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Introduction
Caterpillars are an important component of forest ecosystems as both herbivores on
woody and herbaceous vegetation and as a food resource for higher trophic levels.
Trends in the abundance, biomass, or phenology of caterpillars may thus have
impacts that propagate up and down food chains. Region-specific combinations of
climate and land use change may result in geographically variable responses by
caterpillar populations, and understanding this geographic variation would help
identify the most important global change drivers and their mechanisms.
Geographically widespread data on occurrence has increased tremendously with the
digitization of museum records (Nelson and Ellis 2018), the establishment of online
repositories such as the Global Biodiversity Information Facility (GBIF; Telenius
2011), and the rise of popular citizen science platforms like iNaturalist (Seltzer
2019), resulting in millions of observations across the globe. Nevertheless, questions have been raised about the types of inferences that can be made from such data
when information on the sampling effort underlying those records is biased or
unknown (Isaac and Pocock 2015; Mair and Ruete 2016; Ries et al. 2019; Di Cecco
et al. 2021).
Standardized monitoring schemes, on the other hand, are explicit about effort
and are able to provide more accurate estimates of abundance and phenology, yet
tend to yield fewer and more sparsely distributed data (Soroye et al. 2018). Given
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this tradeoff between data collection approaches, it would be useful to know how
well unstandardized occurrence records can recapitulate patterns of caterpillar
abundance and phenology observed by more standardized monitoring schemes. If
patterns are similar, this implies that the large volume of occurrence records can be
used to infer patterns at greater geographic extents and with greater spatiotemporal
resolution than would be possible from standardized monitoring data alone. If not,
then more work will be needed to understand and deal with the various sources of
bias that hamper opportunistic occurrence records.
Lepidoptera in general, and the caterpillar stage specifically, are well represented
on iNaturalist. The “Caterpillars of Eastern North America” project on iNaturalist
(https://www.inaturalist.org/projects/caterpillars-of-eastern-north-america)
has
over 400,000 observations from eastern North America alone at the time of publication. Unfortunately, while a number of geographically widespread monitoring programs exist for adult Lepidoptera (e.g. Fourth of July Butterfly Count, state- or
nationwide butterfly atlases) or for single species (e.g., Monarch Larva Monitoring
Project; Prysby and Oberhauser 2004), there have historically been no community-
wide monitoring efforts for caterpillars as a group that have collected data across
many regions. Community-wide monitoring is especially important when trying to
understand variation in total resource availability for a higher trophic level like
foliage-gleaning birds, rather than attempting to understand the dynamics of a particular taxonomic subset of caterpillars. To address this monitoring gap, the citizen
science project Caterpillars Count! was created in 2015 to collect data on the phenology and abundance of foliage arthropods on woody vegetation (Hurlbert
et al. 2019).
Here, we contrast patterns in the taxonomic representation, occurrence, and phenology of caterpillars derived from these two very different citizen science datasets,
iNaturalist and Caterpillars Count!. We describe broadscale caterpillar patterns
using each dataset and assess the strengths of each for inferring spatiotemporal
variation in caterpillar occurrence across North America.

Datasets
iNaturalist
Participants of the iNaturalist citizen science project typically submit photo observations along with a date and georeferenced location of the observation. The
observer can suggest a taxonomic identification, and then other iNaturalist users can
agree or suggest alternative identifications. The Caterpillars of Eastern North
America project is a collation of all larval Lepidoptera records in iNaturalist from
Mexico, the United States, and Canada east of 100° W longitude. The number of
records contributed to this iNaturalist project has grown steadily over time, with
more than 59,000 unique observers contributing >206,000 photos as of June 2020.
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We used all observations of larval lepidopterans including those not identified more
finely than order. Taxonomic family was specified for 178,702 observations. iNaturalist records are the result of an unknown observation process that depends both on
the number of users in space and time as well as their individually variable reporting
behavior (Di Cecco et al. 2021).

Caterpillars Count!
Caterpillars Count! is a monitoring program in which participants conduct sets of
standardized foliage arthropod surveys on woody vegetation by either carrying out
visual inspection of an area of 50 leaves and their associated petioles and twigs or
by striking a branch ten times over a beat sheet (Hurlbert et al. 2019). Each participating site has between 10 and 60 marked survey branches, all of which are ideally
surveyed once every week or two from after leaf out at least through July. Survey
branches are selected in a quasi-standardized fashion so as to capture representative
vegetation within the area deemed of interest by each individual site coordinator
(Hurlbert et al. 2019).
Participants identify all arthropods found to order and record their abundance
and length in millimeters. They may optionally take photos of their observations,
which are then submitted automatically to iNaturalist with the potential to receive
finer-level taxonomic identifications. Through June 2020, 1,278 unique users have
conducted 48,384 branch surveys at 116 sites from throughout the United States and
Canada, mostly east of 100° W. Of the 9,981 total caterpillar observations from
Caterpillars Count!, 605 were photographed, submitted to iNaturalist, and subsequently identified to the family level or below. All Caterpillars Count! observations
shared with iNaturalist, including those that were not yet identified, were removed
from the analyses representing iNaturalist patterns.

Family Composition
While Caterpillars Count! observations are specifically from trees and shrubs, iNaturalist observations are unconstrained by substrate and are more likely to capture
caterpillars in gardens, on herbaceous vegetation, and even on the ground during a
wandering phase. These differences in “sampling” process result in differential representation of Lepidoptera families within the two datasets.
Across both projects, Erebidae was one of the two most commonly represented
families in eastern North America, but there were clear differences in family representation between projects as well (Fig. 1a; χ2 = 320.6, df = 10, p < 2e-16). In the
iNaturalist dataset, Nymphalidae, Papilionidae, Sphingidae, and Lasiocampidae
were relatively overrepresented compared to Caterpillars Count!, and caterpillars in
these families are frequently large, conspicuous, and found in gardens and yards.
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Fig. 1 Relative representation of the (a) most common caterpillar families and (b) land cover
classes represented in the Caterpillars Count! (605 records identified to family, 66 sites) and iNaturalist datasets (178,702 records; 109,939 sites)

Conversely, Geometridae, and to a lesser extent, Notodontidae and Noctuidae were
relatively overrepresented in the Caterpillars Count! dataset which was restricted to
woody vegetation and which involved people actively searching for caterpillars,
many of which are cryptic in form and color (Fig. 1a). To the extent that Caterpillars
Count! participants are more likely to submit photos of showy or conspicuous caterpillars, the true proportion of these less conspicuous groups may be even greater.
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A comparison of the land cover types within a 75 m radius of each Caterpillars
Count! site and at the latitude and longitude of each iNaturalist observation based
on data from the 30 m resolution National Land Cover Database from 2016 (Yang
et al. 2018) highlights some of the differences in habitats represented between the
two datasets (Fig. 1b). Forest habitats are more sampled by Caterpillars Count!,
while high-intensity developed areas and open areas including cropland, pasture,
grassland, and scrub are more sampled by iNaturalist users (although the small sample size of Caterpillars Count! sites precludes a chi-square test here).
Based on data from Caterpillars Count! as well as a study by Seifert et al. (2020)
which examined caterpillar density across 15 common eastern North American tree
species, the most commonly encountered families of caterpillars on woody vegetation were Geometridae, Erebidae, Noctuidae, Notodontidae, Depressariidae, and
Tortricidae. Even restricting the comparison to these most commonly observed
families, Geometridae is still strikingly underrepresented in iNaturalist (8.5% of
observations compared to 36% in Caterpillars Count!), highlighting the impact of
potential biases in the observation process in opportunistic versus survey-based citizen science datasets.

Geographic Patterns
We examined spatial patterns of caterpillar occurrence during June 2019 in both
datasets using a uniform hexagonal grid (distance between cell centers of 285 km;
per cell area of approximately 70,000 km2). During this month-long window, there
were 6,380 caterpillar observations submitted to iNaturalist, and we scaled the number of observations per hex cell by the total number of insect observations per hex
cell in order to control for spatial variation in iNaturalist activity. During this period
there were 3,882 Caterpillars Count! surveys conducted which reported 876 total
caterpillars, and we calculated the number of caterpillars observed per survey within
each hex cell. Importantly, this snapshot of caterpillar density or occurrence within
the month of June may reflect slightly different points in time relative to forest leaf
out depending on latitude.
Patterns of caterpillar occurrence were spatially heterogeneous. As a fraction of
the total insect observations, iNaturalist caterpillar occurrence in June was highest
in the Upper Midwest (Minnesota, Wisconsin, Michigan), as well as in Louisiana
and Mississippi, typically making up fewer than 10% of all insect observations.
Caterpillar occurrence was lowest across the Midwest (Missouri, Illinois, Indiana,
Ohio), the southeastern states east of Mississippi, and easternmost Canada. Within
the subset of hex cells that had sufficient Caterpillars Count! surveys, Michigan,
Massachusetts, and North Carolina had the highest caterpillars observed per survey
branch, and there was a positive correlation between iNaturalist caterpillar occurrence and Caterpillars Count! density estimates (Fig. 2c; r = 0.729, p = 0.002, n = 15
hex cells).
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Fig. 2 Geographic variation in June 2019 in (a) iNaturalist caterpillar occurrence (proportion of
all insect observations), (b) Caterpillars Count! caterpillar density (the number of caterpillars
observed per branch survey), and (c) the relationship between the two at the scale of individual hex
cells. (d–f) Same as (a–c) but for the subset of caterpillars from families well represented on
woody vegetation (Erebidae, Geometridae, Notodontidae, Noctuidae, Depressariidae, and
Tortricidae). The locations of Caterpillars Count! sites with a minimum of 20 surveys conducted in
June 2019 are shown as open circles in panels (b) and (e)

Because many iNaturalist observations are presumably from gardens, yards, and
nonwoody substrates, we expected that by filtering those observations to the most
common families found on woody vegetation that the correlation between the two
datasets would become stronger. Limiting analysis to the six most common families
named above actually weakened the correlation between iNaturalist and Caterpillars
Count! datasets (Fig. 2f; r = 0.396, p = 0.144, n = 15 hex cells). In particular,
restricting the analysis to these families reduced iNaturalist caterpillar occurrence
more severely than it did Caterpillar Count! density estimates in the Upper Midwest.
While still positive, the weakness of this correlation between datasets may be due in
part to the reduced number of iNaturalist observations within these focal families,
and also highlights the remaining sources of uncertainty in the iNaturalist observation process, including geographic variation in the types of taxa, habitats, and substrates which observers sample.
Caterpillar density and diversity are well known to vary by host plant species
(Futuyma and Gould 1979; Tallamy and Shropshire 2009; Singer et al. 2012; Shutt
et al. 2019), and so the spatial patterns of caterpillar density in Fig. 2 are necessarily
impacted by the plant species on which those observations were made. For the
Caterpillars Count! dataset, unlike iNaturalist, we have information on host plant
identity, and closer examination of three of the most commonly represented species
reveals density patterns that appear to be host plant specific (Fig. 3). For example,
on American beech (Fagus grandifolia), caterpillar density was highest at lower
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Fig. 3 Host-specific patterns of caterpillar density (number per survey branch) from Caterpillars
Count! surveys on (a) American beech (Fagus grandifolia), (b) sugar maple (Acer saccharum),
and (c) red maple (Acer rubrum)

latitudes, while on sugar maple (Acer saccharum) and red maple (Acer rubrum),
density was highest at the northernmost site near Sault Ste. Marie, Ontario. Even
within regions and on the same host plant, fine-scale gradients in temperature,
humidity, and landscape context may lead to variation in caterpillar density
(Kendeigh 1979; Jeffries et al. 2006; Reynolds et al. 2007; Smith et al. 2011; Seress
et al. 2018), and thus these regional geographic patterns should be interpreted with
caution pending more thorough characterization via the addition of more sampling
sites within hex cells.

Phenology
Almost all of the work on the phenology of Lepidoptera has focused on modeling
individual species and the variance between species (e.g., Diamond et al. 2014;
Thorson et al. 2016; Belitz et al. 2020), but from the perspective of bird food, it is
caterpillar phenology in aggregate that is of interest, and specifically the phenology
during the avian nesting season (e.g., Visser et al. 2006; Lany et al. 2016; Shutt et al.
2019), which varies latitudinally but can broadly be considered to span May through
July in North America. Thus, despite the often multimodal nature of aggregate caterpillar phenology from shortly after leaf out through the fall (Fig. 4), we estimate
two phenometrics related to the period of peak caterpillar activity that should be
most relevant to birds: (1) the peak caterpillar date between May 15 and July 30 and
(2) the temporal centroid of caterpillar density or occurrence during this period. The
former measure reflects when food resources for birds were ostensibly at their highest point, but may fail to capture shifts in the overall caterpillar distribution if there
are multiple peaks of similar magnitude (Fig. 4). The latter measure captures variation in the center of mass of caterpillar observations even when the actual peak date
does not vary.
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Fig. 4 Caterpillar phenology from Caterpillars Count! surveys at the North Carolina Botanical
Garden in 2018 and 2019, illustrating the two phenometrics used, centroid date and peak date

For Caterpillars Count! data in 2019, we used data from all sites that had at least
20 branch surveys over at least 6 distinct sampling weeks spanning May 15 to July
30 and calculated the fraction of surveys detecting a caterpillar on any given date.
When there were multiple Caterpillars Count! sites within one hex cell, we calculated the peak or centroid date for each site separately, and then averaged values
across sites within a cell. For each hex cell with at least 100 iNaturalist insect observations per week, we calculated caterpillar phenology from iNaturalist data over the
6–10-week time window that matched the period of Caterpillars Count! data collection in that cell. Observations were binned by week to account for a “weekend
effect,” whereby users are more likely to contribute observations on Saturdays and
Sundays (Courter et al. 2013; Di Cecco et al. 2021).
Because caterpillar phenology is tied to leaf out and both are closely related to
spring temperatures (van Asch and Visser 2007; Uelmen et al. 2016), we also calculated average spring temperatures in each hex cell from March to June using Daymet
climate data at 1 km resolution (Thornton et al. 2019) to investigate how standardized and opportunistic citizen science surveys capture relationships between caterpillar occurrence, density, and phenology and temperature.
Peak caterpillar date was poorly correlated between the datasets (Fig. 5a–c,
r = 0.330, p = 0.352, n = 10 hex cells). The correlation was slightly stronger for
centroid date (Fig. 5d–f, r = 0.472, p = 0.169, n = 10 hex cells), which also exhibited
smoother variation with latitude (later dates at higher latitudes) than peak date.
These results suggest that peak date in particular may be an overly sensitive phenometric, at least when estimated from an underlying distribution that is often
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Fig. 5 Geographic variation in caterpillar peak date in 2019 based on data from (a) iNaturalist and
(b) Caterpillars Count!. (c) The relationship between peak date estimates from the two datasets.
Geographic variation in caterpillar centroid date in 2019 based on data from (d) iNaturalist and (e)
Caterpillars Count!. (f) The relationship between centroid date estimates from the two datasets

multimodal and from a time series of only 6–10 weekly data points. Peak date is
also expected to be more sensitive to single species outbreaks which may vary from
year to year and region to region. Centroid date is a more promising phenometric,
however, and one for which opportunistic and heterogeneous iNaturalist data may
actually convey useful information about the geographic signal of forest caterpillar
phenology.
Although the geographic variation in centroid date with latitude may be due, at
least in part, to variation in spring temperature, phenometrics might also vary from
cell to cell due to regional differences in the habitats, host plants, and Lepidoptera
fauna sampled, and the nature of this cell-to-cell variation may differ in magnitude
between iNaturalist and Caterpillars Count!. As such, it is perhaps not surprising
that these two datasets exhibit different relationships between phenometrics, latitude, and spring temperature (e.g., centroid date-temperature relationship: iNaturalist, R2 = 0.223, p = 0.168; Caterpillars Count!, R2 = 0.009, p = 0.791, n = 10 hex
cells). However, a comparison of phenometrics between years within the same hex
cell is more likely to hold some of these sources of heterogeneity constant, and thus
we might expect iNaturalist and Caterpillars Count! data to agree on the extent to
which a year is early or late for a specific hex cell. As such, we identified all of the
hex cells with sufficient Caterpillars Count! and iNaturalist data for 2 or more years
from 2015 to 2019. For each dataset-cell-year and for each phenometric (peak date
and centroid date), we calculated the difference between the phenometric in that
year and the mean phenometric across years within that cell. All phenometrics
within each dataset were thus represented as deviations from that cell’s mean. We
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Fig. 6 The relationship between interannual deviations in phenology estimates between iNaturalist and Caterpillars Count! based on (a) peak date and (b) centroid date. (c) Peak date deviations
and (d) centroid date deviations in caterpillar density as a function of interannual deviation in
spring (March through June) temperature for iNaturalist (green) and Caterpillars Count! (blue)

were then able to ask whether there was agreement between iNaturalist and
Caterpillars Count! in which years were early or late relative to that mean, as well
as how interannual deviations in caterpillar phenology were related to interannual
deviations in spring temperature.
Unfortunately, there was effectively no relationship between interannual deviations in either phenometric between the systematic monitoring of Caterpillars
Count! and the opportunistic observations reported to iNaturalist (peak date, Fig. 6a,
r = −0.217, p = 0.477; centroid date, Fig. 6b, r = −0.354, p = 0.235, n = 13 hex cell
years). Within the Caterpillars Count! dataset, years with relatively early caterpillar
phenology were also warmer, while years with later phenology were cooler (peak
date, Fig. 6c, R2 = 0.367, p = 0.028; centroid date, Fig. 6d, R2 = 0.364, p = 0.029;
blue lines, n = 13 hex cell years). While similar in variance explained, the parameter
estimates differed substantially for the two phenometrics. A shift in centroid date by
~4 days per degree warming indicates the impact of temperature on the caterpillar
fauna as a whole. In contrast, because peak date may be more sensitive to individual
species outbreaks, a shift in peak date of ~17 days per degree suggests that a
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seasonally distinct caterpillar fauna is achieving higher abundances under warming
than the fauna present during the peak period in cooler years (e.g., Fig. 4), either
through direct effects of temperature or indirectly through phenological shifts in
synchrony with host plants. Conversely, phenometric deviations within the iNaturalist dataset showed no relationship to interannual temperature deviations (peak
date, Fig. 6c, R2 = 0.003, p = 0.868; centroid date, Fig. 6d, R2 = 0.001, p = 0.902;
green lines, n = 13 hex cell years).
These results suggest that the observation process by which iNaturalist records
are obtained has too many sources of variation to reliably characterize interannual
variation in aggregate caterpillar phenology at the scale of these hex cells. Sources
of variation include the numbers, spatial distribution, temporal distribution, and
habitat representation of observations, phenological variation in the component caterpillar species among which there are early, late, and multivoltine species, as well
as other aspects regarding the intent and behavior of individual iNaturalist users
(e.g., taxonomic biases, activity of “superusers,” etc., Di Cecco et al. 2021).
Analyzing the phenology of individual Lepidoptera species with these types of data
is more promising (Belitz et al. 2020), and as the iNaturalist dataset continues to
grow exponentially, joint dynamic species distribution models and related
approaches may improve the ability to detect signal from noise in multispecies
assemblages (Thorson et al. 2016). At present, however, modeling caterpillar phenology in aggregate may require more standardized monitoring approaches like that
used by the Caterpillars Count! project (Hurlbert et al. 2019).

Climate Change and Phenological Mismatch
Many organisms that depend directly or indirectly on temperature have been
observed to shift phenology earlier in recent decades (Parmesan and Yohe 2003;
Hurlbert and Liang 2012; Cook et al. 2012), including adult Lepidoptera (Kharouba
et al. 2014; Diamond et al. 2014). The dependence of aggregate caterpillar phenology (as opposed to the phenology of any one species) on spring temperature (sometimes indirectly via the timing of green-up) has previously been shown at individual
study sites with just one or two dominant caterpillar species (e.g., Visser et al. 2006;
Burgess et al. 2018), but we show here that this applies across a much greater geographical extent spanning a much more diverse lepidopteran fauna. Current global
climate change scenarios predict continued warming of anywhere from 1.7 to 4.8 °C
globally by 2100 (Collins et al. 2013), suggesting that caterpillar phenology will
continue to shift earlier. Such phenological shifts are expected both from the direct
control of temperature on developmental rates (Knapp and Casey 1986; Gillooly
et al. 2002) and from selection imposed by the earlier leaf out of vegetation and
hence the earlier incorporation of secondary compounds that reduce leaf quality for
herbivores later in the season (Feeny 1970; Martel and Kause 2002). The actual
strength of selection for earlier phenology may depend on the relative degree of
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plasticity in responses by caterpillars and their host plants to changing
temperature.
Continued shifts in caterpillar phenology, as well as potentially increased variability in phenology due to an increased frequency in extreme climatic events
(Collins et al. 2013), may have negative consequences for organisms from higher
trophic levels that depend heavily on caterpillars as a food resource. In particular,
many species of foliage-gleaning birds have been found to rely heavily on caterpillars for raising their young (Holmes et al. 1979; Holmes and Schultz 1988; Sillett
et al. 2000; Jones et al. 2003) and could face potentially reduced reproductive success if the reproductive period of high nestling resource demand does not shift in
parallel with caterpillars. Negative fitness consequences have been demonstrated as
a result of such phenological mismatch for resident great tits (Parus major) in the
Netherlands (Visser et al. 2006; Reed et al. 2013), which have not advanced the timing of breeding as much as the shift in peak caterpillar date. Phenological mismatch
is of even greater concern for long-distance migrants which have shown less sensitivity to interannual variation in breeding ground conditions compared to residents
and short-distance migrants (Saino et al. 2011; Hurlbert and Liang 2012; Youngflesh
et al. 2021) and which are presumably less able to accurately assess those conditions in distant breeding areas.
Several challenges confront research exploring the consequences of phenological mismatch between caterpillars and birds. First, the sensitivity of phenological
responses appears to vary between species for both Lepidoptera (Kharouba et al.
2014; Diamond et al. 2014) and birds (Saino et al. 2011; Mayor et al. 2017), and
also geographically within species (Hurlbert and Liang 2012; Youngflesh et al.
2021). This means that caterpillar phenology in aggregate may be difficult to predictively model without taking into account the individual responses of common species and species prone to outbreaks, which will vary regionally. Coupled with
regional variation in avian sensitivity, an accurate understanding of phenological
mismatch across a bird’s geographic range will require the integration of avian and
lepidopteran datasets spanning large extents and fine temporal resolution to fully
unravel.
Examining the consequences of phenological mismatch also requires being able
to quantify mismatch in a meaningful way. While the majority of studies that have
compared caterpillar phenology with avian nesting phenology have focused on
comparing shifts and differences between peak dates (e.g., Visser et al. 2006; Hinks
et al. 2015), the height and width of caterpillar phenology curves may be equally or
more important to birds than the timing alone (Shutt et al. 2019). Visser et al. (2015)
found that an interaction between the height and timing of the caterpillar peak determined the number of nestlings fledged, with stronger seasonal selection during
years with lower caterpillar peaks. Integrating the availability of high-value caterpillar prey over the entire nestling period may be the most relevant metric for predicting avian reproductive success, and comparing the integrated value of caterpillar
availability during that period to the amount of nestlings would have experienced
had the parents shifted reproduction earlier or later could provide a useful measure
of phenological match. Both of these measures merit further research, especially
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with regard to whether and how the large volumes of existing opportunistic data
might be integrated with information from structured surveys.

Conclusions
Caterpillars play a central role in forest ecosystems as both herbivores and as a food
source for consumers, and citizen science datasets present an increasingly useful
resource for understanding spatial and temporal patterns of caterpillar occurrence,
abundance, and diversity. Projects like iNaturalist that consist of opportunistic photo
observations have proven useful for mapping species distributions (Chardon et al.
2015; Fourcade 2016; Feldman et al. 2020) and for modeling the phenology of individual species (Taylor and Guralnick 2019; Barve et al. 2020). Estimates of caterpillar density, however, require knowledge of the total survey effort expended, and
therefore are best obtained through standardized sampling protocols like those of
the Caterpillars Count! project that report absences as well as presences.
Nevertheless, we found that by scaling caterpillar observations by the total number
of insect observations, iNaturalist was still able to recapitulate some of the geographic variation in density observed in the Caterpillars Count! dataset. As these
citizen science data collection efforts continue into the future, they will provide a
critical means of assessing abundance trends and the impacts of climate and land
use change.
Finally, estimates of phenological timing of caterpillars in aggregate were less
well correlated between the datasets across both space and time. Until methods are
developed to better understand and deal with the sources of uncertainty and bias in
the sampling process underlying opportunistic datasets like iNaturalist, geographically broadscale attempts to estimate phenological mismatch between caterpillars,
and their avian predators will need to rely heavily on more systematic monitoring
efforts.
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