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Insects are declining worldwide. These declines have been documented across tax-
onomic groups and are worrisome given ecosystem services provided by insects.
Long-term data have illuminated butterfly declines across geographic regions.
However, critical questions remain on how butterfly declines are distributed across
species and functional groups, limiting effective conservation. Here, we show unprec-
edented changes in butterfly biodiversity resulting from 32 y of species levels declines
throughout the Midwestern United States. No species increased over the three-decade
study period and abundance declined across every functional group (e.g., rare, com-
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Insects are declining worldwide,
yet gaps remain in our
understanding of how declines
are distributed across species
within communities. Using three

mon, migratory, resident; annual mean trend: -0.9 to -2.3% per year). Species richness
declined across all but one functional group, with concomitant increases in evenness
(e.g., abundance among species) in several groups resulting from steeper losses in
abundance for common species (abundance: -1.9% per year; richness: -0.04% per
year) as compared to rare species (abundance: -0.9% per year; richness: -1.33% per
year). Our results paint a bleaker picture than other butterfly studies likely due to our
long time series of data and ability to include rare species. Such widespread declines
undoubtedly affect other trophic levels and ecosystem services. Focusing risk assess-
ments and management interventions only on rare species is likely to be insufficient
given broad declines across species, which have fundamentally restructured butterfly
communities in the region. As such, conservation efforts should shift focus to species
assemblages and entire communities when possible.

decades of butterfly monitoring
data aggregated from the
Midwestern United States, we
found that no butterfly species
increased in abundance from
1992 to 2023. 59 out of 136
species declined (annual mean
trend: -1.2 to -6.9% per year)
with losses distributed across all
functional groups including
residents, migrants, rare, and
common species. Community
composition changed such that
abundance is now more even
across species, driven by more
severe |losses in abundance—but
not richness—of common
species compared to rare
species. These widespread
declines are likely cascading
across ecosystems. Conservation
efforts that focus on entire
communities could mitigate
butterfly biodiversity loss.
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Insects are declining worldwide across taxonomic groups and ecosystems (1—4). Losses
have been documented in human-dominated landscapes as well as protected areas (5, 6),
and in both common and rare species (7). Insects provide innumerable ecosystem services
including pollination, herbivory, prey for other animals, and decomposition; they also
supply humans with silk, wax, dyes, and food (8, 9). Continued insect declines could lead
to loss of essential, irreplaceable services to humans (10) and other animals (11). For
example, caterpillars (larval butterflies and moths) transfer energy from plants to other
animals (12) and are the primary food for the offspring of breeding birds in North America,
even those that generally do not feed on insects as adults (13, 14). Despite the important
roles that insects fulfill, critical questions about which species are declining most rapidly,
where such declines occur, and how species-level declines are distributed among taxonom-
ically and functionally similar community members remain largely unanswered, limiting
conservation efforts.

Butterflies are the most extensively surveyed insects, thanks to monitoring programs
that harness the enthusiasm of volunteer scientists worldwide (15, 16). These monitoring
programs have cataloged long-term declines in different countries, including losses of
50% in the United Kingdom and the Netherlands since 1976 and 1990, respectively (4).
In the United States, a recent analysis found a 22% decline in the total abundance of
butterflies from 2000 to 2020 (17). However, data limitations and challenges in inter-
preting long-term trends have restricted the spatial, taxonomic, and temporal extent at
which insect declines are documented (18, 19). Single-species research tracking trends of
flagship species such as the monarch butterfly have been important for identifying envi- ¢ g'nenp).
ronmental stressors connected to population dynamics (20, 21), but these trends and  p\ag policy s to publish maps as provided by the
drivers may not be indicative of the responses of other butterfly species (22, 23). Some ~ authors.
datasets provide coarse snapshots (16, 24) over regional or nation-wide spatial extents, while
others provide repeated site-level monitoring across smaller geographic extents (25, 26).
No single data source provides the ideal information: data on the entire butterfly com-
munity across a regional spatial extent with structured surveys over a long time series. Yet,
by combining data sources and using hierarchical community modeling approaches, we
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Fig. 1. Total number of surveys within the Midwestern United States from
1992 to 2023. Data come from five volunteer-based monitoring programs: 1)
lllinois Butterfly Monitoring Network (IL); 2) lowa Butterfly Survey Network (IA);
3) Michigan Butterfly Network (Ml); 4) Ohio Lepidopterists (OH); and 5) North
American Butterfly Association (NABA).

leveraged data from multiple monitoring programs to obtain a
holistic view of the Midwestern US butterfly community.

Here, we document unprecedented changes in 136 species
within the Midwestern US butterfly community by integrating
data from five distinct participatory science programs. The data
come from more than 90,000 h of surveys with >4.3 million
butterfly observations collected between 1992 and 2023 (Fig. 1).
Using an integrated community model (27), we estimate both
single species and community-wide relative abundance indices for
Midwestern butterflies over the 32-y time frame. Our model esti-
mates both species and community-level abundance parameters
at the county-level across each growing season of the study period,
borrowing power from common species to obtain estimates of rare
species that elude single-species modeling efforts. Through post
hoc analyses, we derive annual relative abundance indices for every
species based on their activity curve throughout each growing
season (the annual time period that butterflies are active in the
study area). We use these indices as the basis for calculating trends
for individual species and functional groups, as well as community
metrics including species richness and evenness, all while propa-
gating uncertainty within a Bayesian framework.

Butterfly biodiversity declined precipitously in the Midwestern
United States over the three-decade study period. We found no
species or group of species that increased in abundance or species
richness (the total number of species), shifting communities to
greater uniformity of abundance among member species. Within
counties, richness declined by -0.3% per year (95% credible inter-
val [CI] of the trend estimate does not overlap zero, Fig. 2), result-
ing in a median decrease in species of -9.1% over the study period.
We estimated a concomitant increase in species evenness [via (28),
Fig. 2]. We calculated trends for species groups based on their
prevalence (common vs. rare) and functional traits (specialist vs.
generalist [one or >1 host plant family], number of generations
per year, migratory vs. resident, overwintering strategy). Migratory
species did not change in richness (trend = 0.00 species per year,
-0.02% per year, 95% CI: [-0.02, +0.01]), while all other groups
declined in county-level richness (-0.01 to -0.15 species per year;
-0.04 to -1.33% per year, SI Appendix, Table S1). We saw declines
in evenness for rare species and species overwintering as eggs,
which can be driven by losses in species richness as well as
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abundance becoming more uneven through time across species in
these groups; however, most other groups increased in evenness
(81 Appendix, Table S2). Resident and rare species declined in
richness more than migratory and common species, respectively.
We did not find a difference in richness declines between univol-
tine (1 generation per year) and multivoltine (2+ generations per
year) species but multivoltine species increased more in evenness
than univoltine species. Declines in evenness or richness did not
differ between specialists and generalists. Across overwintering
strategies, species overwintering as eggs lost the highest percent of
species (-0.72% per year, compared to -0.12 to -0.34% per year
for other groups). Species overwintering as larvae experienced
moderate increases in evenness that did not differ from other
groups, while those overwintering as eggs declined in evenness
compared to those overwintering in later life stages.

Abundance declined in every functional group (0.98 to 1.00
probability of decreasing; Fig. 2 and SI Appendix, Table S3). The
most common species declined (-1.9% per year) more than the
rarest species (-0.9% per year, S/ Appendix, Fig. S1). In pairwise
comparisons, generalist species (-1.9% per year) had more nega-
tive trends than specialist species (-1.4% per year), as did univol-
tine species (-2.1% per year) compared to multivoltine species
(-1.5% per year). We found less of a difference between migratory
(-1.1% per year) and resident species (-1.7% per year). Species
overwintering as eggs had the most negative trends (-2.3% per
year), while species overwintering as pupae had the least negative
trend (-0.9% per year).

We were surprised to find that no species increased in abun-
dance. Fifty-nine out of 136 species (43%) declined, while the
remaining 77 had no clear trend (95% CI contained zero; Fig. 3;
SI Appendix, Table S4). The 59 species with decreasing trends had
annual mean trend estimates between -1.2 to -6.9%. Over one
quarter of species (7 = 36) declined by -2% per year or more, with
19 species declining by -3% per year or more. Six of the seven
species with declines of more than -4% were resident species from
the family Nymphalidae. Of the species with no clear trend, only
7 (0.5% of the total species analyzed) had positive mean trend
estimates. These seven species had a mixture of functional traits
with annual mean trend estimates from +0.1 to +1.4%, with only
one species above +0.4%. No species had support for an increas-
ing trend (probability of individual species increasing in abun-
dance ranged from 0.56 to 0.69). Our results are bleaker than
other studies on butterflies in the United States, likely because
of our comparatively longer time series (32 y) and our inclusion
of rare species, with many other studies having 20 y of data or
less and forced to exclude species that were detected infrequently
(1,17, 29, 30).

The changes in butterfly biodiversity are large and unmistakable.
For every 10 species and 100 individuals present at a county at the
beginning of our study period, there are now only 9 species and 60
individuals, amounting to a -40% loss in the total number of but-
terflies over three decades. These losses have profoundly changed
the composition of the butterfly community in the Midwest.
Abundances across species have become more similar, driven by
steeper declines for common species compared to rare ones. We see
fewer individuals across all groups and fewer species in groups
(except for migratory butterflies). A county with three rare species
at the beginning of the study would only have two by the end, but
abundance of those species would still be relatively high—about
75% of the original. In contrast, a county that had 20 to 30 com-
mon species at the start of the study would likely still have all those
species present at the end of the study, but with about half of the
original abundance. Because it takes the loss of many individuals
over many generations before a common species is gone altogether,

pnas.org


http://www.pnas.org/lookup/doi/10.1073/pnas.2501340122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2501340122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2501340122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2501340122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2501340122#supplementary-materials

Downloaded from https://www.pnas.org by UNIVERSITY OF FLORIDA; ACQUISITIONS AND LICENSING on August 5, 2025 from | P address 128.227.251.2.

Richness . . Evenness Abundance

©

[ Overall -

>

o

(] : :

g Rare ——e— : —

2

[

> :

2 common - D -

o . .
Adult - .-
Pupa - -

= . .

[0

-

£ :

S Larva/Pupa — ——

[

>

o
Larva - . . -
Egg —— : ——

3‘ Residents - -

c : :

[

S

a : :

g Migratory —— e

£ Univoltine — : .-

@ : :

£

=

(e} . . . .

= Multivoltine . S

=>- Specialists - -

)

[T]

[

o . : :

O Generalists - - - .-

-1.5 -1.0 -0.5 0.0 -1 0 1

—— E
P .
Probability
of decline
— 1.00
0.75
0.50
0.25
0.00
—_——
—_————
-
—_——
—_——
[
2 3 4 -3 -2 -1 0

Annual percent change (95% ClI)

Fig. 2. Annual percent change (95% Cl) in richness, evenness (Shannon diversity), and abundance for butterfly communities in the Midwestern United States
from 1992 to 2023. We calculated trends for the entire community (overall), as well as species groups based on their prevalence (common vs. rare) and functional
traits (specialist vs. generalist [1 or >1 host plant family], number of generations per year, migratory vs. resident, overwintering strategy). Line color shows the
posterior probability of declining—red indicates higher certainty of declining trend and blue indicates higher certainty of increasing trend, with gray representing

stable or uncertain trends.

species richness metrics may be less meaningful for common species.
Conversely, rare species, which experienced less severe declines in
abundance, are more susceptible to local extinction due to their
initial lower population sizes. Several of the rare species we observed

PNAS 2025 Vol.122 No.33 2501340122

are formerly common species that underwent severe declines in the
mid-20th century from conversion of grassland habitat into agri-
culture (26). These results highlight the importance of evaluating
both rare and common species using a holistic perspective.
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Fig. 3. Population declines for 136 butterfly species in the Midwestern United States from 1992 to 2023. (A) Trend over time (percent change per year; 95%
Cl) for each species. (B) Standardized changes in relative abundance for each butterfly species over the 32-y study period. All species start with a standardized
abundance of one and change based on their annual trend rates for 32y, resulting in a final population size described as a proportion of the original population
size. Each line represents one species and is colored based on their posterior probability of declining—red indicates higher certainty of declining trend and
blue indicates higher certainty of increasing trend, with gray representing stable or uncertain trends. Note that no species had a high probability of increasing

(i.e., none are bright blue).

We found that functional traits were linked to rates of decline
within the Midwestern US study area. Unsurprisingly, the Midwest
lost a higher proportion of univoltine species and individuals com-
pared to multivoltine species; multivoltine species are generally
considered to be more adaptable to climate changes and other
environmental stressors (1, 17, 31). Declines in species and indi-
viduals that winter as eggs outpaced those that overwinter as lar-
vae, pupa, or adults. One mechanism explaining the large declines
in species overwintering as eggs is that these species enter the
growing season with limited energy reserves, which make them
more vulnerable to phenological mismatch with hostplants and
extreme weather events (24). The more negative trends detected
in generalists compared to specialists may mask a history of
declines in specialists that preceded the start of our study, as many
prairie specialist butterflies saw concomitant declines of their host-
plants and changes in land cover during the 20th century (26).
Migrants fared better than residents, with no changes in richness
and 68% of the original abundance, while residents declined in
richness and had 58% of the original abundance. However, the
substantial decline in migratory species abundance highlights the
Midwest’s potential role in exacerbating population challenges for
migrants, reflecting broader global concerns regarding their con-
servation (32, 33).

Many hypotheses have been put forth as to the causes of global
insect and butterfly declines primarily related to climate change
and habitat loss (19, 34-36). Although we did not evaluate the
causes of butterfly declines in our study, our failure to find any
species that increased over the 32-y study period provides impor-
tant clues. Even in the face of overall declines, species generally
have heterogeneous responses to environmental stressors like cli-
mate and land use change, such that there is usually a mix of
winners and losers (37, 38). For example, climate change nega-
tively affects butterfly populations overall, yet some species show
increasing trends through expansion at the northern edge of their
range (29), upward shifts in elevation (39), and increased
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voltinism (40). Changes in land-use such as conversion to agri-
culture, agricultural intensification, and urban development have
been prevalent in most regions globally, both recently (41) and
historically (42, 43). Most of the original conversion to agriculture
in the Midwestern United States happened from 1850 to 1920
(43). As with climate change, butterfly responses to land-use
change are typically variable, including some species that subse-
quently increase in abundance (34, 44). Despite examining nearly
all butterflies within the Midwestern community (37), we did not
find evidence that any species increased.

We thus suspect that insecticide use is a key driver of the
declines estimated in our study (45). Insecticides are used widely
throughout the Midwest in agricultural fields (45). Neonicotinoids
are a high-impact class of insecticides that are widely used as
prophylactic seed coatings, persist in the environment, and affect
nontarget insect species in surrounding areas (45—47). Even sub-
lethal doses of these chemicals cause changes in behavior, repro-
duction, and development affecting survival of nontarget species
(48). Neonicotinoids were first introduced in 1994 and rapidly
increased in use after 2003 (49). Neonicotinoids, along with other
insecticides, are known to be a stronger driver of declines in but-
terfly species richness than land use and climate change within
the Midwestern United States (45). Studies in California and the
United Kingdom have also found strong associations between
butterfly declines and neonicotinoid use (50, 51). Our 32-y time
series of butterfly data from 1992 to 2023 may be capturing
neonicotinoid-driven trends that have not been detected in other
studies, as our initial years of data precede the use of these insec-
ticides and long time series are known to produce different results
compared to analyses conducted with fewer years of data (6).

Insect declines, including the loss of butterflies in the
Midwestern United States, are substantial and concerning. Insects
are linked with ecosystem services and functions, and their wide-
spread declines are likely having cascading effects on both higher
and lower trophic levels (52—54). Similar to other recent studies,
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our results reveal considerable declines in individual species.
However, we also show that no butterfly species has increased in
the Midwest in the last three decades, leading to sizable changes
in richness and evenness of the remaining butterfly community.
In light of the broad extent of the problem, conservation efforts
should shift focus to protection of groups of functionally similar
species, and even entire communities, rather than a few focal
species (22, 55, 56). Conservation focused on only rare and endan-
gered species is likely insufficient because most species, rare and
common, are declining and may soon be vulnerable to local
extirpation.

Methods

Butterfly Data. We integrated count data from five participatory monitoring pro-
grams in which volunteers collect data: the North American Butterfly Association
(NABA; initiated in 1975), lllinois Butterfly Monitoring Network (1987), lowa
Butterfly Survey Network (2006), Michigan Butterfly Network (2011), and Ohio
Lepidopterists (1995; see S| Appendix, Table S5 for program-specific survey infor-
mation). The NABA data are semistructured count data from surveys in which
multiple observers visit locations within a 25-km diameter circle, recording the
number and species of all butterflies observed (57). Historically, these counts
occurred once per year in late June or early July but, as of 2008, counts can
now occur multiple times per year in spring, summer, and fall (16). NABA data
are gathered across the United States; we used only data from the US Midwest,
including from Michigan, lowa, Ohio, lllinois, Missouri, Minnesota, and Indiana.

The other four datasets come from statewide structured surveys in which
trained volunteers regularly conduct Pollard walks on prespecified transects
throughout the spring, summer, and fall, and record all butterflies observed (25).
Exact protocols vary by program (e.g., width of survey, time of day, time of year).
Surveys typically occur up to once a week, with <0.2% of surveys occurring as rep-
licate surveys within a week. Each transect is surveyed by a single observer, often
the same individual for many years. Surveys from state monitoring programs
include some transects in adjacent states. As such, we included Pollard and NABA
data from surveys conducted in Indiana, Minnesota, Missouri, and Wisconsin, as
well as lllinois, lowa, Michigan, and Ohio where the state programs were based
(Fig. 1). Although systematic butterfly data are available from as early as 1975,
we conducted our analyses with data from 1992 onward because available data
prior to that year were quite sparse. Only 0.9% of all records between 1975 and
2023 were collected prior to 1992 (SI Appendix, Table S6). While not all state
monitoring programs had begun by 1992, NABA surveys occurred in all states by
1992 0r 1993 (MN, M0), ensuring spatial coverage for the entire 32-y time series.
We further restricted our dataset to surveys occurring in the "growing season,"
defined as 1 May to 30 September as this period is the peak time of butterfly
activity in the Midwestern United States and few butterflies were observed on the
rare surveys conducted outside this timeframe. Survey locations were selected
nonrandomly; as such, the data from these participatory science programs tend
to be biased in terms of land use (e.g., surveys did not occur in parking lots,
agricultural areas were underrepresented).

There were 136 species in the dataset with =50 observations, the minimum
number of observations we required for inclusion in our integrated community
model. The species with <50 observations generally included stray individuals
from species that were not established in the Midwestern United States. We con-
sidered the remaining species as the "Midwest butterfly community," defined
as the populations of butterfly species that occur together in the Midwestern
United States. While this group could arguably be called an "assemblage” (58),
we use community to connect to hierarchical and integrated community modeling
(27,59). Due to the long computing time for fitting models, we split butterfly
species into groups of 11 to 24 species based on migratory status, voltinism,
host plant breadth, and phylogeny. We used the LepTraits database to assess
voltinism (univoltine, multivoltine; bivoltine was lumped with multivoltine) as
well as host plant breadth (one or multiple host plant families) (60). LepTraits does
not include migratory status (migrant or resident), so we used field guides and
expertopinion to define this trait (61, 62). We grouped species from Papilionidae
and Hesperiidae (the two most ancestral families) and species from the other
families (Pieridae, Nymphalidae, Riodinidae, and Lycaenidae) (63). We ended
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up with seven functional and family groups (S/ Appendix, Table S7). While this
a priori grouping of species could in theory influence individual species results,
numerous exploratory analyses revealed species-specific estimates varied min-
imally across different groupings, suggesting that our approach is robust to this
grouping structure (59).

Functional traits can affect butterfly trends due to interactions between life
history and drivers of change (1,4, 29, 64-66) As such, we ran post hoc compar-
isons on groups of butterflies based on their traits. Specifically, we compared
resident species to migratory species, univoltine to multivoltine species, host
plant family specialists to generalists, the rarest quartile of species to the most
common quartile of species, and pairwise comparisons on overwintering stage
(51 Appendix, Table S7).

Combined, we have >90,000 h of surveys with a total of 4,345,483 butterfly
observations, a median of 4,500 observations per species and a range of 56 to
730,426 observations per species (S/ Appendix, Table S8).

Statistical Analysis.
Model structure. We adapted the monarch butterfly summer breeding season
model from a previous study (21), which integrates data from the five different
butterfly monitoring programs. We extended the single species version to a com-
munity framework that simultaneously models individual species abundances
by linking species-level parameters through a hierarchical approach (27). We
modeled activity curves (i.e., weekly abundance estimates through the growing
season) for each butterfly species in each year, with species, year, and county
effects estimated as random variables drawn from shared, community-level dis-
tributions. We then generated a yearly relative abundance index for each species
by calculating the area under the species and year-specific activity curves (67, 68).
This approach allowed us to estimate annual, species-specific relative abundance
indices at the county-level accounting for variability in phenology and abun-
dance as well as uneven sampling. We subsequently used these relative abun-
dance indices to estimate species-specific temporal trends from 1992 to 2023.

Lety, ;. denote the number of observed individuals of speciesi = 1,2,...., Iin
countyc =1,2,...,262atsitej = 1,2,...,1236inweekk =1,2,...,230of
yeart =1,2,...,32 Replicate surveys | = 1,2, ..., 13 within a week were occa-
sionally conducted.

We modely; ;. using a negative binomial distribution such that

Yicitk ~ NegBin(Ai,c,j,t,kr Ki)f

where 4; ;. is the expected number of individuals of species i observed within
county c atsite j in yeart and week k. k;is a species-specific dispersion parameter
to account for overdispersion in observed counts.

We assumed that the expected species count, 4; ;, was a function of week
within season as well as survey- and site-level covariates. More specifically, we
modeled 4, .;, according to

2
log (A jk) = Bo, + Bs, - week, + B, - weeki + B -open.+f, -
open;+ay A +a, I +a; <Ml +a, -OH;+as -

2
log <effort,,k(,) ) +eg, ter tey week, + €3, " week, .

The B parameters are variables related to the biological process (i.e., seasonal
abundance patterns) while the a parameters account for variations among the mon-
itoring programs. The e parameters are zero-centered random effects to address
spatial and temporal variation. The intercept, i, is the average count (on the log
scale) for species i during a single NABA survey. Parameters §; and f,, are linear
and quadratic effects of week, respectively, to account for species-specific differences
in seasonal activity (e.g., refs. 68 and 69). We calculated the percentage of open
land cover (defined as unforested, nonurban, and nonwater land cover) at both the
county (open,)and site [openj; 12.5 km radius for NABA or 2.5 km radius for Pollard
walk programs (24)] levels using the 2011 National Land Cover Database (70), as
many butterfly species are associated with open habitat. Week and open land cover
covariates were standardized to have a mean of zero and SD of one.

The parameters a;, a,, @3, and a,, are species-specific effects accounting
for differences in the expected counts between lowa (IA), llinois (IL), Michigan
(M), and Ohio (OH) statewide surveys, respectively, from the NABA survey (which
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is used as the baseline). Each of the survey covariates are indicator variables
(e.g., where IA, = 1if the survey at site j was conducted by the lowa Butterfly
Survey Network and zero otherwise). We included asto account for variability in

effort, measured in the number of hours for Pollard walks and party-hours (1 h
per person for each hour of surveying) for NABA surveys. Some surveys (0.02%
of surveys) had an effort of zero (i.e., were inaccurately or not recorded), so we
inputted the median value. We capped effort at 5 h for Pollard walks and 15
party-hours for NABA surveys to remove infrequent large values. We centered
the effort to have a mean of one and modeled it as the log of the number of
search hours. This approach resulted in model predictions of relative abundance
ataverage survey effort.

The e terms are random effects coming from normal distributions centered
around zero with a variance that is estimated in the model. We include random
species-specificintercepts for county (e, )and year (e;, )and random slopes for
linear (e, [) and quadratic effects (e3 ) of week for each’ species and year.

We modeled all pand a parameters as random variables arising from com-
mon, community-level normal distributions with mean and variance hyperpa-
rameters (71,72). For example, we modeled the species-specific intercept, , as

2
Bo, ~ Normal(ul,o,rﬁo),

where u, is the mean value (on the log scale) across species in the community
and Tffo is the variation in species-specific parameters across all members of the
community.

Relative abundance indices. After fitting the model, we calculated mean relative
abundance (4)and predicted relative abundance (y) for each species, week, year,
and county. We then computed the area under the curve for both types of relative
abundance [trapezoidal integration from the pracma package (73)] to calculate
0; . the mean relative growing season abundance index, and N, ., the predicted
relative growing season abundance index, for each species in each year of every
included county (68).

Determining common and rare species. \We extracted the median @, value
for each year. We then computed the area under the curve to obtain one relative
abundance value for each species. We ranked species by these abundance val-
ues and selected the quartile (n = 34) of species with the largest abundances
(common)and smallest abundances (rare). We used these groups for trait-based
analyses and comparisons.

Abundance. We used 0, , to estimate a log-linear trend for the mean relative
abundance index for each individual species (,). We fit models for each species
separately.

Richness. We used the predicted relative abundance index N; , to calculate
species richness by adding together the number of species with at least one
individual predicted at the county across the entire growing season within a given
year (i.e., inwhich N, ., > 1) such that

it =

whereR_ ,isthe number of species in the county and year, /is the total number of
species lnthe model, and|()is an indicator function returning value 1ifN; ., > 1
and 0 otherwise.

Evenness (Shannon diversity [H']). We added the predicted relative abundance
indices together such that

Rc,t
Tct = Z Ni,c,t'
i=1
where T, is the total number of individuals in county c during year t. We calculated

the proportion of individuals p; ., belonging to each species as

pf,c,t = Ni,c,t/Tc,t'
We used these values to calculate Shannon diversity (H; ) for each county in
each yearas

Ret
= = > piogp,
i=1

https://doi.org/10.1073/pnas.2501340122

Trend estimation. We estimated log-linear trends for abundance, richness, and
diversity with post hoc linear regressions such that

Iog(Response”) ~ Normal(m,, Respons&)

Hee =7Yotvyy-year, +eg.

where g, is the mean response of abundance, richness, or diversity for a given
year, y, is an intercept, y, is the effect of year, and e, is a normally distributed
random effect for county with a mean 0 and SD 72 We fit these post hoc regres-
sions using a Bayesian framework to propagate all uncertainty (i.e., using the full
posterior distribution for each response variable). For each response, we provide
the annual percent change in the response ([exp(y,) — 1] - 100%), 95% Cl, and
proportion of the Cl that is less than zero (indicating a declining trend).
Trait-based trend comparison.

Abundance. \We extracted the effect of year (y, ;) from the abundance trends
foreach species. We fit a post hoc regression using the specific-specific y; ; values
as the response value and group as a fixed effect. We did pairwise comparisons
of groups to assess differences in responses among traits. We used a Bayesian
framework to propagate all uncertainty. We modeled y ; as

71 =Co; +&ji - group; + &,

2
£~ Normal(y“, o, )

Richness and evenness. \We calculated the richness and evenness (z,,) of
each trait-based group of butterflies, following the same calculations as for the
richness and evenness of the whole community. We compared trait-based groups
using a fixed effect for trait interacting with year to assess differences in trend
over time such that

ot ~ Normal (w,, 6?),

g =Ny, - trait; + vy, - year,, - trait; + €,

where 77, is the intercept for each trait, y ;; is the interaction of year and each
trait, and e, is a random effect for county coming from a normal distribution with
amean 0and SD of 72

We compared the posterior distributions from eachy ;; to determine whether
the trends for the paired traits differ from each other. For all y,;, we provide
Vg,
tgl !
evenness for the first 5 y. We prowde the annual percent change and Cl, as
well as the proportion of the Cl that is less than zero (indicating a declin-
ing trend).
Model implementation. We implemented the model using a Bayesian frame-
work with the msAbund function in the spAbundance package (74) in the R
statistical environment (75). We provided vague priors for all parameters. We
specified normal priors with a mean of zero and a variance of 100 for all mean
hyperparameters. We assigned inverse gamma priors to all variance and hyper-
variance parameters, with shape and scale parameters setto 0.1. We used inde-
pendent uniform priors fork;; while k; varies by species, the species-specific k;
values are not drawn from a community distribution like other species-specific
parameters. We ran models for multiple chains (4 to 5 chains depending on
computational limitations). We assessed model convergence using the Gelman-
Rubin R-hat diagnostic(76) and visual assessment of trace plots using the coda
package (77). Total number of iterations varied across groups depending on
run time and length needed to achieve convergence, ranging from 160,000
to 1,040,000 iterations. A small number of species-specific parameters had
poor convergence (i.e., R-hat > 1.1) for some very common species due to
difficulties in separately identifying multiple random effect parameters. This
behavior is not uncommon for complex, high-dimensional models when ran-
dom effect parameters are highly correlated. This did not have any impact on the
convergence of the estimated abundance values nor the estimated trends. We
used the spOccupancy package to conduct the post hoc linear regressions (78).

the annual percent change as - where initial, ; is the median richness or

Data, Materials, and Software Availability. Covariate data and data
describing butterfly names and groupings are available at this Zenodo
repository (79). Butterfly data are proprietary and were obtained from the
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North American Butterfly Association (https://www.naba.org/), the lowa
Butterfly Survey Network (https://reimangardens.com/insects#IBSN), the
lllinois Butterfly Monitoring Network (https://bfly.org/), the Michigan
Butterfly Network (https://naturecenter.org/michiganbutterfly/), and the
Ohio Lepidopterists (https://www.ohiolepidopterists.org/). These data may
be available upon reasonable request to LR and with permission from the
aforementioned programs. Code needed to run analyses (R scripts) is available
at this Zenodo repository (79).
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