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Abstract
1. Declines in pollinating insects are a cause for concern, yet modelling abundance

Funding information trends remains challenging and most species are not covered by long-term stand-
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. We produce new metrics of change for insect pollinators which incorporate

multi-scale environmental variables into the modelling process to account for
various sources of noise and potential bias. Data were generated from three
surveys under the UK Pollinator Monitoring Scheme (PoMS) over 5- and 6-year
periods, measuring (i) insect abundance and species richness of bees and hover-
flies from pan traps across a network of 1 km squares; (ii) insect abundance from
Flower-Insect Timed Counts (FIT Counts) in the same 1km squares and (iii) FIT
Counts by citizen scientists in self-selected locations, especially gardens (‘public’
FIT Counts).

. We compare five models containing different sets of environmental variables

across insect groups from the three surveys. Our ‘full’ model, including both
large-scale spatial and temporal environmental variables combined with local-
scale survey variables, had the best fit, highest R? and lowest residual variance

among sites in 31 of the 35 modelled datasets.

. The fullmodel estimated declinesin ‘allinsect’ abundance between 2017 and 2022

of 38% (average annual decline of 8.5%) from pan traps, and 33% (average annual

decline of 7.4%) from 1 km FIT Counts. This reflected declines in hoverflies, ‘other
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flies’ and wasps on both the 1km surveys, and bumblebee declines on 1km FIT
Counts, while solitary bee abundance showed no change. There was no change
in overall insect abundance between 2018 and 2022 from public FIT Counts but
hoverflies declined and several other groups increased. Given the short time se-
ries, these trends should be interpreted with caution.

. Solution. PoMS represents a step change in evidence on UK pollinating insects.
Our study demonstrates the value of including environmental variables to im-
prove models of temporal trends in pollinator abundance and richness from
standardised annual monitoring. Inclusion of these variables does not result in
dramatic changes in estimated trends, which tend to be robust across model vari-

ants. The proposed metrics could help target conservation actions for different

KEYWORDS

1 | INTRODUCTION

Monitoring biodiversity is essential to understand the effects of dif-
ferent drivers of change on ecosystem function and human health
(Pocock et al., 2018). Robust metrics or indicators are also critical
to enable a common understanding of species statuses and trends
and track responses to interventions or environmental changes over
time (Burns et al., 2023; Intergovernmental Science-Policy Platform
on Biodiversity and Ecosystem Services (IPBES), 2016). However, for
many species, our knowledge of the magnitude of changes in abun-
dance or diversity is limited by a lack of high-quality data (Cooke
et al., 2025; Thomas et al., 2019). Here we present insights from
6years of data collected using standardised surveys under the UK
Pollinator Monitoring Scheme (PoMS). For the first time, we gener-
ate national-scale metrics of change across a wide range of insect
pollinator groups which incorporate both large-scale and local-scale
environmental variables into the modelling process.

Insects are the most diverse and abundant animal group, sup-
porting many ecosystem functions, including pollination (Noriega
et al., 2018). Pollinating insects (especially bees but including flies,
wasps, beetles, butterflies and moths) have received much recent
attention in the scientific literature and global media (Cardoso &
Leather, 2019; Saunders et al., 2019; Stout & Dicks, 2022). Insect pol-
lination is vital to both wild plant communities (Ollerton et al., 2011)
and agricultural productivity (Klein et al., 2007), yet pollinators face
a range of threats, including habitat loss, disease, climate change,
invasive species and exposure to pesticides (Vanbergen et al., 2013;
Wagner et al., 2021). There is growing evidence for declines in polli-
nators in some parts of the globe (Kerr et al., 2015; Potts et al., 2010).
However, most studies describe a complex picture with both
winners and losers (Fox et al., 2014; Powney et al., 2019; Tordoff
etal.,, 2022; van Klink et al., 2020), and contrasting patterns between
different regions (Biesmeijer et al., 2006) or land-use types (Mancini
etal., 2023). Furthermore, many species remain data-deficient (Nieto

species groups or contribute to improved national biodiversity indicators.

bees, biodiversity indicators, citizen science, hoverflies, insect trends, monitoring, pollinators

et al., 2014), prompting calls for more robust, large-scale data to un-
derstand long-term (more than 10-year) changes in insect popula-
tions (Stout & Dicks, 2022; Thomas et al., 2019; Wagner et al., 2021).

Much evidence for long-term insect trends has been derived
from analysis of presence-only records of species occupancy (Fox
et al., 2014; Soroye et al., 2020), which lack structured sampling de-
sign and contain forms of temporal and spatial bias (Boyd et al., 2024).
While occupancy-detection models have become widely used to es-
timate changes in species distribution (Mancini et al., 2023; Powney
et al., 2019; Van Strien et al., 2013), abundance data provide a more
sensitive measure of change and link directly to functional signif-
icance, in this case the delivery of pollination services (Garibaldi
et al., 2020). Insect abundance also affects many other species
that depend on insects in the ecosystem (Bowler et al., 2019; Evans
et al., 2026). Thus, there is an urgent need for investment in stan-
dardised monitoring to assess the abundance of insect populations,
specifically of insect pollinators (Breeze et al., 2021).

Monitoring and modelling the abundance trends of insects pres-
ents several challenges compared with other taxonomic groups
(Cooke et al., 2025; Didham et al., 2020). Their rapid life-history
and short lifespan mean that the true population sizes of most in-
sects are in constant flux, violating the assumption of closure (Pryke
et al., 2024). Insects experience substantial population fluctua-
tions within and between years, often driven by their sensitivity
to environmental factors, such as weather (Fox et al., 2019; Mller
et al., 2024; Roy et al., 2001), requiring more time points to detect
long-term trends in abundance and separate signal from noise than
for vertebrates (Aldercotte et al., 2022; White, 2019). Local variation
in activity levels of flower-visiting insects, influenced by weather
conditions or floral resources, can also add substantial measurement
error. Finally, species presence and abundance may be further de-
pendent on a combination of large-scale drivers, including latitudinal
gradients, climate (Vasiliev & Greenwood, 2021), the availability of
suitable habitat or the heterogeneity of the surrounding landscape
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(Carvell et al., 2011; Steffan-Dewenter et al., 2002). Thus, monitor-
ing schemes for pollinating insect abundance must be designed with
these challenges in mind.

Between 2012 and 2017, each UK nation published a pollina-
tor strategy (Defra, 2014; National Biodiversity Data Centre, 2015;
The Scottish Government, 2017; Welsh Government, 2013), rec-
ommending actions to encourage pollinator-friendly habitat man-
agement and improve evidence on the status of pollinators through
long-term monitoring. While butterflies, moths and bumblebees
are monitored systematically in the UK (Thomas, 2005; Whitehorn
et al,, 2022), most flower-visiting insects remain overlooked due
to taxonomic challenges, particularly the limited possibilities for
species-level identification in the field, and the time, cost and ex-
pertise required to collect, process and identify specimens of di-
verse groups (Breeze et al., 2021; Rondeau et al., 2023; Shortall
et al., 2009). For example, the UK supports 59 butterfly species and
24 bumblebee species, but around 250 species of solitary bee and
more than 280 hoverfly species. To address this gap, a partnership
of scientists, amateur experts, conservation NGOs and government
stakeholders developed a monitoring scheme designed to detect
national-scale trends in insect pollinator abundance and diversity
across the UK (Carvell et al., 2016). The process included consider-
ation of the effectiveness, feasibility and cost of different sampling
designs (with bees and hoverflies as the key focal groups on account
of their importance as pollinators), combinations of participants (vol-
unteers or professionals, non-experts or experts) and the metrics
that would be generated, at a given taxonomic resolution (Breeze
etal., 2021; O'Connor et al., 2019).

The resulting PoMS, established in 2017, has two novel features.
First, it consists of three parallel surveys with complementary de-
sign, conducted by a combination of volunteers and professionals:
pan traps on a stratified network of 1km squares, Flower-Insect
Timed Counts (FIT Counts) on the same network, and FIT Counts
carried out in ad hoc locations. Second, PoMS includes collection
of local-scale data describing both weather conditions (e.g. wind
speed and amount of sunshine during the survey), and the avail-
ability and diversity of floral resources at the survey location (UK
Pollinator Monitoring Scheme, 2025c). These local environmental
variables could help explain some of the observed variation in in-
sect population dynamics, but there is limited understanding of how
including such variables in the modelling process affects the calcu-
lation of trend metrics or the uncertainty of predictions (Johnson
et al., 2024).

In this paper, we introduce the PoMS survey approaches and
datasets, presenting results from the first 5 or 6years of data (de-
pending on survey) from sites in Great Britain. Recognising the lim-
itations of measuring trends from this relatively short time series
(Didham et al., 2020), we focus on exploring different modelling
approaches to best fit the data. We compare a series of statistical
models incorporating different environmental variables to answer
the following questions: (a) Does integrating large- and local-scale
environmental variables (Table 1) improve the fit of models of pol-
linator abundance and species richness? (b) Which sets of variables
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TABLE 1 Sets of models fitted to all response variables in the
three Pollinator Monitoring Scheme (PoMS) survey datasets and
the predictor variables included in each.

Model name Predictor variables

Base model Year (spline) +
Month (categorical) +

Site (random effect)

Spatial model (large-scale) Base + Landscape heterogeneity +

Mean seasonal temperature

Base + Annual seasonal temperature
anomaly + local temperature anomaly

Temporal model
(large-scale)

Pan trap model®

Base + Total flower count (spline) +
Habitat class (categorical) +

Flower richness +

Sun exposure* +

Wind speed*

FIT Count model®

Base + Flower structure + Total
flower count +

Habitat class (categorical) +
Floral context +

Sun exposure (categorical) +
Wind speed (categorical)

Survey model (local-scale)

Full model Base + spatial + temporal + survey

model predictors

Note: All variables were modelled as linear continuous effects unless
stated. All continuous variables were centred on zero except those
marked with an asterisk.

aSurvey models fitted to the pan trap and FIT Count data are slightly
different as the two protocols collect different variables.

are more important in explaining variability in the data? and (c) How
do the direction, magnitude and uncertainty of the estimated trends
change with the different sets of variables included in the models?
We further assess whether answers to these questions differ across
the three PoMS surveys. We anticipate that including environmental
variables will improve the model fit, reduce uncertainty in the model
predictions and produce more useful metrics of change that sepa-
rate underlying trends in pollinating insects from short-term fluctu-

ations, without oversimplifying those trends.

2 | MATERIALS AND METHODS
2.1 | Survey design and sampling methods

UK PoMS includes three surveys: (a) pan traps on a network of
1kmx 1km squares across England, Scotland and Wales (pan traps),
(b) FIT Counts carried out during pan trap survey visits (1km FIT
Counts) and (c) FIT Counts at locations that are self-selected by vol-
unteer citizen scientists (‘public’ FIT Counts).

The PoMS 1km square survey in Great Britain was established
in 2017 across a network of 75 randomly stratified 1km squares
(Figure 1), based on a power analysis using existing data (Breeze
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FIGURE 1 Maps showing (a) the location of PoMS 1km survey squares in England, Scotland and Wales with data collected between
2017 and 2022. Each 1km survey square is shown as a 10 km square and coded according to whether it has predominantly agricultural
(greater than 50% land cover within the arable and horticultural or improved grassland UKCEH Land Cover Map class [Marston et al., 2022]),
or predominantly semi-natural land cover (greater than 50% cover within the woodland; rough, neutral, calcareous or acid grassland; fen,
marsh; heather; bog or montane Land Cover Map classes). Note there are no 1km survey squares located on Shetland and Orkney; and

(b) locations of ‘public’ FIT Counts submitted between 2018 and 2022. FIT Count locations are aggregated as 10km squares and coded

according to their relative density.

et al., 2021). Full details of the site selection and stratification proce-
dure are given in Supporting Information (Methods).

211 | PoMS survey protocols on 1km squares

PoMS surveys on the 1km square network comprise two proto-
cols implemented on the same day by non-experts (full details in
Supporting Information [Methods]). The first uses pan traps (sets of
three coloured bowls filled with water and left for 6 h at five fixed
stations along a diagonal of each square, each set producing a ‘sam-
ple’; O'Connor et al., 2019). During the trapping period, surveyors
collect data on local weather conditions, floral resources and habi-
tats surrounding the pan trap stations (Table 2). All bee and hover-
fly specimens are identified to species by expert taxonomists (on
account of being the initial key focal groups for the scheme), while
other taxa are individually counted and classified to high-level taxo-

nomic group (Table S1).

We retained the following insect groups for analysis of the pan
trap data: bumblebees, solitary wild bees, honeybees, an ‘all bees’
group (the sum total across all three bee groups), hoverflies, other
flies, wasps, beetles and ‘other insects’. Counts from remaining
groups were included in the total sum of all insects per trap station,
per survey (Table S1). From the species-level identifications, we
calculated five different variables representing species richness ac-
cording to their group: number of bumblebee species (Bombus spp.),
solitary bee species (all non-Bombus and non-Apis bees), richness
of all bees (including the honeybee), number of hoverfly species
(Syrphidae) and total species richness of all bees and hoverflies per
sample.

The second protocol uses FIT Counts, which involve counting
all insects that land on flowers within a 50cmx50cm quadrat
over a period of 10min, ideally of a particular ‘target’ plant taxon
(Table S2, Supporting Information [Methods]). Surveyors com-
plete at least two FIT Counts within the 1km square per survey

visit, identifying insects to broad taxonomic groups (bumblebees,
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TABLE 2 Variables included in the models described in Table 1.

Variable (type, model)

Month (categorical, all models)

Landscape heterogeneity
(numerical, spatial and full model)

Mean seasonal temperature, MST
(Numerical, spatial and full model)

Annual seasonal temperature
anomaly, ASTA (numerical, temporal
and full model)

Local seasonal temperature
anomaly, LSTA (numerical, temporal
and full model)

Flower count (numerical, survey and
full model)

Flower richness (numerical, survey
and full model)

Flower structure (categorical, survey
and full model)

Flower context (categorical, survey
and full model)

Habitat type (categorical, survey
and full model)

Description

Month in which the survey was conducted. One of: April, May, June, July, August,
September.
Data source: PoMS

An index quantifying the landscape heterogeneity in an area of 3x 3 km centred

on the 1km site in which the survey was conducted. The metric is based on the
number of land cover classes and their area within this 3x 3 km zone and calculated
as the inverse Simpson Index, where a higher value denotes higher diversity. See
Supporting Information (Methods) S3 for a description of this variable and Figure S1a
(Supporting Information tables and figures) for plots showing its distribution across
sites on each survey.

The variable was centred around the mean, divided by the standard deviation and
modelled as a linear effect.

Data source: the UKCEH Land Cover Map 2021

Mean monthly temperature (April to September) calculated for each 1km site across
all years, centred on zero.

See Supporting Information (Methods) S3 for a description of all temperature metrics
and Figure S1b for plots showing its distribution on each survey

For each 1km site, the relative temperature for the year in question (using data for
April to September), calculated as the difference between the average temperature
at a site in each year and the average temperature at the same site across all years
(2017-2022 for pan traps and FIT Counts on the 1km square survey and 2018-2022
for the public FIT Counts—Figure Sic in Sl [tables and figures]).

The variable was modelled as a linear effect.

Data source: HAD UK

This is the residual temperature anomaly at each 1km site, after accounting for the
mean seasonal temperature and annual seasonal temperature anomaly (Figure S1d).

For pan trap data, this is the total number of floral units counted by the surveyor
within a 2m radius of the pan trap station (Figure S2a in Sl [tables and figures]).

The variable was logged, centred around the mean and divided by the standard
deviation. We modelled the effect of this variable as a spline to account for a
potential non-linear relationship with insect abundance (European Commission: Joint
Research Centre, 2024).

For FIT Count data, this is the number of floral units of the target species counted in
the 50x 50 cm patch where the survey was conducted (Figure S3a).

The variable was logged, centred around the mean and divided by the standard
deviation. We modelled the effect of this variable as linear.

Data source: PoMS

The number of plant species in flower counted within a 2m radius of the pan trap
(Figure S2b).

The variable was centred around the mean, divided by the standard deviation and
modelled as a linear effect.

Data source: PoMS

The structure of the target flower on which the FIT Count was conducted

(Figure S3c and Table S2, Supporting Information [tables and figures]). One of: open
or closed floral structure.

Data source: PoMS

The category of flower context in which the FIT Count was conducted (Figure S3b).
One of: growing in a larger patch of many different flowers, growing in a larger patch
of the same flower, or more or less isolated.

Data source: PoMS

Broad categorisation of local habitat type (Figure S4). For pan trap data, one of:
semi-natural or agricultural.

For FIT Count data, one of: semi-natural, agricultural, garden or urban (UK Pollinator
Monitoring Scheme, 2025a).

Data source: PoMS and Land Cover Map 2007.

Survey

Pan trap and FIT
Counts

Pan trap and FIT
Counts

Pan trap and FIT
Counts

Pan trap and FIT
Counts

Pan trap and FIT
Counts

Pan trap and FIT
Counts

Pan trap

FIT Counts

FIT Counts

Pan trap and FIT
Counts

(Continues)
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TABLE 2 (Continued)

Variable (type, model) Description

Sunshine (categorical, survey and
full model)
shaded, or entirely shaded.
Data source: PoMS

Sun exposure (numerical, survey and

full model) (Figure S2c).

The variable was modelled as a linear effect.

Data source: PoMS

Wind speed (numerical, survey and

full model) [tables and figures]).

The variable was modelled as a linear effect.

Data source: PoMS

Wind (categorical, survey and full

Wind prevalence category during the 10-minute count (Figure S3e, Sl [tables and

CARVELL ET AL.
Survey
An estimate of amount of sunlight falling on the 50x50cm quadrat during the FIT Counts
10-minute count (Figure S3d). One of: entirely in sunshine, partly in sun and partly
Estimated % of total trapping time per survey during which the sun was shining Pan trap
Average wind speed on the Beaufort scale during the pan trap survey (Figure S2d, S| Pan trap
FIT Counts

model) figures]). One of: leaves still/moving occasionally, leaves moving gently all the time or

leaves moving strongly.
Data source: PoMS

Note: Data sources for UKCEH Land Cover Map 2021 (Marston et al., 2022) and HAD UK (Hollis et al., 2022).

solitary bees, honeybees, hoverflies, other flies, wasps, beetles,
butterflies and moths, and groups for ‘other insects’ and very
small insects <3mm in length; Table S1, Supporting Information
[Methods]). Additional data on local habitat type, number of target
flowers within the 50 cm quadrat, context of the flower patch and
weather conditions at the time of the FIT Count are also recorded
(Table 2).

Each year, approximately 55 survey squares are adopted and
surveyed by trained volunteers, with the remainder covered by paid
surveyors (UK Pollinator Monitoring Scheme, 2025c). Sites receive
up to four survey visits each year, from May to September, with a
minimum of 2 weeks between consecutive visits. Between 2017 and
2022, a total of 1129 survey visits were conducted, generating 5612
pan trap samples across the 75-site network, with an average of 188
surveys per year and 2.66 surveys per site. Fewer surveys took place
in 2017 due to late setup and in 2020 (during May and June in partic-
ular) due to disruption from the COVID-19 pandemic. A total of 2501
FIT counts were submitted from the 1km square network, averaging

2.5 counts per visit (ranging from 1 to 10) (Figure 1).

2.1.2 | Public Flower-Insect Timed Counts (FIT
Counts)

In addition to FIT Counts on the 1km square network, citizen scien-
tists conduct FIT Counts in self-selected locations between 1 April
and 30 September, when weather conditions conform to the criteria
for the 1km survey (Supporting Information [Methods]). Public FIT
Count data presented here span 2018 to 2022, with 2017 having
been a pilot year for this survey. While counts have been submitted
from Northern Ireland (since 2020), the Isle of Man and the Channel
Islands, for this paper our analyses are restricted to counts con-
ducted within Great Britain (GB). A total of 9599 public FIT Counts
was submitted from within 2330 different 1km squares across GB,

showing a steady increase in uptake from 585 counts in 2018 to
3171 in 2022 (Figure 1).

2.2 | Modelling approach

Prior to model fitting, we implemented a number of data cleaning and
processing steps described in Supporting Information (Methods).

Our first question focuses on the value of integrating large-scale
and local-scale environmental variables (described below) into mod-
els of pollinating insect abundance and species richness over time.
We fit five models containing different sets of these environmental
covariates to each of the survey datasets and compare their per-
formance. Table 1 describes the five models fitted to the three sur-
vey datasets and the variables included in each of them, with each
model operating at the level of the pan trap station or FIT Count. All
variables are described in Table 2 and in more detail in Supporting
Information (Methods).

The base model mirrors structures used by existing national mon-
itoring schemes, such as the Breeding Bird Survey and UK Butterfly
Monitoring Scheme (Dennis et al., 2016; Massimino et al., 2025). It
includes the effect of year, modelled using a cubic spline with two
degrees of freedom. This form of ‘smoothing’ is generally applied
in indicators of species abundance, especially for insects, as it re-
duces the impact of interannual fluctuations on resulting estimates,
allowing long-term trends to be detected. Unlike many UK indica-
tors of species abundance that apply smoothing to the model predic-
tions as a separate step after fitting the model (Dennis et al., 2016;
Massimino et al., 2025), we applied smoothing as part of the model
fitting step to simplify the workflow without affecting the statistical
output.

The spatial model includes large-scale spatial environmental
covariates typically used in species distribution models, for exam-
ple climate gradients or patterns linked to land use and landscape
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heterogeneity. The temporal model includes some climate variables
that aim to explain short-term inter-annual fluctuations in insect
abundance. The survey model incorporates a suite of local-scale
variables captured during sampling, including amounts of sunshine
or wind speed and the floral resources available around the sur-
vey location, to explain some of the intra-annual variation in insect
numbers or behaviours between sites or sampling locations due to
specific conditions at the time of the survey. Finally, the full model
includes all variables from the base model, large-scale spatial and
temporal and local-scale survey models (Table 2).

All models were generalised linear mixed-effect models and
were fitted with the R (R Core Team, 2021) package glmmTMB
(Brooks et al., 2017). To account for the hierarchical nature of
the data, all models included a random effect for the 1km grid
cell in which each FIT Count or pan trap survey was conducted.
In all models, we used a negative binomial distribution to ac-
count for overdispersion in the insect counts and species richness
(Figure S5).

We modelled each insect group separately rather than modelling
all data together, because the dispersion parameters differ by group
and by fitting separate models, we can explore effects of the envi-
ronmental variables on different insect groups. In total, 175 models
were fitted to 35 datasets (50 for each of the 1km and public FIT
Count datasets that included 10 insect groups per survey, and 75 for
the 15 pan trap survey datasets that included 10 insect groups and
five species richness variables).

To compare the performance of models with different categories
of predictor variables, we used Akaike information criterion (AIC)
(Akaike, 1974). For each insect group and survey type, we identified
the model that best fitted the data as that with the lowest AIC. For
each of the 175 models, we also calculated the marginal R? which
quantifies the variance explained by the fixed effects. Finally, we
extracted the variance of the random effect for survey site as a mea-
sure of the amount of variability that remains unmodelled by the
fixed effects.

2.3 | Metrics of temporal change

From the model predicted abundance or species richness on each
survey, we derived two metrics of change.

e First-to-last year percentage change in abundance or species rich-
ness: this is the difference between the predicted abundance or
species richness in the first and last year of the time series, con-

verted to percentage change:

(1)

Percentage change = 100 x <M>

Yi=1

wherey,_,is the abundance or species richness in the last year and y,_,

is the abundance or species richness in the first year.
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o Average annual percentage change in abundance or species richness:
this is the percentage change in abundance or species richness
between all consecutive years (calculated using the equation

above) and then averaged across the time series.

Confidence intervals for these metrics were derived by bootstrapping:
the dataset is resampled 1000 times and the model refitted to produce
independent predictions from which the metrics above and their con-

fidence intervals are calculated.

3 | RESULTS

3.1 | Summary of pollinator data generated by the
three PoMS surveys

After cleaning, the dataset comprised 5261 pan trap samples from
1087 surveys, totalling 411,668 insects. Of these, 9020 bees (includ-
ing bumblebees, solitary bees and honeybees) and 9108 hoverflies
were identified to 133 and 114 species, respectively, representing
on average 3.45 individuals and 2.14 species per sample. Other in-
sect groups sampled included ‘other flies’ (57.6 individuals per sam-
ple), beetles (11.1 per sample), ‘other insects’ (3.54 per sample) and
wasps (2.14 per sample).

Within the 2352 FIT Counts on the 1km square survey sites (fol-
lowing data cleaning), 24,964 insect flower visits were recorded at
an average of 10.61 insects per Count. Bees represented 14% and
hoverflies 19% of all insects recorded. The most common insect visi-
tors were ‘other flies’ (30% of flower visits) followed by small insects
(24% of visits). On the 8895 public FIT Counts submitted (follow-
ing data cleaning), 99,304 insect flower visits were recorded. Bees
(including bumblebees 19%, solitary bees 5% and honeybees 16%)
represented 41% and hoverflies 15% of all insects recorded, with
the ‘other flies’ comprising 15% and small insects 7% of visits. All raw
datasets are available via the NERC EIDC (UK Pollinator Monitoring
Scheme, 2025a, 2025b).

3.2 | Effects of integrating large-scale and
local-scale environmental variables on model
performance

Model selection results for the five fitted model types are summa-
rised in Table 3 with detailed comparisons in Table S3 (Supporting
Information tables and figures). The full model has the lowest AIC,
indicating best fit, in all but four of the 35 datasets. The exceptions
are beetles in the public FIT Counts, bumblebee abundance and spe-
cies richness and abundance of ‘other insects’ from the pan traps,
where the survey model has the lowest AIC. In most cases the full
model fits the data much better than the second-best model, as
shown by the large AAIC (AAIC >2 in all cases and >10 in 23 cases),
indicating strong evidence that spatial and temporal variability in
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TABLE 3 Results of model selection for the three survey
datasets.

Best Second
Dataset model best AAIC
Public FIT Counts
All insects Full Survey 17.49
Bumblebees Full Survey 6.51
Solitary bees Full Survey 47.36
Honeybees Full Survey 91.40
All bees Full Survey 35.03
Hoverflies Full Survey 62.33
Other flies Full Survey 17.25
Wasps Full Survey 18.56
Beetles Survey Full 746
Small insects Full Survey 5.74
1km FIT Counts
All insects Full Survey 34.57
Bumblebees Full Survey 18.62
Solitary bees Full Spatial 29.17
Honeybees Full Survey 32.19
All bees Full Spatial 50.16
Hoverflies Full Survey 11.48
Other flies Full Survey 5.56
Wasps Full Survey 18.02
Beetles Full Spatial 22.59
Small insects Full Survey 5.44
Pan traps
Allinsects Full Survey 12.11
Bumblebees Survey Full 4.88
Solitary bees Full Survey 32.01
Honeybees Full Survey 13.71
All bees Full Survey 4.65
Hoverflies Full Survey 16.25
Other flies Full Survey 6.52
Wasps Full Survey 13.05
Beetles Full Survey 19.90
Other insects Survey Full 3.72
Species richness of Survey Full 7.06
bumblebees
Species richness of Full Survey 31.96
solitary bees
Species richness of all Full Survey 5.03
bees
Species richness of Full Survey 11.64
hoverflies
Species richness of bees Full Survey 5.70

and hoverflies

Note: For each dataset (based on insect abundance unless stated as
species richness), the table shows which of the five model types had the
lowest AIC (‘best’ model) and second lowest AIC (‘second’ best). AAIC is
the difference between the AIC of the second best and best model.

insect abundance and richness is best explained by all the selected
environmental variables in addition to the base model (Burnham &
Anderson, 2002). The survey model, containing local-scale variables
collected during each survey, is the second-best model (with next
lowest AIC) in 28 of the 31 datasets where it is not top, with the
spatial model second-best in the remaining three datasets.

3.3 | Which sets of environmental variables are
more important in explaining variability in the data?

The amount of variability explained by the fixed effects is highest in
the full model, as shown by the Marginal R? (Figure 2 and Table S$3).
The variance of the random effect generally decreases when we
introduce each set of variables (but not always), and it tends to be
lowest in the full model (Table S3). However, variance remains high
across all model types, suggesting that the data contain a large
amount of between-site variability that is not explained by the mod-
elled variables.

For insect groups in the public FIT Counts, local-scale survey-
level variables were the most important in explaining variability
in abundance, as shown by the notable increase in marginal R?in
models containing those variables (Table S3 and Figure 2). In the
pan trap and 1km FIT Count data, models containing the large-
scale spatial variables explain a similar amount of variability as the
models containing survey-level variables. Survey and large-scale
spatial variables are also disproportionately important compared
with the other variables in explaining species richness of bees
(driven by the solitary bees; Figure 2). This suggests that local en-
vironmental conditions at the time of the survey and large-scale
spatial variables (here landscape heterogeneity and mean seasonal
temperature) are important in explaining some of the fluctuations

in insect numbers.

3.4 | Effects of modelled environmental variables
on the direction, magnitude and uncertainty of
estimated trends in annual abundance and species
richness

While the full model is unequivocally the best model from a statis-
tical perspective, the direction and magnitude of changes in abun-
dance and species richness of the different insect groups and the
associated uncertainty of the estimated trends do not differ dra-
matically across the five models (Figures S6 and S7, Supporting
Information tables and figures). This is the case for both the first-
to-last year and average annual percentage change metric (Table 4).
Only in a few cases were the error bars (95% confidence intervals of
the percentage change metric) crossing zero in one or more models
and not crossing zero in others for the same insect group, signalling
the significance of the change over the time series. To provide exam-
ples of the trend metrics generated, we here present estimates from
the full model fitted to all datasets.
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FIGURE 2 Marginal R? of the different
model variants fitted to group-level
abundance and species richness for all
insect groups and surveys.
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According to the first-to-last year percentage change metric,
in the public FIT Count survey, hoverflies declined in abundance
between the first and last years in our analysis, while bees, partic-
ularly honeybees and bumblebees, other flies, beetles and small in-
sects showed an increase in abundance, and solitary bees, wasps,
beetles and the ‘all insects’ group showed no significant change

Insect group

(Table 4 and Figure S6). Overall, insects surveyed in the 1km FIT
Counts declined in abundance, as did the bees, influenced by the
bumblebees, hoverflies, other flies, wasps and small insects, while
trends in solitary bees, honeybees and beetles were not signifi-
cant (Table 4 and Figure S6). We see similar results from the pan
trap survey, where the ‘all insects’ group declined in abundance
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First to last year %
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Average annual %

Dataset change (95% Cl) change (95% Cl)
Public FIT Counts
All insects 0.3(-8.8,10.6) 0.2(-2.2,2.6)
Bumblebees 22.6(0.1,48.6) 5.3(0.5, 10.6)
Solitary bees -14.6 (-38.4,18.1) -3.5(-10.7, 4.6)
Honeybees 79.2(39.9,136.7) 16.8(9.2, 27.5)
All bees 29.7 (11.1,52.3) 6.9(2.7,11.6)
Hoverflies -38.3(-49.3, -25.6) -10.1(-14.2,-6.3)
Other flies 25.8 (4.5, 51.2) 6.6(2,11.4)
Wasps 42.2(-1.9,113.3) 13.9(1.6,31.3)
Beetles 43.2(3.7,108.4) 9.8(1.5,21.3)
Small insects 39.9(12.6,77.4) 9.3(3.6,15.7)
1km FIT Counts
All insects -32.5(-41.3, -22.6) -7.4(-9.9,-4.7)
Bumblebees -40.2 (-54.9, -18.9) -9.4(-14.3,-3.6)
Solitary bees -16.5 (-45.3, 29.8) -2.9 (-10.9, 6.9)
Honeybees 35.6 (-15.8, 117.3) 6.8(-2.6,17.9)
All bees -25.2 (-40.6, -6.1) -5.5(-9.8,-0.9)
Hoverflies -32.6 (-44.8,-18.2) -6.3(-10.3, -1.9)
Other flies -16.9 (-30.8, -1.5) -3.4(-6.8,-0.2)
Wasps -40.6 (-63.2, -5.3) -9 (-17.4,0.9)
Beetles 7.9 (-29.5, 64.6) 3.7 (-5.6,15.8)
Small insects -50.6 (-64.6, -29.8) -13(-18.6, -6.5)
Pan traps
All insects -37.8(-43.6,-31.9) -8.5(-10.4, -6.8)
Bumblebees -2.2(-18.5,15.5) -0.1(-3.8,3.5)
Solitary bees 9.9 (6.4, 29.3) 3.5(-0.1,7.7)
Honeybees 43.9 (10.7, 88.2) 8.2(2.4,14)
All bees 6(-6.9,20.6) 1.9 (-0.8,4.9)
Hoverflies -47.9 (-55.8, -39.4) -12.2 (-14.9, -9.5)
Other flies -34.1(-40.4, -27.9) -7.2(-9.1,-5.4)
Wasps -26.8(-36.5, -16.1) -4.6(-7.2,-1.9)
Beetles -59.5(-67.5,-48.8) -16.3(-19.9, -12)

Other insects

-62.8 (-69, -55.3)

-17.7,(-20.5, -14.7)

TABLE 4 Change metrics estimated
from the full model fitted to all datasets.

Species richness of -2.3(-16,11.8) -0.3(-3.4,2.4)
bumblebees

Species richness of solitary 11.9 (-2.7, 28.5) 3.6(0.3,7.1)
bees

Species richness of all bees 7 (-3.4,18.6) 1.8(-0.2, 4)
Species richness of hoverflies -41.5(-48.1, -34.6) -10.1(-12.2,-8.1)
Species richness of bees and -20.4 (-27, -13.6) -4.3(-5.9,-2.7)

hoverflies

Note: For each dataset, the table shows the first-to-last year percentage change and the average
annual percentage change with 95% confidence intervals from bootstrapping. Values in bold
represent a significantly positive or negative change.

between 2017 and 2022, as did the hoverflies, other flies, wasps, the pan traps also declined, particularly for hoverflies, with no sig-
beetles and other insects, while honeybees showed a significant nificant change in bumblebee or solitary bee richness (Table 4 and

increase (Table 4 and Figure Sé). Pollinator species richness from Figure S6). Overall, confidence intervals around the first-to-last
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year percentage change are wide, especially for the bee groups
(Table 4 and Figure Sé6).

Overall, estimates for the average annual percentage change
metric across the time periods of each survey were in the same
direction as those for the first-to-last year percentage change (e.g.
with hoverflies consistently decreasing in abundance and species
richness), but they tended to be smaller in magnitude (Table 4 and
Figure S7). This is not surprising given that this metric represents
an average across the interannual fluctuations. Confidence intervals
also tended to be smaller for this metric compared with the first-to-
last year percentage change. The two metrics reached slightly differ-
ent conclusions in only three cases (Table 4).

3.5 | Comparison of trends in pollinator
abundance and richness across the three PoMS
surveys

We plotted the time series of annual insect abundance and species
richness as estimated by the full model and compared this across
surveys for the focal bee and hoverfly insect groups, and for the
summed abundance of all insects (Figure 3). Abundance per survey
is higher in the pan trap surveys than the FIT Counts for all insects
and solitary bees, lower for bumblebees, and similar for honeybees
and hoverflies, reflecting the differences between survey methods
in sampling different insect groups (Figure 3).

We found both similarities and differences in the direction and
shape of temporal changes in abundance between the three surveys,
(Table 4, Figures 3 and 4). Comparing public FIT Counts with 1km
FIT Counts, 4 out of the 10 insect groups show consistent temporal
trends for both metrics. Honeybees and beetles increased in both
FIT Count surveys, although the magnitude and significance of es-
timated changes differed. Both surveys show a decrease in abun-
dance of solitary bees (non-significant) and hoverflies. For all other
groups (all bees, bumblebees, other flies, small insects, wasps and
‘all insects’), trends estimated by the full model from the public FIT
Counts are positive, while trends from the 1km FIT Counts are neg-
ative. Uncertainty is generally higher from the public FIT Counts,
especially for wasps and small insects. Only honeybees and solitary
bees have less uncertainty in estimated trends from the public than
the 1km FIT Counts (Figure 4).

Comparison between the pan traps and 1km FIT Counts con-
ducted on the same sites shows agreement in trend direction for
four of the six insect groups (Figure 4). Hoverflies and bumblebees
show negative abundance trends in both surveys, but with different
magnitudes: from the first-to-last year change, hoverflies declined
by 47.9% in the pan trap survey and 32.6% in 1km FIT Counts, and
bumblebees declined by 2.2% (non-significant) in the pan traps and
40.2% in the 1km FIT Count survey. ‘All insects’ and honeybees
show similar changes across both surveys: ‘all insects’ declined by
37.8% in pan traps and 32.5% in 1km FIT Counts, while honeybees
increased by 43.9% in pan traps and 35.6% (non-significant) in 1km
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FIT Counts. The width of the confidence intervals around these esti-
mates is comparable across surveys (Figure 4), but trends for the sol-
itary bees and honeybees tend to be estimated more precisely by the
pan traps. Finally, within the pan trap dataset, both the group-level
abundance and species richness of bumblebees and solitary bees
follow a hump-shaped trend, increasing towards the middle of the
time series to 2020 and decreasing thereafter (Figure 3). Abundance
and species richness of hoverflies in pan traps declined in a more
linear fashion between 2017 and 2022 (Figure 3), contributing to the
greater magnitude of change detected for hoverflies.

4 | DISCUSSION

The UK PoMS represents a step change in the evidence base on UK
pollinating insects. Our analysis provides compelling evidence for
the inclusion of environmental variables to improve the fit of mod-
els of trends in pollinator abundance and species richness. Models
combining large-scale and local-scale variables with survey year
were the best fit to the data in nearly all cases and explained the
highest amount of variability. In contrast, our ‘base’ model contain-
ing only year and month, with a random effect for site, which mir-
rors the model structures used by current national schemes (Dennis
et al., 2016; Massimino et al., 2025) often showed the poorest fit (in
12 of 35 datasets) and explained the lowest proportion of variance
(in 31 datasets). However, variance remained high across all models,
suggesting the POMS data contain substantial variability that is not
yet explained by this set of modelled variables. In addition, while
improving model fit, the inclusion of environmental variables did not
have a big impact on the direction and magnitude of the estimated
trends and their uncertainty, which remained consistent across
model variants.

When assessing population trends and their drivers, espe-
cially for insect populations with large year-to-year fluctuations, it
is important to partition variance explained by the model into two
components: the interannual variability and the long-term trend
(Duchenne & Fontaine, 2024; Saunders et al., 2019). Our full model
incorporates environmental variables at different scales to reduce
interannual variability and improve detection of a signal of tempo-
ral change (Didham et al., 2020). While other studies have modelled
effects of some variables including temperature on single response
measures, such as insect biomass (Miiller et al., 2024) or butterfly
abundance (Roy et al., 2001), none have integrated this range of en-
vironmental variables into national-scale trend models on data for
such a wide variety of insect groups. Trend metrics generated over
this short time period should be interpreted with caution for reasons
explained below. Nevertheless, the significant declines in hoverfly
abundance and richness and in abundance of some other pollina-
tor groups across both the observational FIT Count and pan trap
surveys provide an early warning for policymakers looking to tailor
conservation actions or to meet national-level biodiversity targets
(Burns et al., 2023).
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FIGURE 3 Annualinsect counts and species richness estimated by the full model for key pollinator groups on the three Pollinator
Monitoring Scheme (PoMS) surveys. Points are model estimates and shaded areas are 95% confidence intervals. Note the scale on the Y-axis
differs between insect groups. Units are expected number of individuals or species per pan trap station or Flower-Insect Timed Count (FIT
Count).

Local-scale variables collected during sampling (including flower pollinator abundance in all surveys, especially the public FIT Count.
abundance and richness, target flower structure, habitat type, sun This was shown by the increase in marginal R? in models contain-
exposure and wind speed) were important in explaining variability in ing those variables (Figure 2), demonstrating how our approach
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FIGURE 4 Cross-survey comparison of temporal trends in abundance (top panels) and associated uncertainty (bottom panels) estimated
by the full model. Symbols represent the percentage change in abundance between the first and last year of each time series (top panels)
or width of the confidence intervals (bottom panels). Dashed line is the 1:1 line; diamonds close to the 1:1 line indicate similar trends and
uncertainty from the two surveys being compared. We compare the two Flower-Insect Timed Count (FIT Count) surveys (left panels) and
the 1km survey pan traps with the 1km FIT Counts conducted on the same sites (right panels). Note that a subset of insect groups (all bees,
bumblebees, honeybees, solitary bees, hoverflies and all insects) is included in the latter comparison as the other insect groups are not
comparable across these two surveys based on the way in which small insects (<3 mm) were categorised.

can reduce noise in the count data created by local conditions on
survey days. A previous UK citizen science survey of bumblebees
visiting focal plants also found local factors to be more significant
than large-scale factors in explaining variation in bumblebee abun-
dance in a single year (Roy et al., 2016). This reinforces the value of
participants in large-scale initiatives collecting environmental data
alongside biodiversity observations.

Including large-scale spatial variables (landscape heterogene-
ity within 3x3km around the centroid of the 1km site and mean
seasonal temperature) explained a similar amount of variability in
the pan trap and 1km FIT Count datasets as the models containing
only survey-level variables. This aligns with the 1km survey network
covering a gradient of UK land use types and latitudes, and previ-
ous evidence that bee and hoverfly abundance and species richness
respond to landscape context at these scales (Carvell et al., 2011;
Schirmel et al., 2018; Steffan-Dewenter et al., 2002). However, some

large-scale variables such as seasonal temperature may mask long-
term trends in the data. For example, 2022 was a relatively hot year
(Figure Sic, Supporting Information [tables and figures]) with a late-
summer heatwave, likely affecting some groups more than others.
Many hoverfly species have a requirement for damp habitat niches
at different lifecycle stages, so may have been disproportionately
impacted.

Although the full model was statistically the best of the five
tested, there was very little difference across models in the direction,
magnitude and uncertainty of the estimated temporal trends in in-
sect abundance and species richness (Figures S6 and S7, Supporting
Information [tables and figures]). This suggests the PoMS survey
datasets are fairly robust to the choice of environmental variables
included in the model, which is important from a policy perspective
because it provides confidence that any indicators generated are not
overly influenced by methodological decisions. We do not explore in
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depth the ecological drivers of abundance and richness within the
PoMS datasets here. These warrant future research based on some
of the initial effect sizes demonstrated by our models and evidence
from other large-scale insect datasets (Didham et al., 2020; Maher
etal., 2024).

Our results show a high degree of uncertainty around both
change metrics (first-to-last year and average interannual percent-
age change), likely due to the relatively short time series of PoMS
data that were available at the time of developing this modelling
framework. This highlights the need for data over a longer time se-
ries (>10years) to more confidently detect changes across these in-
sect groups (Wauchope et al., 2019; White, 2019). Indeed, the power
analysis informing design of the scheme was conducted with a 10-
year simulation (Breeze et al., 2021), although due to the significant
task of sample processing, data validation and cleaning, it will be
2029 before data from a 10-year time series across all three PoMS
surveys are available for analysis. While a single metric is desirable
for policy and communication reasons, it is not straightforward to
summarise a smoothed trend in annual abundance; therefore, the
two metrics reported here will inevitably lead to loss of informa-
tion. First-to-last year percentage change may be a more intuitive
metric to communicate (Massimino et al., 2025), but offers only a
snapshot comparison of changes in abundance, is sensitive to condi-
tions in the first and last year of the survey, and ignores any changes
that happen in the middle of the time series (Didham et al., 2020;
Duchenne et al., 2022; Fox et al., 2019). While average annual per-
centage change is less sensitive to conditions in any specific year, a
value close to zero could mask interannual change just because the
negatives and positives balance each other out. Furthermore, this
metric could be misinterpreted as being cumulative over the time
series. Overall, the first-to-last year percentage change is likely to
be a more intuitive metric to communicate, as evidenced by other
long-running national monitoring schemes (Massimino et al., 2025).
Using a smoother to estimate annual abundance helps minimise sen-
sitivity to particular years by smoothing out much of the interannual
variability. With a longer POMS time series, it may be feasible to omit
the first and last year as described by Massimino et al. (2025), or cal-
culate change between an average of the first two and last 2years,
as there is greater uncertainty at the ends of the smoother.

Comparing trends predicted by the full model across the three
PoMS surveys reveals some important differences. Predictions
from the two FIT Count surveys align in direction for 4 of 10 groups
(including hoverflies and solitary bees, both key target groups for
PoMS) while for all other groups the direction of the trend differs
(Figures 3 and 4). This probably reflects the two surveys sampling a
different mix of habitats and target flowers, and differences in their
size and spatial distribution. Most 1km FIT Counts (on which abun-
dance of most groups decreased) occur in habitats classified as semi-
natural (75%) or agricultural (20%) within each square in the wider
countryside (Figure S4, Supporting Information (tables and figures)),
where declines in UK pollinator biodiversity have been documented
(Mancini et al., 2023). In contrast, public FIT Counts spanning more
than 2300 sites across the time series (on which bumblebees,
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honeybees, other flies, beetles and small insects increased) were
mainly conducted in gardens (50%, including allotments; Figure S4).
While increasing urbanisation tends to negatively impact pollina-
tor richness, especially for hoverflies (Ellis et al., 2025), UK gardens
have been shown to act as pollinator hotspots (Baldock et al., 2019).
Globally, the variance in biodiversity value across urban habitats
suggests that targeted conservation measures (such as planting
for pollinators which may be a feature in the gardens of FIT Count
participants) can succeed in urbanised environments (Sanllorente
et al., 2025). However, we should be cautious in interpreting trends
from the public FIT Counts given that the selection of sites is not
a random sample of the population of interest and that there is an
increase in participation through time.

Modelling adjustments could be made to better understand the
apparent differences in trends between the two FIT Count surveys.
Separate smoothers fitted for each habitat type or target flower,
given sufficient sample size, could investigate their impacts within
the model. The higher proportion of bees observed in the public FIT
Count (41%) than the 1km FIT Count (14%) may reflect public par-
ticipants paying more attention to bees than other insect groups.
Equally, the lower proportion of flies in the public FIT Count dataset
could be due to the sample of target flowers selected by public ob-
servers (especially in gardens) being less likely to attract large num-
bers of flies than those that are more prevalent as target flowers in
the 1km FIT Count (e.g. Ivy, Hogweed, Hawthorn, Buttercup; see
Table S2 for the full list of target flower types; Orford et al., 2015).
As mentioned above, public FIT Counts show a southern bias
(Figure S1b) and increasing participation over time, suggesting
sample adjustment may be needed to ensure the inferences drawn
from the survey are representative of national-level trends (Boyd
et al., 2024). Levels of recorder experience may also be important
(Vallecillo et al., 2021), particularly if this changes as volunteers be-
come more familiar with the survey method. Model estimates from
the 1km FIT Counts carried out by more experienced volunteers
were more precise than those from the public FIT Counts, especially
for the wasps and small insects which could be considered more
challenging groups to identify or count accurately. This could be ad-
dressed by integrating the public FIT Count dataset with the 1km
FIT Counts to produce a composite trend estimate, or further testing
the accuracy of public FIT Counts in the field.

Abundance trends generated from the pan trap and 1km FIT
Count surveys align in direction for ‘all insects’ and four of the six
insect groups, and in magnitude for two groups (all insects and hon-
eybees; Figure 4). Both surveys are conducted on the same sites
and days, so the uncertainty of the predicted trends is similar for
most insect groups, except the honeybees and solitary bees, where
uncertainty is higher for the 1km FIT Counts. This likely reflects
differences in the effectiveness of the two methods in detecting
these species groups. Pan traps may be less effective for sampling
bumblebees than observational counts, but more effective for sol-
itary bees, hoverflies and other flies in northern Europe (European
Commission: Joint Research Centre, 2024; O'Connor et al., 2019).
Overall, the FIT Count survey is an effective method of generating
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observational data on insect abundance which, while only broadly
resolved to taxonomic group level, correlate closely with equivalent
annual measures from pan trap surveys. We recommend using more
than one survey approach in national-level pollinator monitoring
schemes to both reach a wider pool of volunteer participants (Roy
et al., 2016) and adequately sample different elements of the polli-
nator community.

Our results for hoverflies indicate significant interannual and
overall declines in both abundance and species richness, consistent
with European trends (Barendregt et al., 2022; Powney et al., 2019)
highlighting concern for these key providers of pollination and nat-
ural pest control services (Toivonen et al., 2022). Further analyses
exploring these trends should be a priority, for example looking at
differences among hoverfly guilds by comparing primarily migra-
tory with non-migratory species or aphidophagous hoverflies with
saprophagous feeders. The ‘other flies’ (all non-syrphid Diptera) and
wasps represent a larger and potentially even more significant pro-
portion of POMS records than the hoverflies and bees, in terms of
their relative abundance, likely species richness and functional im-
portance (Orford et al., 2015). Both groups increased in the public
FIT Counts but declined on both 1km square surveys, and indeed
patterns of change in the ‘all insects’ metric are likely to strongly
reflect changes in the ‘other flies’ and wasps. The current process-
ing pipeline for POMS pan traps does not allow for the non-bee and
hoverfly specimens to be identified to species level. However, mo-
lecular DNA technologies or image recognition approaches could
significantly enhance the potential of the PoMS sample archive for
monitoring these hyper-diverse and yet understudied insect groups
(Liu et al., 2021; van Klink et al., 2022).

An increase in honeybee abundance since 2017 was a consis-
tent trend across surveys (but particularly the public FIT Count) and
models (Figures 3 and 4). We retained honeybees as a defined group
in our analysis given their role as pollinators and prevalence in all
PoMS survey datasets either as part of the flower-visiting insect
community in FIT Counts or within pan trap samples. However as
most honeybees in the UK are managed, their abundance largely re-
flects local hive presence. We would therefore caution against over-
interpretation of trend metrics for the aggregate ‘all bees’ group and
suggest that future indicators intended to reflect trends in wild bees
exclude honeybees. Previous studies suggest that honeybee domi-
nance can reduce wild bee species richness (Weekers et al., 2022),
but there is potential for habitat management that increases wild-
flower diversity to limit resource competition and disease transmis-
sion between pollinators via shared floral use (Doublet et al., 2022).
Our results suggest that both the group-level and species-level data-
sets generated by PoMS provide an important opportunity to mon-
itor potential future changes in wild and managed pollinators and
their interactions at a national scale.

In conclusion, our study provides evidence that the inclusion of
both large-scale and local-scale environmental variables improves
the fit of models on noisy citizen science datasets of annual insect
abundance or species richness, reducing uncertainty in model pre-
dictions and enabling production of metrics that separate underlying
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national trends from short-term fluctuations. As the PoMS time se-
ries is extended, such metrics can inform the development of Official
Statistics (UK Statistics Authority, 2025) and Biodiversity Indicators
to support policy makers. These must meet stringent codes of prac-
tice and will rely on the sustainability of cost-effective structured
insect monitoring schemes with transparent protocols and data
pipelines, such as PoMS (Breeze et al., 2021; Levenson et al., 2024;
UK Pollinator Monitoring Scheme, 2025b). Our results have wider
relevance for targeting conservation actions towards species groups
showing the greatest declines. POMS pan trap and FIT Count surveys
may not take a traditional species-centred approach but serve to
better understand changes in the abundance, status and population
drivers of a wide range of currently understudied pollinating insect

groups and the ecosystem functions they provide.
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SUPPORTING INFORMATION

Additional supporting information can be found online in the
Supporting Information section at the end of this article.

Figure S1. Large-scale environmental covariates included in the
spatial, temporal and full model.

Figure S2. Local-scale covariates included in the survey and full
models for pan trap data from the PoMS 1 km square survey network.
Figure S3. Local-scale covariates included in the survey and full
models for FIT Count data.

Figure S4. Number of FIT Counts (public and 1km) and pan trap
stations in different habitat classes (note pan trap stations were
classified as located in either predominantly agricultural or semi-
natural habitats only).

Figure S5. Histograms of insect and species numbers per pan trap
station or FIT Count.

Table S3. Model comparison for all 35 datasets, ordered by survey

type.
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Figure Sé6. Percentage change in abundance and species richness
between the first and last year of each time series (2017 to 2022 for
pan traps and 1km FIT Counts; 2018 to 2022 for public FIT Counts)
estimated by the five model types for each of the datasets.

Figure S7. Average annual percentage change in abundance and
species richness (from 2017 to 2022 for pan traps and 1km FIT
Counts; from 2018 to 2022 for public FIT Counts) estimated by the
five model types for each of the datasets.

Table S1. Insect groups recorded on PoMS and their assignment
within the pan trap and FIT Count protocols.

Table S2. Target flowers for Flower-Insect Timed Counts and flower
structure categories assigned for analysis.
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