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Long-distance dispersal plays an important role in insect population dynamics and is a key factor in insect
outbreaks. However, accurately measuring the dispersal distance of insect species can be challenging. We present
a simple and reliable method to quantify dispersal capacity using insect phenology and time-series of field-
capture data. This open-source method is developed in R and tested using data collected on the eastern
spruce budworm (Choristoneura fumiferana). Empirical data were collected in the summer of 2014 in Québec, in
forest areas defoliated during the ongoing outbreak. Sampling dates were informed by BioSIM phenological
models and government of Canada weather data where adult moths were sampled before, during, and after
expected flying periods. A sensitivity analysis showed that the uncertainty of these models due to weather station
interpolation did not affect general trends. Individuals sampled outside of their expected phenological window
were assumed to be migrants. Pairwise Euclidean distances were measured between the sampling locations of
these migrants and all potential areas of origin as predicted by BioSIM at the time of their sampling. The shortest
distances were then selected to generate dispersal kernels. According to the dispersal kernels derived using this
method, most flying individuals captured outside of their phenological window travelled up to 450 km, matching
previous work on eastern spruce budworm dispersal. Here, we were able to demonstrate that with known
phenology of a species and relatively simple to collect data (presence of flight capable individuals), it is possible
to characterize insect dispersal using a relatively simple algorithm and spatial model. This method can be easily
applied to other outbreaking species and used to inform management decisions in a variety of systems where
outbreaks represent a risk to resources of interest.

1. Introduction

Outbreaks of forest insect pests are a recurring natural disturbance in
northern forests (Baskerville 1975, Royama 1984, Myers 1993, MacLean
2019) and are an integral component of forest ecosystem functioning
(Risser 1987, Volney and Fleming 2000). Many forest pest species
exhibit outbreaks — that is, temporally periodic and spatially synchro-
nous fluctuations in population density over large geographical areas
(Peltonen et al. 2002). While many outbreaking species are native to
Canada’s northern forests, outbreaks can have negative effects on local
ecosystems and economies (Sturtevant et al. 2015). A clear under-
standing of how outbreaks develop in space and time is needed to
anticipate, forecast, and manage these negative effects (Pureswaran
et al. 2016).

The eastern spruce budworm (SBW) is an outbreaking native Lepi-
dopteran that defoliates balsam fir (Abies balsamea, (L.) Miller) and
spruce species (Picea spp.) stands in the boreal and sub-boreal forests of
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North America (Royama 1984, Sturtevant et al. 2013). SBW outbreaks
impact forest ecosystem processes (Dymond et al. 2010, Boulanger et al.
2017, James et al. 2017) as well as the forest industry and forest asso-
ciated communities (Chang et al. 2012, MacLean 2016, Boulanger et al.
2017). The current SBW outbreak began in 2006 and has affected more
than eight million hectares of forest in Québec, Ontario, and New
Brunswick (Ministere des Forets, 2015; Ministere des Forets, 2020). In
response to this outbreak, a novel early intervention program was
developed with the aim of mitigating the negative effects of defoliation
(Johns et al. 2019, MacLean et al. 2019).

Effective deployment of early intervention strategies is sensitive to
our knowledge and understanding of the spatial and temporal dynamics
of SBW outbreaks (Régniere et al. 2001, Johns et al. 2019). Among the
most important processes determining these dynamics is dispersal of
adult moths, although it is also one of the least well understood (Pure-
swaran et al. 2016, Johns et al. 2019). Dispersal influences spatial
synchrony among separated outbreaking populations (Anderson and
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Sturtevant 2011, Larroque et al. 2019) and can shift populations from
endemic to epidemic states resulting in large scale outbreaks (Boulanger
et al. 2017, Régniere and Nealis 2019, Larroque et al. 2020).

Dispersal is difficult to quantify (Ims and Andreassen 2005), espe-
cially when studying small-bodied organisms such as insects (Anderson
and Sturtevant 2011, Osborne and Loxdale 2014). Both direct and in-
direct methods have been used to quantify SBW adult dispersal. One of
the earliest direct approaches involved aerial trapping of migrating
moths using tethered balloons or towed nets attached to aircraft
(Greenbank et al. 1980). Dispersal parameters derived from this more
than 40 year-old study (Greenbank et al. 1980) remain essential for
atmospheric modelling of SBW dispersal (Sturtevant et al. 2013). More
recently, surveillance radar and high-resolution three-dimensional
weather data have been used to directly track clouds of moths during
mass flight events (Boulanger et al. 2017). Combined atmospheric
modelling and weather data have also been used to characterize SBW
dispersal during such flight events (Garcia et al. 2022). Although direct
methods are useful to characterize dispersal, they are challenging to
implement because of the costs associated with such large-scale sam-
pling (Greenbank et al. 1980) and often require protocols tailored to a
specific species and restricted to specific and short-term local events
(Boulanger et al. 2017, Garcia et al. 2022).

Indirect methods for estimating SBW dispersal include analysis of
egg-moth ratios (Nealis and Régniere 2004), comparisons between trap
captures and SBW phenological models (Sturtevant et al. 2013), varia-
tion in sex ratio and morphology (Rhainds 2015), as well as light-traps
(Rhainds et al. 2022). Indirect methods are useful to demonstrate that
immigration has occurred but do not necessarily identify the source
population from which immigrants dispersed, nor do they contribute to
our understanding of the distances travelled.

Monitoring of spruce budworm populations across Canada and the
eastern US relies on pheromone baited moth traps (Carleton et al. 2020).
These traps are typically installed in the late spring around the time of
initial moth eclosion. Traps are then collected at the end of the flight
season and male moth counts are used to estimate local population
densities. While cost effective and efficient when considering regional
and landscape scale monitoring objectives, such traps may not accu-
rately reflect local population dynamics due to the high dispersal ca-
pacity of the SBW (Sturtevant et al. 2013). As such, it is important to
continue developing new approaches to characterise SBW dispersal.

Repeated collection from moth traps can help overcome this chal-
lenge of distinguishing regional from local population dynamics. Time
series of male moth captures throughout the flight season can be used to
separate local from migrant moths based on phenology. Once a captured
moth is classified as either a resident or a putative migrant (i.e., a moth
captured out of local phenological synchrony) one can assign potential
migrants to a location of origin. By repeating this procedure with many
putative migrant moths from many locations, one can develop a distri-
bution of likely dispersal distances which can be used to refine our un-
derstanding of spatial outbreak dynamics to inform early intervention
strategies (Johns et al. 2019, MacLean et al. 2019). For example, a
greater understanding of the probability of dispersal at given distances
can improve the identification and classification of potential and actual
hotspots and guide the early deployment of mitigation treatments such
as insecticide application (e.g., Bacillus thuringesis var. Kurstaki (Btk);
Fuentealba et al. 2019).

In this paper, we develop and present a new method to characterise
patterns of dispersal in outbreaking forest insect pests using time series
of moth capture data and phenology, using the spruce budworm as a
motivating example. Our method combines time series of male moth
collection within a single season with a spatial phenological model that
classifies individuals as either residents or potential migrants. We then
assign potential migrants to likely source locations based on phenology
and landscape geometry, while subject to a range of spatial constraints.
Repeating this process for all identified potential migrants permits the
generation of a distribution of probable distances travelled (i.e., a
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dispersal kernel) that can be used in other downstream modelling and
forecasting applications. We also report on the model sensitivity to
different assumptions related to the range of likely geographic source
populations, host species, and our confidence in the spatial and temporal
accuracy of the phenological model and collection data. Although we
develop and present this work in the context of the spruce budworm, our
approach is applicable to other mobile insect pests in both forest and
agricultural systems.

2. Methods
2.1. Model concept and design

The method we present quantifies the dispersal capacity of a mobile
insect pest species in the form of a dispersal kernel. The main premise of
our approach is that we can identify potential migrant moths and assign
them to a likely source of origin based on phenology (i.e., expected
emergence based on local environmental conditions; Fig. 1). We can
then measure the geographic distance between the location at which a
potential emigrant was captured and its most likely phenologically-
determined source location. Repeating this procedure for numerous
migrants generates a frequency distribution of likely dispersal distances
which can be fit to a statistical distribution which we refer to as a
dispersal kernel. The raw data on which this procedure operates are
geographically referenced time series of adult moth captures and a daily
spatial phenological model of predicted moth emergence.

There are five discrete steps to this process (Fig. 2). The first step
consists of collecting moths through time at multiple locations within a
season. Each date/location combination is considered a sampling event.
These data may vary in terms of the temporal frequency with which they
are collected, although in general, greater frequencies of collection are
to be preferred.

The second step involves generating predictions of the expected
timing of moth emergence across the full extent of interest using the
phenological model BioSIM (Régniere and St-Amant 2007, Régniere
et al. 2012). Our application of BioSIM involves calculating the proba-
bility of moth emergence for every day in the potential flight season
across the spatial extent of our study area at a spatial resolution of 10 x
10 km (Fig. 4) using environment Canada weather data. Modelled
confidence intervals (CIs) of emergence probability (e.g., 95% CI) are
then used to classify collected individuals as either residents or migrants.
If a moth was collected outside of this local phenological interval (i.e.,
phenological asynchrony), it is classified as a migrant. If collected within
those bounds (i.e., phenological synchrony), the moth is classified as a
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Fig. 1. Curve representing for each sampling location the probability of moth
emergence for every day through the potential flight season using BioSIM. The
red markers represent the approximate times of sample collection for each site.
The markers indicate sampling before (M1), during (M2) and after (M3)
confirmed presence.
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Fig. 2. Conceptual representation of the workflow developed to generate dispersal kernels using our proposed method. Step 1: Sample individuals in the area
throughout their flight season. Step 2: Generate predictions of the expected timing of moth emergence across the full extent of interest using the phenological model
BioSIM. Step 3: Match potential origins with recorded presence at the date of the sampling. Step 4: If the date of sampling matches an expected presence, then the
method stops. If the presence of individuals is unexpected (phenologically asynchronous), we measure all distances from potential origins to the sample location. All
distances are compared and the nearest is selected. This step is repeated for all the samples collected throughout the season. Step 5: All distances selected at the end of

Step 4 are used to generate dispersal kernels.

resident (Fig. 1).

In step three, BioSIM-derived raster files of daily emergence proba-
bilities are used to evaluate potential source locations of migrant moths.
Potential moth source locations are those within the study area that are
in phenological synchrony with the location where the migrant moth
was captured. In the simplest application of this step, all locations in
phenological synchrony at the time that migrant moths were captured
are considered as potential source locations.

In step four, we calculate Euclidean distances between the locations
at which migrants were identified and the nearest point in phenological
synchrony. Here, we assume that the nearest phenologically synchro-
nous location is the most likely dispersal source. Repeating this analysis
for all phenologically asynchronous moths (both early and late) we
generate a distribution of potential dispersal distances based on this
assumption geographic proximity. While the simplest assumption is that
potential source locations are defined solely by phenology, it is also
possible to restrict the set of potential host locations based on host
availability or areas of known outbreak, habitat suitability, or other
environmental factors.

Finally, in the fifth step, the distribution of potential dispersal dis-
tances generated in step four is used to fit a dispersal kernel (Fig. 3).
Here, we fit the data to a probability density function that bests de-
scribes the distribution of dispersal distances of a given set of individuals
(Nathan et al. 2012). In this study, we compared four distribution
models: Weibull, log-normal, exponential, and Gaussian. Dispersal ker-
nels were fit using Ordinary Least Squares regression (Hirsch et al. 2012;
Appendix S1). We determined which distribution best fit our data using
the Akaike information criterion (AIC; Akaike 1974).

2.2. Model implementation

We developed and tested this method using the eastern spruce
budworm. Adult male moths were collected in Québec at three different
times in the summers of 2012, 2013, and 2014 (Fig. 4) using Multipherl
traps (Jobin and Coulomb 1988) baited with a pheromone lure (Distri-
butions Solida) and containing a vapour tape insecticide (Dichlorvos

a [@ Potential source location
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Potential

dispersal
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Fig. 3. Visual representation of the output generated by our method on a map
of Ontario, Québec, New Brunswick, Nova Scotia, Newfoundland, and Labra-
dor. Each map represents a) a M1 asynchronous sample, b) a M2 synchronous
sample and c¢) a M3 asynchronous sample. The grey areas represent the po-
tential presence of adults as predicted by BioSIM while the red dot represents
the actual location at which individuals were collected. The dotted lines
represent the shortest distance between each potential origin patch and the
sampling site.
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Fig. 4. Study area showing the locations of the 24 sampling sites within the
province of Québec (Canada) with the extent of spruce budworm defoliation as
of 2012 (light gray), 2013 (medium gray) and 2014 (dark gray). The colors
indicate the different outbreaking areas. At each site we sampled moths three
times during the season 1) before it was likely that moths were flying locally; 2)
at the peak flying time; and 3) after moths should have stopped flying locally.

10%; Hercon). Traps were deployed at approximately 2 m above ground
in host forests across 24 sites in known outbreak areas affected by
defoliation (Fig. 4). Timing of moth trap deployment and collection was
informed using the BioSIM phenological model (Régniere et al. 2012)
executed using raster grid cells at a spatial resolution of 10 km x 10 km.

Pheromone-baited moth traps were initially deployed in early June,
~2 weeks before expected moth flight period. Traps were then emptied
at three times. We targeted putative early migrant moths captured prior
to the predicted phenological window (M1) by emptying the traps 1-2
weeks prior to the phenologically predicted period (95% confidence
interval) of moth emergence. Traps were emptied a second time just
after (<1 week) the period of predicted moth emergence to sample
putative resident moths (M2). Finally, moths (if present) were collected
from traps a third time (M3) approximately two weeks after M2
collection. Due to logistical constraints including significant distances
between sites, shifting phenology, and unexpected site disturbances (e.
g., forest fires) it was not possible to visit all sites for all three sampling
periods. Pheromone trapped moths from the Armagh site were gener-
ously provided by Dr. Jacques Régniere (Canadian Forest Service,
NRCan).

Final classification of captured moths as M1, M2, or M3 was deter-
mined using final phenology based on observed (vs. predicted) weather
(Fig. 2). Using BioSIM, we calculated the 95% confidence interval of
expected emergence timing for each sample site. Moths that were pre-
sumed to have entered the trap before the 2.5th percentile of predicted
local moth emergence were classified as early potential migrants (M1).
Moths that entered the trap during the period of the 95% confidence
interval were classified as residents that had emerged from local larvae
(M2). Finally, moths that entered the trap after the 97.5 percentile of
predicted local moth emergence were deemed to be potential late mi-
grants (M3) and their likely dispersal distances were calculated
accordingly.

2.3. Model sensitivity

We assessed the sensitivity of our approach to different degrees of
precision in the phenological classification, use of different host species
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to drive the phenological model, as well as to different spatial con-
straints that determine potential source locations. With regards to
phenological classification of moths as migrants or residents, we
assessed how changing the phenological confidence interval over which
individuals were classified as residents from 95% to 99% (~2-3 days
later). Extending the confidence interval moved some individuals from
the M1 to the M2 class as well as some from the M3 to the M2 class; more
individuals are classified as residents with a wider confidence interval.

We also compared phenological predictions based on each of the two
host species (i.e., balsam fir vs. white spruce). The BioSIM models
developed for each host species vary according to each host’s pheno-
logical timing of budburst, bud abundance, and bud weight that directly
impact spruce budworm population density (Régniere and You 1991).

Finally, we examined the sensitivity of our approach to three levels
of spatial constraints on potential source locations. First, the no spatial
constraint model only included areas in phenological synchrony as po-
tential sources (Fig. 3). Second, we constrained potential source loca-
tions to those that were in phenological synchrony and contained at least
1 % of host (i.e., balsam fir or white spruce) based on remotely sensed
data (Beaudoin et al. 2014). Our third level of constraint restricted po-
tential source locations to only those cells that were in phenological
synchrony and had been identified as defoliated in the year of sampling
(Ministere des Forets, 2015; Fig. 4).

3. Results

Across the three years, a total of 151 sampling events during which
time traps were visited and emptied took place (Table 1). Of these
sampling events, 38 samples contained moths before a period of pre-
dicted moth emergence, 28 samples contained moths at the expected
time of emergence, and 85 contained moths after the expected period of
emergence. As this study is focused on assigning phenologically asyn-
chronous moths to potential source locations, only the 114 sampling
events that captured phenologically asynchronous moths were analysed.
Out of a total of 115,106 moths collected, 73,689 we identified potential
migrant moths, of which 7,499 were identified as early, and 66,200 were
identified as late (Table 1).

Dispersal kernels were generated using the sampling locations and
the phenological models of balsam fir and white spruce, the two main
host species of the SBW. Differences in phenology of these two species
influences how collected moths are classified as either residents or mi-
grants. Therefore, we sought to compare dispersal estimates based on
these different models of expected timing of moth emergence. The
range, median, and mean dispersal distances estimated for each host
species and different spatial constraints can be found in Table 2. The
removal of individuals moths that were somewhat uncertain in terms of
their assignment to a migrant vs. resident class using the 99% confidence
interval did not affect our trends (not shown). The best fit for the
dispersal kernels was a log-normal distribution for the phenological
synchrony (no spatial restriction) and host species models (Fig. 5a — d)
and a Weibull distribution for the defoliation as of 2014 models (Fig. 5e
and f). Dispersal distances were slightly longer using spruce phenology
but overall, both models (i.e., balsam fir and spruce) found similar re-
sults (Table 2).

The distribution of dispersal distances was similar between the no
spatial constraint model (phenological synchrony only) and the host
species spatial constraint. In both scenarios, dispersal estimates ranged
from 1 to 706 km and 14 to 706 km. respectively. Likewise, mean and
standard deviation in dispersal distances were 273+41 and 273+42
respectively. In these two types of spatial constraint, most dispersal
events ranged in between 20 and 450 km (=65%; Table 2), a third of
them were above 450 km, and only a few were under 20 km (Table 2).

In contrast, we noted a marked influence of constraining source lo-
cations to defoliated areas. Restricting potential source locations to
defoliated areas did not decrease the maximum estimated dispersal
distance but did decrease the average distance from 275 km to 130 km
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Table 1
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Locations of each site sampled from 2012 to 2014 and the number of individuals collected for each year of sampling for the 95% phenological confidence. Multiple
values per trap indicate multiple sampling dates at that location. Categories M1 (early) and M3 (late) indicate putative migrant moths captured prior to or after the
predicted phenological window, respectively while M2 indicates putative resident moths captured within the expected phenological window.

Sites Outbreak Area Lat. Long. CI95
2012 2013 2014
M1 M2 M3 M1 M2 M3 M1 M2 M3
1 Saguenay-Lac-St-Jean 48.28 —70.54 754 1188
. . 11 . .
2 49.03 -71.64 25 2324 2746 61 852
5 . .
3 49.40 —72.23 1215 31 1834
. . . 4 . . 1
4 Cote-Nord lower 48.96 —69.19 5 1132 1070 15 18 3176 11
5 49.24 —68.60 2 2220 2687 7 288 2089
. . . . . 7
6 49.28 —69.53 86 1338 1341 19 14 1780
. . . . . . . 10
7 49.39 —68.07 1 572 15 540 2 9 410 1
8 49.55 —67.48 489 3 89 2511 12 712 751
9 49.61 —69.08 15 2805 4827 217 4643
. 2 . . 6
10 49.65 —69.84 2 2140 3740 6 26
. 3 . . 542 . . .
11 49.75 —68.54 15 913 158 2738 2 60 1060 8
12 49.90 —68.20 1098 3155 24 1023 2650
. 2 . . . 2
13 49.95 —69.64 5 2 5277 252 4 3387
. . . . . 40
14 Cote-Nord upper 50.09 —67.05 1028 20 248 3525 247 1992
. . 5 . 1
15 50.22 —66.66 526 215 1126 398 1
. . 6 . .
16 50.23 —68.24 374 3254 190 48 2690
17 50.31 —67.40 3 2291 8 418 4256 1472 2
17 . . .
18 50.32 —69.49 3 1123 96
19 50.39 —68.85 2 104 35 4018 90 2009
. 5 78 . 1
20 50.72 —67.45 216 3 184 1803
. . . . . 2
21 50.72 —66.80 2 198 1 220 348 154 151
. . 1 . 2
22 50.77 —68.66 248 24 1743 39
1 8 . .
23 51.14 —68.31 263 64 561
2 . .
24 Basse-Cote-Nord 50.62 —64.30 413 1198
Table 2

Range, median and mean of the distances of dispersal events (in km) as measured using our method and distribution of the dispersal events (in %) per category of
distances (<20 km, 20-450 km, greater than 450 km). We tested the phenological models of Balsam fir and Spruce species. We tested three levels of spatial constraints,
1) no spatial restriction (or phenological synchrony of SBW), 2) host species distribution and 3) defoliated areas as of 2014. We applied a 95% confidence interval to
calculate all the probabilities of moth occurrence used to measure these distances.

Phenological model Spatial constraint Estimated dispersal distance (km) Dispersal events (%)

Range Median Mean + CI95% < 20 km 20-450 km > 450 km
Balsam fir No spatial constraint 1-706 161.38 273442 4 65 30
Host species 14-706 176.19 273441 4 65 31
Defoliated area 14-695 100.66 131+24 5 94 1
White spruce No spatial constraint 1-809 159.25 291+45 3 62 35
Host species 12-821 164.97 289+43 3 63 34
Defoliated area 14-695 93.64 121424 5 93 1
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Fig. 5. Histograms of estimated distance to source for
potential migrant moths with a fitted distribution
curve. We used Akaike information criterion to
determine which function fitted the observed data
best (Ln = Lognormal, 4 = location, ¢ = shape, Wei =
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and increased the proportion of dispersal events in the 20-450 km range
from 65% to 95%. Likewise, we found a major decrease in the frequency
of long-distance dispersal events greater than 450 km (i.e., from 35% to
1% or less; Table 2). While the maximum observed distances traveled in
the less restrictive spatial constraints went beyond what was previously
recorded, the average distance traveled as well as the proportion of
distances most traveled across all levels of spatial constraints was within
the 20 to 450 km range previously reported in this system (Greenbank
et al. 1980, Boulanger et al. 2017).

4. Discussion

Using a combination of moth capture data and phenological pre-
diction, we demonstrate a method to derive dispersal kernels for the
spruce budworm. The method we developed is both general and flexible
and can be applied to examine dispersal at a scale comparable to pre-
vious extensive empirical studies (Greenbank et al. 1980). We also
demonstrate the sensitivity of the method to different assumptions
regarding potential source locations and observed some differences in
estimated dispersal in response to these different assumptions.

The parameterized dispersal kernels correspond well with previous
work in this system (Greenbank et al. 1980, Boulanger et al. 2017,
Garcia et al. 2022). Individuals moths have been observed dispersing

100 200 300 400 500 600 700 800 800

200 km (Boulanger et al. 2017) and up to 450 km (Greenbank et al.
1980). Similarly, previous simulation work demonstrated that moth
dispersal can reach a maximum of 370 km, with a peak in male SBW
dispersal probability close to 100 to 240 km depending on the event
considered (Garcia et al. 2022). Our findings that most individuals
dispersed between 0 and 450 km indicate that our approach using trap
captures and phenology can produce similar estimates of SBW dispersal.
However, in using pheromone traps, we restrict our inference regarding
spruce budworm dispersal to males only, which may not be applicable to
female dispersal dynamics (Rhainds et al. 2019).

Dispersal estimates based on phenological models of balsam fir and
spruce species did not differ significantly (Fig. 5). We noted slightly
longer maximal dispersal distances when using the spruce phenology for
resident vs. migrant classification (Table 2), but similar average dis-
tances traveled (Table 2). These observations could be explained by
slight variations in host species phenology. Balsam fir budburst is closely
synchronized with peak emergence of overwintering SBW and tends to
happen earlier than white spruce by a few days making balsam fir
attractive slightly before white spruce (Greenbank 1963). As such, the
spruce species phenological model predicts that a given area will be
favorable for adult moth emergence later compared to the balsam fir
model which leads to longer dispersal distances.
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4.1. Model sensitivity and study limitations

In this initial expository treatment of our method, we made several
simplifying assumptions including the use of Euclidean distances be-
tween potential sources and moths sampling locations. Previous studies
have demonstrated the impact of spatial environmental factors on SBW
dispersal such as wind (Greenbank et al. 1980, Anderson and Sturtevant
2011) temperature (Sanders et al. 1978, Régniere and You 1991, Stur-
tevant et al. 2013), and precipitation (Larroque et al. 2019). Future work
will aim to better incorporate environmental variation through the use
of effective distances (i.e., least-cost paths) between locations
(Tischendorf and Fahrig 2000). An additional possibility would be to
incorporate directional wind data from the NOAA HYSPLIT model (Stein
et al. 2015, Garcia et al. 2022) to model the influence of air currents and
trajectories on dispersal between potential origins and sampling loca-
tions (Garcia et al. 2022).

Another source of uncertainty in our findings stems from our reliance
on an interpolated weather model to derive our phenological timings.
BioSIM is an excellent model, although there are known challenges
associated with its predictions when interpolating at distances that are
far from weather stations (Dirks et al. 1998, Mair and Fares 2011, Ly
et al. 2013). Future work will include examining the accuracy and
spatial scale of uncertainty in these phenological predictions in remote
areas such as the boreal forest, assessing the sensitivity of our assign-
ment model to such variation, and investigating alternate methods for
weather interpolation.

Finally, our inferences regarding dispersal may be sensitive to the
relative timing and frequency of data collection. Data were collected at a
relatively coarse temporal frequency; three times per location through
the flight season, albeit over a very large spatial extent. Traps were
typically emptied approximately two weeks after installation and as a
result, the date at which the individuals were collected does not
necessarily reflect the date at which the adult moth entered the trap. In
this procedure, we assume that all individuals collected in a trap
dispersed at the same time as we have no other information on relative
timing of arrival. The delay between arrival and sampling of the in-
dividuals could lead us to either underestimate the dispersal distance
early arriving individuals (M1) or overestimate the dispersal distance of
late migrants (M3). We hope to refine our estimates of trap arrival
timing in future work.

Finally, the coarse temporal resolution of sampling makes it difficult
to identify dispersal events that occur between locations that are in
phenological synchrony. For example, our method does not identify the
mass exodus flight described in Garcia et al (2022), as the source and
destination locations from this event were in phenological synchrony.
Future work will involve using data collected at a finer temporal fre-
quency (i.e., Budworm Tracker citizen science data; Carleton et al. 2020)
that will allow us to better distinguish residents from migrants, and
improve the precision and accuracy of the dispersal estimates presented
here. Despite this potential source of bias, the omission of acute mass
exodus flights between phenologically similar regions had little influ-
ence on our dispersal kernel estimates. The trends we identified
(Table 2) are very similar to values reported in other studies of SBW
moth migration (Greenbank 1984, Garcia et al. 2022, Boulanger et al.
2017).

4.2. Model flexibility and future applications

Our approach can be deployed to characterize dispersal over range of
spatial extents and spatial resolutions. The demonstration of our
approach adopted a provincial scale, in agreement with the expected
dispersal capacity of the organism in question (SBW) and the spatial
extent of its effects. Likewise, the method is flexible with regards to the
spatial resolution, or grain, of spatial information used to model and
constrain possible source locations and dispersal pathways.

While focused on the spruce budworm, this method can be applied to
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other outbreaking pest systems. Many of the processes determining SBW
phenology and dispersal, on which our method is based, are common to
other pest species such as the western spruce budworm (Choristoneura
freemani, Razowski), jack pine budworm (Choristoneura pinus, Freeman),
mountain pine beetle Dendroctonus ponderosae, Hopkins) or the emerald
ash borer (Agrilus planipennis, Fairmaire). Outbreaking species behave
similarly during epidemic cycles (Peltonen et al. 2002, MacLean 2016).
Individuals emerging in high-density areas with low levels of resources
available will migrate to the nearest available patch (Greenbank 1963,
Rhainds et al. 2002, Mazzi and Dorn 2012). For most insect species, their
phenological cycle and emergence are mostly driven by environmental
factors with degree days being a good indicator (Herms 2004, Crimmins
et al. 2020).

The method presented here is based on phenological models imple-
mented in the freely-available software BioSIM as well as data on the
degree days necessary for moth emergence (Régniere et al. 2012). Such
data is already available in BioSIM for several outbreaking species of
interest including the spruce budworm, spongy moth (Régniere et al.
2012), emerald ash borer, and the Asian longhorn beetle (Anoplophora
glabripennis; for a more exhaustive list see Crimmins et al. 2020). By
combining phenological models with empirical, field-collected time-
series of the presence/absence of flight capable individuals, this tool is
both powerful and adaptable to quantify dispersal in a range of taxa. Its
versatility makes it applicable to other systems where phenology is
known (or can be known) and where time series of adult trap capture can
be obtained. Our method can be easily adapted to other types of systems
such as agricultural or urban landscapes.

5. Conclusion

The method we developed in this study can reliably provide us with
greater understanding of the probability of dispersal at given distances
of an outbreaking species. This tool can in turn be integrated into early
intervention programs (e.g., EIS; MacLean et al. 2019) to complement
already used approaches such as improving the efficiency of L2 larvae
monitoring in the case of SBW outbreaks (Johns et al. 2019) to improve
the detection of hotspots and the earlier deployment of adapted
treatments.

We were also able to demonstrate that with known phenology of a
species and relatively simple to collect empirical data (presence of flight
capable individuals), it is possible to characterize insect dispersal using a
simple algorithm and spatial model. Furthermore, the method was
designed to incorporate complementary data such as advanced weather
models or spatial habitat suitability data while being also flexible in
terms of spatiotemporal resolution, allowing users to study a wide range
of dispersal events from short-term local events to long-term seasonal
dispersal across landscapes. Due to its versatility and scalability this
method could also be easily applied to other outbreaking species and
used to inform management decisions in a variety of systems where
outbreaks represent a risk to resources of interest.
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