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Abstract

Phenological shifts are important indicators of climate-change responses, but large-scale
inference requires coverage that structured monitoring rarely provides. Occurrence databases
such as GBIF offer an alternative, although the reliability of different phenological metrics
remains uncertain. I compared five metrics (Q10, Q50 and Q90 timing quantiles, weighted mean
flight date and season width) derived from GBIF records for 34 UK moth species against the
structured Rothamsted Insect Survey (RIS), using yearly and spatial analyses, and assessed
agreement by absolute error, correlation and regression slope. Most GBIF records (97.1%) came
from formal citizen-science recording schemes. In yearly analyses, timing quantiles and weighted
mean flight date showed reasonable agreement with RIS, but substantial variation among species.
GBIF consistently compressed interannual variation, recovering only about 60% of its amplitude
even after correcting for benchmark measurement error. Season width tracked yeatly patterns
but with errors exceeding its natural variation, while peak timing was poorly recovered. Across
latitude bands, central timing was most reliable, whereas Q90, season width and latitudinal
contrasts showed weaker agreement. Temporal trends were generally poorly recovered; even
Q50 trends, which showed moderate agreement, were strongly compressed. GBIF can provide
moderately reliable estimates of seasonal timing, but season width, peak timing and temporal
trends are less dependable. Compression of interannual variation also suggests that occurrence-
derived estimates of phenological sensitivity to temperature will be biased towards zero. These
findings provide a basis for metric selection, although their generality across regions and data

sources requires further validation.
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Introduction

Phenology, the seasonal timing of biological activity, is one of the most sensitive biological
indicators of environmental change. Phenological shifts have been documented across taxa
wotldwide (Parmesan and Yohe 2003; Menzel et al. 2006; Poloczanska et al. 2013; Root et

al. 2003; Visser and Both 2005), with consequences for species interactions, population dynamics
and ecosystem function. The evidence ranges from centuries-long records of cherry blossom
flowering in Kyoto (Aono and Kazui 2008) to birds and marine systems (e.g. Sanz 2002; Crick
2004; Both et al. 2004; Edwards and Richardson 2004; Van Buskirk et al. 2009; Goodenough et
al. 2010). Temperature is the main driver, because it sets the pace of development and the timing
of resources. Warming generally advances spring activity, although the strength, and occasionally

the direction, of the response varies among species and trophic levels.

Spring events such as budburst, insect emergence and bird breeding have advanced by days to
weeks across temperate regions in recent decades, closely tracking rising temperatures. This
makes phenology one of the clearest biological signals of climate change (e.g. Parmesan and
Yohe 2003; Root et al. 2003). In the UK and elsewhere in northern Europe, many butterflies and
moths now fly earlier (Roy and Sparks 2000; Hillfors et al. 2021; Hickinbotham et al. 2024),
migratory birds arrive sooner (Crick and Sparks 1999; Thorup et al. 2007; Gordo 2007), and
many plants flower earlier (Fitter and Fitter 2002). The ecological consequences of these shifts
may matter even more than the shifts themselves. When interacting species respond to climate at
different rates, their timing can become mismatched, so that peak food supply no longer
coincides with peak demand (Donnelly et al. 2011; Thackeray et al. 2010; Both et al. 2009). This
is clearest in well-studied systems such as plants and their pollinators (Memmott et al. 2007), and
caterpillars and the birds that feed them to their chicks (Burgess et al. 2018). Such mismatches

have been linked to lower breeding success in long-distance migrants (e.g. Reséndiz-Infante and
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Gauthier 2020; Jones and Cresswell 2010) and to disrupted pollination networks (Memmott et

al. 2007).

Phenological shifts also have evolutionary consequences. Phenological traits are often heritable
and can respond to selection, but observed shifts in populations are often driven mainly by
plasticity rather than genetic change, and the two are hard to separate using observational data
alone (e.g. Charmantier and Gienapp 2013; Gienapp et al. 2014). Occurrence databases such as
GBIF cannot tell whether a detected shift reflects plasticity, evolution or a change in which

individuals are active, and this ambiguity applies to all the metrics evaluated here.

Understanding these shifts requires consistent data, comparable across space and time and at
meaningful biological scales, and such data are hard to obtain across many species and large
areas. Structured monitoring programmes are the most reliable basis for phenological inference.
Long-running schemes such as the UK Butterfly Monitoring Scheme (Roy et al. 2014) and the
Rothamsted Insect Survey (Harrington and Woiwod 2007) produce abundance time series under
standard protocols, from which timing metrics can be estimated with known uncertainty. But
such schemes are expensive and cover limited areas. Remote sensing can sometimes fill the gap,
but its resolution is limited (Klosterman and Richardson 2017; Richardson et al. 2018). With a
few exceptions, such as the UKBMS, RIS and the PEP725 database (Templ et al. 2018),
structured monitoring alone cannot provide the spatial resolution and species coverage that

large-scale comparative phenology needs.

GBIF and similar databases appear to offer a solution. With hundreds of millions of records
across all taxonomic groups, they make it possible, in principle, to estimate phenological metrics
for thousands of species across large areas, a scale no structured scheme can match. Citizen-
science platforms such as iNaturalist have greatly increased the volume and temporal coverage of
GBIF records in recent decades (Tulloch et al. 2013; Di Cecco et al. 2021; Jari¢ et al. 2020), and

large-scale research using these data has grown accordingly (Mason et al. 2025). However, GBIF
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is not a single data source. It combines open citizen-science platforms, museum collections,
formal citizen-science recording schemes, local records centres and research datasets, and the
mix of sources differs strongly among taxa and regions. That mix is likely to matter for
phenology. In the UK moth data analysed here, formal recording schemes and records centres
supply 97.1% of GBIF records after filtering. This is therefore a test of scheme-dominated
GBIF data (data mostly from organised citizen scientist recording schemes), not of open citizen-

science platforms such as iNaturalist.

The difficulty is that these records were never designed for phenological monitoring. They
reflect where and when people choose to record, not a systematic sample of seasonal activity.
Effort varies across seasons, years and regions in ways that are hard to measure. Fewer recorders
in early spring, for example, means fewer early-season records, which could make a species
appear to emerge later than it really does. Differences in recorder density between regions add a
further complication: regions with more active recorders produce more records regardless of the
biology, which can exaggerate or hide real latitudinal gradients in timing. These biases are well
known in species distribution modelling (Beck et al. 2014; Isaac and Pocock 2015), but their

effects on phenology have received much less attention.

This matters because phenological studies extract several summaries from the same data. These
include the median or mean date of activity, the start and end of the season (expressed here as
timing quantiles, the dates by which a given fraction of the season’s activity has occurred), season
width, and spatial and temporal trends. These metrics make different demands on the data.
Central timing should be faitly robust to moderate variation in effort, because most records fall
near the seasonal peak. Tail quantiles are harder, because they depend on the edges of the
season, where opportunistic records (those made without a standard sampling protocol) are
sparsest and most prone to bias. Before examining the RIS-GBIF comparison, I therefore

predicted that central timing would be recovered better than metrics that depend on the tails. A
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database that gives reliable estimates of median flight date may still give misleading estimates of
season onset, trends or north—south contrasts. The question is not whether GBIF contains
phenological signal, which several studies have shown it does (e.g. Faltynek Fric et al. 2020, but
see Larsen and Shirey 2021; Cereghetti et al. 2020), including studies of herbarium specimens
(e.g. Graves and Manzitto-Tripp 2026). The question is which metrics can be extracted reliably

enough to support ecological inference, and which cannot.
g pPp gl s

Here I answer this question using the Rothamsted Insect Survey (RIS) as a structured
benchmark. RIS runs a network of standardised light traps across the UK and has recorded
moth abundance systematically for several decades (Harrington and Woiwod 2007). I compare
phenological metrics from RIS with those from GBIF records for 34 UK moth species. I test
not only central timing but the range of metrics that ecologists routinely use: tail quantiles,
season width, latitudinal differences and temporal trends. For these scheme-dominated UK data,
GBIF recovers the year-to-year pattern in central timing and the timing quantiles reasonably
well, though it understates its size. It recovers the late tail across space, season width, peak
timing and most trends much less reliably. Scheme-dominated GBIF data are suitable for broad
spatial analyses of central seasonal timing, but other uses need caution, and whether these results

apply to platform-dominated data remains an open question.
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Methods
The study had three stages (Table 1). First, I used simulation to test whether the phenology
estimators could recover known values. Second, I tested the estimators on RIS data alone, to
check that they worked on structured real-world data. Third, I compared RIS and GBIF directly,
testing whether GBIF-derived metrics reproduced those from RIS. This design separates
validation of the method from validation of the data source. It also avoids the circular argument
that GBIF data are valid because a fitted model looks plausible.
Table 1: Estimation methods used at each stage of the analysis. Group 1 compares cyclic GAMSs and symmetric
and asymmetric single- and two-scale kernels, each with and without effort correction, on simulated data. Groups 2
and 3 apply the selected two-scale asymmetric kernel to RIS and GBIF (the matched workflow), with raw GBIF
summaries and a simple cyclic GAM as supplementary comparators. "Effort aware?" shows how effort enters: in
the likelihood, as an offset, or by dividing by observed or inferred effort afterwards. GAM = generalised additive
model; nb = negative binomial; Q10, 050, Q90 = 10th, 50th and 90th percentiles of the seasonal distribution.
Group Approach Data Effort aware? Role Outputs
Group 1: Choose the . . No and yes (paired Q10, Q50, Q90, weighted
estimator (simulation) Oyl G Simulated benchmark) Comparator mean, season width
Single-scale symmetric . No and yes (paired Q10, Q50, Q90, weighted
kernel Simulated benchmark) Comparator mean, season width
Single-scale f No and yes (paired Q10, Q50, Q90, weighted
asymmetric kernel Sl benchmark) GO mean, season width
Two-scale symmetric : No and yes (paired Q10, Q50, Q90, weighted
kernel Simulated benchmark) Comparator mean, season width
Two-scale asymmetric : No and yes (paired " Q10, Q50, Q90, weighted
kernel Simulated benchmark) Candidate — selected mean, season width
Group 2: Validate it on ] . ’ Chosen estimator; Q10, Q50, Q90, weighted
RIS data Ig?]esicale LY Folbsserved) I\i(f:iigig%c))sure N main yearly and spatial mean, season width, peak
benchmark timing, curve shape
Empirical weekly RIS No Supplementary raw Q10, Q50, Q90, weighted
aggregation (observed) benchmark mean, season width
RIS annual catch / trap- RIS Yes (observed Supplementary -
days (observed) effort divisor) abundance benchmark (Ve EDDITIE EES (8 25
Group 3: Compare GBIF 1, <6 asymmetric Yes (exposurein  Main matched yearly ~ &10- @50, Q90, weighted
it kernel el likelihood; floor 50) and spatial workflow (N, SEEeI B, [Eel
; P timing, spatial contrasts
Empirical weekly GBIF No Supplementary raw Q10, Q50, Q90, weighted
aggregation comparator mean, season width
Cyclic GAM (bs='cc', GBIF Yes (effort offset ~ Supplementary simple Q10, Q50, Q90, weighted
k=8, nb) term) comparator mean, season width
GBIF annual individuals Yes (inferred effort Supplementary .
/inferred effort Sl divisor) abundance comparator Annual abundancs index
GBIF annual raw GBIF No Supplementary Annual abundance index

individuals

abundance comparator
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Simulation study

I began with simulation because it is the only part of the analysis in which the true seasonal
distribution is known. This let me test whether the seasonal parameters could be recovered at all,
and choose an estimator before fitting any RIS or GBIF data. I generated synthetic weekly
phenology data under two regimes, symmetric and asymmetric. I included the asymmetric regime
because moth flight curves are often skewed, and a method that works only for symmetric
curves would be of little use. In the symmetric regime, the true daily abundance curve was
Gaussian. Annual peak date was drawn uniformly from day 60 to 250, peak width from 10 to 20
days, and total annual abundance from 10,000 to 800,000 individuals. In the asymmetric regime,
the curve was split-normal, rising and falling at different rates. Peak date was drawn from day 70
to 240, left-side width from 18 to 32 days, right-side width from 7 to 14 days, and abundance
from the same range. In both regimes I simulated ten years across five latitudinal areas. I
imposed fixed differences in timing and abundance among areas, so that the simulated data

contained both year-to-year and spatial structure.

I then simulated observations. On top of each true abundance curve I placed a separate
Gaussian curve for observer effort through the year. It had its own peak (day 150-200) and
spread (20—60 days; see Supplementary Methods for the asymmetric-regime values), and was
capped at 20 traps per day. I added log-scale noise so that effort varied randomly around this
seasonal pattern. Observed counts were then drawn from a Poisson distribution. Its expected
value was the product of true abundance, effort, and a fixed detection probability of 0.06, the
small fraction of passing moths that a light trap catches. The observations were therefore noisy,
and they were distorted by seasonal effort whose peak could differ from the true phenology.

Overcoming this confounding is the central challenge for any estimator.

For each regime I compared five model families: a cyclic GAM, and single- and two-scale kernels

in symmetric and asymmetric forms. Where possible I fitted each with and without effort
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correction, so that I could assess model structure and effort treatment separately. I measured
how well each recovered the known phenological summaries, focusing on Q50 but also on
weighted mean day of year and season width. This stage showed that the phenology could be
recovered and how the ranking of methods changed with the shape of the true curve. It also
identified the two-scale asymmetric kernel as the best RIS estimator before any real data were

used.

Finally, I tested recovery of variation in abundance between years and between areas. The target
was relative, not absolute, abundance. Neither data source measures true population size on a
comparable scale, and most ecological applications need only to know which years and places
had high or low activity. I therefore standardised true and estimated seasonal totals across year X
area combinations, expressing each as a deviation from the species mean divided by its standard
deviation. The comparison thus asked whether high- and low-abundance combinations were

ranked correctly, not whether absolute counts were recovered.

Empirical study

Rothamsted Insect Survey (R1S) data

The benchmark data came from the Rothamsted Insect Survey (RIS) light-trap network, which
runs traps under consistent protocols across the United Kingdom (Harrington and Woiwod
2007). The data were daily trap-level counts of macro-moths for 1999-2024, supplied by RIS as
an extract in March 2026 (RIS 2021). RIS provides a repeated, structured record of seasonal
activity, with known trap locations and controlled effort. It is not free of measurement error, but
it is the strongest benchmark available for these moths and years, so agreement with RIS
measures closeness to the best available benchmark, not absolute accuracy. I aggregated RIS
records to weekly counts so that all comparisons used the same time step, excluded the two non-
UK sites (Gibraltar and Lammi), and mapped RIS species names to the GBIF taxonomy. In the

main comparisons, RIS metrics come from the two-scale asymmetric-kernel model, so that RIS
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and GBIF are fitted with the same method. I kept empirical RIS summaries for supplementary

benchmarks and RIS-only checks.

For RIS, effort is observed directly. I measured it as the number of traps operating in each week,
counting a trap as operating in a week if it reported any records that week. I counted traps across
the whole UK for the yearly comparisons, and within each latitude band for the spatial
comparisons. Weeks in which no trap reported were left out of the fits. The number of operating
traps entered the model as its exposure (the amount of trapping effort behind each weekly

count), so the model estimates catch per operating trap rather than raw counts.

GBIF data

I took occurrence records from the Global Biodiversity Information Facility (GBIF), which
combines data from museum collections, formal citizen-science recording schemes, research
projects and open citizen-science platforms. Unlike RIS, these records are largely opportunistic:
their density through time and space reflects where and when people record as much as it
reflects the moths. Separating these two influences is the main challenge in extracting phenology

from GBIF.

For the focal UK species, the GBIF records came mostly from formal citizen-science recording
schemes rather than open citizen-science platforms. Of the filtered records, 97.1% came from
formal recording schemes or monitoring programmes, 1.9% from open citizen-science
platforms, 1.0% from research projects or surveys, and less than 0.1% from museums or other
sources. This study is a test of scheme-dominated GBIF data for UK moths, not of data from
open platforms such as iNaturalist. Both are citizen science, so the distinction is one of
organisation (a common target group, standard record formats and expert verification), not of

who records.

10
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Some GBIF records come from the Rothamsted traps themselves: the National Moth Recording
Scheme, which supplies most of the focal GBIF data, includes RIS catches, identifiable by the
sampling protocol “Rothamsted Trap”. I removed these records (184,191; 2.6% of focal-species
records) before any GBIF effort estimation, modelling or comparison, so that the benchmark
and the data under test share no records. To check how much this mattered, I compared model-
free agreement between RIS and GBIF in the spatial analysis for the same GBIF download
processed with and without these records (Table S16). Leaving them in raised the mean
correlation with RIS by 0.01 to 0.02 and lowered the mean absolute error by 0.13 to 0.25 days,
depending on the metric. The effect was small and in the expected direction: records that come
from the RIS traps make GBIF look slightly more like RIS. All results reported here exclude

them.

I harmonised taxonomic names, selected records for the focal species, filtered them to the study
region and period, and kept only records with usable dates and coordinates. As with RIS, I
aggregated records to weekly counts. To account for variation in recording effort, I estimated
effort separately and included it in the model as exposure. From the fitted seasonal curves I
extracted five phenological summaries (Q10, Q50, Q90, weighted mean day of year and season
width), for each year and for each latitude band, and compared each with the corresponding RIS

value. The two datasets overlap widely in space (Figure 1).

Because GBIF effort is not observed, I estimated it from the records themselves. Records close
together on the same date probably come from the same light trap, and separate clusters of
records probably come from different traps. I did not require identical coordinates, because
record coordinates are often rounded or imprecise. Instead, I applied DBSCAN density-based
clustering (Hahsler et al. 2019) to each day’s coordinates, grouping records within 500 m of one
another and requiring at least three records per cluster. I treated each cluster as one trap and

summed the daily number of clusters to give weekly effort. I fixed both settings in advance

11
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rather than tuning them against RIS: 500 m allows for imprecise coordinates, and the three-
record minimum stops one or two isolated records from counting as a trap. The resulting weekly
effort entered the kernel model as exposure and the cyclic GAM comparator as an offset, so in

both the fitted curve described abundance per unit effort rather than raw record counts.

Records
3 3 10,000
= =
S S
- - 100

10 5 0 10 5 0
ongitude ongitude

Figure 1. RIS and GBIF data overlap widely across the UK. Left: RIS light-trap locations. Right:
density of GBIF records (hexagonal bins). Shaded horizontal bands show the five latitude bands

used in the spatial analyses.

Species selection

RIS and GBIF use different taxonomies, so I first mapped RIS names to current accepted names
(tor example, Orthosia munda, Omphaloscelis lunosa, Spilosoma lutenm and Hoplodrina alsines became
Anorthoa munda, Anchoscelis lunosa, Spilarctia lutea and Hoplodrina octogenaria). 1 excluded both

Mesapamea secalis and M. didyma. The two can be told apart only by examining genitalia, so RIS

12



251

252

253

254

255

256

257

258

259

260

261

262

263

204

265

266

267

268

269

270

271

272

273

274

mostly records them as a combined category, and species-level RIS records exist for only 12 of

the 26 years.

From this pool, I chose species to cover the whole flight season rather than only the most
frequently recorded taxa. I chose species from across the season, so that early-, mid- and late-
season species were all included. I kept only species with a single annual flight peak, and required
each to have at least 20 years of RIS data and plentiful GBIF records. This stopped abundant
mid- and late-season species from dominating the list, and meant the methods were tested across

a wide range of phenological shapes.

I tested the single-peak rule on the RIS weekly catch curves rather than assuming it. A known
multivoltine species, Gymnoscelis rufifasciata, showed a clear second peak and was excluded. Two
retained species, Lacanobia oleracea and Axylia putris, show only a weak, occasional late-season

second peak, visible as a low tail rather than a second generation, and I kept them.

Spatial binning

For the spatial analysis, I divided the study area into five latitudinal bands at the quintiles of RIS
trap latitude, which balances spatial resolution against sample size within each band. I assigned
RIS traps and GBIF records to bands by their coordinates (Figure 1). Within each band and year
I built a seasonal activity curve, using trap counts and exposure for RIS and occurrence records
for GBIF. From these curves I extracted band-specific metrics, which allowed comparison of

timing within bands, latitudinal contrasts in Q50 and within-band trends.

Phenology model

I modelled flight phenology with a two-scale asymmetric-kernel mixture model. I fitted it first to
RIS, to create the benchmark, and then to GBIF, so that both datasets were analysed with the
same method. Think of the model as adding together a few smooth bumps, some broad and

some narrow, each allowed to be lopsided. A single smooth curve often cannot fit both the
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gradual shoulders and the sharp central peak of a flight season. The model fits them separately: a
bank of broad kernels describes the overall seasonal envelope, including long shoulders, and a
bank of narrow kernels describes sharp peaks. Each kernel can rise and fall at different rates, so
the model can fit seasons in which activity builds slowly and ends abruptly, or the reverse.
Kernel weights were constrained to be non-negative, and a sparsity penalty stopped the model
from placing activity in weeks with little data. Formally, weekly expected abundance for a given
species, year and (where relevant) latitude band was the sum of the two banks of non-negative,
asymmetric kernels, multiplied by exposure. The full model equations are given in the

Supplementary Methods.

I chose the settings that control model flexibility (kernel spacing, left and right widths, and
penalty strength) in two steps. I first tuned a single-scale asymmetric kernel. After inspecting
species-years with sharp peaks and broad shoulders, I extended it to the two-scale form by
adding separate broad and narrow banks, both with a 7-day spacing to match the weekly data. I
chose among candidates using the simulations, where the truth is known. In both regimes, the
two-scale model matched or beat the single-scale asymmetric kernel and the GAMs, and it also
recovered seasonal shape (width, tails and peak), which a single-scale model cannot. I used it as
the single estimator for both RIS and GBIF. I report its performance on the empirical RIS
check, which has no known truth and ranks the models differently, as a validation (Results). Full

tuning values and the effect of broader single-scale kernels on curve shape are in the

Supplementary Methods (Fig. S6, Table S11).

GBIF phenology summaries

The main GBIF estimates, in both the yearly and spatial comparisons, came from the same two-
scale asymmetric-kernel model, with inferred weekly effort as exposure. I refer to this pairing of
identical RIS and GBIF models as the matched workflow. I also kept two supplementary

comparators: raw weekly GBIF summaries, and a simple per-year cyclic GAM with an effort
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offset. These test whether raw GBIF data already contain phenological signal, and whether a
simple effort-aware smoother improves on them. Example single-year fits show broad

agreement between RIS and GBIF, with local differences in timing and shape (Figure 2).

The GBIF fits needed one further adjustment. I chose the model and its settings from the
simulations and RIS alone, with no tuning to GBIF. However, very small inferred weekly effort
values could produce implausibly high counts per unit effort, so I set a floor of 50 trap-nights on
inferred weekly exposure. I chose 50 as a moderate value, not the value that gave the best
agreement: agreement kept improving at higher floors, but only by overriding more and more of

the effort estimate (Table S13).
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Figure 2. Example single-year fits: GBIF generally reproduces the seasonal pattern seen in RIS,

with local differences in timing and shape. Rows show Orthosia gothica in 2001, Idaea aversata in

2001 and Xestia xanthographa in 2009. Points show weekly relative abundance, coloured lines

show the fitted curves for RIS and GBIF, and vertical lines mark the fitted Q10, Q50 and Q90.

Metric exctraction and abundance indices

I estimated phenology from relative, not absolute, seasonal abundance. Within each species and

year (and each latitude band, for the spatial analyses), I divided weekly counts or fitted values by

16



317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

the seasonal total, giving a distribution that sums to one. I applied the same step to fitted daily
curves before extracting metrics. All timing, width and peak metrics describe the timing and

shape of the season, not how many moths were caught.

As a supplementary check, I tested whether GBIF recovered year-to-year variation in total
seasonal abundance. For RIS, annual abundance was the seasonal catch divided by the number
of trap-days that year. For GBIF, effort is not observed, so I compared two measures: the raw
yearly number of individuals, and that number divided by the summed DBSCAN effort estimate.
To put all sources on the same scale, I divided each species’ yearly values by their mean across
years, so that values above one indicate above-average years. The comparison asked whether
good years in RIS were also good years in GBIF, not whether the counts matched. This
abundance index measures change in total numbers between years, whereas the seasonal curves
above describe how activity is spread within a year. I report the abundance results in the

Supplementary Information, because this paper focuses on timing.

Phenological metrics and derived summaries

I assessed five main metrics. Q10, Q50 and Q90 are the 10th, 50th and 90th percentiles of the
seasonal distribution, which mark the onset, median and end of the flight season. The weighted
mean day of year is the average date, with each week weighted by its share of the season’s
activity. Season width is the span from Q10 to Q90 (Figure 3A). Together they describe the
whole season: Q50 and the weighted mean give its centre, Q10 and Q90 its start and end, and
season width its length. I also recorded peak timing, the day on which the fitted daily curve
reached its maximum. From these yearly metrics I derived spatial contrasts between latitude

bands and temporal trends (Figure 3B, C).
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Figure 3. The phenological metrics and the spatial and temporal summaries derived from them.
A. A stylised flight season, showing Q10, Q50 and Q90 (early, median and late timing), the
weighted mean day of year, peak timing, and season width (Q10 to Q90). B. Spatial summaries
across the five latitude bands: the latitudinal slope and the north—south contrast in (Q50. C.

Temporal trend in yearly Q50.

I calculated spatial and temporal summaries from the band-specific metrics with simple
regressions. For each species and year, the north—south contrast was the value in the
northernmost band minus the value in the southernmost band, and the latitudinal slope was the
slope of the metric against band midpoint latitude. For temporal trends, I regressed each yearly
metric on year for each species, and took the slope as the rate of change. In the spatial workflow

I did the same within each species and band, to give within-band trends.
Comparison criteria

I assessed agreement separately for each species, because these metrics are used to make
inferences about individual species, and treated pooled summaries as secondary. For each metric
I used three measures of agreement: mean absolute error (MAE, the average difference between
GBIF and RIS, ignoring its sign), Pearson correlation, and the slope of GBIF on RIS within each

species. The slope tests whether GBIF matches the size of variation in RIS, not just its direction.
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MAE is in each metric’s own units (days for dates and season width, days per year for trends,

days per latitude band for spatial gradients), so raw MAE cannot be compared across metrics.

I therefore also report a standardised error: the mean MAE divided by the standard deviation of
the RIS values over the same units on which agreement was assessed. These units were years
within species for the yeatly, spatial-band and contrast metrics, and species for the trend slopes.
The standardised error has no units, so it can be compared across metrics; a value near 1 means

the error is as large as the signal being estimated.

Rather than combine these measures into one rating, I described each metric on two separate
axes. Pattern recovery is whether GBIF tracks the RIS pattern, measured by the correlation.
Magnitude recovery is whether GBIF reproduces the size of variation, measured by the slope. Two
axes are needed because a metric can track the RIS pattern well but compress its size, or do
neither. I also use the standardised error as a measure of accuracy when ranking metrics within
species (see Results). These axes are practical guidance, not a pre-registered scheme: their

purpose is to tell researchers which metrics they can use.

The regression slope needs one more qualification, because a low slope can mean either that
GBIF misses the pattern or that it understates its size, and because the slope assumes the
benchmark has no error. The slope combines the two because the least-squares slope equals the
correlation multiplied by the ratio of standard deviations (slope = 7 X SDggir/SDgys). The first
factor measures how well GBIF #acks RIS; the second measures whether GBIF reproduces the
amplitude of variation. A low slope can come from either, so I report both factors as well as their
product. The assumption matters because random error in the RIS values pulls the slope towards
zero (regression dilution), so the raw slope understates the true one. To correct for this, I
estimated the sampling reliability of each RIS metric. Each RIS metric is read from a fitted curve,
and its sampling error follows from the standard error of a quantile, which depends on the

height of the fitted curve and the number of moths caught. I report the corrected slope (the raw
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slope divided by the RIS reliability), with a sensitivity analysis for different levels of

overdispersion in the catch (Tables S14 and S15).

I classed a metric’s pattern recovery as good when the mean species-level correlation was at least
0.5, moderate when it was 0.4-0.5, and poor below 0.4. I classed its magnitude recovery as near 1:1
when the mean slope was at least 0.8, compressed when it was 0.4-0.8, and poor below 0.4.
These thresholds are conveniences for describing a continuum, not formal cut-offs. A metric can

be used to estimate the absolute size of change only if it does well on both axes.

Software

I ran all analyses in R version 4.6.1 (R Core Team 2026), using dplyr (Wickham et al. 2026) and
tidyr (Wickham et al. 2025) for data handling, mgcv (Wood 2011, 2017) for GAMs, st

(Pebesma 2018) for spatial operations and ggplot2 (Wickham 2016) for figures.
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Results

After filtering to the focal species, 6,609,289 GBIF records remained. Of these, 97.1% came
from formal recording schemes or monitoring programmes, 1.9% from open citizen-science
platforms, 1.0% from research projects or surveys, and a negligible fraction from museums or

other sources (Table S12). The GBIF data tested here are overwhelmingly scheme data.

Method validation
A. Simulation: symmetric truth B. Simulation: asymmetric truth C. Empirical RIS check
1
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Figure 4. Model families rank differently in simulation and in the empirical RIS check. Panels
A—C show the symmetric simulation, the asymmetric simulation and the empirical RIS check.
Within each model family, versions without (NE) and with (EA) effort correction are shown side
by side. Large points show the mean absolute error (MAE) across Q10, Q50, Q90, weighted
mean and season width; bars show the 10th and 90th percentiles; pale points show individual

errors (year X area in A and B; species X year in C). Lower MAE means better recovery.

I first tested whether the estimators could recover seasonal patterns, independently of GBIF, in
two ways: on simulated data, where the true phenology is known, and on RIS data alone. Both
tests assessed central timing and the fit of the whole seasonal curve, including broad shoulders

and sharp peaks (Figure 4, Table S1). In simulation, effort-aware models always beat their no-
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effort versions. With symmetric curves, the effort-aware two-scale symmetric kernel had the
lowest average error across the five metrics (0.88 days). The asymmetric version was effectively
tied (0.91 days), with a similar spread of errors (Figure 4). In the symmetric regime, then, the two

two-scale kernels were equivalent.

The asymmetric regime separated the models more cleatly. There, the effort-aware two-scale
asymmetric kernel performed best (0.82 days on average), recovering Q50 with an MAE of 0.60
days, against 5.16 days without effort correction. Its errors were no more variable than those of
the symmetric kernel. I therefore used the effort-aware two-scale asymmetric kernel for all

further analyses (see Methods).

The empirical RIS check ranked the models differently: the single-scale asymmetric kernel
without effort had the lowest average error and the narrowest spread. This check has no known
truth. It scores each model against raw weekly quantiles, so a less-smoothed model can score
well simply by following sampling noise and weekly binning. I therefore treat it as confirmation
that all models give similar errors on real data, not as a basis for choosing between them. That
observed RIS effort did not improve every model matches the later finding that effort correction
does not always improve timing estimates from real data. Compared with the single-scale
asymmetric kernel, the two-scale model fitted the whole seasonal curve much better. It reduced
mean curve MAE by about 50%, season-width error from 2.42 to 1.35 days, and peak-height
error from 0.0429 to 0.0169, and it won all 78 species-year comparisons on curve MAE and 74

on peak-height error.

Sensitivity checks showed why. Broadening the single-scale kernel filled out the shoulders of
some curves but flattened the peak, and did not reduce error. The two-scale model instead
reduced curve error, peak-height error and season-width error, while keeping fitted total

abundance stable. Median timing was already stable under the single-scale model, so the main
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gain from the two-scale model was a better fit to the shape of the season, not a large change in

Q50.

GBIF vs RIS: yearly species-level phenology agreement

The first question is whether, for a given species, RIS and GBIF give similar yearly metrics in the
same years. I compared yeatly estimates from the matched workflow, with the GBIF exposure
floor of 50 trap-nights. I focused on agreement within species, because pooling across species
inflates agreement: species differ widely in their mean timing. Figure 5 shows yeartly comparisons
of Q10, Q50, Q90 and season width for nine representative species, and Figure 6 summarises all

yearly metrics across species (values in Table S2).
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Figure 5. Yearly agreement between RIS and GBIF in Q10, Q50, Q90 and season width for
nine of the 34 focal species, chosen to span strong, mixed and weak agreement (all 34 species are
shown in Figures S7-S10). Columns show flight onset (Q10), median flight date (Q50), flight
end (Q90) and flight period length (season width). Each point is one year, with RIS on the x-axis
and GBIF on the y-axis. Dashed lines show 1:1 agreement, solid lines the fitted relationship, and
panel text the correlation and mean absolute error. Shading marks years in which GBIF is later
than RIS (blue, upper left) or earlier (orange, lower right); for season width, blue and orange
mark a longer and a shorter GBIF flight period. Both datasets were fitted with the matched

workflow, with a GBIF exposure floor of 50 trap-nights.
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Figure 6. Yearly agreement between GBIF and RIS for each metric. Grey points show
individual species; orange points and bars show the mean and the 10th—90th percentile range
across species. Top: standardised error (mean absolute error divided by the standard deviation of
the RIS values; the dashed line at 1 marks an error as large as the metric’s natural year-to-year
variation). Middle: Pearson correlation. Bottom: slope of GBIF on RIS within species (the
dashed line at 1 marks equal variation). Matched workflow, with a GBIF exposure floor of 50

trap-nights.
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GBIF recovered the year-to-year pattern in median timing (QQ50) reasonably well: a good pattern
class by the thresholds in Table 2, though far from perfect. The mean correlation across species
was 0.59 (median 0.64), all 34 species showed a positive relationship between RIS and GBIF, and
the mean absolute error was 6.8 days. The mean slope was 0.57: GBIF compressed variation

within species, even though it tracked its direction.

These averages hide large differences between species. Across the 34 species, the (Q50
correlation ranged from -0.02 to 0.91 (interquartile range 0.42—0.78), the slope from -0.02 to
1.22, and the mean absolute error from 2.3 to 14.9 days. GBIF tracked RIS closely for 13 species
(r > 0.7), recovering median timing to within a few days, but recovered little yearly signal for 7 (r
< 0.4). Good but compressed agreement is an average, not a description of any one species: for
the best species GBIF is a faithful record, and for the worst it captures little of the year-to-year

signal.

The other quantile-based and central metrics performed similarly. Mean correlations were 0.58
for Q10, 0.58 for the weighted mean (mean MAE 6.3 days) and 0.58 for Q90, so Q10 was, if
anything, slightly better recovered than (Q50. Season width tracked the RIS pattern about as well
(mean correlation 0.53) but had by far the largest errors. Its mean MAE of 11.7 days was larger
than the natural year-to-year variation in the RIS values (standardised error 1.5; Table 2). Peak
timing was the weakest yearly metric (mean correlation 0.38). Mean slopes were below one for
every metric, so GBIF compressed year-to-year variation even where it ranked years correctly.
GBIF captures clear yearly signal for all quantile-based and central metrics, but how well it does

SO varies among species.

The low slope needs a closer look, for two reasons. On its own, it cannot distinguish true
compression of the signal from imperfect tracking. It also assumes that the RIS values have no

error. Splitting the Q50 slope into its two factors (slope = 1 X SDgpr/SDRg;s) shows that

27



486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

GBIF’s total year-to-year spread is 1.01 times that of RIS. At face value, then, the low slope

(0.57) comes from the moderate correlation (0.59), not from a smaller spread in GBIF.

This near-equal spread has two possible explanations. GBIF could preserve the true signal but
track it noisily, or it could compress the signal while observation noise makes up the lost
variance. The two can be told apart only by knowing how much of the year-to-year variation in
RIS is real signal rather than measurement error. I therefore estimated the sampling reliability of
the RIS Q50 directly. Because each RIS metric is read from a fitted curve, its sampling error
follows from the standard error of a quantile. The RIS Q50 has a sampling standard deviation of

only about 1.6 days, against a year-to-year signal of about 7.0 days, giving a reliability of 0.95.

Almost all of the year-to-year variation in RIS is therefore real signal, which points to genuine
compression. The corrected slope, an estimate of the true ratio of signal amplitudes, is 0.60,
barely above the raw value. It stays below about 0.8 across plausible levels of overdispersion in
the catch. It would exceed one only if the sampling error of the RIS Q50 were about five days,
more than three times the estimate of 1.6 days, and the numbers of moths caught rule that out
(Table S15). GBIF thus recovers only about 60% of the true year-to-year variation in median

timing. Its near-equal total spread is compressed signal plus observation noise, not a faithful

copy of the real variation. The same held for Q10 and Q90 (corrected slopes 0.63 and 0.60).

To test whether any one metric is the best summary within each species, not just on average, I
ranked Q10, Q50, Q90 and season width from best to worst within each species (Figure 7),
separately for pattern recovery and accuracy. No metric was best for every species. Q50 was
most often ranked first on both measures, narrowly ahead of Q10, and season width was most

often ranked last, especially for accuracy.
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Figure 7. Ranking of Q10, Q50, Q90 and season width within each of the 34 species, from best
(green) to worst (red). Left: pattern recovery (Pearson correlation; higher is better). Right:
accuracy (standardised error, the mean absolute error divided by the standard deviation of the
RIS values; lower is better). Bars show how many species give each metric each rank. Q50 is
most often ranked first on both measures, but no metric is best for every species and its lead
over Q10 and Q90 is small. Season width is most often ranked last, especially for accuracy. Many

rankings within species are decided by small differences.
Trait correlates of yearly Q50 agreement

Given these differences between species, I asked whether simple traits predicted how well each
species’ Q50 was recovered (Figure 8). Across the 34 species with both agreement and trait data,
the relationships with mean RIS peak timing (r = 0.02) and wingspan (r = —0.13) were weak.
Agreement barely differed among eatly-, mid- and late-season species (mean correlations 0.55,

0.67 and 0.49). The clearest pattern was with abundance: commoner moths tended to have better
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Q50 recovery (r = 0.37 with mean yearly RIS catch). Abundance helps, but does not on its own

determine how well a species is recovered.
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Figure 8. Traits as predictors of how well GBIF recovers each species’ Q50. Each point is one

Abundance (Meén RIS yearly count, log10 scale)

focal species. Panels show the RIS—-GBIF correlation in Q50 against mean RIS peak timing,
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wingspan, season, overwintering stage and mean yearly RIS catch. Matched workflow, with a

GBIF exposure floor of 50 trap-nights.

Staged yearly GBIF model comparison

I next asked whether a different GBIF model improved yeatly metric recovery, comparing raw
GBIF summaries with a simple per-year cyclic GAM (Fig. S1, Table S3). Effort correction did
not improve yearly timing. Raw GBIF data already recovered Q50 well (MAE 6.2 days), and the
cyclic GAM did much worse (13.4 days), with the same pattern for Q10, Q90, the weighted
mean and season width. The simple GAM, the only effort-corrected alternative I tested for
timing, was clearly worse than the raw summaries it was meant to improve. Effort correction

therefore cannot be assumed to improve estimates of timing.

Effort correction did matter for abundance. The effort-standardised index cleatly outperformed
raw yearly totals (abundance-index MAE 0.25, 7 = 0.66, against 0.58 and 7 = 0.40). The

benefit of effort correction depends on the metric: real for abundance, marginal for timing (Fig.

S2, Table S4).

Derived yearly temporal trends

Recovering trends through time is a harder test, because errors in single years add up over
decades. For most metrics, trends were recovered far less well than the yearly values themselves.
Correlations between GBIF and RIS trends were close to zero or negative for Q10, Q90, the
weighted mean and season width, and weak for peak timing (0.19). The nearest to an exception
was Q50, whose trend correlation (0.42; slope 0.40; 34 species) was moderate, but clearly lower
than that of yearly Q50 itself (Fig. S3, Table S5). Yearly Q50 trends can therefore support only
cautious, qualitative comparisons, and trends in other metrics from this GBIF workflow are not

reliable.
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550  GBIF vs RIS: spatial phenology metrics
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551

552 Figure 9. Agreement between GBIF and RIS within latitude bands. Grey points show species
553  within each band; orange points and bars show the mean and the 10th—90th percentile range.
554  Top: standardised error (MAE divided by the standard deviation of the RIS values; the dashed
555  line at 1 marks an error as large as the metric’s natural variation). Middle: Pearson correlation.
556  Bottom: slope of GBIF on RIS; a slope below 1 means GBIF compresses the variation seen in
557  RIS. The slope axis is limited to —1 to 1; the few values outside this range (4.3%) are shown as

558  black points at the axis limit. Matched workflow, with a GBIF exposure floor of 50 trap-nights.
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I then asked whether RIS and GBIF give similar metrics within UK latitude bands, the scale at
which the two data sources can be compared directly, again focusing on agreement within
species (Figure 9, Table S6). Q50 showed the strongest spatial agreement, narrowly ahead of
Q10, with a mean correlation of 0.57, mean MAE of 6.4 days and mean slope of 0.53 across all
species X band combinations with enough data (34 species overall, 32 to 34 per band). Q10 and
the weighted mean were almost as strong (mean correlations 0.54 and 0.55), and Q90 and
especially season width were weaker (0.48 and 0.35). So, unlike the yearly analysis, in which most
timing metrics performed similarly, spatial agreement was highest for central timing and fell for

metrics that depend on the late tail or on the length of the season.

RIS-only validation confirmed that the two-scale asymmetric kernel closely reproduced the
empirical RIS values. Q50 (MAE 4.0 days, r = 1.00) and the weighted mean (MAE 3.5 days,

r = 1.00) were recovered very closely and peak timing well. Q10 and Q90 kept high correlations
despite larger absolute errors, and season width was again the weakest. The RIS estimator is

unlikely to be the main source of disagreement between RIS and GBIF for central timing (Fig.

S4, Table S7).
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Figure 10. Recovery of spatial contrasts is weak and similar across contrasts. Grey points show

species; orange points and bars show the mean and the 10th—90th percentile range. Top:

standardised error (MAE divided by the standard deviation of the RIS values; the dashed line at

1 marks an error as large as the contrast’s natural variation). Middle: Pearson correlation.

Bottom: slope of GBIF on RIS, for the north—south difference in Q50, the latitudinal slope of
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Q50 and the latitudinal slope of the weighted mean. As in Figure 9, slopes below 1 mean GBIF

compresses the variation seen in RIS.

I next asked whether GBIF reproduces the north—south contrasts and latitudinal slopes derived
from the band-specific metrics, again at the species level (Figure 10, Table S8). Spatial contrasts
were recovered weakly; Table 2 classes all three as poor. The north—south Q50 difference had a
mean correlation of 0.34 (mean MAE 7.4, mean slope 0.37). The Q50 latitudinal slope was
similar (mean correlation 0.36, mean MAE 2.2), and the weighted-mean latitudinal slope was no
better (0.37). These contrasts were recovered better than temporal trends, but clearly worse than

the band-specific Q50 values they were built from.

Derived temporal trends within the spatial workflow

Trends within each latitude band depend on getting both the spatial and the temporal structure
right, so they are harder to recover than either alone. They were much weaker than the yearly or
band-specific metrics: even for Q50, agreement was only modest, and weighted-mean trends

were effectively unrecoverable (Fig. S5, Table S9).

Reliability synthesis

Table 2 brings these results together (the same values are in Table S10). Each metric is described
by its pattern recovery (from the correlation) and its magnitude recovery (from the slope), because the
two can differ: a metric can track the RIS pattern while compressing its size. The classes use the
descriptive thresholds set out in the Methods, and are practical guidance rather than formal

statistical tests.

Table 2: Reliability of GBIE phenology metrics. For each metric the table gives the number of species or species ¥
band units (n), the mean absolute error (NLAE; days for timing metrics, days per year for trends), the
standardised error (MAE divided by the standard deviation of the RS values; a value near 1 means the error is

as large as the metric's natural variation), the mean Pearson correlation (r) and the mean slope of GBIF on RIS.
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Pattern recovery (does GBIF track the RLS pattern?) is classed from r: good = 0.5, moderate 0.4—0.5, poor <

0.4. Magnitude recovery (does GBIF reproduce the size of variation?) is classed from the slope: near 1:1 = 0.8,

compressed 0.4—0.8, poor < 0.4. Green = good or near 1:1, amber = moderate or compressed, red = poor.

Within each class, metrics are ordered by correlation. The same values are given in Table $70.

Metric class Metric n MAE Std. error r Slope Pattern Magnitude
Yearly metric Q50 34 6.8 1.0 059 057 Compressed
Weighted mean 34 6.3 1.1 058 0.55 Compressed
Q1o 34 88 1.2 058 0.56 Compressed
Q90 34 78 1.1 058 0.54 Compressed
Season width 34 11.8 1.5 053 0.54 Compressed
Peak timing 34 10.0 1.0 0.38 0.43 Compressed
Spatial band metric Q50 166 6.4 09 057 053 Compressed
Weighted mean 166 6.1 0.9 0.55 0.52 BNEelllsl Compressed
Q1o 166 7.8 09 054 0.51 Compressed
Q90 166 7.7 0.8 0.48 0.42 Moderate Compressed
Peak timing 166 9.1 0.9 0.42 0.46 Moderate Compressed
Season width 166 10.6 1.0 035 0.39
Derived spatial contrast Weighted mean latitudinal slope 34 20 09 036 0.29
Q50 latitudinal slope 34 22 0.9 036 0.31
North-south Q50 difference 32 74 0.9 0.34 0.37
Yearly temporal trend Trend Q50 34 03 0.8 0.42 0.40 | Moderate
Trend peak timing 34 0.7 09 0.19 0.15
Trend weighted mean 34 03 0.8 0.06 0.05
Trend Q10 34 04 0.7 -0.01 -0.01
Trend season width 34 0.8 0.8 -0.06 -0.02
Trend Q90 34 0.6 0.7 -0.16 -0.05
Spatial temporal trend Spatial trend weighted mean 170 0.3 0.7 0.33 0.30
Spatial trend Q50 170 0.3 0.7 0.29 0.20
Spatial trend Q10 170 0.3 0.7 0.20 0.12
Spatial trend Q90 170 0.5 0.4 -0.01 -0.00
Spatial trend season width 170 0.6 0.5 -0.02 -0.01

Opverall, reliability has two dimensions. GBIF recovers the pattern of Q50, the weighted mean,

Q10 and Q90 reasonably well, across both years and latitude bands. I recommend Q50 as the

main summary, because it is the easiest to interpret and among the most consistently recovered.

Ranking metrics within species confirms that none is best everywhere. Q50 is most often ranked

first, but only narrowly, Q90 is the weakest of the quantiles, and season width is most often

ranked last, especially for accuracy (Figure 7). Q50 is therefore a sensible default, not a uniformly

superior choice. However, GBIF compresses the magnitude of variation, recovering only about 60%

of the true year-to-year variation for Q50 and similar fractions for Q10 and Q90. Even the best-
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recovered metrics are therefore better suited to relative comparisons than to estimating the
absolute size of phenological change. Peak timing recovers neither pattern nor magnitude well.
Season width tracks the yeatly pattern, but its errors are larger than its natural variation, and it is
pootly recovered across latitude bands. Temporal trends are pootly recovered. Yearly Q50 trends
show moderate agreement but are strongly compressed, and trends should not otherwise be used

for the main inference.
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Discussion

Occurrence databases such as GBIF are increasingly used to study phenology across taxa and
regions. Recent studies have extracted onset, peak, end and season width from decades of
citizen-science records of Lepidoptera, across continents, and used them to describe climate-
driven shifts and latitudinal gradients in flight timing (Faltynek Fric et al. 2020; Forsman et

al. 2020). These studies assume that occurrence data can recover the same metrics as structured
monitoring. That assumption has rarely been tested against an independent benchmark. I tested
it by asking not whether GBIF data contain phenological signal, but which metrics from scheme-

dominated GBIF data are accurate enough to support ecological inference.

Against the RIS light-trap network, agreement differed among species and depended strongly on
the metric. From year to year, the timing quantiles (Q10, Q50 and Q90) and the weighted mean
were recovered similarly and reasonably well (good by the thresholds in Table 2, though far from
perfect). Season width was recovered with large errors, and peak timing poorly. Across latitude
bands, agreement fell from central timing towards the late tail and season width. This matches
simulation results showing that phenology estimators work best for central metrics and worse
towards the tails when presence-only data are sparse (Belitz et al. 2020). Temporal trends were

pootly recovered; yearly trends in Q50 were moderately recovered but strongly compressed.

What GBIF can deliver

Median flight timing ((Q50) was among the best-recovered metrics from year to year, the best
across latitude bands, and the basis of the most consistent latitudinal contrasts. It is the most
dependable single summary. Q50 marks the middle of the flight season, when most of a species’
adults are on the wing, and is likely to reflect the temperature and day-length cues that control
emergence. But responses to warming go beyond central timing. Season length, the number of

generations per year, and the timing of insects relative to their food plants and enemies can all

38



648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

respond in complex ways that a single central estimate cannot capture (Forrest 2016). That GBIF
recovers central timing best and season width least accurately is an important limitation. The
same pattern appears in simulations of presence-only data (Belitz et al. 2020) and in
opportunistic plant records, where median observation date was the most robust metric across
species (Rzanny et al. 2024). Even so, agreement for Q50 was good by the Table 2 thresholds
but not strong in absolute terms: species-level correlations averaged 0.59, and, as discussed

below, GBIF consistently compressed year-to-year variation.

Compression was present throughout the GBIF data, and it is real, not a statistical artefact.
Averaged across species, the within-species slope of GBIF Q50 on RIS Q50 was about 0.57: a
ten-day shift in RIS timing appeared as only about a six-day shift in GBIF. Error in the RIS
values could, in principle, bias this slope towards zero. However, the RIS Q50 is read from a
curve fitted to many moths, so its reliability is high (about 0.95), and correcting for this error
raises the slope only to about 0.60 (Table S14). The compression is therefore a property of the
occurrence data, not of noise in the benchmark. One plausible mechanism is that in years when a
species flies eatly, not all recorders are out early enough to record it, which pulls the estimated
median back towards the long-term average. Simulations predicted this kind of attenuation under
sparse or uneven presence-only sampling (Belitz et al. 2020); this study measures it against a

structured benchmark.

There are two practical consequences. First, any study that regresses occurrence-derived timing
on temperature will underestimate how much earlier a species flies per degree of warming. A true
sensitivity of about five days per °C, the order estimated for UK flowering plants from 250 years
of structured records (Amano et al. 2010), would appear as about 3.0 days per °C. Second,
because GBIF tracks RIS only moderately from year to year, sensitivities estimated from
occurrence data are also imprecise. Individual estimates, and especially rankings of species by

sensitivity, should be treated with caution. Studies that use GBIF to compare phenological
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sensitivity across taxa or to parameterise climate projections (e.g. Forsman et al. 2026) need to
allow for both effects. Compression is not a statistical curiosity: it limits what occurrence data

can tell us about how species respond to warming.

How well GBIF performed also varied widely among species, so the averages above describe no
single species well. For median timing, the best species came close to the benchmark, with
correlations near 0.9, errors of two to three days and slopes around 0.8. The weakest species
retained little year-to-year signal. The key question for a user is not whether GBIF can recover a
metric in general, but for which species it can. Simple traits gave only a partial answer. Wingspan
and mean peak timing predicted little, while commoner moths tended to have somewhat better
Q50 recovery, in line with the general finding that occurrence data are more reliable for

common, well-recorded species (Rzanny et al. 2024).

Two caveats apply. First, each species’ agreement rests on only about 26 years of paired values,
and fewer for some species. The individual correlations and slopes are uncertain, and the spread
among species somewhat overstates the true differences, so no single low-scoring species should
be over-interpreted. Second, the well-recovered species are robust: high record density, high
correlation, low error and a slope near one do not occur together by chance. Some species are
clearly recorded faithfully by GBIF, even if their exact ranking is uncertain. In practice,
restricting an analysis to certain kinds of species does not avoid the compression problem, and
how well GBIF performs for a given species is hard to predict without testing it against a

structured benchmark.

The tail quantiles, Q10 (flight onset) and Q90 (flight end), were recovered about as well as Q50
from year to year. They differed across space: Q10 stayed close to Q50 across latitude bands, but
Q90 was clearly weaker. Agreement for the tails was good enough to detect broad differences in
onset and end dates among years, species and latitude bands. As for Q50, it was not good

enough to measure phenological change precisely, and trends in both tails were not recovered at
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all (see below). Studies that use tail metrics from occurrence data to track the advance or delay of

the flight season should allow for this uncertainty.

What GBIF cannot reliably deliver

Season width was the least accurately recovered timing metric. From year to year it tracked the
RIS pattern about as well as the quantiles, but its errors were larger than its natural year-to-year
variation, and it was poorly recovered across latitude bands. Season width is the difference
between two quantiles, so the errors in each tail add together, while the real year-to-year change
in season length is small. A metric can rank years correctly and still misjudge the length of the
season by more than that length varies. Biologically, season width reflects processes that are hard
to capture from sparse records at the edges of the season: how synchronised emergence is, how
long adults live, and how quickly the population declines. It matters ecologically because it sets
how long interacting species overlap in time. Changes in that overlap, through unequal shifts in
predator and prey timing or a shorter period of resource availability, are an important route by
which climate change can affect food webs (Burgess et al. 2018). Whether such mismatches are
damaging or buffered depends partly on the length of the overlap itself (Weir and Phillimore
2024). Whether species’ flight seasons are lengthening or shortening is among the most
important questions to ask of phenological data, and it is exactly the question that the GBIF data

used here cannot answer reliably.

The most important negative result concerns temporal trends. Estimating trends is one of the
most common aims of large-scale phenology studies, and occurrence databases are widely used
to track rates of change across species and regions (e.g. Forsman et al. 2026). A clear signal in
each year does not guarantee an accurate estimate of change over time. For most metrics,
correlations between GBIF and RIS trends were close to zero or negative, even where mean

absolute errors were moderate. Low correlation means that rankings of species by their rate of
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change are likely to be unreliable, even when average errors look acceptable. Such rankings are

central to asking which species respond fastest to warming or which traits predict sensitivity.

Trends in median timing were the one partial exception. Across the 34 species, GBIF Q50
trends correlated with RIS trends less well than yearly Q50 values did (» = 0.42; slope 0.40). With
only 34 species this estimate is imprecise (approximate 95% confidence interval 0.1-0.7), and
Q50 trends within latitude bands were weaker (r = 0.29). Yearly Q10 values were recovered as
well as Q50, but Q10 trends were not, so the problem is not simply that yeatly errors add up
over time. One possible explanation is that the edges of the recorded flight season are sensitive
to long-term changes in recording itself, such as more recorders or changes in when during the
season they are active. These add slow, non-biological drift to trend estimates, whereas the
median, anchored by the bulk of records, is less affected. For comparing rates of change across
species, or for identifying traits linked to faster responses to warming, Q50 is the only metric I

can tentatively support. Occurrence data like these may not be enough on their own.

The spatial dimension

GBIF retained clear geographic structure in flight timing across UK latitude bands, with central
timing recovered better than the late tail or season width. Within bands, mean Q50 correlations
averaged 0.57 across species. This was cleatly better than the north—south contrasts and
latitudinal slopes derived from the same band-level values, whose mean correlations were 0.34—
0.37. This is expected: a contrast between two imperfect estimates combines their errors.
Comparing central flight timing directly between northern and southern bands is more
trustworthy than estimating the steepness of the latitudinal gradient from GBIF. Spatial contrasts
were still recovered better than most trends. This is probably because the difference in timing
between Scotland and southern England is large enough for even noisy data to detect, whereas

year-to-year shifts of a few days are hard to detect when recording effort varies between years.
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Even so, the spatial signal is compressed: where RIS showed a given north—south difference in
flight timing, GBIF showed a difference only about 0.37 times as large. GBIF captures the
direction of geographic gradients more reliably than their size. This matters for studies that ask
whether latitudinal gradients in phenology are becoming shallower or steeper as the climate
warms, a question with direct implications for how species interactions will change. Continental-
scale studies using citizen-science Lepidoptera data (e.g. Forsman et al. 2026) may recover the
broad geographic pattern, but they are likely to underestimate the steepness of the gradient, and

therefore any change in it over time.

Effort correction: useful but not transformative

Accounting for observation effort improved recovery in simulations, but in practice its value
depended on how it was done. The cyclic GAM did worse than raw GBIF summaries. The likely
reason is that GBIF effort must be inferred, and the inferred effort is sometimes close to zero in
some weeks. When a model corrects for effort using these values, a week with few records and a
tiny estimated effort is treated as a week of intense activity, which inflates the corrected count
and distorts the seasonal curve. The kernel model avoided this by setting a floor on the smallest
effort values, which stopped the most extreme distortions from reaching the phenology
estimates. Effort correction helps only when it is designed for the quirks of the data, and a more
elaborate correction is not automatically better. This fits the wider observation that occurrence
records carry several biases that are hard to correct at once (Isaac and Pocock 2015). Recorders
cluster in accessible places, some years are covered more intensively than others, and some
species are reported more consistently than others. A well-fitting effort model does not

guarantee unbiased phenology.

The timing results depend little on the inferred effort. Raw GBIF records, with no effort
adjustment, recovered the timing of the flight season about as well as the effort-adjusted model,

and agreement held steady, or improved slightly, the less weight the inferred effort carried (Table

43



771

772

773

774

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

S13). The exact rules used to group records into traps therefore have little effect on the
conclusions about timing. They matter more for the year-to-year abundance estimates, which

depend directly on effort and which I report only as a supplementary check.

When a well-fitting model is not enongh

When a phenology model fits well and produces plausible curves, it is tempting to treat every
metric derived from it as equally valid. These results show that this is unsafe. Even the RIS
benchmark needed a more flexible curve model, and even then the reliability of the derived
metrics differed widely. A study that estimates season width or trends from GBIF without
independent validation is making stronger assumptions than the data support, however well the
model appears to fit. The same applies to individual species: a method that works well on

average can still fail for particular species.

Researchers should therefore validate the specific metrics they intend to use, against the best
structured benchmark available for their taxon and region, before treating them as evidence of a
biological pattern. This applies well beyond moths and GBIF. Herbarium collections are
increasingly used to measure flowering phenology at global scales (Williamson et al. 2025),
acoustic monitoring networks are expanding rapidly (Cretois et al. 2020), and automated camera
traps are starting to record insect phenology at fine time scales (Hoye et al. 2021). All of these
data sources share the same problem: some summaries are more robust to their biases than
others, and a well-fitting model does not show that a given metric is reliable. The three-stage
framework used here (simulation, then structured-data benchmarking, then direct comparison of
metrics) can be applied directly to these data sources. As opportunistic and automated data

sources grow, the need for this kind of metric-by-metric validation will only increase.
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The main limit on these findings is the source of the GBIF data: 97.1% of records came from
formal recording schemes. The results apply mainly to scheme data, not to the unstructured
platform observations that dominate GBIF downloads for many other taxa and regions. RIS is a
strong benchmark, but it is itself a monitoring system, not a perfect record of the true seasonal
distribution. The validation measures agreement with the best available benchmark, not absolute
accuracy. The reliability classes apply to this combination of taxa, region, method and data
sources, and should be applied to other systems with care. In particular, researchers using GBIF
data dominated by open citizen-science platforms such as iNaturalist, where biases in recording
effort may differ substantially (Isaac and Pocock 2015), should treat these classes as a framework
to adapt, not as thresholds to import. The underlying argument, that each metric must be
validated against a structured benchmark before large-scale phenological inference, applies

regardless of taxon, region or data source.
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Supplementary information

The supplementary materials include the following items:

Figure S1: Raw versus effort-aware GBIF yearly timing-metric recovery against RIS.

Figure S2: Yearly abundance-index recovery against RIS for raw GBIF totals and simple

effort-standardised GBIF totals.

Figure S3: Recovery of species-specific yearly temporal slopes from GBIF (poor;

moderate for Q50).

Figure S4: RIS-only spatial validation of the two-scale asymmetric-kernel RIS estimator

against empirical RIS.
Figure S5: Recovery of derived temporal slopes within the UK spatial workflow.

Figure S6: Sensitivity of single-scale asymmetric-kernel curve shape to broader kernel

settings in focal species-years.

Figure S7: Full species-level yearly Q10 (onset) agreement between modelled RIS and

GBIF, for all 34 species.

Figure S8: Full species-level yearly Q50 (median) agreement between modelled RIS and

GBIF, for all 34 species.

Figure S9: Full species-level yearly Q90 (end) agreement between modelled RIS and

GBIF, for all 34 species.

Figure S10: Full species-level yearly season width (flight period length) agreement

between modelled RIS and GBIF, for all 34 species.

Table S1: Summary of method-validation performance across simulation and empirical

RIS benchmarks.

Table S2: Species-level agreement between modelled yearly RIS and GBIF phenology

metrics.
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Table S3: Comparison of raw and effort-aware GBIF yearly phenology metrics against

RIS.

Table S4: Comparison of yearly abundance-index recovery for raw GBIF totals and

simple effort-standardised GBIF totals against RIS.
Table S5: Agreement between RIS and GBIF for species-specific yearly temporal slopes.

Table S6: Species-level agreement between modelled spatial RIS and GBIF phenology

metrics within UK latitude bands.

Table S7: RIS-only spatial validation of the two-scale asymmetric-kernel RIS model

against the empirical RIS benchmark.

Table S8: Species-level agreement between RIS and GBIF for derived modelled spatial

contrasts.

Table S9: Species-level agreement between RIS and GBIF for derived temporal slopes

within UK latitude bands.

Table S10: Underlying values for the two-axis reliability summary (Table 2): MAE,

standardised error, correlation, slope, and the pattern- and magnitude-recovery classes.

Table S11: Focused sensitivity summary for alternative single-scale asymmetric-kernel

hyperparameter settings in focal species-years.

Table S12: Source composition of the focal UK GBIF benchmark by dataset category

and record type.

Table S13: Sensitivity of yearly Q50 agreement to alternative GBIF exposure-floor

values.

Table S14: Decomposition of the yearly GBIF-on-RIS slope (tracking versus amplitude)

and its correction for measurement error in the RIS benchmark.
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Table S15: Sensitivity of the RIS reliability and reliability-corrected slope to the assumed

overdispersion of the catch.

Table S16: Effect of the RIS-derived GBIF records on spatial agreement with RIS

(records kept versus removed).
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Supplementary Information
Supplementary Methods

This section provides the detailed parameter values and model specifications referred to in the
main-text Methods. Sections follow the order in which the corresponding material appears in the
main text. Supplementary figures and tables referenced here are provided in the sections that

follow.

Data sources. Contains data supplied by the Rothamsted Insect Survey, Rothamsted Research
(RIS 2021, https://doi.org/10.23637 /rothamsted.987q7; extract supplied Matrch 2026). GBIF
occurrence data are from GBIF.org (2026), GBIF occurrence download, 4 April 2026,

https://doi.org/10.15468/dl.bh2286.
S1. Stmulation parameters

Seasonal abundance curves. Synthetic weekly phenology data were generated under two
regimes. In the symmetric regime, the true daily abundance curve was Gaussian, with annual
peak date drawn uniformly on day 60 to 250, peak width (standard deviation) on 10 to 20 days,
and total annual abundance on 10,000 to 800,000 individuals. In the asymmetric regime, the
curve was split-normal, with peak date drawn on day 70 to 240, left-side width on 18 to 32 days,
right-side width on 7 to 14 days, and the same total abundance range. In both regimes I
simulated ten years across five latitudinal areas, imposing fixed area-level shifts in timing and

abundance so that the benchmark contained both year-to-year and spatial structure.

Observer effort curves. On top of each true abundance curve I imposed a separate Gaussian
effort curve representing observer effort through the year. In the symmetric regime the effort
peak date was drawn uniformly on day 150 to 200 and its spread on 20 to 60 days; in the

asymmetric regime the effort peak date was drawn on day 150 to 210 and its spread on 20 to 60
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days. Maximum daily sampling effort was fixed at 20 traps in both regimes. I added stochastic
noise on the log scale so that effort varied randomly around this seasonal pattern. Observed
counts were then drawn from a Poisson distribution whose expected value was proportional to

the product of true abundance, sampling effort, and a fixed detection probability of 0.006.
S2. Two-scale asymmetric-kernel model specification

For a given species, year, and (where relevant) latitude band, weekly expected abundance was

represented as the sum of two non-negative kernel banks, one broad and one narrow:

J J

B B N N
U, = E, ZWJ_( )Kj( )(t)+zwj( )K,-( o,

j=1 j=1

where t is week, E; is the exposure (the trapping effort behind each weekly count), VVj(B) >0

and Wj(N) > 0 are the broad-bank and narrow-bank kernel weights, and Kj(B) (t) and Kj(N) (t) are

kernels centred at regularly spaced seasonal positions. Each kernel was asymmetric, with separate

left and right standard deviations:

t—c)?
expl—% , t<Cj

Kj(t)OC (t_c,)z
expl—ng, t=g,

where ¢; is the kernel centre, gy, is the left-side width, and oy is the right-side width. I estimated

: .. . : . B
kernel weights under non-negativity constraints with separate penalties, Ag ), j Wj( )+ An 2. j

Wj(N), ensuring the model cannot predict negative abundance. I fitted the model on the weekly

scale and then converted the fitted seasonal distribution to day-of-year summaries for

comparison.
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Hyperparameter tuning. The settings that control how flexible the fitted curves can be (the
hyperparameters) were chosen in two steps. I first tuned a single-scale asymmetric kernel by
varying kernel spacing, left and right widths, and penalty strength, yielding a 7-day spacing, left
standard deviation of 21 days, right standard deviation of 10 days, and spatsity penalty 4 = 0.25.
After inspecting focal species-years with sharp peaks and broad shoulders, I then extended this
to a two-scale form combining a broad bank (left SD 28 days, right SD 14 days, Az = 0.10) and
a narrow bank (left SD 10 days, right SD 5 days, Ay = 0.35), both sharing the same 7-day
spacing. The 7-day spacing matched the weekly support of the RIS data and avoided introducing
artificial sub-week structure into the fitted curves. The broad bank captured the shoulders of the
seasonal distribution and the narrow bank the sharp central peaks. Across symmetric simulation,
asymmetric simulation, and empirical RIS validation, this two-scale variant outperformed both
the single-scale asymmetric kernel and the GAM-based alternatives, so I retained it as the

preferred estimator.

S3. GBIF exposure floor sensitivity

For the matched kernel-based GBIF comparisons, inferred weekly exposure E; was floored at 50
inferred trap-nights, that is, replaced with max(Ey, 50). This stabilised the effort-aware
implementation against the implausibly large count-per-effort rates that arose when inferred
weekly effort was very small. The floor of 50 was adopted as a moderate regularisation choice
rather than the value that optimised yearly Q50. A sensitivity analysis across alternative floor
values (Table S13) showed that yearly Q50 agreement continued to improve up to floors of
around 200 inferred trap-nights, but at the cost of progressively more aggressive modification of
the inferred effort proxy. The floor of 50 therefore represents a conservative compromise

between stabilising the fit and preserving fidelity to the inferred effort signal.



66  Supplementary Figures
67  This supplement provides additional figures and numerical tables supporting the main text.

68  Figure 1
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70  Figure S1. Effort-aware smoothing does not uniformly improve yeatly timing recovery against
71 RIS. Panels show absolute-error distributions for the five focal yearly metrics under raw GBIF
72 summaries and a simple per-year cyclic GAM. Points show species-year comparisons, and

73 overlaid pointranges show the mean absolute error with the 10th and 90th percentiles.
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Figure §2

GBIF abundance recovery: raw vs effort-standardised
Lower is better; points are species-year comparisons
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Figure S2. Simple effort standardisation improves empirical recovery of yearly abundance. The
plotted distributions summarise absolute error in the yearly abundance index for raw GBIF totals
and simple effort-standardised GBIF totals, both evaluated against RIS. Points show paired

species-year values and overlaid summaries show mean error and uncertainty.

This abundance analysis was intended as a supporting validation rather than a main phenology
result. In the empirical RIS-GBIF comparison, simple effort standardisation clearly improved
recovery of the yearly abundance index: the effort-standardised index achieved Pearson r =
0.657 against the RIS abundance index, compared with 7 = 0.404 for raw GBIF individual
totals, and mean absolute error fell from 0.578 for raw totals to 0.251 after standardisation. At
the species level, agreement was mixed but again improved markedly with standardisation, with

species-level correlations averaging 0.56 + 0.25 for the effort-standardised index against 0.30
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0.37 for raw GBIF. Some species showed strong year-to-year agreement, for example Orthosia

¢cruda (r = 0.801 raw; v = 0.894 effort-standardised) and Agrotis exclamationis (r = 0.691 raw;

r = 0.770 effort-standardised), but this was not simply a matter of abundance: mean RIS

abundance was only weakly associated with species-level agreement (r = —0.106 for raw GBIF

abundance and r = —0.131 for effort-standardised abundance). Together these results indicate

that abundance recovery is feasible in principle, but is materially less robust than recovery of

central timing metrics in the empirical GBIF benchmark unless the counts are standardised by

the inferred effort proxy.

Figure §3

Recovery of RIS temporal trends: raw GBIF vs effort-aware GBIF model
Species-level slope comparison; lower is better

-@ GBIF effort-aware model

-®- GBIFraw

A. Q10 trend

B. Q50 trend

C. Q90 trend

X &

o
L

0.91

0.6

0.3 1

0.0 1

KX

X3

X3

&

D. Weighted mean trend

E. Season width trend

F. Peak timing trend

)
L

Absolute slope error relative to RIS (days year?-1)
5

o
»

T

5 '8

0.0+

9.

3

K2

2.0

0.5

0.0 4

k)

K2

T
GBIF effort-aware model

T
GBIF raw

T
GBIF effort-aware model

T
GBIF raw

T T
GBIF effort-aware model GBIF raw

Figure S3. GBIF recovers through-time phenological slopes much less reliably than yearly

timing itself, including for Q50, where agreement is moderate but strongly compressed. Panels

compare raw and effort-aware GBIF estimates of species-specific temporal slopes for each
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phenological metric. Panels A-F show Q10 trend, Q50 trend, Q90 trend, weighted mean trend,
season width trend, and peak timing trend, respectively. Points show species-level slope

comparisons and overlaid summaries show mean error and standard error.

Figure 4

UK spatial RIS validation: overall error distribution
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Figure S4. The two-scale asymmetric-kernel RIS estimator closely reproduces the empirical RIS
benchmark for the central timing metrics used in spatial validation. The figure summarises
absolute error for the RIS phenology model relative to empirical RIS phenology within UK
latitude bands. Points show species-year-band values and summary markers show average error

across the benchmark set.



110 Figure §5

UK spatial temporal trends: RIS vs GBIF empirical comparison
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111

112 Figure S5. Derived temporal slopes remain weakly recovered even within the empirical spatial

113 workflow. Each panel summarises species-by-band trend comparisons for one phenological

114 metric, with the dashed line indicating 1:1 agreement between RIS and GBIF. Panels A-C show

115 Q50 trend, Q90 trend, and weighted mean trend, respectively. Points show the underlying

116 comparisons.

117 Figure §6

Broader asymmetric kernels recover seasonal shoulders more effectively
Weekly RIS relative abundance for 2003
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Figure S6. Broadening the single-scale asymmetric kernel fills some shoulders but also flattens
the peak. Grey bars show weekly empirical RIS relative abundance and green lines show
exposure-adjusted fitted weekly expected abundance under alternative single-scale asymmetric-
kernel settings. Columns compare the tuned single-scale setting with broader-kernel alternatives,

and rows show focal species-years for Idaea aversata and Xestia xanthographa in 2003.
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Figure §7

Agriopis marginaria Agrochola lychnidis Agrotis exclamationis Alsophila aescularia Anchoscelis lunosa
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Figure S7. Full species-level yearly agreement in modelled Q10 (flight onset) between RIS and
GBIF under the matched two-scale asymmetric-kernel workflow, for all species in the focal set.
Figure 5 in the main text shows nine of these species; this figure shows the complete set. Each
panel is one species, with one point per year, using the RIS two-scale asymmetric-kernel Q10 on
the x-axis and the GBIF effort-aware two-scale asymmetric-kernel Q10 on the y-axis. Dashed

lines indicate 1:1 agreement, fitted lines summarise the within-species relationship, panel titles
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135

report the species-level correlation and GBIF-on-RIS slope, and the shaded triangles indicate

years where GBIF is later than RIS (blue, upper left) or earlier than RIS (orange, lower right).
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Figure §8

Agriopis marginaria Agrochola lychnidis Agrotis exclamationis Alsophila aescularia Anchoscelis lunosa
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Figure S8. Full species-level yeatly agreement in modelled Q50 (median flight date) between
RIS and GBIF under the matched two-scale asymmetric-kernel workflow, for all species in the
focal set. Figure 5 in the main text shows nine of these species; this figure shows the complete
set. Each panel is one species, with one point per year, using the RIS two-scale asymmetric-
kernel Q50 on the x-axis and the GBIF effort-aware two-scale asymmetric-kernel Q50 on the y-

axis. Dashed lines indicate 1:1 agreement, fitted lines summarise the within-species relationship,
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panel titles report the species-level correlation and GBIF-on-RIS slope, and the shaded triangles

indicate years where GBIF is later than RIS (blue, upper left) or earlier than RIS (orange, lower

right).
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Figure §9

Agriopis marginaria Agrochola lychnidis Agrotis exclamationis Alsophila aescularia Anchoscelis lunosa
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Figure S9. Full species-level yeatly agreement in modelled Q90 (flight end) between RIS and
GBIF under the matched two-scale asymmetric-kernel workflow, for all species in the focal set.
Figure 5 in the main text shows nine of these species; this figure shows the complete set. Each
panel is one species, with one point per year, using the RIS two-scale asymmetric-kernel Q90 on
the x-axis and the GBIF effort-aware two-scale asymmetric-kernel Q90 on the y-axis. Dashed

lines indicate 1:1 agreement, fitted lines summarise the within-species relationship, panel titles
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report the species-level correlation and GBIF-on-RIS slope, and the shaded triangles indicate

years where GBIF is later than RIS (blue, upper left) or earlier than RIS (orange, lower right).
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159 Figure S10

Agriopis marginaria Agrochola lychnidis Agrotis exclamationis Alsophila aescularia Anchoscelis lunosa

r=0.48, slope = 0.39 r=0.60, slope =0.54 r=0.91, slope = 0.84 r=0.35, slope = 0.39 r=0.14, slope = 0.26
- - 1 5 -
&
.$
50 30 . :
. U4
M el
% g
P %
/% %
0] A .
3 s e
% @ 0 6 ) ) % 4 S 6 70 8 o 50 ) R
Anorthoa munda Anticlea badiata Apamea monoglypha Aporophyla nigra Autographa gamma
r=0.28, slope =0.16 r=0.31, slope =020 1= 0.80, slope = 0.71 r=-0.17, slope = -0.12 r=0.70, slope = 0.81

20 %0 4 50 0 40 50 6 70 EY ) 50 B 0 40 50 6 160 150
Axylia putris Biston strataria Cerastis rubricosa Colotois pennaria Epirrhoe alternata
r=0.60, slope = 0.21 r=0.23, slope = 0.25 r=0.20, slope = 0.28 r=0.34, slope = 0.41 r'=0.56, slope = 0.26

7 v 7 v 7 7
0 5
8 o o / “ 2
S .
5 e®e o
50 Z W0 ,
. .
60 o ~e A 0 80
40 g 3 2
2 O § . »
° (R4 . o
ey o ® o0 p 2 q
4076’ 3 T I #
FTOC A 7 ®le 0
) 6 80 X % 40 50 60 W 60 ) %5 s 35 40 45 5 60 70 8 0 100
Eupithecia abbreviata Hoplodrina octogenaria Idaea aversata Lacanobia oleracea Laothoe populi
r=0.60, slope =0.59 r=0.58, slope = 0.67 r=0.87, slope = 0.7 r=0.56, slope = 0.46 1 =0.80, slope = 0.49
v 5 7 7
) -6
oe®

e
o,
e
e
W0 Y 8 25 30 35 o 30 W 50 o LY 8 € 70 8 9
Lycia hirtaria Noctua comes Noctua janthe Noctua pronuba Nyea lurideola
r=0.42, slope = 0.48 r=0.56, slope = 0.60 r=0.73, slope = 0.78 r=0.73, slope = 1.08 1 =0.59, slope = 0.67
- — ' g - 7 5
. .

80 09 o
e o -
60 o o .
11— S
i 7 ° 50 Al
w0 4 28
8 3

A a0
LW
20 T T T 30, T - T T 24 T T - i T T T T 20 T T -
0 4 6 & 0 40 50 60 70 80 24 2 2 % 5 6 70 80 % 2 N
Orthosia cerasi Orthosia cruda Orthosia gothica Orthosia incerta Peribatodes rhomboidaria
r=0.74, slope = 0.77 r=0.52, slope =0.74 r=0.64, slope = 1.1 r=0.61, slope =0.77 1 =0.83, slope = 0.80
1 .
°
°
0
oo L
.
50 ‘ .
e o,
40 60 O
@ s 6 70 8 3 0 0 o s 6 70 8 o s e 70 6 8 100 120
Phigalia pilosaria Spilarctia lutea Xestia xanthographa Xylocampa areola
r=0.53, slope =0.72 r=0.73, slope = 0.64 r=0.15, slope = 0.30 r=0.39, slope =0.40
v - -

o o . 14 )70

160

161 Figure S10. Full species-level yearly agreement in modelled season width (flight period length)
162 between RIS and GBIF under the matched two-scale asymmetric-kernel workflow, for all species
163 in the focal set. Figure 5 in the main text shows nine of these species; this figure shows the

164 complete set. Each panel is one species, with one point per year, using the RIS two-scale

165  asymmetric-kernel season width on the x-axis and the GBIF effort-aware two-scale asymmetric-

166 kernel season width on the y-axis, both in days. Dashed lines indicate 1:1 agreement, fitted lines
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170

summarise the within-species relationship, panel titles report the species-level correlation and
GBIF-on-RIS slope, and the shaded triangles indicate years where the GBIF flight period is

longer than RIS (blue, upper left) or shorter than RIS (orange, lower right).
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Supplementary Tables

This supplement also provides the numerical tables corresponding to the main-text and

supplementary figures.

Table S1

Table S1. Summary of method-validation performance across simulation and empirical RIS

benchmarks. For each regime, model family, and effort treatment, columns report the mean

absolute error (MAE) across the focal phenology metrics, together with the 10th and 90th

percentiles of that absolute-error distribution (Error P10 and Error P90), all in days; lower values

indicate better recovery. This table corresponds to Fig. 4 in the main text.

Regime Method Effort MAE Error P10  Error P90
A. Simulation: symmetric truth Cyclic GAM Effort-aware  1.064  0.000 2.000
A. Simulation: symmetric truth Cyclic GAM No effort 3.073 0.000 6.214
A. Simulation: symmetric truth Single-scale asymmetric kernel Effort-aware  3.001  0.294 9.000
A. Simulation: symmetric truth Single-scale asymmetric kernel No effort 5.018 0.684 11.000
A. Simulation: symmetric truth Single-scale symmetric kernel Effort-aware  1.794  0.000 4.352
A. Simulation: symmetric truth Single-scale symmetric kernel No effort 4.100 0.000 9.000
A. Simulation: symmetric truth Two-scale asymmetric kernel Effort-aware  0.911 0.000 1.317
A. Simulation: symmetric truth Two-scale asymmetric kernel No effort 4.443  1.000 9.000
A. Simulation: symmetric truth Two-scale symmetric kernel Effort-aware  0.882  0.000 1.266
A. Simulation: symmetric truth Two-scale symmetric kernel No effort 4.430 1.000 8.251
B. Simulation: asymmetric truth Cyclic GAM Effort-aware  2.508  0.000 5.077
B. Simulation: asymmetric truth Cyclic GAM No effort 5.952  1.000 13.000
B. Simulation: asymmetric truth Single-scale asymmetric kernel Effort-aware  1.613  0.000 4.000
B. Simulation: asymmetric truth Single-scale asymmetric kernel No effort 5.520 1.000 11.000
B. Simulation: asymmetric truth Single-scale symmetric kernel Effort-aware  2.201 0.074 5.000
B. Simulation: asymmetric truth Single-scale symmetric kernel No effort 6.495 1.000 13.013
B. Simulation: asymmetric truth Two-scale asymmetric kernel Effort-aware  0.817  0.000 2.000
B. Simulation: asymmetric truth Two-scale asymmetric kernel No effort 5.682 1.000 11.100
B. Simulation: asymmetric truth Two-scale symmetric kernel Effort-aware  0.882  0.000 2.000
B. Simulation: asymmetric truth Two-scale symmetric kernel No effort 5.961 1.000 12.000
C. Empirical RIS check Cyclic GAM Effort-aware  11.158 1.500 25.600
C. Empirical RIS check Cyclic GAM No effort 11.270 1.490 26.000
C. Empirical RIS check Single-scale asymmetric kernel Effort-aware  8.439  0.500 21.000
C. Empirical RIS check Single-scale asymmetric kernel No effort 8.437  0.607 21.000
C. Empirical RIS check Single-scale symmetric kernel Effort-aware  9.496  0.940 24.000
C. Empirical RIS check Single-scale symmetric kernel No effort 9.518 0.828 24.500
C. Empirical RIS check Two-scale asymmetric kernel Effort-aware  10.736 1.002 26.550
C. Empirical RIS check Two-scale asymmetric kernel No effort 9.868  0.701 25.500
C. Empirical RIS check Two-scale symmetric kernel Effort-aware  10.771 1.197 27.500
C. Empirical RIS check Two-scale symmetric kernel No effort 9.750 0.672 24.550
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Table §2

Table S2. Species-level agreement between modelled yearly RIS and GBIF phenology metrics

under the matched two-scale asymmetric-kernel workflow. Columns report the number of

species, the mean and median species-level mean absolute error (MAE), the mean and median

species-level Pearson correlation, and the mean and median species-level GBIF-on-RIS slope.

Pooled across-species correlations are intentionally omitted because they can be inflated by

between-species differences in mean timing. This table corresponds to Fig. 6 in the main text.

Metric n Species Mean MAE Median MAE Mean Corr Median Corr Mean Slope Median Slope
Q1o 34 8.774 7.769 0.576 0.582 0.564 0.606

Q50 34 6.762 6.481 0.587 0.639 0.567 0.564

Q90 34 7.785 5.942 0.576 0.556 0.537 0.573
Weighted mean 34 6.349 6.207 0.580 0.590 0.551 0.540

Season width 34 11.747 8.692 0.527 0.573 0.544 0.563

Peak timing 34 10.001 7.635 0.384 0.343 0.430 0.380

Table §3

Table S3. Comparison of yearly GBIF phenology metrics against RIS for raw GBIF summaries

and a simple per-year cyclic GAM. Columns report sample size (n), mean absolute error (MAE),

median absolute error, and the 10th and 90th percentiles of the absolute-error distribution for

each metric and method. This table corresponds to Fig. S1.

Metric Method n MAE Median Abs Error Q10 Q90

Q10 Raw GBIF 884 10.421 7.000 0.000 21.000
Q10 Cyclic GAM 884 16.800 9.500 1.500 32.200
Q50 Raw GBIF 884  6.153 7.000 0.000 14.000
Q50 Cyclic GAM 884 13.367 9.500 1.500 28.500
Q90 Raw GBIF 884 18.023 14.000 0.000 35.000
Q90 Cyclic GAM 884  28.699 14.500 2.500 57.200
Weighted mean Raw GBIF 884  6.897 4.843 0.898 14.075
Weighted mean Cyclic GAM 884 11.942 9.127 1.497 24.088
Season width Raw GBIF 884  27.161 21.000 7.000 49.000
Season width Cyclic GAM 884  34.666 16.000 3.000 63.000
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Table S4

Table S4. Comparison of yearly abundance-index recovery for raw GBIF totals and simple
effort-standardised GBIF totals against RIS. Reported values summarise absolute error in the

abundance index. This table corresponds to Fig. S2.

Raw Effort Standardised Mean Median Prop Effort Standardised Wilcox Sign

MAE MAE Improvement Improvement Better p Test p
884 0.578  0.251 0.327 0.331 0.844 0.000 0.000
Table §5

Table S5. Species-level comparison of yearly temporal slopes between RIS and GBIF in the
supplementary staged workflow. The reported correlations are correlations of species-specific

slopes across species, not pooled correlations across all yearly points. This table corresponds to

Fig. S3.

Prop Raw Reference Raw . Sign
Metric g ecies I?II?-\VIVE m\fzrence :wmearr:)vement Reference Sign Sign Slope gg;;eggfr \’gvncox Test

P P Better Match Match Corr p

peak 34 0.678 0.788 -0.110 0.412 0.618 0.500 0.188 0.114 0.867 0.885
Q10 34 0.427 0.452 -0.025 0.412 0.618 0.588 -0.012 0.178 0.736 0.885
Q50 34 0.268 0.292 -0.025 0.412 0.618 0.735 0.420 0.486 0.867 0.885
Q90 34 0.629 0.589 0.040 0.647 0.382 0.529 -0.160 -0.009 0.009 0.061
stied"’;ff” 34 0.778 0.817 -0.038 0.471 0.618 0.618 -0.057 0.106 0.595 0.696
\ggg“ed 34 0.286 0.285 0.001 0.412 0.618 0.647 0.063 0.232 0.575 0.885
Table S6

Table S6. Species-level agreement between modelled spatial RIS and GBIF phenology metrics
within UK latitude bands under the matched two-scale asymmetric-kernel workflow. Columns
report the number of species-by-band units, the mean and median species-by-band mean
absolute error (MAE), the mean and median species-by-band Pearson correlation, and the mean
and median species-by-band GBIF-on-RIS slope. Pooled across-species correlations are
intentionally omitted because they can be inflated by between-species differences in mean

timing. This table corresponds to Fig. 9 in the main text.
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Metric n Species Band Units Mean MAE Median MAE Mean Corr Median Corr Mean Slope Median Slope

Peak timing 166 9.113 7.293 0.416 0.443 0.459 0.439
Q10 166 7.817 6.160 0.542 0.595 0.508 0.475
Q50 166 6.438 5.489 0.569 0.626 0.529 0.544
Q90 166 7.694 6.523 0.482 0.551 0.417 0.459
Season width 166 10.609 8.287 0.351 0.397 0.391 0.335
Weighted mean 166 6.082 5.274 0.552 0.611 0.521 0.528

209 Table S7

210 Table S7. RIS-only spatial validation of the two-scale asymmetric-kernel RIS model against the
211 empirical RIS benchmark. Columns report sample size (n), mean absolute error (MAE), root

212 mean squared error (RMSE), and correlation for each metric. This table corresponds to Fig. S4.

Metric n MAE RMSE Corr

Q1o 3,549 6.141 9.883 0.992
Q50 3,549 4.021 6.641 0.996
Q90 3,549 8.352 17.848 0.975
Weighted mean 3,549 3.508 5.391 0.997
Season width 3,549 12.894 21.980 0.766
peak 3,549 9.043 17.200 0.972

213 Table S8

214  Table S8. Species-level agreement between RIS and GBIF for derived modelled spatial

215  contrasts. Columns report the number of species, the mean and median species-level mean

216 absolute error (MAE), the mean and median species-level Pearson correlation, and the mean and
217 median species-level GBIF-on-RIS slope for each contrast metric. Pooled across-species

218  correlations are intentionally omitted because they can be inflated by between-species differences

219 in mean timing. This table corresponds to Fig. 10 in the main text.

Metri n Mean Median Mean Median Mean Median
etric Species MAE MAE Corr Corr Slope Slope
North-south Q50 difference 32 7.385 5.878 0.344 0.407 0.368 0.337
Q50 latitudinal slope 34 2.224 1.749 0.363 0.319 0.307 0.220
z}’f’;%h‘ed mean latitudinal 34 2.036 1.717 0.365 0.281 0.287 0.212

220 Table §9

221  Table S9. Species-level agreement between RIS and GBIF for derived temporal slopes within

222 UK latitude bands in the empirical spatial workflow. Columns report the number of species, the
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224

225

226

227

228

229

230

231

232

mean and median species-level mean absolute error (MAE), the mean and median species-level

Pearson correlation, and the mean and median species-level GBIF-on-RIS slope for each slope

metric. Pooled across-species correlations are intentionally omitted because they can be inflated

by between-species differences in mean timing. This table corresponds to Fig. S5.

Metric n Species Mean MAE Median MAE Mean Corr Median Corr Mean Slope Median Slope
Q10 trend 34 0.333 0.306 0.178 0.185 0.198 0.108
Q50 trend 34 0.312 0.263 0.198 0.288 0.089 0.135
Q90 trend 34 0.491 0.333 0.029 -0.015 0.028 -0.003
Season width trend 34 0.609 0.380 -0.091 -0.144 0.038 -0.053
Weighted mean trend 34 0.313 0.223 0.215 0.335 0.128 0.138

Table $10

Table S10. Underlying values for the two-axis reliability summary in the main text (Table 2).

Columns report the number of species or species-band units, mean absolute error (MAE), the

standardised error (Std MAE; MAE divided by the standard deviation of the RIS values), that

standard deviation (SD RIS), mean Pearson correlation, mean GBIF-on-RIS regression slope,

and the assigned pattern- and magnitude-recovery classes.

Metric Class Metric n Mean Std Sd Mean Mean Pattern Magnitude
Units MAE MAE RIS Corr Slope Class Class
Yearly metric Q1o 34 8.770 1.210 7.260 0.576 0.564 Good Compressed
Yearly metric Q50 34 6.760 1.030 6.560 0.587 0.567 Good Compressed
Yearly metric Q90 34 7.790 1.120 6.940 0.576 0.537 Good Compressed
Yearly metric Weighted mean 34 6.350 1.070 5.930 0.580 0.551 Good Compressed
Yearly metric Season width 34 11.750 1.460 8.070 0.527 0.544 Good Compressed
Yearly metric Peak timing 34 10.000 1.010 9.890 0.384  0.430 Poor Compressed
Spatialband - poak timing 166 9110 0900 10.180 0.416 0.459  Moderate Compressed
i%?::g' band 49 166 7.820 0910 8570 0542 0.508  Good Compressed
i‘;?::g' band 59 166  6.440 0.880 7.320 0.569 0.529  Good Compressed
i‘;?::g' band g9 166 7.690  0.840 9.140 0482 0417  Moderate  Compressed
Spatialband  geason width 166  10.610 1.020 10.410 0.351  0.391  Poor Poor
Spatialband - yeighted mean 166 6080 0.880 6.910 0552 0521  Good Compressed
Derived spatial  North-south Q50
it differonce 32 7390 0930 7.940 0344 0368  Poor Poor
CDOer:;‘r’ggt spatial s jatitudinal slope 34 2220  0.880 2540 0363 0307  Poor Poor
Derived spatial  Weighted mean 34 2040 0860 2350 0365 0287  Poor Poor

contrast

latitudinal slope
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234

235

236

237

238

239

yearly temporal qyeng Q10 34 0430 0740 0570 -0012 -0.006 Poor Poor
yearly temporal qyeng Q50 34 0270 0800 0330 0420 0399  Moderate Poor
yearly temporal  reng Qoo 34 0630 0660 0960 -0.160 -0.046  Poor Poor
yeary teMPoral fiong peak fiming 34 0680 0880 0.770 088  0.147  Poor Poor
yeary teMPoral fyong Seasonwidth 34 0780 0760 1.020 -0.057 -0.020  Poor Poor
Yearly temporal  Trend Weighted 34 0200 0820 0.350 0.063 0048  Poor Poor
tsrgﬁga' temporal o tialtrend Q10 170 0.330  0.660 0.500 0.198 0.119  Poor Poor
ppatialtemporal gpatialtrend @50 170 0310 0670 0470 0204 0198  Poor Poor
ppatialtemporal gpatialtrend Q90 170 0490 0440 1.130 -0.005 -0.002  Poor Poor
ppatial temporal \?Vpe"’i‘gﬁ{;je;‘qdean 170 0310 0660 0470 0327 0297  Poor Poor
Spatial temporal Spatial trend Season 475 5619 0500 1.210 -0.018 -0.006  Poor Poor

trend

width

Table S11

Table S11. Focused sensitivity summary for alternative single-scale asymmetric-kernel settings in

focal species-years. Columns report curve mean absolute error (Curve MAE), absolute error in

Q50 and season width, absolute error in peak height, and the ratio of total fitted expected

abundance to observed abundance. Lower values indicate better recovery for all columns except

total fitted / obsetved, where values close to 1 indicate stable abundance scaling. This table

corresponds to Fig. S6.

. . Curve Q50 Abs Width Abs Peak Height Abs Total
Species Setting MAE Error Error Error Ratio
Orthosia gothica Current 0.012 0 7 0.032 0.999
Orthosia gothica Broader left 0.013 0 7 0.037 0.999
Orthosia gothica Broader both 0.014 0 7 0.037 0.999

. . Broader both, weaker
Orthosia gothica penalty 0.014 0 7 0.037 1.000
Idaea aversata Current 0.009 0 0 0.059 0.999
Idaea aversata Broader left 0.009 0 0 0.076 0.999
Idaea aversata Broader both 0.010 0 0 0.083 0.999
Broader both, weaker
Idaea aversata penalty 0.010 0 0 0.083 1.000
Xestia
xanthographa Current 0.020 0 0 0.100 0.999
Xestia
xanthographa Broader left 0.024 0 0 0.118 0.999
Xestia
xanthographa Broader both 0.026 0 7 0.124 0.999
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249

250

251

252

253

Curve Q50 Abs Width Abs Peak Height Abs Total

Species Setting MAE Error Error Error Ratio
Xestia Broader both, weaker

xanthographa penalty 0.026 0 7 0.124 1.000
Table $12

Table S12. Source composition of the focal UK GBIF benchmark after filtering to the focal
species and applying the filters described in the main-text Methods. Categories are assigned at
the dataset level using datasetKey/datasetName with supporting publisher metadata, then

summarised here by source category and record type.

Source Category Record Type Category n Datasets n Records Percent Records
Formal recording scheme / monitoring programme Human observation 64 6,418,026 97.106

Citizen science platform Human observation 7 126,463 1.913

Research project / survey Human observation 33 63,244 0.957

Museum / institutional collection Specimen / material 5 659 0.010

Other / mixed / unknown Human observation 2 468 0.007

Other / mixed / unknown Other 2 425 0.006

Museum / institutional collection Human observation 1 4 0.000

Table $13

Table S13. Sensitivity of yearly Q50 agreement to the GBIF exposure floor used in the matched
two-scale asymmetric-kernel workflow. Columns report the tested exposure floor in inferred
trap-nights, the number of species contributing to the comparison, and the mean and median
species-level Q50 mean absolute error (MAE) and Pearson correlation against RIS. Lower MAE

and higher correlation indicate better agreement.

Exposure Floor n Species  Mean Q50 MAE Median Q50 MAE Mean Q50 Corr Median Q50 Corr

0 34 11.941 8.135 0.449 0.465
10 34 8.238 7.327 0.537 0.595
25 34 7.406 6.981 0.566 0.617
50 34 6.762 6.481 0.587 0.639
100 34 6.077 5.692 0.607 0.641
200 34 5.440 5.154 0.620 0.687
Table S14

Table S14. Decomposition of the yearly GBIF-on-RIS regression slope and its correction for

measurement error in the RIS benchmark. For each metric the table reports the number of
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259

260

261

262

263
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265

266

267

268

269

270

271

272

273

species (n); the mean species-level Pearson correlation (r, the #racking factor); the ratio of
standard deviations SD(GBIF)/SDRIS) (the amplitude factor); their product, the ordinary least-
squares slope (OLS); the reduced major axis slope (RMA = OLS / 1), which rescales amplitude
under the assumption that RIS and GBIF are equally reliable; the estimated sampling reliability
of the RIS metric (from the quantile standard error of its smooth-curve estimate); and the
reliability-corrected slope (OLS divided by the RIS reliability). Reliability is reported for the three
quantile metrics, where the quantile standard error applies exactly. Because the SD ratio is near
one for the central quantiles, the sub-unity OLS slope is driven by the correlation rather than by
a smaller GBIF amplitude; because the RIS reliability is high, the correction for regression
dilution is small, so the compression is largely genuine. See Table S15 for its sensitivity to the

assumed overdispersion of the catch.

Metric n r(Tracking) SD Ratio (Amplitude) OLS Slope RMA Slope RIS Reliability Corrected Slope
Q10 34 0.576 0.980 0.564 0.980 0.899 0.628

Q50 34 0.587 1.012 0.567 0.949 0.946 0.600

Q90 34 0.576 0.948 0.537 0.824 0.900 0.597

Weighted mean 34 0.580 0.963 0.551 0.892

Season width 34 0.527 1.068 0.544 1.027

Table S15

Table S15. Sensitivity of the RIS reliability and the reliability-corrected slope to the assumed

overdispersion of the catch. The RIS quantile sampling standard deviation is inflated by a factor

Vk to mimic clustering beyond the weekly Poisson estimate (k = 1 is the model’s own estimated
overdispersion). For each central quantile and inflation factor the table reports the implied RIS
sampling standard deviation (days), the resulting reliability, and the reliability-corrected slope.
The qualitative conclusion (real, moderate compression) holds while the RIS Q50 sampling
standard deviation stays below about four days (corrected slope up to about 0.76); only an

implausibly large RIS error, about five days or more, would erase the compression.

Metric  Overdispersion Factor (k) RIS Sampling SD (Days) RIS Reliability Corrected Slope
Q10 1 2.369 0.899 0.628

25



274

275

276

277

278

279

280

281

282

283

284

285

Metric  Overdispersion Factor (k) RIS Sampling SD (Days) RIS Reliability Corrected Slope

Q10 2 3.350 0.823 0.686
Q10 3 4.103 0.763 0.739
Q10 5 5.297 0.645 0.875
Q10 10 7.491 0.425 1.327
Q50 1 1.592 0.946 0.600
Q50 2 2.252 0.891 0.636
Q50 3 2.758 0.837 0.678
Q50 5 3.560 0.746 0.760
Q50 10 5.035 0.559 1.015
Q90 1 2.329 0.900 0.597
Q90 2 3.294 0.799 0.672
Q90 3 4.034 0.699 0.768
Q90 5 5.207 0.527 1.018
Q90 10 7.365 0.322 1.669
Table S16

Table S16. Effect of the RIS-derived GBIF records on spatial agreement with RIS. The

National Moth Recording Scheme includes records from the Rothamsted (RIS) light traps,
identified by the sampling protocol “Rothamsted Trap”; these were removed from all analyses so
that the benchmark and the data under test share no records. This table compares model-free
(empirical) agreement between RIS and GBIF in each latitude band and year for the same GBIF
download processed with these records kept and removed, and so isolates the records

themselves (no model or effort estimate is involved). For each metric it reports the mean, over
species and latitude bands, of the Pearson correlation between RIS and GBIF across years and of
the mean absolute error (days), with the records kept and removed, and the change caused by

removing them.

Metric Correlation, Correlation, Change in MAE, Records MAE, Records Change in
Records Kept Records Removed Correlation Kept (Days) Removed (Days) MAE (Days)

Q10 0.434 0.425 -0.010 8.544 8.676 0.132

Q50 0.453 0.442 -0.011 7.473 7.691 0.218

Q90 0.338 0.320 -0.017 11.457 11.641 0.184
Weighted

mean 0.499 0.484 -0.016 7.698 7.948 0.250
stied"’;ff” 0.252 0.237 -0.014 15.337 15.492 0.155
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