-
come, one could infer that those treatments are ≤ 87.24%
and ≤ 75.36% effective, respectively (Fig. 3(C)).
While biological and chemical control inputs are constantly

developed for most major pests, strategies that assist growers'
decision-making on the selection and application of available
tools are still the main obstacle to the adoption of integrated pest
management programs.40,41 Several contributions have been pro-
duced to inform growers' decisions on the timing and need for
interventions with chemical or biological inputs according to eco-
nomic and biological criteria,42 sampling protocols,8 or weather
patterns.13 However, few studies have addressed the assessment
of recent control treatments, which may inform the selection of
inputs and application protocols. This study provides a framework
that combines phenology modeling with sampling to guide the
collection and evaluation of data and determine whether a
recently applied treatment was effective or not with a predefined
level of accuracy. This approach contributes to bridging the gaps
for integrated pest management adoption and could be applied
to other pests that can be sampled regularly and whose phenol-
ogy can be modeled as a function of heat accumulation.

5 CONCLUSION
We present an approach that accurately classifies pest population
trajectories from monitoring networks into one of two categories
to assess recently applied control treatment programs. The
approach relies on probabilistic phenology models to track
the effect of acute mortality effects caused by treatment pro-
grams across the growing season, field-collected data to produce
reference trajectories for treated and untreated populations, and
a time-sequential probability ratio test to classify the trajectories
accordingly. Simulations revealed that the method is robust
across a reasonable range of sampling sizes, and control effica-
cies. End users should provide the timing of treatments either in
calendar days or degree-days, the expected mortality rate, and a
collection of counts from traps over time (i.e., field-collected tra-
jectories). When field-collected trajectories are classified as ‘with
control’, there is 70% chance that treatments are > 50% effective,
and < 66% effective when they are classified as ‘without control’.
This framework is a powerful, evidence-based tool that can be
used to optimize the selection of inputs and application protocols
for pest management and could be applied to other pests that
can be sampled regularly and whose phenology can be modeled
as a function of heat accumulation.
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