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Caterpillar movement mediates e

spatially local interactions and determines
the relationship between population density
and contact

Brendan D. Carson'", Colin M. Orians' and Elizabeth E. Crone'”?

Abstract

Background While interactions in nature are inherently local, ecological models often assume homogeneity

across space, allowing for generalization across systems and greater mathematical tractability. Density-dependent
disease models are a prominent example of models that assume homogeneous interactions, leading to the predic-
tion that disease transmission will scale linearly with population density. In this study, we examined how the scale

of larval butterfly movement interacts with the resource landscape to influence the relationship between larval con-
tact and population density in the Baltimore checkerspot (Euphydryas phaeton). Our study was inspired by the recent
discovery of a viral pathogen that is transmitted horizontally among Baltimore checkerspot larvae.

Methods We used multi-year larvae location data across six Baltimore checkerspot populations in the eastern U.S.

to test whether larval nests are spatially clustered. We then integrated these spatial data with larval movement data

in different resource contexts to investigate whether heterogeneity in spatially local interactions alters the assumed
linear relationship between larval nest density and contact. We used Correlated Random Walk (CRW) models and field
observations of larval movement behavior to construct Probability Distribution Functions (PDFs) of larval dispersal,
and calculated the overlap in these PDFs to estimate conspecific contact within each population.

Results We found that all populations exhibited significant spatial clustering in their habitat use. Subsequent larval
movement rates were influenced by encounters with host plants and larval age, and under many movement sce-
narios, the scale of predicted larval movement was not sufficient to allow for the "homogeneous mixing” assumed
in density dependent disease models. Therefore, relationships between population density and larval contact were
typically non-linear. We also found that observed use of available habitat patches led to significantly greater contact
than would occur if habitat use were spatially random.

Conclusions These findings strongly suggest that incorporating larval movement and spatial variation in larval inter-
actions is critical to modeling disease outcomes in £. phaeton. Epidemiological models that assume a linear relation-
ship between population density and larval contact have the potential to underestimate transmission rates, especially
in small populations that are already vulnerable to extinction.
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Background

Interactions among organisms are inherently local
Nonetheless, many models of ecological dynamics start
with the assumption of homogeneous interactions
among individuals across space. Incorporating spatially
local interactions can change model outcomes in many
circumstances (e.g. [59, 62, 67, 68]), but adding complex-
ity also makes models less broadly applicable, somewhat
undermining the goal of describing general ecological
principles [28]. Furthermore, including spatially explicit
interactions is not always necessary to accurately cap-
ture system dynamics. For example, after rigorously
measuring the effect of local competitive interactions
among annual plants to parameterize a dynamic com-
munity model, Pacala and Silander [64] found that the
scale of seed dispersal was large enough to eliminate
any observable effect of local competition over time. In
subsequent work, the same authors showed that local
interactions were drivers of species distributions among
woody plants, where the relatively small scale of disper-
sal allowed local interactions to predominate [63]. Thus,
even though spatial heterogeneity is a near-universal
phenomenon, its relative effect depends on the scale of
movement in the system of interest.

Density-dependent disease models are a prominent
example of the use of the assumption that interactions
are spatially homogeneous. The assumption that each
host has an equal probability of encountering every other
host in a given population [33, 40] results in a linear rela-
tionship between population density and conspecific
contact rates, and therefore disease transmission [2, 6].
This simplification allows for straightforward estimation
of key disease parameters and predictions about disease
dynamics [2, 6].

Recently, more attention has been given to the influ-
ence of local interactions on disease outcomes. In the
well-studied badger-bovine TB system, network clus-
tering created by badger social structure creates dis-
proportionally high levels of contact within clusters,
disrupting the relationship between population density
and transmission [8, 90, 92]. Similarly, non-linearities
between population density and contact can also arise
through spatial clustering in habitat use [93]. Clearly, a
better understanding of the circumstances under which
increasing population density results in more contact
can improve our understanding of disease risk, and
improve wildlife management decisions [24, 94]. How-
ever, understanding when spatially local interactions

alter the relationship between density and contact
requires work grounded in host movement behavior
that spans multiple populations.

The tools available to integrate disease ecology and
animal movement vary among taxa. Long-term move-
ment data obtained through geolocated transmit-
ters have been particularly useful for illuminating the
host—pathogen contact process in vertebrate taxa such
as deer, racoons, zebra, impala, and wildebeest [30, 38,
41, 86]. However, because the majority of mobile spe-
cies are too small to tag with a transmitter [51], rely-
ing on these methods creates a taxonomic bias in our
understanding of the processes underlying disease
transmission. Advancing our understanding of move-
ment-mediated contact in insects in particular presents
an opportunity in disease ecology: many insect patho-
gens are well-studied, and the recent use of molecular
methods have revealed a suite of previously cryptic
insect pathogens (Corey and Myers 2004), [1, 29, 34, 37,
56, 57, 73, 79]. Insects play an enormous role in ecolog-
ical processes, comprising much of the planet’s animal
diversity [85, 91]. Moreover, because insect herbivores
often feed on plants that have patchy distributions, they
present an ideal system for examining the relationship
between spatial heterogeneity in habitat use, popula-
tion density, movement, and conspecific contact.

For insects, there is a long tradition of studying
movement by tracking individual animals over short
time periods using direct observation, then scaling to
long-term dispersal using a correlated random walk
(CRW) model [48, 76, 88]. Because herbivorous insects
often exhibit CRW movement while searching for suit-
able food or oviposition sites [12, 16, 39], foraging dis-
persal can be modeled as a diffusion process. In this
study, we use a CRW approach to understand the role
of spatially local interactions and larval movement to
contact rates in the Baltimore checkerspot butterfly
(Euphydryas phaeton). Several aspects of E. phaeton’s
life history make it a particularly tractable study system
(e.g., [12, 13, 75, 80-83]. Adult females lay their eggs
in batches, which suggests that more frequent inter-
actions may occur among larval groups from adjacent
oviposition locations. The disjunct nature of E. phae-
ton populations allows for an examination of the rela-
tionship between habitat use, population density, and
conspecific contact across independent populations.
Finally, a densovirus (JcDV) was recently found in E.
phaeton populations in New England [57], providing a
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strong motivation for understanding contact processes
in the caterpillar host.

In this study, we integrate observations of caterpillar
movement behavior with observed larval nest locations
to estimate proportional conspecific contact within dif-
ferent E. phaeton populations spanning a range of pop-
ulation sizes and densities. Specifically, we ask: (a) How
clustered are Baltimore checkerspot oviposition sites
(nests) within available habitat patches?; (b) Given the
scale of predicted larval movement, does the observed
scale of heterogeneity in habitat use influence predicted
larval contact?; and (c) Do observed patterns of habitat
use lead to a linear relationship between population den-
sity and conspecific contact (i.e. as assumed in simple
disease models)?

Methods
Study system
Euphydryas phaeton occurs throughout much of eastern
north America, where it is associated with wetland and
old-field habitats. This species is of conservation concern
in much of its range, and population sizes are known to
fluctuate widely, largely for unknown reasons [22]. This
species has one generation per year. Female E. phaeton
lay eggs in clusters in mid-summer, using either Chelone
glabra or Plantago lanceolata as oviposition host plants
in the Northeastern United States [9]. Early instar (1st—
4th) larvae are gregarious and form silk webs (hereafter
“nests”) containing~90-150 sibling larvae [11]. These
nests are easily surveyed during late summer and early
fall before larval diapause. Larvae overwinter as 4th
instars under the leaf litter of their natal nests. After
overwintering, post-diapause larvae disperse from their
natal sites as non-gregarious foragers, feeding on a suite
of plants containing iridoid glycosides [3, 9] and encoun-
tering larvae from other nest groups in the process.
Foraging at the postdiapause larval stage likely plays
an important role in horizontal disease transmission:
viral particles are present in infected larval frass and
decomposing cadavers (B. Carson unpubl. data; [57]),
and feeding on JcDV-contaminated host plants leads to
infection, substantial mortality in post-diapause larvae,
and can impact population demographic rates (B. Car-
son unpubl. data). JcDV can persist on the leaves of food
plants for several weeks, but in a separate experiment we
found that viral loads decayed by ~ 3 orders of magnitude
over a 6-week period, presumably through exposure to
UV radiation (B. Carson unpubl. data). Thus in this sys-
tem, as found in other systems, pathogen transmission
is dependent on larvae occupying the same location in
space, though not necessarily at the same time [30]. Our
study was motivated by the possible implications of nest
clustering and spatially local interactions for transmission
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of JcDV. While understanding drivers of disease was the
impetus for this analysis, the nest location data we used
were collected before we were aware of JcDV’s presence.

We surveyed E. phaeton nests at three sites in Mary-
land and four sites in Massachusetts over multiple years
(Additional file 1: Supplement 1.1, Table S1). All three
Maryland populations used C. glabra as their host
plants. In Massachusetts, the Appleton population used
C. glabra, the Harvard populations used C. glabra and P
lanceolata, and the Upton population used P. lanceolata.
E. phaeton habitat is variable in the abundance and distri-
bution of host plant resources, which may influence for-
aging movement in post-diapause larvae. Movement path
data in this study were collected in two habitat contexts:
the Upton field population, which had low host plant
density, and an old-field site on Tufts’ campus, which had
a high host plant (P, lanceolata) density.

Larval nest distributions
Each site was visited multiple times during the larval pre-
diapause period in late summer, and nests were surveyed
using a sight-resight protocol similar to that detailed
in Iles et al. [44], as described by Brown et al. [11]. The
surveyor slowly walked over the entirety of the site, and
when nests of larvae were found they were recorded
and geolocated. This species has one generation per
year, and no temporal overlap between the various life-
stages. Therefore, the larval nests represent the entire E.
phaeton population within a site during the year of the
survey. Pre-diapause nest locations indicate the starting
positions of the mobile post-diapause stage, during which
larvae are most susceptible to JcDV transmission. We did
not assess the number of larvae in most nests, because
this process is invasive and can impact larval survival.
However, previous surveys of larval nests show that prior
to diapause, nests have~10-200 larvae (median=50),
and about half of these survive to the following spring
(Supplement 1.7; see [11, 13]). For the analysis presented
in this paper, we use a simple metric of contact that does
not depend on nest size (see Larval contact index, below).
The habitat available for larval use at each site was
determined using field observations of adult butterflies,
host plants, and larval nest occurrences (cf. [10]). Briefly,
we delineated habitat patch polygons in the field with a
GPS, and computed the area within each habitat polygon
in ArcGIS. To assess whether each site-years’ larval nest
point pattern was more clustered than would be expected
by chance, we used a Clark-Evans test with a Cumulative.
Distribution Function (CDF) correction (spatstat
package; [4]). This Clark-Evans metric (CE-R) assesses
the degree to which points patterns are aggregated, ran-
domly, or evenly dispersed within each sites’ habitat pol-
ygon compared to a Poisson process point distribution.
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The nest density of each site-year was calculated by
dividing the number of nests found at that site that year
by that site’s available habitat area (nests/m?). We used
nest density as a proxy for butterfly population den-
sity, because during late summer the entire population
is within pre-diapause nests and can be easily surveyed
[11]. The two Harvard populations were separated by a
forest, and adult butterflies were occasionally (but not
frequently) observed moving between the two patches of
meadow during mark-recapture studies [13]. However,
these two sites are discontinuous at the scale of larval dis-
persal (E. Crone, pers. obs) and thus treated as separate
populations in our study.

Larval movement

We collected individual larval movement path data from
post-diapause 4th—6th instar larva during May and June
2020. Larval paths were observed in situ at the Upton E.
phaeton population and ex situ at an old field on Tufts
Medford campus. Host plant availability differed substan-
tially between these two sites, and by collecting move-
ment path data under a range of resource densities we
hoped to capture a range of larval movement behaviors.
121 paths were observed on 21 separate days, and at the
end of each observation we measured each larva’s head
capsule width to determine its instar. Larvae released at
Tufts for path observation were collected from the Upton
population on the preceding day. Each larva was fol-
lowed for 20 min, and at one-minute intervals we placed
a sequentially numbered flag next to the larvae to mark
its position. We also noted larva-host plant encounters
and feeding bouts, and qualitatively noted larval behavior
as they approached host plants. After 20 min, we photo-
graphed the path alongside a compass and meter stick.

Each movement path photo was uploaded to Image]
FIJI processing software, and we measured the length
between each movement step and the turning angle
between each move (Fig. 1). These measurements were
then used to calculate each movement step’s length (cm),
and cosine and sine of the turning angle as in Turchin
[89]. Movement path photos were also used to quan-
tify the density of host plants surrounding each larval
path. Because individual P lanceolata rosettes variable
substantially in their size, we estimated the number of
leaves/m?,

We limited our statistical analyses to movement paths
that contained at least 4 movement steps (Upton n=31;
Tufts n=58). We used linear mixed effects models in R
(Ime package; [5]) with date and individual larvae ID as
random factors to investigate whether the movement
path parameters of step length, cosine and sine of the
turning angle were influenced by larval instar or data col-
lection site. Prior to conducting analyses, we transformed
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Fig. 1 An example of a larval movement path from a 5th instar

larva recorded at Tufts’campus. The larva traversed the entire

path over a 20-min period, and each circular disc is on a metal pin
that indicates the larva's location in one-minute intervals. Each
movement step is represented by an arrow. In this path, the arrow
between points A and B represents the tenth movement step. The arc
between the final movement step and the dotted line (C) indicates
the turning angle between movement step 18 and movement step
19. N indicates north

the cosines and sines of the turning angles prior to analy-
sis by dividing by two and adding 0.5 [77], and examined
the residuals of each independent variable for normality.
We conducted marginal hypothesis testing to evaluate
model terms and dropped non-significant interactions
(Crawley 2012). Terms in the final model were evaluated
using marginal likelihood ratio tests, implemented with
the car,;Anova() function in R. The variables in the final
model for each movement parameter were then used to
generate the diffusion coefficients as described below.

As a secondary analysis, we evaluated whether host
plant encounters altered larval movement behavior. We
tested each movement parameter using linear mixed
effects models with date and larvae ID as random factors,
and a fixed effect of whether the larvae had yet encoun-
tered a host plant in each movement trial. We limited
this analysis to the Tufts dataset, because the host plant
encounter rate at Upton was too low to provide sufficient
data for statistical inference (15 out of 356 movement
steps at Upton occurred after host plant encounters, vs.
115 out of 507 movement steps at Tufts).

We compared the CRW-predicted and observed larval
displacements (Additional file 1: Figure S1) and found the
CRW diffusion approximation, although slightly lower,
was a reasonable approximation of larval displacement
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and therefore an appropriate model for E. phaeton lar-
val movement (Supplement 1.3). Because larval instar
and path observation site were both significant predic-
tors of movement step length (see Results), we gener-
ated diffusion coefficients using site specific step length
parameters:

D= <m2 + (Zm%) * <1:pw>>/(4t) (1)

where D is the diffusion coefficient, W is the mean cosine
of the turning angle, m; is the site and instar-specific
mean step length and m is the site and instar specific
mean squared step length and £ is the time spent in mov-
ing in a given instar [89],Table 2).

Larval contact index

We used the instar-specific diffusion coefficients to gen-
erate two-dimensional Gaussian Probability Distribu-
tion Functions (PDF) centered on each larval nest site
(Additional file 1: Supplement 1.4, Figure S2). The PDF’s
standard deviation is +/2¢D where ¢ is the time spent dis-
persing during a given post-diapause instar (estimated
from field data; Supplement 1.5) and D is the instar and
rate-specific diffusion coefficient calculated above. The
PDF for 4th, 5th and 6th instars accounted for dispersal
that would have occurred during previous post-diapause
instars by using an average diffusion coefficient weighted
by mean number of days spent in each instar (estimated
from experimental data; Supplement 1.6). To estimate the
population-wide proportional contact for a given year, we
generated a metric to describe likely contact among nests
by quantifying the amount of overlap between each larval
nest’s PDF using Schoener’s Index [74, 78]:

1 n
1= 2> lp@); = po)il (2)
i=1

where p(x) and p(y) represent the two PDFs, and index
values of 0 and 1 indicate no overlap or complete overlap,
respectively.

We used the fMultivar package in R [95] to simulate a
grid of 1x 1 m cells (i), projected each PDF on the grid so
that each cell’s z value represented the probability associ-
ated with each PDF. As a simple metric of relative con-
tact rates for each site-year, we computed the Schoener’s
overlap between every pair of larval nests at each instar
stage (see Supplement 1.4). Then we summed each nest’s
total overlap. A site-year’s contact index is the average
of each of these nest-level contact estimates. This analy-
sis was performed once using movement parameters
estimated from Upton movement paths and again using
Tufts movement parameters.
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After calculating the mean contact index for each site-
year, we evaluated site-year means of Schoener’s over-
lap index using mixed effects models (Ime4 package,
[5]) with movement rate (Upton vs. Tufts), larval instar,
number of nests, nest density, and the Clark-Evans clus-
tering metric as fixed-effect predictors, and site as a ran-
dom factor. Because nest density was calculated using
nest number, these factors are collinear and should not
be included in the same model [96]. Therefore, we first
constructed two separate full-interaction models using
each of these parameters and compared them using delta
AIC. We then removed nonsignificant interactions from
the best model (nest density vs. nest number). Terms in
the final model were evaluated using type II marginal
likelihood ratio tests, implemented with the car::Anova()
function in R.

To investigate the effect of observed spatial clustering
on larval contact, we generated 20 replicates of simulated
Poisson-process point patterns at the same densities as
observed nests for each site-year. We combined the over-
lap data resulting from these simulated nest distributions
with overlap data from observed nest distributions and
then used a mixed effect model to test for the effect of
movement rate, larval instar, and point pattern source
(observed or simulated), with site as a random factor
using the model selection approach described above.

Results

Larval nest distributions

The number of Baltimore checkerspot nests detected
ranged from a low of four (Harvard East in 2019) to a high
of 309 (Upton in 2019; Fig. 1F; Additional file 1: Table S1).
Available habitat ranged from 1190 m? (Alesia) to 21,821
m? (Harvard West; Additional file 1: Supplement 1.2,
Table S1). The Clark-Evans R values for all site-years were
below 1.0, suggesting that nests were more clustered than
expected by chance (Fig. 2). Larval nest distributions in
fourteen of the 20 site-years were significantly more clus-
tered within available habitat than expected by chance
(Additional file 1: Table S1); the remaining six sites-years
had too few observed nests to conduct a significance test
using the Clark-Evans method.

Larval movement

The best model of step length included the covariates of
larval instar and observation site without interactions.
Movement lengths ranged from 0.6 to 58.5 cm per one
minute step interval, with larvae traversing Euclidian dis-
tances between 0.1 and 9.5 m over the 20-min observa-
tion period. Movement step lengths increased with larval
ontogeny (y*=4.95, df=1, P=0.03), and Upton move-
ment paths had longer step lengths than those observed
at the Tufts campus site (y*=26.81, df=1 P<0.001) across
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Fig. 2 Top panel: A Spatial clustering within the £. phaeton populations surveyed in this study. The y axis depicts the Clark Evans clustering

metric (CE-R), in which values closer to zero indicate a higher degree of clustering. Each point denotes a year of survey: all sites were surveyed

in 2018 and 2019, and the Harvard sites were also surveyed from 2013 to 2016. Figure legend indicates the state of origin, nest density (nests/

m?), and oviposition host plants used at the site. The points corresponding to sites-years in bottom panel are indicated with year labels. Bottom
panel: An example of nest spatial distributions corresponding to different CE-R values: B The observed nest distribution of the Harvard East
population in 2016 (n=32); C The observed nest distribution of the Harvard East population in 2013 (n=46); D A simulated Poisson point-pattern
within the Harvard East habitat polygon (n=46); E The observed nest distribution of the Upton population in 2018; F The observed nest distribution
of the Upton population in 2019; G A simulated Poisson-process point pattern within the Upton habitat polygon (n=44)

all instars. There was variability in step length between
individual larvae (larvae ID random effect sd=3.4). The
sine and cosine of movement path turning angles did not
differ as a function of any predictor variables. Movement

parameter means and confidence intervals are provided
in Table 1, and the results of the likelihood ratio tests
used to evaluate each movement parameter can be found
in Supplement 1.2 (Additional file 1: Table S2).
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Table 1 Mean movement parameters estimated from movement path data
Parameter* Mean Lower CL Upper CL SE Degrees of
Freedom (df)

Sine of turning angle 0.01 -0.05 0.06 0.03 15.9
Cosine of turning angle 032 0.19 045 0.06 184
Step time (s) 102 92 113 4.90 15.2
Step length (cm)

Instar 4 Upton 6.69 0.00 14.9 4.00 26.08

Instar 5 Upton 12.03 6.83 17.2 217 6.51

Instar 6 Upton 12.01 791 16.10 172 6.76

Instar 4 Tufts 4.03 3.03 5.02 0.45 10.50

Instar 5 Tufts 424 335 513 042 16.60

Instar 6 Tufts 7.62 5.96 9.28 0.79 21.50
Step Lerwgth2 (cm)

Instar 4 Length? Upton 113 0.00 391 13540 27.20

Instar 5 Length? Upton 267 86.60 447 67.30 440

Instar 6 Length? Upton 201 74.00 327 52.10 6.19

Instar 4 Length? Tufts 22.50 4.59 40.50 8.06 10.00

Instar 5 Length? Tufts 25.30 8.96 41.70 7.81 18.20

Instar 6 LengthzTufts 103.30 71.25 135.30 15.90 15.90
Diffusion coefficient (D)**

Instar 4 D Upton 0.38 0.14 .11

Instar 5 D Upton 0.99 045 143

Instar 6 D Upton 0.82 049 1.35

Instar 4 D Tufts 0.09 0.07 0.15

Instar 5 D Tufts 0.10 0.08 0.16

Instar 6 D Tufts 0.39 0.19 046

*Larval movement Imer models described in methods

**Estimated using Eq. 5.3 from Turchin [89]:D = (m, + (2m$) * (%))/(40

P. lanceolata was less abundant at Upton than Tufts
(means of 15.9 (95% CI 0-50.8) leaves/m? and 102.7 (95%
CI 82.2-123.2) leaves/m? respectively). In our analysis
of the Tufts campus data, larvae decreased step lengths
(Y*=38.19, df=1, P<0.001) and increased time between
movement steps (y>=15.27, df=1, P<0.001) after their
first encounter with a host plant.

Larval contact index

Larval density was a better predictor of contact than
population size (AAIC=146.2). In this model, density,
clustering, movement rate, instar, and 3-way interac-
tions between Density, Clustering and Instar and Den-
sity, Clustering, and Rate significantly affected contact
(Table 2). The site-wide contact index increased with
dispersal rate and larval instar stage (significant posi-
tive main effects, Table 2; Fig. 3). The contact index also
increased with nest density and clustering (significant
positive main effects, Table 2). Although we did not
attempt to interpret each interaction, one clear pattern

was that the importance of nest density (i.e. slope of
contact vs. nest density) increased with greater dis-
persal (Fig. 4A). Conversely, the importance of clus-
tering (i.e. slope of nest clustering vs. nest clustering)
decreased with greater dispersal (Fig. 4B).

The contact index estimated from observed nest loca-
tions also differed significantly from randomly distrib-
uted nests. The mean contact index across all dispersal
scenarios was 4.42 (95% CI 3.16-5.68) for observed
point patterns and 1.07 (95% CI 0-2.32) for simulated
random point patterns. Contact indices were always
higher for observed than random nest locations (y*=
35.44, df=1, P<0.001), and, as expected, increased
with larval instar (y*=112.74, df=2, P<0.001), and
movement rate (y>*=10.15, df=1, P=0.002). This dif-
ference between observed and random nest locations
was more important in conditions with less move-
ment, as reflected by a significant interaction between
nest data source (observed vs simulated) and instar
(Y*=4.19, df=2, P<0.001).
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Table 2 Summary statistics from analysis of contact index'

Random effects Variance SD
Site 16.80 4.09
Residual 6.46 254
Marginal hypothesis tests Chisq Df Pvalue
Density 181.33 1 <0.001
Clustering 3371 1 <0.001
Rate 57.94 1 <0.001
Instar 46.15 2 <0.001
Density:Clustering 0.05 1 0.831
Density:Rate 22.36 1 <0.001
Clustering:Rate 551 1 0.016
Density:Instar 18.07 2 <0.001
Clustering:Instar 4.44 2 0.108
Density:Clustering:Rate 11.29 1 <0.001
Density:Clustering:Instar 9.52 2 0.008
Density:Rate:Instar 2.78 2 0.249
Clustering:Rate:Instar 0.83 2 0.660
Density:Clustering:Rate:Instar 1.74 2 0419

T Non-significant interactions from the full model are shown in italics. Other statistics are from the reduced model with these terms removed

Discussion

E. phaeton larval nests were spatially clustered enough to
affect contact among larvae. Under most conditions, spa-
tially local interactions disrupted the linear relationship
between population density and contact. These results
are intuitive: higher population density only results in
more contact when individuals in a population move
enough to encounter each other. Conversely, when move-
ment is low, only near neighbors come into contact, and
spatial structuring strongly influences contact rates. Spa-
tially local interactions can influence ecological processes
including disease, predation, and resource competition
[28], and other authors have also found that movement
is a key determinate of how local interactions scale up
to population-level effects (eg. [52, 54, 64]). Our results
further illustrate how understanding the relative scales of
habitat heterogeneity and animal movement is critical to
determining how spatially local interactions impact eco-
logical dynamics.

In our study, heterogeneity in spatially local interac-
tions resulted from initial clustering of larval aggrega-
tions within available habitat patches. Our larval nest
surveys demonstrate that the degree of habitat-use heter-
ogeneity can vary widely between different populations,
suggesting that the relative importance of spatially local
interactions is context-dependent. We did not attempt
to explain the underlying cause of clustered nest loca-
tions, but many factors can influence female butterfly
oviposition, including floral resource distribution [58],

host-plant abundance, and intraspecific host-plant vari-
ability [42, 69, 72]. Smaller E. phaeton populations tended
to exhibit the highest degree of clustering, which may be
tied to the use of highest-quality habitat patches by fewer
individuals. Anecdotally, when the Harvard population
was declining from 2016 to 2019 (cf. [22]), we found nests
in a relatively small proportion of the available habitat,
despite the widespread availability of host plants. More
generally, numerous past studies have evaluated the rela-
tionship between maternal oviposition preference and
offspring performance [35, 36, 53, 87]. Most of these
studies have focused on offspring performance in relation
to food quality; our results suggest that oviposition pref-
erence also affects the extent of spatial clustering, and
therefore the frequency of larval interactions.

The relative importance of spatial clustering in E.
phaeton was determined by the scale of larval move-
ment throughout their ontogeny. Our inference about
movement is based on a simple model of diffusion coef-
ficients estimated from correlated random walks (CRW).
These models have a long history of use with insects [21,
25, 48-50], especially butterflies (e.g., [12, 13, 32, 48, 76,
88], and at least one previous study used CRW models to
evaluate larval butterfly movement (the Oregon silvers-
pot, [7]). Our goal was to obtain a rough estimate of the
scale of movement in relation to clustering, and, as such,
this model is appropriate for our study. However, CRW,
like any model, is a simplification of real movement, and
may be especially prone to underestimating long-distance
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Fig. 3 The mean per-nest estimated contact for observed nest distributions (black) and simulated random nest distributions (grey) plotted
against nest density. The top three panels (A-C) show expected overlap following 4th, 5th, and 6th instar dispersal using movement parameters
from Tufts campus (i.e. slow) movement path data, and the bottom three panels (D-F) show expected mean overlap following 4th, 5th,

and 6th instar dispersal using movement parameters from Upton (i.e. fast) data. We competed linear (Contact ~ Density) and log-linear
(Contact~log(Density)) fit lines using AIC. Best fit lines are included where they significantly fit the data (p <.05). Error estimates of points and best

fit lines show 95% confidence intervals

movement [45, 70]. One incidental result of our study
was variation among parameters estimated for individual
animals. Exploring the source of this variation would be
a valuable next step, because persistent behavioral differ-
ences could lead some individuals to act as “superspread-
ers” (cf. [84]). Another interesting step would be to build
spatially explicit individual based models [86] or network
models [92] of this system once we know more about the
biology of JcDV transmission, its effects on larval sur-
vival, and the possibility of shared reservoir hosts (e.g.,
(56, 57, 60, 71]).

We estimated an index of contact based on the over-
lap of larval probability distribution functions (PDFs) fol-
lowing each stage of larval dispersal. In addition to the
CRW model constructed from movement path data, the

PDFs incorporated the amount of time larvae spent mov-
ing, as well as estimates of how long post-diapause larvae
spent in each instar. The former estimates were based on
field observations, while instar duration was measured
in a lab setting. Our lab conditions did not incorporate
the temperature variation found in nature, and this could
have influenced larval development. In a separate field
experiment on Tufts campus, the development time from
emergence to pupation ranged from 38 to 59 days in 171
butterflies over two years. The mean time from 4th instar
emergence from diapause to pupation in a lab (42 days)
was within this range, but the time in each instar may
be skewed in the field: cool temperatures early in the
spring would lengthen the time spent in the 4th instar,
and warmer temperatures later in the season could mean
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Fig. 4 The slopes of Contact vs. Density and Contact vs. Clustering in response to the degree of larval dispersal, calculated from the statistical
model shown in Table 2. The x-axis is the standard deviation of the probability distribution of larval locations at the end of each instar

less time spent in later instars. However, our finding that
variation in larval movement was the main driver of con-
tact is robust to this amount of variability in development
time.

In our study, Baltimore checkerspot movement rates
depended on habitat context: larvae at the Tufts site
moved more slowly after they encountered host plants.
Larvae also exhibited substantially greater movement
rates at Upton than Tufts, and these differences may
have been caused by the resource landscape at each site.
Specifically, sites with a high density of host plants, and
thus slower larval movement, are expected to result in
stronger local interactions. Many animals move more
slowly when they encounter resources, e.g., adult butter-
flies moving through host plant patches [23, 32, 76], lady
beetles near aphid prey [49], and wading birds in relation
to tidal flat invertebrates (Dias et al. 2009). From this we
would predict that in a disease context, slower move-
ment in resource-dense patches will facilitate pathogen
accumulation in resource hotspots [30, 41, 65] but mini-
mize population-wide transmission. Conversely, lower
resource density will lead to greater movement through-
out a habitat, resulting in a more evenly distributed dis-
ease load in the environment and among individuals. This
interplay between resource density and movement could
also contribute to a feedback between population density
and larval contact: higher population densities can lead
to faster resource consumption, subsequently resulting

in faster movement as larvae search for additional food
sources.

The site-based differences we observed in larval
movement influenced the shape of the relationship
between population density and conspecific contact.
In conditions with slower movement, the relationship
between density and contact was relatively weak, and
showed a decelerating (asymptotic) trend. The rela-
tionship between contact and density directly influ-
ences disease transmission patterns [2, 40, 65], and
analyses of wildlife epidemiological data often find
that an asymptotic relationship between population
density and transmission best describes observed dis-
ease spread [40]. While an asymptotic pattern could
result from individual variation in disease susceptibil-
ity [14, 65] or vector-based transmission [6], non-linear
relationships between contact and population den-
sity could also drive these results [30, 38, 40, 90, 92].
Our work demonstrates that spatially heterogeneous
local interactions can similarly create non-linearities
between contact and population density when move-
ment is limited. With greater larval dispersal, contact
in our study was more strongly proportional to popula-
tion density. These high-movement scenarios approach
the homogenous mixing assumed by density-dependent
disease models [27, 33], resulting in a linear relation-
ship between density and contact. However, even when
the relationship between contact and nest density was
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linear, our index of contact based on observed nest dis-
tributions was always higher than the index calculated
for a random distribution of nests on the landscape.

Our study was motivated by the possible implica-
tions of nest clustering and spatially local interactions
for transmission of a viral disease, JcDV [57]. Because
the minimum population density required to sustain
pathogen spread (Sg,) is directly proportional to the
estimated transmission rate , and B is proportional
to the contact rate, the increase in contact caused by
clustering could lower the population threshold allow-
ing for disease persistence [27, 40, 55]. Fofana and
Hurford [33] show that changes in host movement can
influence the rate of disease spread in a hypothetical
host—pathogen system, but introducing spatial hetero-
geneity is necessary to alter SR, If a threshold density
is estimated assuming a homogenous host distribution,
it may overestimate the minimum population that will
sustain pathogen spread (Connor and Miller, 2004).
This last point is important, because small populations
that appear to be below the threshold required to sus-
tain transmission are already vulnerable to extinction
from Allee effects and stochastic perturbations [24, 26,
66].

In the Baltimore checkerspot-JcDV system, spatial
clustering of larval nests is likely to affect disease trans-
mission, both qualitatively and quantitatively. Our find-
ings also suggest that different populations of the same
species can have different relationships between trans-
mission and density. Disease loads differ among Bal-
timore checkerspot populations in our region [57],
and an exciting next step would be to determine if this
variation is associated with spatial clustering of habitat,
resource density, or larval movement dynamics. Devel-
oping a broader framework of how abiotic and biotic
determinates influence habitat use and subsequent dis-
ease transmission would greatly advance our ability to
predict outcomes in specific wildlife populations. Finally,
this study reinforces that homogeneous mixing models
of local transmission between individual hosts are best
applied at scales determined by host movement, rather
than defining a ‘patch’ by the amount of contiguous habi-
tat. More generally, our work shows the power of linking
spatial pattern and animal movement to inform the con-
ditions under which spatially local interactions are likely
to drive ecological dynamics.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/540462-024-00473-X.

Additional file 1. Supplemental information supporting the main manu-
script, including site desriptions, an assessment of the correlated random

Page 11 of 13

walk model, population-level surveys of larval movement behavior, and
data linking nest numbers to total population size.

Acknowledgements

We would like to acknowledge Emma Sass, Leone Brown, Becky Fuda, Nick
Dorian and June Arriens for assistance with the nest mapping. Finally we
would like to thank Dr. Deane Bowers, Dr. Angela Smilanich, and Dr. Nadya
Muchoney for introducing us to JcDV in the E. phaeton system.

Author contributions

BDC, CMO, and EEC designed the movement study, and EEC designed the
nest location data collection. BDC conducted movement study fieldwork,
and nest location data were collected by EEC lab group members. Statistical
analyses were performed by BDC and EEC, and BDC wrote the manuscript
with assistance from CMO and EEC.

Funding
We would like to acknowledge the DOD SERDP program (awards RC-2117 and
RC-2700) for partial funding for this project.

Availability of data and materials
The datasets and R code used for these analyses are available from the cor-
responding author on reasonable request.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
'Department of Biology, Tufts University, Medford, MA 02155, USA. ?Depart-
ment of Evolution and Ecology, University of California, Davis, CA 95616, USA.

Received: 28 September 2023 Accepted: 10 April 2024
Published online: 30 April 2024

References

1. Altizer S, Hobson KA, Davis AK, De RJC, Wassenaar LI. Do healthy
monarchs migrate farther? Tracking natal origins of parasitized vs.
uninfected monarch butterflies overwintering in Mexico. PLoS ONE.
2015;10(11):e0141371.

2. Anderson RM, May RM. The population-dynamics of micro-
parasites and their invertebrate hosts. Philos Trans R Soc B-Biol Sci.
1981;291(1054):451-524.

3. Arriens JV, Brown LM, Crone EE. Phenology of feeding preference in post-
diapause Baltimore checkerspot (Euphydryas phaeton) caterpillars. Ecol
Entomol. 2021,46(2):310-8.

4. Baddeley A, Rubak E, Turner R. Spatial Point Patterns: Methodology and
Applications with R. Chapman and Hall/CRC Press, 2015. London.

5. Bates D, Machler M, Bolker B, Walker S. Fitting Linear Mixed-Effects Models
Using Ime4. J Stat Softw. 2015;67(1):1-48.

6. Begon M, Bennett M, Bowers RG, French NP, Hazel SM, Turner J. A clarifica-
tion of transmission terms in host-microparasite models: numbers, densi-
ties and areas. Epidemiol Infect. 2002;129(1):147-53.

7. Bierzychudek P, Warner K. Modeling caterpillar movement to guide
habitat enhancement for Speyeria zerene hippolyta, the Oregon silverspot
butterfly. J Insect Conserv. 2015;19(1):45-54.

8. Bohm M, Hutchings MR, White PCL. Contact networks in a wildlife-
livestock host community: Identifying high-risk individuals in the


https://doi.org/10.1186/s40462-024-00473-x
https://doi.org/10.1186/s40462-024-00473-x

Carson et al. Movement Ecology

20.
21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

(2024) 12:34

transmission of Bovine TB among badgers and cattle. PLoS ONE.
2009;(4)4:e5016.

Bowers MD, Stamp NE, Collinge SK. Early stage of host range expansion
by a specialist herbivore, Euphydryas phaeton (Nymphalidae). Ecology.
1992;73(2):526-36.

. Brown LM, Fuda RK, Schtickzelle N, Coffman H, Jost A, Kazberouk A,

et al. Using animal movement behavior to categorize land cover and
predict consequences for connectivity and patch residence times.
Landscape Ecol. 2017;32(8):1657-70.

. Brown LM, Breed GA, Severns PM, Crone EE. Losing a battle but

winning the war: moving past preference-performance to under-
stand native herbivore-novel host plant interactions. Oecologia.
2017;183(2):441-53.

. Brown LM, Crone EE. Individual variation changes dispersal dis-

tance and area requirements of a checkerspot butterfly. Ecology.
2016;97(1):106-15.

Brown LM, Crone EE. Minimum area requirements for an at-risk butterfly
based on movement and demography. Conserv Biol. 2016;30(1):103-12.
Brunner JL, Beaty L, Guitard A, Russell D. Heterogeneities in the infection
process drive ranavirus transmission. Ecology. 2017;98(2):576-82.
Cavigliasso P, Phifer CC, Adams EM, Flaspohler D, Gennari GP, Licata JA,
Chacoff NP. Spatiotemporal dynamics of the landscape use by the bum-
blebee Bombus pauloensis (Hymenoptera: Apidae) and its relationship
with pollen provisioning. PLoS ONE. 2020;15(7):e.0216190.

Cain ML. Random search by herbivorous insects - a simulation-model.
Ecology. 1985;66(3):876-88.

Conner MM, Miller MW, Movement patterns and spatial epidemiol-

ogy of a prion disease in mule deer population units. Ecol Appl.
2004;14(6):1870-81.

Cory JS, Myers JH. Adaptation in an insect host-plant pathogen interac-
tion. Ecol Lett. 2004;7(8):632-9.

Craft ME. Infectious disease transmission and contact networks in wildlife
and livestock. Philos Trans R Soc B-Biol Sci. 2015;370(1669):20140107.
Crawley MJ. The R book. Chichester, West Sussex: Wiley; 2013.

Crist TO, Guertin DS, Wiens JA, Milne BT. Animal movement in hetero-
geneous landscapes - an experiment with eleodes beetles in shortgrass
prairie. Funct Ecol. 1992;6(5):536-44.

Crone E. The rise and fall of a checkerspot population. News Lepidopter-
ists Soc. 2018;60:1.

Crone EE, Brown LM, Hodgson JA, Lutscher F, Schultz CB. Faster move-
ment in nonhabitat matrix promotes range shifts in heterogeneous
landscapes. Ecology. 2019;100(7).

Cross PC, Drewe J, Patrek V, Pearce G, Samuel MD, Delahay RJ. Wildlife
Population Structure and Parasite Transmission: Implications for Disease
Management. In: Delahay RJ, Smith GC, Hutchings MR, editors. Manage-
ment of Disease in Wild Mammals 2009. p. 9-29.

Davidson JD, Gordon DM. Spatial organization and interac-

tions of harvester ants during foraging activity. J R Soc Interface.
2017;14(135):20170413.

de Castro F, Bolker B. Mechanisms of disease-induced extinction. Ecol
Lett. 2005;8(1):117-26.

De Jong MCM, Bouma A, Diekmann O, Heesterbeek H. Modelling trans-
mission: mass action and beyond. Trends Ecol Evol. 2002;17(2):64.
DeAngelis DL, Yurek S. Spatially explicit modeling in ecology: a review.
Ecosystems. 2017,20(2):284-300.

Decker LE, de Roode JC, Hunter MD. Elevated atmospheric concentra-
tions of carbon dioxide reduce monarch tolerance and increase parasite
virulence by altering the medicinal properties of milkweeds. Ecol Lett.
2018,21(9):1353-63.

Dougherty ER, Seidel DP, Carlson CJ, Spiegel O, Getz WM. Going through
the motions: incorporating movement analyses into disease research.
Ecol Lett. 2018;21(4):588-604.

Dwyer G, Elkinton JS, Buonaccorsi JP. Host heterogeneity in suscepti-
bility and disease dynamics: tests of a mathematical model. Am Nat.
1997;150(6):685-707.

Evans LC, Sibly RM, Thorbek P, Sims |, Oliver TH, Walters RJ. The importance
of including habitat-specific behaviour in models of butterfly movement.
Oecologia. 2020;193(2):249-59.

Fofana AM, Hurford A. Mechanistic movement models to understand
epidemic spread. Philos Trans R Soc B-Biol Sci. 2017;372(1719):20160086.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Page 12 of 13

Fuller E, Elderd BD, Dwyer G. Pathogen persistence in the environment
and insect-baculovirus interactions: disease-density thresholds, epidemic
burnout, and insect outbreaks. Am Nat. 2012;179(3):E70-96.
Garcia-Robledo C, Horvitz CC. Parent-offspring conflicts, ‘optimal bad
motherhood”and the ‘mother knows best” principles in insect herbivores
colonizing novel host plants. Ecol Evol. 2012;2(7):1446-57.

Gripenberg S, Mayhew PJ, Parnell M, Roslin T. A meta-analysis of
preference-performance relationships in phytophagous insects. Ecol Lett.
2010;13(3):383-93.

Grove MJ, Hoover K. Intrastadial developmental resistance of third instar
gypsy moths (Lymantria dispar L) to L. dispar nucleopolyhedrovirus. Biol
Control. 2007;40(3):355-61.

Habib TJ, Merrill EH, Pybus MJ, Coltman DW. Modelling landscape effects
on density-contact rate relationships of deer in eastern Alberta: Implica-
tions for chronic wasting disease. Ecol Model. 2011;222(15):2722-32.
Heisswolf A, Uimann S, Obermaier E, Mitesser O, Poethke HJ. Host plant
finding in the specialised leaf beetle Cassida canaliculata: an analysis of
small-scale movement behaviour. Ecol Entomol. 2007;32(2):194-200.
Hopkins S, Fleming-Davies A, Belden L, Wojdak J. Systematic review of
modeling assumptions and empirical evidence: does parasite trans-
mission increase nonlinearly with host density? Methods Ecol Evol.
2020;11:476-86.

Huang Y-H, Owen-Smith N, Henley MD, Kilian JW, Kamath PL, Ochai

SO, et al. Variation in herbivore space use: comparing two savanna
ecosystems with different anthrax outbreak patterns in southern Africa.
Movement Ecol. 2023;11(1).

Hunter M. The phytochemical landscape: linking trophic interactions
and nutrient dynamics. Monographs in Population Biology, Volume 56.
Princeton (New Jersey): Princeton University Press.

Bohm M, Hutchings MR, White PC. Contact networks in a wildlife-live-
stock host community: identifying high-risk individuals in the transmis-
sion of bovine TB among badgers and cattle. PLoS ONE. 2009;4(4):e5016.
lles DT, Pugesek G, Kerr NZ, Dorian NN, Crone EE. Accounting for imper-
fect detection in species with sessile life cycle stages: a case study of
bumble bee nests. J Insect Conserv. 2019,23(5-6):945-55.

James A, Plank MJ, Edwards AM. Assessing Levy walks as models of
animal foraging. J R Soc Interface. 2011;8(62):1233-47.

Johnson TL, Cully JF Jr, Collinge SK, Ray C, Frey CM, Sandercock BK. Spread
of plague among black-tailed prairie dogs is associated with colony
spatial characteristics. J Wildl Manag. 2011;75(2):357-68.

Jonsen ID, Flemming JM, Myers RA. Robust state-space modeling of
animal movement data. Ecology. 2005;86(11):2874-80.

Kareiva PM, Shigesada N. Analyzing insect movement as a correlated
random-walk. Oecologia. 1983;56(2-3):234-8.

Kareiva P, Odell G. Swarms of predators exhibit prey taxis if individual
predators use area-restricted search. Am Nat. 1987;130(2):233-70.
Kindvall O. Dispersal in a metapopulation of the bush cricket, Metrioptera
bicolor (Orthoptera: Tettigoniidae). J Anim Ecol. 1999;68(1):172-85.
Kissling WD, Pattemore DE, Hagen M. Challenges and prospects in the
telemetry of insects. Biol Rev. 2014;89(3):511-30.

Ledru L, Garnier J, Gallet C, Nous C, Ibanez S. Spatial structure of natural
boxwood and the invasive box tree moth can promote coexistence. Ecol
Model. 2022;465:109844.

Levins R, Macarthur R. An hypothesis to explain the incidence of
monophagy. Ecology. 1969;50(5):910-1.

Lin W-T, Pennings SC. Predator-prey interactions in a ladybeetle-aphid
system depend on spatial scale. Ecol Evol. 2018;8(13):6537-46.
McCallum H, Barlow N, Hone J. How should pathogen transmission be
modelled? Trends Ecol Evol. 2001;16(6):295-300.

Muchoney NDD, Bowers MD, Carper ALL, Teglas MBB, Smilanich AMM.
Use of an exotic host plant reduces viral burden in a native insect herbi-
vore. Ecol Lett. 2023;26(3):425-36.

Muchoney ND, Bowers MD, Carper AL, Mason PA, Teglas MB, Smilanich
AM. Use of an exotic host plant shifts immunity, chemical defense, and
viral burden in wild populations of a specialist insect herbivore. Ecol Evol.
2022;12(3).

Murphy DD, Menninger MS, Ehrlich PR. Nectar source distribution as a
determinant of oviposition host species in Euphydryas chalcedona. Oeco-
logia. 1984,62(2):269-71.

Murrell DJ, Law R. Heteromyopia and the spatial coexistence of similar
competitors. Ecol Lett. 2003;6(1):48-59.



Carson et al. Movement Ecology

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71

72.

73.
74.

75.

76.
77.

78.

79.

80.
81.
82.

83.

84.
85.

86.

(2024) 12:34

Mutuel D, Rayallec M, Chabi B, Multeau C, Salmon J-M, Fournier P, et al.
Pathogenesis of Junonia coenia densovirus in Spodoptera frugiperda: a
route of infection that leads to hypoxia. Virology. 2010;403(2):137-44.
Niemelae PT, Dingemanse NJ. Individual versus pseudo-repeatability in
behaviour: Lessons from translocation experiments in a wild insect. J
Anim Ecol. 2017,86(5):1033-43.

Pacala SW. Neighborhood models of plant-population dynamics. 3. Mod-
els with spatial heterogeneity in the physical environment. Theor Popul
Biol. 1987;31(3):359-92.

Pacala SW, Canham CD, Saponara J, Silander JA, Kobe RK, Ribbens E. For-
est models defined by field measurements: estimation, error analysis and
dynamics. Ecol Monogr. 1996;66(1):1-43.

Pacala SW, Silander JA. Field tests of neighborhood population dynamic
models of two annual weed species. Ecol Monogr. 1990;60(1):113-34.
Paull SH, Song S, McClure KM, Sackett LC, Kilpatrick AM, Johnson PTJ.
From superspreaders to disease hotspots: linking transmission across
hosts and space. Front Ecol Environ. 2012;10(2):75-82.

Pedersen AB, Jones KE, Nunn CL, Altizer S. Infectious diseases and extinc-
tion risk in wild mammals. Conserv Biol. 2007;21(5):1269-79.

Pullan RL, Sturrock HJW, Magalhaes RJS, Clements ACA, Brooker SJ. Spatial
parasite ecology and epidemiology: a review of methods and applica-
tions. Parasitology. 2012;139(14):1870-87.

Rees EE, Pond BA, Tinline RR, Belanger D. Modelling the effect of land-
scape heterogeneity on the efficacy of vaccination for wildlife infectious
disease control. J Appl Ecol. 2013;50(4):881-91.

Reudler Talsma JH, Biere A, Harvey JA, van Nouhuys S. Oviposition

cues for a specialist butterfly-plant chemistry and size. J Chem Ecol.
2008;34(9):1202-12.

Reynolds A. Beyond optimal searching: recent developments in the mod-
elling of animal movement patterns as levy walks. In: Lewis MA, Maini PK,
Petrovskii SV, editors. Dispersal, Individual Movement and Spatial Ecology:
a Mathematical Perspective. Lecture Notes in Mathematics. Springer,
Berlin, Heidelberg. 2013; 2071:53-76.

Rivers CF, Longwort JF. Nonoccluded virus of Junonia coenia (Nymphali-
dae Lepidoptera). J Invert Pathol. 1972;20(3):369-70.

Robertson SM, Baltosser WH. Ozark baltimore checkerspot Euphydryas
phaeton ozarkae (Nymphalidae) oviposition selection favors more vigor-
ous hosts. J Lepidopterists Soc. 2020;74(2):73-82.

Rosario K, Breitbart M. Exploring the viral world through metagenomics.
Curr Opin Virol. 2011;1(4):289-97.

Schoener TW. Nonsynchronous spatial overlap of lizards in patchy habi-
tats. Ecology. 1970;51(3):408-18.

Scholtens BG. Host plants and habitats of the Baltimore checkerspot
butterfly, Euphydryas phaeton ozarkae (Nymphalidae), in the Great Lakes
region. Great Lakes Entomol. 1991,24(4):207-17.

Schultz CB. Dispersal behavior and its implications for reserve design in a
rare Oregon butterfly. Conserv Biol. 1998;12(2):284-92.

Schultz CB, Franco AM, Crone EE. Response of butterflies to structural and
resource boundaries. J Anim Ecol. 2012;81(3):724-34.

Sevenello M, Sargent RD, Forrest JRK. Spring wildflower phenology and
pollinator activity respond similarly to climatic variation in an eastern
hardwood forest. Oecologia. 2020;193:475-88.

Smilanich AM, Langus TC, Doan L, Dyer LA, Harrison JG, Hsueh J, et al.
Host plant associated enhancement of immunity and survival in virus
infected caterpillars. J Invertebr Pathol. 2018;151:102-12.

Stamp NE. New oviposition plant for Euphydryas phaeton (Nymphalidae).
J Lepidopterists'Soc. 1979;33(3):203-4.

Stamp NE. Parasitoids searching at host patches of Euphydryas phaeton
(Nymphalidae). Am Zool. 1980;20(4):744.

Stamp NE. Behavioral interactions of parasitoids and Baltimore checkers-
pot caterpillars (Euphydryas phaeton). Environ Entomol. 1982;11(1):100-4.
Stamp NE. Effect of defoliation by checkerspot caterpillars (Euphydryas
phaeton) and sawfly larvae (Macrophya nigra and Tenthredo grandis) on
their host plants (Chelone spp). Oecologia. 1984;63(2):275-80.

Stein RA. Super-spreaders in infectious diseases. Int J Infect Dis.
2011;15(8):E510-3.

Stork NE. How many species of insects and other terrestrial arthropods
are there on Earth? Annu Rev Entomol. 2018:63(1):31-45.

Tardy O, Masse A, Pelletier F, Fortin D. Interplay between contact risk,
conspecific density, and landscape connectivity: an individual-based
modeling framework. Ecol Model. 2018;373:25-38.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

Page 13 of 13

Thompson JN. Evolutionary ecology of the relationship between oviposi-
tion preference and performance of offspring in phytophagous insects.
Entomol Exp Appl. 1988;47(1):3-14.

Turchin P.Translating foraging movements in heterogeneous
environments into the spatial-distribution of foragers. Ecology.
1991,72(4):1253-66.

Turchin P. Quantitative analysis of movement: measuring and modeling
population redistribution of plants and animals. Sunderland, MA: Sinauer
Associates; 1998.

Vicente J, Delahay RJ, Walker NJ, Cheeseman CL. Social organization

and movement influence the incidence of bovine tuberculosis in an
undisturbed high-density badger Meles meles population. J Anim Ecol.
2007;76(2):348-60.

Wagner DL, Grames EM, Forister ML, Berenbaum MR, Stopak D. Insect
decline in the Anthropocene: Death by a thousand cuts. Proc Natl Acad
Sci USA 2021;118(2).

White LA, Forester JD, Craft ME. Using contact to explore mechanisms of
parasite transmission in wildlife. Biol Rev. 2017;92(1):389-409.

White LA, Forester JD, Craft ME. Disease outbreak thresholds emerge
from interactions between movement behavior, landscape structure, and
epidemiology. Proc Natl Acad Sci USA. 2018;115(28):7374-9.

White LA, Forester JD, Craft ME. Dynamic, spatial models of parasite trans-
mission in wildlife: Their structure, applications and remaining challenges.
J Anim Ecol. 2018,;87(3):559-80.

Wauertz, D. fMultivar: Rmetrics - Modeling of Multivariate Financial Return
Distributions. R package version 4031.84. 2023. https://cran.r-project.org/
web/packages/fMultivar/index.html

Zuur AF, leno EN, Elphick CS. A protocol for data exploration to avoid
common statistical problems. Methods Ecol Evol. 2010;1:3-14.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


https://cran.r-project.org/web/packages/fMultivar/index.html
https://cran.r-project.org/web/packages/fMultivar/index.html

	Caterpillar movement mediates spatially local interactions and determines the relationship between population density and contact
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Background
	Methods
	Study system
	Larval nest distributions
	Larval movement
	Larval contact index

	Results
	Larval nest distributions
	Larval movement
	Larval contact index

	Discussion
	Acknowledgements
	References




