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Abstract

Activity density (AD), the rate at which animals collectively move through

their environment, emerges as the product of a taxon’s local abundance and its

velocity. We analyze drivers of seasonal AD using 47 localities from the

National Ecological Observatory Network (NEON) both to better understand

variation in ecosystem rates like pollination and seed dispersal as well as the

constraints of using AD to monitor invertebrate populations. AD was mea-

sured as volume from biweekly pitfall trap arrays (ml trap�1 14 days�1).

Pooled samples from 2017 to 2018 revealed AD extrema at most temperatures

but with a strongly positive overall slope. However, habitat types varied widely

in AD’s seasonal temperature sensitivity, from negative in wetlands to positive

in mixed forest, grassland, and shrub habitats. The temperature of maximum

AD varied threefold across the 47 localities; it tracked the threefold geographic

variation in maximum growing season temperature with a consistent gap of

ca. 3�C across habitats, a novel macroecological result. AD holds potential as

an effective proxy for investigating ecosystem rates driven by activity. However,

our results suggest that its use for monitoring insect abundance is complicated

by the many ways that both abundance and velocity are constrained by a

locality’s temperature and plant physiognomy.

KEYWORD S
activity density, habitat, temperature, thermal performance curve, thermal performance
theory

INTRODUCTION

Evidence on insect declines in the Anthropocene con-
tinues to accumulate (reviewed in Wagner et al., 2021).
Much of the evidence relies on methods that measure
activity density (AD), the rate at which organisms
collectively move through their environment (Kaspari &
de Beurs, 2019). AD is the product of the abundance
(numbers or biomass) and the velocity of individuals
(Kaspari & de Beurs, 2019) and is frequently used as a proxy

for rates of population interactions like predation rates and
seed dispersal (Kaspari, 1993a, 1993b; Roslin et al., 2017;
Sam et al., 2015). However, when AD is used to infer
changes in abundance—as fluctuations in numbers from pit-
fall traps, malaise traps, windowpane traps (Gibb et al., 2019;
Hallmann et al., 2017; Montgomery et al., 2021; O’Connell
et al., 2010; Seibold et al., 2019; Southwood, 1978)—its inter-
pretation requires circumspection.

Specifically, the challenge in monitoring programs
using AD arises when changes in velocity alone—with or
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without changes in abundance—generate changes in
AD. This is particularly true when comparing changes in
AD across habitats. In two studies from monitoring net-
works in Germany (latitude range: 3�) AD trended with
time or temperature in ways that differed (Seibold
et al., 2019) or were invariant (Uhler et al., 2021) among
a handful of habitat types. Likewise, in a continent-scale
study across North America (latitude range: 46�), the
thermal sensitivity of annual AD varied across four habi-
tat categories, from positive linear (scrub), positive decel-
erating (grassland), unimodal (forests), to invariant
(wetlands, Kaspari et al., 2022). Plant physiognomy
appears to be a cause: temperature effects on insect
velocity can vary systematically when habitat structure
influences movement. This is particularly true when
comparing flying insects (as in most of the German data
referred to earlier) with cursorial insects that move along
the ground (like those of the North American study). In
the latter, seasonal variation in ground cover and stem
density can add significant noise to monitoring efforts.
Given the investment required in long-term monitoring
(Montgomery et al., 2021; Wagner et al., 2021), under-
standing when and at what seasonal temperature to sam-
ple during the growing season is likely key to designing
an effective monitoring program and interpreting its
results.

A second challenge lies in predicting how and why
the temperature of peak AD (TADmax) varies from place
to place. A parallel question in Thermal Performance
Theory (Deutsch et al., 2008; Kingsolver & Huey, 2008)
seeks to predict the geography of Topt (the temperature of
an individual’s maximum performance). Given that ecto-
therm performance tends to first increase then sharply
decline with temperature (the thermal performance
curve, Angilletta, 2009) Deutsch and colleagues predicted
that a population acclimates/adapts its Topt to both
(1) track its environment’s maximum temperature (Tmax)
and (2) maintain a buffer against the stochasticity of
weather and the consequences of being out and about
during a CTmax event. They called this buffer the thermal
safety margin (Deutsch et al., 2008). We propose a similar
set of constraints to predict the geography of the TADmax.

Here we use biweekly trap data from the National
Ecological Observatory Network’s (NEON) North American
monitoring array of pitfall traps (Levan, 2020) to test the
hypothesis that seasonally varying temperatures predictably
constrain and predict AD. We pose two questions: (1) Are
biweekly temperatures necessary and sufficient to predict
AD, and does this answer vary continentally with habitat?
(2) Is the temperature of a locality’s maximum AD (TADmax)
also predictable, tracking the locality’s maximum tempera-
ture? We use our results to clarify best practices when using
AD in monitoring insect populations.

METHODS

The NEON (Figure 1a) was rolled out over a 5-year
period (2014–2019) for a proposed 30 years of monitoring
abiotic and biotic changes across the ecosystems of the
United States (Alaska, Hawaii, Puerto Rico, and the
48 contiguous states). At each site, NEON identifies one
to four habitat types based on National Land Cover
Database land-cover codes, seven of which are used here:
deciduous forest, mixed forest, evergreen forest, herba-
ceous grasslands (henceforth grasslands), pasture/hay,
shrub scrub (henceforth scrub), and woody wetlands
(henceforth wetlands) (Fry et al., 2008). At each NEON
site, 10 pitfall trap arrays are distributed across the habi-
tats (four traps per array from 2015 to 2017, three hence-
forth) (Levan, 2020) and sampled across the growing
season, defined as the weeks when average minimum
temperatures exceed 4�C for 10 days and ending when
temperatures remain below 4�C for the same period.

Each trap is a 473-ml plastic container containing
150–250 ml of 1:1 deionized water and propylene glycol
(summarized in Levan, 2020). Traps are placed flush in
the soil with a square cover 1.5 cm above the trap. Traps
are emptied and replaced every 14 days, with the con-
tents of all traps from a given array combined and stored
in 95% EtOH-filled 50-ml tubes (some arrays required
multiple tubes). Here we used data from the 2017 and
2018 field seasons, from each habitat at a site for
which we were able to obtain a full season of two pitfall
arrays. This produced a total of 47 site–habitat combina-
tions (henceforth “localities”), each representing four
full-year array pitfall series (Figure 1; Appendix S1:
Figure S1).

We measured biweekly AD (ml invertebrates
trap�1 14 days�1) by quantifying the volume of inverte-
brates in EtOH in each storage tube by sight (repeatabil-
ity of measure r2 = 0.99, Kaspari et al., 2022). Some
samples consisted of multiple tubes of dung and beetles
and were judged as outliers in which traps acted as baits.
Hence, we excluded the <2% of samples with three or
more tubes of material. Our final data set included a total
of 1961 biweekly pitfall samples.

For each biweekly sample period we calculated the
mean air temperature as the average of the daily
minimum and maximum over the 14 days preceding the
sample date. We used the Daymet V4 database (Thorton
et al., 2020), which provides gridded estimates of daily
weather for most of North America. Daymet V4
interpolates and extrapolates daily meteorological station
data from the National Oceanic and Atmospheric
Administration’s Global Historical Climatology Network.
The spatial resolution of the gridded data set is 1 � 1 km.
This data set was published as version 4 on 8 April 2021.
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We used SAS 9.4 (SAS Institute, 2013) for all
statistical analyses. To test the first hypothesis—that
temperature constrains AD consistently across the six
habitat types—we used two complementary analyses.
First, we used a generalized linear mixed model (SAS
Proc GLIMMIX), assuming a Gaussian distribution,
to quantify variation in biweekly AD as a function of
habitat (as a class variable) average biweekly temper-
ature (a continuous variable), and we used year and
array as a random variable. Second, because the
scatterplot of AD versus temperature for the 1961
samples suggested a triangular constraint function,
we analyzed the AD–temperature plot using quantile
regression (Proc QuantReg), identifying the best fit
linear relationship for the 0.9, 0.5, and 0.1 quantiles.
Then we used a generalized linear mixed model as
previously to test the hypothesis that the average
biweekly TADmax of a locality (the mean from
2 years � 2 arrays) increased with the mean biweekly
Tmax, consistently across the six habitat types, and
that the gap between TADmax and Tmax was consis-
tent across habitats. Data are available online at
Kaspari (2021).

RESULTS

Across 47 NEON localities (Appendix S1: Figure S1) the
mean daily growing season temperature ranged threefold
from 11–29�C in two of its grasslands: in Colorado
(NEON site NIWO, 40� N) and Oklahoma (OAES,
35� N). The average maximum AD over the same area

ranged fourfold, from 5.9 ml trap�1 14 day�1 in an
Alaska evergreen forest (DEJU) to 22.4 ml trap�1 14 day�1

in a North Dakota grassland (NOGP). Broken down by
the 47 localities, we observed considerable variation in
plots of biweekly temperature with AD (Appendix S1:
Figure S1).

Given the triangular scatterplot of AD versus temper-
ature across the NEON network (Figure 2a) we analyzed
the relationship—and the influence of habitat—in two
complementary ways. First, a generalized linear model
using all the biweekly data (Figure 2a) revealed very
strong evidence for temperature effects on AD
(F1,1849 = 14.4, p < 0.0002), strong evidence for its inter-
action with habitat (F6,1849 = 3.1, p < 0.0051), and mod-
erate evidence for differences in average AD among
habitats (F6,1849 = 2.7, p < 0.012). Analyzed individually
with least-squares (LS) regression, AD increased with tem-
perature in three habitats and decreased in a fourth
(Figure 2a):

1. Grassland; AD ~ 0.13 T; t1,308 = 2.6, p < 0.0091;
r2 = 0.02;

2. Mixed forest; AD ~ 0.20 T; t1,144 = 3.2, p < 0.0019;
r2 = 0.07;

3. Scrub; AD ~ 0.37 T; t1,253 = 6.5, p < 0.0091; r2 = 0.14;
4. Wetlands; AD ~ �0.18 T; t1,110 = �2.8, p < 0.0070;

r2 = 0.07.

The three remaining habitats revealed no clear relation-
ship between AD and temperature.

To further explore whether temperature was neces-
sary, but not sufficient, to predict AD, we ran quantile

F I GURE 1 How we generate activity density (AD) data from National Ecological Observatory Network’s (NEON) array of pitfall traps.
(a) We relied on samples from 30 NEON sites for which at least two pitfall arrays are available for each habitat (here, Niwot Ridge

Long-Term Ecological Research program LTER, a high-elevation site in Colorado). (b) Pitfall arrays (squares) for each site’s National Land
Cover Database class (here, herbaceous grasslands and evergreen forests) were loaned from the NEON repository from 2017 to 2018 for a

total of four array samples per habitat. (c) Each year/array yields a trajectory of average air temperature (�C) and AD (ml trap�1 14 days�1)

across biweekly sample periods (circles). (d) These are compiled to describe, for each locality (i.e., site habitat), the relationship between AD

and temperature (e.g., 2 arrays � 2 years � 5 samples = 20 data points).

ECOLOGY 3 of 7
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regressions (quantiles 0.1, 0.5, 0.9) with slopes varied
across the quantiles:

1. Quantile 0.1; AD ~ 0.03 T; t = 3.14; Pr > jtj = 0.0017;

2. Quantile 0.5; AD ~ 0.12 T; t = 4.19; Pr > jtj = 0.0001;
3. Quantile 0.9; AD ~ 0.23 T; t = 4.23; Pr > jtj = 0.0001;

Although all three quantiles provided strong to very
strong evidence for temperature constraints, the 0.1
quantile was much flatter (i.e., a 1-ml increase in AD
requiring a 33�C increase in temperature), whereas the
median quantile required an 8� increase in temperature
toward the same end, and the 90th quantile required a
4�C increase.

Across the 47 localities, the average maximum
biweekly AD (TADmax) was a linear function of the
locality’s own average maximum air temperature (Tmax,
Figure 2b). Across a threefold range of TADmax—from
10�C in a Colorado grassland (NIWO) to 28�C in an
Oklahoma grassland (OAES)—a generalized linear
model found very strong evidence for a constraint
of Tmax that was consistent across habitats (Tmax:
F1,39 = 253, p < 0.0001; habitat: F1,39 = 0.2, p < 0.97). A
LS regression (TADmax = �1.7 + 0.95Tmax, p < 0.0001,
r2 = 0.87) revealed a linear relationship (test of slope = 1,
F1,45 = 0.86, p = 0.36). The average gap between TADmax

and Tmax (median 2.8�C) was remarkably constant across
the habitat types (GLM F1,40 = 0.25 p = 0.96), with
least-square means revealing TADmax’s from 2.0�C below
Tmax (wetlands) to 3.4�C (scrub).

DISCUSSION

Ectotherm activity is frequently an increasing function
of temperature up to some maximum (reviewed in
Angilletta, 2009). Less is known about ectotherm
assemblages, even as that collective behavior is key to
a range of community interactions and ecosystem ser-
vices (Del Toro et al., 2012; Ness et al., 2004), including
the rate at which predators find their prey (Roslin
et al., 2017), herbivores find their host plants, and
mutualists find each other. In an earlier analysis of
NEON pitfall AD from Alaska to Puerto Rico (Kaspari
et al., 2022), annual AD increased linearly with average
growing season temperature (scrub), increased but
decelerated (grasslands), and was unimodal (forest),
accounting for 33% to >92% of the variation. Here we
show that this geographic pattern is weakly recapitu-
lated at a biweekly grain over the season, where tem-
perature primarily devolves into a constraint function:
as temperatures increase and decrease throughout the
growing season, high temperatures are necessary but
not sufficient to generate high levels of AD. However,
one feature of a locality—the temperature of its maxi-
mum AD (TADmax)—was a surprisingly consistent,
linear function of the threefold geographic variation

F I GURE 2 Drivers of activity density (AD) at National

Ecological Observatory Network pitfall traps. (a) All biweekly data

(circles) plotted against locality average temperature in that period.

Colored lines represent best-fit linear regressions for each of seven

habitat (National Land Cover Database class) types: SS, shrub scrub;

GH, grassland herbaceous; MF, mixed forest; DF, deciduous forest;

EF, evergreen forest; WW, woody wetland; PH, pasture hay.

Asterisks indicate p < 0.05 for slope. (b) The temperature of

maximum AD at the 47 localities increases linearly with a given

locality’s average maximum temperature (�C). Black line is best-fit

least-squares regression, blues lines are the 95% confidence intervals.
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in maximum biweekly temperature across the NEON
network, with a median of ca. 3�C across the seven
habitats.

The macroecology of AD

Extending earlier studies that reveal the strong influence
of local micro- and macroclimate on the mean and vari-
ance in body temperature (Huey & Preston Webster, 1976;
Navas et al., 2013), we find that NEON pitfall arrays across
North America demonstrate a clear linear relationship
between a community’s TADmax and its locality’s Tmax,
accounting for 87% of the geographic variation. Although
constraint traits like population CTmaxs are frequently
assumed to be fixed by deep time and phylogeny (Searcy &
Bradley Shaffer, 2016; Sibly et al., 2012), the emergent
properties of ecosystems like TADmax appear highly mallea-
ble, tracking local temperature.

Such tracking can arise through a variety of mecha-
nisms. For CTmax, ecosystems may filter co-occurring
populations, favoring a different suite of species
(i.e., those with higher thermal maxima) as ecosystems
warm (Bujan, Roeder, Yanoviak, & Kaspari, 2020;
Kaspari et al., 2015; Roeder et al., 2021). A second driver
is seasonal plasticity in thermal traits, like the commu-
nity of grassland ants whose population’s CTmax can vary
by +5�C across the growing season (Bujan, Roeder, de
Beurs, et al., 2020). Understanding the drivers of this
threefold variation in TADmax is a critical next step in
predicting Anthropocene changes in species range and
abundance, as well as the ecosystem services provided by
invertebrates.

Using AD in insect monitoring: Prospects
and challenges

Our results contrast with those from a network of
179 localities in German Bavaria spanning 3� latitude
(Uhler et al., 2021). Like them, we found the signature of
overall linear increases in trap catch with temperature
(although they did not, to our knowledge, analyze evi-
dence for a constraint function). However, Uhler et al.
(2021) found no effect of habitat (albeit across three
types: forest, agricultural, urban). Our broader geo-
graphic extent (from 18� to 64� N and seven habitat
types) revealed changing temperature sensitivity with
habitat, from negative (wetlands) to absent (pasture/hay,
evergreen and deciduous forests) to positive (scrub, grass-
land, and mixed forest). We thus provide further evidence
that plant physiognomy (e.g., the plant stems that crowd
the soil surface) can obscure temperature sensitivity in

pitfall capture rates by interfering with the ease of move-
ment across the soil surface.

Can AD be effective in monitoring changes in abun-
dance, especially after accounting for changes in physiog-
nomy? Two challenges endure: how to factor out the
effects of environmental temperature on velocity, and the
many factors that drive temperature sensitivity. First an
ectotherm’s body temperature sums over convective
(i.e., air temperature) and radiative (e.g., sun vs. shade)
heating (Angilletta, 2009; Kaspari et al., 2015; Prather
et al., 2018); our Daymet temperatures reflect only the
former (Thorton et al., 2020). As a result, the boundary
layer environments commonly found on sunny days at
the soil surface can diverge from air temperatures
centimeters above (Kaspari et al., 2015; Oke, 1978;
Pincebourde et al., 2021; Spicer et al., 2017). Refinements
in sensor distribution and biometeorology will undoubt-
edly improve the precision and accuracy of our
AD–temperature curves and, with it, monitoring
(Kearney & Porter, 2009; Pincebourde & Casas, 2019;
Potter et al., 2013; Sunday et al., 2014).

Second, although metabolic rates do generally increase
with temperature, they do so at widely varying rate con-
stants (Dell et al., 2011). For example, a review of 24 ant
species (Hurlbert et al., 2008) revealed ca. a 1 cm s�1

increase in velocity for every 8�C increase in temperature,
but one varying with starting temperature and species; a
second study of 88 tropical ant species revealed a range of
(mostly) positive temperature–velocity curves (Kaspari
et al., 2015). Moreover, velocity also increases with body
size as ca. mass0.25 (Hurlbert et al., 2008) and varies with
diet (Prather et al., 2018). The volume of the 100+ diverse
populations found in a NEON pitfall trap likely integrates
over all this variation.

In sum, the NEON pitfall network—given its geo-
graphic extent, biweekly resolution, and emphasis on
ecological communities—is an unprecedented resource
for monitoring invertebrate populations. We conclude
that decreases in AD with moderate increases in temper-
ature support a working hypothesis of decreased abun-
dance (and the converse). More difficult to interpret are
cochanges in AD and temperature, where, for example,
higher temperatures can promote higher velocities,
higher abundance, or both. Improvements in tempera-
ture mapping and the precision and ubiquity of
temperature-sensitivity data in insect populations will
undoubtedly help. But so too will ancillary measures
aimed at directly quantifying abundance. Two long-term
studies of ant communities on two continents (Gibb
et al., 2019; Kaspari et al., 2020) are instructive in this
regard. Both revealed 20-year increases in AD with
warming. However, in one—when square meter plots
were used to add an independent measure of
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abundance—increases in both velocity and abundance
became apparent (Kaspari et al., 2020). Such accurate,
distributed measures of animal abundance, never easy to
obtain, are worth the investment if ecologists are to pre-
dict the future of Earth’s ecosystems.
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