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Abstract

Biodiversity is declining across the gloeed humandrivenclimate change and landse
changeare among theprimarydrivers ofthisloss Understanding the mechanismausing
declines is critical for developing effective conservation and management strateigiels will
not only slowbiodiversity loss, but reverse ithis is relevant for virtually all specas the
planet, but gven the ecosystem services that they provigdellinators are an especially
important groupin which tostudy this Among thewild pollinatorsnative toNorth America and
Europe bumblebeesBombug are a particularly important and beautiful grodp.this thesis]|
identify how climate change anldnd-use changénteract to influencepopulation and
community change in North American and European bumblelseesl explorethe potential
role of protected areas in mitigating declinégind that dimate change hascreased local
extinction risk fobbumblebeesy exposing them to temperaturdseyond theirhistoric
tolerances and lintroduce a broadly applicable methadhichimproves prediction ofthis
climate changeelated risk(Chapter 2)Examining the interactionsetween climate change
and landuse changeshowsthat the risk fromincreasing temperatures and temperature
extremesis worse in historically degradedteas and that climate change and lauge change
may be driving biotic homogenizatiam bumblebee commnities.Yet,landscapescale patterns
suggest that human landse can be managed tave minimalor even positiveeffects on
pollinators(Chapter 3)In the face of these global pressures, protected areas represant
way toconservespecies. | find thaincreasing the amount gfrotected arean a region,
regardless of size or management categoiryhe protected areasis related tareduced local

extinction risk for bumblebees across North America and Eurbipis benefit is espedig



strong inareas with high human landse, highlighting the importance of protected areas in
highlyhumandominatedlandscaps (Chapter 4)The work within my thesisnprovesour
understanding ohow climate change and langse changelrive shifts in species and
communitiesand can infornon the effectienes of specificonservation actioafrom gardens

and urban greenspaces, @ther Effective Are®ased Conservation Measures (Chapter 5)

Résumé

La biodiversité diminue a traversti@onde, et les principaux facteurs de cette perte sont le
changement climatique et le changement d'utilisation des terres induits par I'homme. Nous
devons comprendre les mécanismes a l'origine du déclin si nous voulons développer des
stratégies de conservain et de gestion efficaces qui non seulement ralentiront la perte de
biodiversité, mais l'inverseront. Ceci est pertinent pour pratiquement toutes les especes de la
planéte, mais les pollinisateurs sont un groupe particulierement important dans lequaieétu
cela compte tenu des services écosystémiques qu'ils fournissent. Parmi les pollinisateurs
sauvages originaires d'’Amérique du Nord et d'Europe, les bourdons (Bombus) constituent un
groupe particulierement important et magnifiquBans cette these, j'ehtifie comment le
changement climatique et le changement d'utilisation des terres interagissent pour influencer
le changement des populations et des communautés des bourdons d’Amérique du Nord et
d'Europe. J'explore également le role potentiel des airesggées dans l'atténuation des

déclins. Je constate que le changement climatique a augmenté le risque d'extinction locale pour



les bourdons en les exposant a des températuresl@a de leurs tolérances historiques et
j'introduis une méthode largement afipable qui améliore la prédiction de ce risque lié au
changement climatique (chapitre 2). L'étude des interactions entre le changement climatique et
le changement d'utilisation des terres montre que le risque de réchauffement et de
températures extrémesg pire dans les zones historiguement dégradées, et que le
changement climatique et le changement d'utilisation des terres peuvent conduire &
I'hnomogénéisation biotique des communautés de bourdons. Pourtant, les modéles a I'échelle
du paysage suggerent quiatilisation des terres peut étre gérée pour avoir des effets minimes,
voire positifs, sur les pollinisateurs (chapitre 3). Face a ces pressions mondiales, les aires
protégées représentent un moyen de conserver les especes. Je trouve que l'augmentation d
nombre d'aires protégées dans une région, quelle que soit la taille ou la catégorie de gestion
des aires protégées, est liee a une réduction du risque d'extinction locale des bourdons en
Ameérigue du Nord et en Europe. Cet avantage est particulierementiéms les zones a forte
utilisation humaine des terres, soulignant lI'importance des aires protégées dans les paysages
fortement dominés par I'homme (chapitre 4)e travail de ma these améliore notre
compréhension de la facon dont le changement climatigtile changement d'utilisation des

terres entrainent des changements dans les espéces et les communautés. Ce travail peut
renseigner sur l'efficacité d'actions de conservation spécifiques, des jardins et des espaces verts

urbains aux autres mesures denservation efficaces par zone (chapitre 5).
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Chapter 1 General introduction

Global biodiversity is changing rapidly due to a combination of factors, and there is
little doubt that the world has entered a biodiversity crifiirzo et al. 2014; Ceballos et al.
2017; Ripple et al. 201 7¢onsistently, studies using loteym tempord monitoring data
observe substantial rates of decline across wildlife populations around the globe. The
Intergovernmental ScieneBolicy Platform on Biodiversity and Ecosystem Services (IPBES)
estimates that around 1 million species may already be fagktigction from human pressures
(IPBES201®) ¢ KS 22NIR 2AfRfATS CdzyRQa [AQAY3 tflyS
more than 20,000 vertebrate populations globally, shows an average ~68% decline in the
abundances of globally monitored terrestriand marine vertebrate populatiorf8VWF 202Q)
although declines tend to be clustered in certain taxa and regibesng et al. 2020)
Invertebrates, which comprise the majority of species on Earth, appear to be declining as well,
although they are mucless studied and trends are consequently less ceffaireo et al. 2014;
Cardoso et al. 2020; Wagner 2020; Raven & Wagner 2B@hetheless, declines consistently
appear to be the norm among monitored taxa. Of the invertebrates assessed by the
International Union for Conservation of Nature (IUCN), for example, about 40% are considered
threatened(Dirzo et al. 2014)\While determining the exact level and extent of biodiversity
decline is complex (e.dornelas et al. 2013, Vellend et al. 20b8t seeThamas 2013;
Newbold et al. 2015; Gonzalez et al. 2016; Wagner R@B6re is no doubt that global rates of
extinction are orders of magnitude above the background (&ienm et al. 2014; De Vos et al.
2015) Arresting declines and bending the curve of biedsity loss is possible, and will require

a deep understanding of the mechanisms driving biodiversity decline so that we may apply



effective, equitable, and integrative conservation solutigdsban et al. 2016; Mace et al. 2018;
Leclére et al. 2020)

Two of the primary drivers of this biodiversity crisis appear to be climate change and
land-use change. Climate shapes the distribution of life across the p(atastkins et al. 2003;
Currie et al. 2004)and rapid anthropogenicalinduced climate change kded to widespread
and pervasive shifts across species and commur{fiasmesan & Yohe 2003; Scheffers et al.
2016; Pecl et al. 201.7¢limate change is increasingly implicated in greater extinction risk, and
the threat that it presents is expected toay (Urban 2015; Trisos et al. 2020)any
YSOKFIyAaYa YIreé 3JI20SNYy alLISOASaQ NBalLkyasSa G2 O
mechanism is grounded in niche theory.

bAOKS (GKS2NEB |yR LKeaAz2f23e adza3asSaid GKIFG 2
whether they persist in some areas and help to inform predictions on climate change effects
(AddoBediako et al. 2000; Nguyen et al. 2011; Sunday et al. 2012,.20d#jduals of a
species are less likely to persist in or colonize areas where the elinesitds surpass their
tolerance limits, as in these regions they may be forced to put more energy towards coping
with the environment (e.g., through thermoregulation), and less to foraging or reproduction
(Deutsch et al. 2008; Scheffers et al. 2014; Suredal. 2014)As rapid climate change alters
local climatic conditions, some currently inhabited regions may be rendered less suitable, and
some unoccupied regions more suitable. Under these conditions, niche theory predicts that
species will shift theiranges to track changes (although shifts in phenology may help offset the
need for geographic shifts, e.ginger 201Y. Range shifts consistent with this expectation have

been observed across many taxa, particularly in response to tempergRarenesar& Yohe



2003; Tingley et al. 2009; Sunday et al. 2012; Kerr et al. 204%re species are not able to

shift with climate, whether because of geographic barriers or dispersal limitations, we expect
increasing extinction risk as greater portions of the §p&cad Q NJ y IS 06 SGSigevwd f Sa a
et al. 2010; Kerr 2020)

Landuse change, including conversions to hurtaminated land uses and
accompanying intensification of this use, is perhaps the greatest threat that biodiversity faces
currently (Maxwell & al. 2016) although climate change is expected to surpass it in the near
future (Newbold 2018)More than 75% of icéee land on the planet has been altered by
humans(Ellis & Ramankutty 2008and this laneluse change has driven substantial losses of
species from local assemblages across the g{dlsvbold et al. 2015, 2016; Pfeifer et al. 2017,
Di Marco et al. 2018 Changes in land use intensity (e.g., increases in pesticide or fertilizer use)
can have distinct additional negative impagierr & Cikdr 2003; Gibbs et al. 2009; Pekin &
Pijanowski 2012; Newbold et al. 2015; Millard et al. 2081 addition to the direct negative
effects of landuse change on biodiversity, it is likely that this pressure interacts with climate
change and vice vergantyka-Pringle et al. 2015; Jarzyna et al. 2016; Newbold 2018;
Williams & Newbold 2020although the mechanisms and effects of these potential
interactions are not cleg(Titeux et al. 2016, 2017)

In the face of these threats, protected areas (and othéecfve areabased
conservation measures) are one of the most critical tools in conservation, especially at
continental or global scalg8laxwell et al. 2020)Globally, protected areas contain higher
species richness inside than in similar areas outidetzee et al. 2014; Gray et al. 2014&)d

can improve biodiversity outcomes when properly mana@dldmann et al. 2018; Boakes et



al. 2018) Yet, protected areas are no silver bullet for conservation. Their placement is often
chosen for reasons other &m biodiversity conservatiofdoppa & Pfaff 2009; Venter et al.
2018) and their efficacy at reducing pressures within their boundaries is variabppa & Pfaff
2011; Geldmann et al. 2019)Itimately, the efficacy of protected areas varies among taxh an
specieqCoetzee et al. 2014; Gray et al. 2016; Wagner 2G#@) some taxa may require
alternative or complementary conservation actions to mitigate climate change aneulsend
change related declines.

Pollinators are especially important when considering the response of fauna to threats
like land use and climate change, because of the critical ecological services that they provide
(Biesmeijer et al. 2006; Ricketts et al. 2008; Potts et al. 2010; Mall&ratton 2015)
BumblebeesBombug are an important and beautiful group of pollinators, which have been
documented as declining across North America and EufB@smeijer et al. 2006; Williams &
Osborne 2009; Potts et al. 2010, 2015; IPBES 28b@)t a third of all bumblebee species that
have been assessed by the IUCN are listed as threatened with exti(étloetman et al. 2017)
although a few species have increased in range and abundance in recent déCaties
Packer 2008)Unlike most insds, bumblebees are endothermic poikilotherms, and can
maintain a surprising control over their body temperatijkeinrich & Esch 1994Yet,
bumblebees remain relatively sensitive to changes in their environment, especially
temperature, so climate changeay be especially threatening to these species by pushing
them near or beyond their thermal tolerance lim{{#/illiams et al. 2007; Iserbyt & Rasmont
2012; Rasmont & Iserbyt 2012; Kerr et al. 20clines in range size and species richness

observed for his taxa appear to correlate with recent anthropogenic climate chgRgesmont



& Iserbyt 2012; Kerr et al. 2015; Woodard 2Q&f)d range losses due to climate change are
expected to increase in the futu®asmont et al. 2015; Sirddelisle & Kerr 2018Bumblebees
also appear sensitive to land use change and intensification (including pesticidriclsstts et
al. 2008; De Palma et al. 2017; Woodcock et al. 2017; Millard et al.,202Xrecise
mechanisms of decline in this group are still relativeliknown. Given the recent publication of
a large temporal occurrence dataset for North American and European bumbl@bee<st al.
2015) these pollinators represent an exciting model group with which to investigate-large
scale, historic influences ofitlate change and landse change.

In this thesis, | investigate the historic effect of climate change anduaedhange on
bumblebees across North America and Europe, testing for evidence of specific mechanisms of
decline and investigating the efficaofpotential conservation solutions. In my first study
(Chapter 2) | test whether climate change threatens bumblebee biodiversity by exposing
species to climatic conditions beyond their historic tolerances. | also develop and introduce a
novel method to masure this risk which appears to improve our ability to predict spatially
explicit climate chang®lB f  § SR NAxA a1 | ONR&daa I aLISOASaQ NI y3Ss
test whether landuse and climate change interactions have shaped historic trends in
bumblebee biodiversity, and find that these interactions appear important and consistent with
previously described mechanisms of climate change anduaedisk. Next (Chapter 4), | test
whether protected areas have mitigated climate change and-aselclange risks for species
and assemblages, and find that while protected areas appear to offer important benefits, the

mechanism for this is unclear. Finally, (Chapter 5), | bring together the conclusions and results



gathered through the primary studies of rtyesis, and suggest some specific conservation
implications arising from each previous chapter.

Throughout, | use a macroecological framework to test hypotheses and predictions
(Kerr et al. 2007)Each chapter brings together high resolution, temporakplicit, cross
continental datasets of environmental change, anthropogenic change, and species occurrence
and distribution. While bumblebees are the subject of study here, the hypotheses and
predictions | test are more broadly applicable outside of thisatas well, creating exciting
implications for each chapter. Taken together, my thesis contributes both to our understanding
of the nature and extent of how climate change and larsg change influence biodiversity, and

also to our knowledge of how to piect species in the face of these threats.
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Chapter 2 Climate change contributes to widespread declines among bumblebees across
continents

Note: This chapter is a slightly modified version of the following published article:
Soroye P, Newbold T, Kerr J. 2020. Climate change contributes to widespread declines
among bumble bees across continents. SciE3&2685688. Available from

https://www.sciencemag.org/lookup/doi/10.1126/science.aax8591.

Abstract

dimate changecouldincreasespeciesextinctionriskastemperaturesand precipitationbegin
to exceedd LIS OhstéridaldyobservediolerancesUsinglongterm datafor 66 bumblebee
speciesacrossNorth Americaand Europe | testedwhether this mechanisnalteredlikelihoods
of bumblebeed LJS Cektifpdtion or colonization.Increasingrequencyof hotter temperatures
predictsa LJS Qotabestiictionrisk, chancesof colonizinga new area,and changingspecies
richnessEffectsare independentof changingand uses.Themethod developedin this study
permitsspatiallyexplicitpredictionsof climatechangerelated populationextinction
colonizationdynamicswithin specieghat expainsobservedpatternsof geographicatangeloss
andexpansioracrosscontinents.Increasingrequenciesof temperaturesthat exceed
historicallyobservedtoleranceshelpsexplainwidespreadoumblebeespeciesdecline. This

mechanisnmayalsocontribute to biodiversitylossmore generally.
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Introduction

RecentclimatechangesaveacceleratedangelossesamongmanyspeciegKerret al.
2015;Spooneret al. 2018) Variationin & LJS GktiScEiofriskor chancef colonizinga new
areadeterminewhethera LJS Qangesetpandor declineasnew climaticconditionsemerge.
Understandindghow changingclimaticconditionsalter & LIS Ookadestiiction (extirpation)or
colonizationprobabilitieshasprovenexceptionallychallengingparticularlyin the presenceof
other environmentalchangessuchashabitat loss.Furthermore,identifyingwhich specieswill
mostlikely be at riskfrom climatechange- andwherethoseriskswill be greatest- is criticalto

the developmentof conservationstrategies(Williams& Jacksor2007;Velozet al. 2012)

Althoughmanymechanismgouldalter how speciedare asclimatechanges,
discoveringprocesseshat stronglyaffect speciepersistencaemainsamongthe foremost
challengesn conservationUrban2015) Climatechangecouldposerisksto speciesn part by
increasinghe frequencyof environmentalconditionsthat exceedd LJS QdileSdices causing
populationdeclineand potentially extirpation (Nguyenet al. 2011;Sundayet al. 2014)
Converselyclimatechangemayrendermarginalareasmore suitablefor a speciesmaking
colonizationof that localemore likely (Kerret al. 2015) Understandingand predictingspatially
explicitcolonizationand extinctionlikelihood couldidentify which speciesare vulnerableto
climatechangeandwhere,which speciesmaybenefit, and could suggesinterventionsto
mitigate conservatiorrisks.Colonizatiorand extinctiondynamicsjn combinationacrossa
regionalspeciesassemblagedeterminehow speciesichnesschangesAmongtaxathat
contribute criticallyto ecosystenserviceprovision,includingpollinatorssuchasbumblebees

(Bombus$, speciegichnessdeclinecouldimpairecosystenserviceqPottset al. 2010)
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| evaluatedchangesn bumblebeespeciesxtirpation,colonization,occupancyand
regionalrichnessacrossNorth Americaand Europeusinga databaseof ~550,000
georeferencedccurrencerecordsof 66 bumblebeespecieqFigureS2.1and S2.2, TableS2.1;
Kerret al.2015). | estimateda LJS QifstBbati@nsin quadratsthat measuredl00km by 100km
in abaseling(19011974)andrecentperiod (20002014).ClimateacrossEuropeand North
Americahaschangedgreatlybetweenthesetime periods (FigureS2.3) Althoughthe baseline
periodwassubstantialljonger,there were 49%more recordsin the recentperiod. Nor+
detectionbias(i.e. a difficulty distinguishingamongtrue andfalseabsenceslueto imperfect
detection)in opportunisticoccurrencerecordscanreducemeasurementaccuracyof species
distributionsand overallrichnesqSadotiet al. 2013) Consequentlyl useddetection-corrected
occupancymodelsto estimateprobability of occurrencefor eachspeciesn quadratswithin
eachtime period. | calculatedchangesn & LJS (pfolsakilflesof occupancyandgenerated

detection-correctedestimatesof speciegichnesschangebetweenperiods(FigureS2.4).

| predictgreaterdeclinesin bumblebeespeciesoccupancyand speciegichnessvhere
changingclimaticconditionsmore frequently exceedindividuald LJS Ohst&ridafdyobserved
tolerances Converselyl predictgreateroccupancyandspeciegichnessn areaswhereclimate
changesmore frequently causelocalweatherto fall within sped. Shist@ricallyobserved
tolerances.Temperatureand precipitationcanaffect bumblebeemortality andfecundity
directly (e.g.Woodard2017) andindirectlythroughchangedo floral resourceqOgilvieet al.
2017) Forboth periods,| calculatedproximity of climaticconditionswithin quadratsacross
thesecontinentsto estimatedthermal and precipitationlimits of all 66 speciesl averaged

monthly temperaturesandtotal precipitationin localitieswhere speciesvere observedand
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rescaledhesemeasuregelativeto eacha LJS Ohst8rizaldyobservedclimaticlimits. Those
limits were calculatedfrom averagef the five highestmonthly maximumand lowestmonthly
minimumtemperatures,or five highestand lowestmonthly total precipitationvaluesfrom
among valuesfor all locationyearcombinationswherethat speciesvasobservedduringthe
baseline Althoughclimatelimits inferred from observeddistributionsmight not alwaysidentify
actualphysiologicatolerancesthey cansuggessuchlimits and canprove usefulin the
absenceof more mechanistialata (Kerret al. 2015) | calculatediocalchangesn this new
climaticpositionindexbetweenbaselineandrecenttime periods,and alsoaveragedt across
all speciegresentper quadratto calculatecommunty-averagedclimaticpositionindex

(Figure2.1andS2.5).

Methods

Bumblebeeobservationspbserveddistribution, and speciegichness

| useda datasetcomprisings57,6220bservationf 66 bumblebee(Bombu$ species
from 1901-2015,from acrossNorth Americaand Europe.Thedatasethasbeenpreviouslyused
in (Kerret al. 2015) and containsdataassembledrom a variety of sourcesncluding(Pottset
al. 2011;Williamset al. 2014;Rasmontet al. 2015;Polceet al. 2018) andother sources
acknowledgedn Statementof Work. Toproducethis databasefrom the assembledset of
records,potentiallyunreliablerecords(e.g.,recordswith missingspeciesjocality,or sampling
yearinformation, or disagreemenbetweenrecordgeoreferencingand stated country of origin)

were flaggedandremoved.Recordsin the oceanlessthan 2500mfrom a high-resolution
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coastlinewere assumedo be coastalobservationswith spatiallyimprecisegeoreferencesand

werereassignedheseto the nearestpoint on land.

Ofthe 119speciegresentin the originallyassemblediatawithin the studyarea,|
retained66, whicheachhadat least100spatiallyuniquerecordsin the baselineperiod (1901
1974;inclusively)andat least30in the recent period (20002014;inclusively) These66 species
appearedwell sampledacrossheir ranges,ncludingat rangemargins.Thedatasetincluded
264,494observationf 36 North Americanspeciesand 293,128observationsof 36 European
speciesspreadacross116,254uniquelocationyears(i.e., spatiotemporallyunique
observationsfigureS2.1).Themeanand medianspeciesperiod samplesizewas1887and 848
uniquelocationyearobservationsrespectively(TableS2.1) While the baselineperiod was
longer,there were comparablenumbersof uniguelocationyearobservationsn eachperiod
(54,446in the baselineand 61,809in the recent).| examinedthe georeferencingor every
observationand removedall instancesof bee observationghat couldnot be recondled with
lists of countriesthey inhabitand comparisorwith rangemapsfrom IUCNRedListreports

(http://www.iucnredlist.org/accessedNov 16,2017).l mergedobservationsof Bombus

moderatuswith B.cryptarum, per IUCNRedListdocumentationand (Williamset al. 2014)
which considerghesespeciedo be synonymousAll recordsincludedgeoreferencingand date
information. Duplicatecollectionrecordsof a speciedor a givenlocationyearwere removedto

reflect speciesoccurrencerather than samplingor populationdensity.

| mappedpresenceandabsencdor eachspecieswvithin 2100km by 100km equatarea
guadratsacrosghe studyareain the baselineandrecentperiods.l inferred absencevhen

there wasno observationof the focalspeciedn the quadratsin a period but at leastone other
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speciegecorded | testedthe robustnessof my resultsto this definition of absenceby
repeatingall analysesfter definingabsenceasno observationof the focalspeciesbut at least
i) three andii) five other speciesForeachspecies] estimatedthe observeddistribution asthe
numberof quadratsin the studyareawherethe speciesvaspresent,andl comparedrecent
andbaselinemapsof observeddistribution to determineextirpationand colonization |
determinedmeanratesof extirpationor colonizationfor a spegesasthe proportion of regional
extirpationor colonizationeventsrelativeto the total numberof quadratsa speciesoccupiedin
the baselinel measuredhe changein observeddistribution for eachspeciesin baselineand
recentperiods,respectively specieoccupiedrangesof 17to 561and12to 338quadrats
(mean=195.3and117.2),respectivelyl measuredobserveddistribution uniquelyby continent
for specieghat are presentin both EuropeandNorth Americaanddid not calculateNorth
Americanobserveddistributionalchangefor one speciesvhichwasonly recordedthere in the
currentperiod (B.distinguenduy Differencesn samplingeffort betweenperiodsof different
lengthscanbiasdetectionof presenceand subsequentstimatesof changeand occupancysol
accountedfor samplingeffort in all subsequentanalysesWhilethe baselineperiodwas
substantiallylonger,the recentperiod had 49%more records,and 13%more uniquelocation
yearspecienbservationgFigureS2.2,TableS2.1) Extirpaion and colonizationlikelihoods
showedsignificantnegativerelationshipswith samplingeffort, while samplingeffort wasnot
significantlyrelatedto observedspeciesichnesschange.Thiswasnot surprisingasnon-

detection-correctedrichnessanalysesvere restrictedto a subsetof well-sampledquadrats.

| combinedthe presencemapsof the 66 speciego build amap of regionalspecies

richnesdor eachperiod (FigureS2.10)Variationin samplingeffort canbiasthe estimationof
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observedbiodiversitytrends(Gotelli& Colwell2011;Gotelli& Chac2013) sol excluded
guadratswithout a minimumof 50 uniquelocationyearobservationsn the baselineand most
recentperiod. Thisresultedin 40 North Americanand 124 Europearsites,within whichl
calculaedthe percentchangen speciegichnessrom the baselineto the mostrecentperiod.
Whilethe strict selectionprotocol limits the numberof quadratsin the speciegichness
analysisa lessstrict selection(e.g.,includingquadratswithout a minimumof 50 unique
locationyearsobservationsfailsto accountfor samplingbiasandremovesability to attribute
changesn richnesgo anyclimaticvariables All datawere organizedn R3.4.1(RCoreTeam

2017)usingpackagesidyverse(Wickham2017)andraster (Hijmanset al. 2016)

Thescaleof analysig100km by 100km)isrelativelycoarsecomparedto local
ecologicaktudies,but thesequadratsare largeenoughto enablereasonablesamplingintensity
acrossNorth Americaand Europein both periodswithout sacrificingrelevancefor conservation
and policyplanning Totest the effect of spatialscaleon my results,| repeatedanalysest a i)

50 km by 50 km scaleandii) 200km by 200km scale.

Occupancynodels

Tocorrectfor imperfectdetectionin the datasetof bumblebeeobservations) used
singlespeciesnccupancymnodelsto estimateoccupancyor the 66 speciesn eachperiod.
Thesemodelsaccountfor the possibilityof false-absencesvithin detection/non-detectiondata
by explicitlyestimatingdetection probability (p) separatelyfrom probability of occurrence

(MacKenzieet al. 2006,2009;Royle& Kéry2007;Royle& Dorazio2009;Kery& Schaul012)

24



Estimatingdetection probabilityfor a speciesiuringa periodrequiresmultiple & & dzNB3. &1 & £
or @ A ata siteéswithin that period. | split eachof the time periodsinto three & & dzNIBF 3. &1 & £
(baseline1901-1924,19251949,and 1950:1974;recent:20002004,20052009,and 2010
2014).1 usedobservationsof a speciegduringa surveyunit to inform detection, and marked
absenceof a speciesvhen otherswere seenasanon-detection.lt islikelythat there are biases
in the speciessampledwithin the dataset,asin mostlarge-scaleecologicadata. Bumblebees
are a charismatidnsectspecieghat havebeencollectedby researchersandindependent
naturalistsfor hundredsof years,but, aswith anytaxon, it is possiblethat agriculturally
important specieqe.g.,B.terrestrisand B.impatieng, commonspeciesandlargeror more
recognizablespecieshawe greaterlikelihoodsof detection.l usedtotal numberof recordsto
helpinform speciesspecificdetectionprobabilitiesin the occupancymodels,to accountfor
samplingbias.Unfortunately,reliableinter- andintra-specificdataon other traits that may
influencedetectionprobability,suchasbody size,are not availablefor all speciedo includein
the models.A necessarassumptionof occupancynodellingisthat there isno changein
occupancyor speciegurnover)within a surveyperiod or betweensurveyunits within the
sameperiod: the closureassumption(Rotaet al. 2009) Estimateof site occupancyely on this
assumptiorto calculatea probability of detectionfrom the pattern of detection/non-detections
duringaperiod (MacKenzieet al. 2006) Aggregatiorof occurrencedatainto periodsto
estimated LIS (pleSeic@®r absencemakesa similarassumptiorthat presence/absence
remainsstaticwithin those periods.Violationsof the closureassumptionduringoccupancy
modellingarelikelyto be frequentthroughoutthe literature andwithin-period colonizationor

extinctiontendsto resultin overestimatesof occupancyprobabilities(MacKenzieet al. 2006;
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Rotaet al. 2009) Sincethis studyfocuseson relative changein occupancyprobabilitiesinstead
of the absolutevaluesthemselvespotential violationsof the closureassumptionare not likely
to alter resultsor conclusionsChangen probability of occupancyfor a speciesvasonly
calculatedacrosghe continent(s)it isknownto inhabit. Detedion-correctedspeciesichness,
calculatedasthe summedprobability of speciesoccurrencen aregion,wasestimatedacross
the studyareafor eachperiod (thismeasureis similarto detection-correctedestimatesof
taxonomicdiversityusedin (Jarzyna& Jetz2017). Usingestimatesof speciesspecificsite
occupancyanddetection-correctedspeciegichnesgor eachperiod, | calculatedthe percent
changein thesevaluesbetweenthe baselineandrecentperiods.All datawere organizedand
transformedin Rv3.4.1(RCoreTeam2017)usingpackagesaster(Hijmanset al. 2016)and

rgdal (Bivandet al. 2017)

Occupancynodelswerefit usingthe Bayesiargeneratpurposemodellingsoftware
JAGSPlummer2003) with Rv3.4.1(RCoreTeam2017)andpackageR2jagySu& Yajima
2015) Eachspeciesandseasonspecificmodelcomputedseason andsite-specificoccupancy,
usingseasonspecificsamplingeffort (i.e.,the total numberof uniquelocationyear
observationf anyspeciedn a cell)asa covariatefor the underlyingdetection processl used
noninformativeBayesiarpriorsfor all parametersand eachmodelran three Markov chainsfor
at least100,000iterations, discardinghe first 50,000asa burn-in andthinningby 10, resulting
in 5000sampledrom the joint posteriar distribution. | ran modelsuntil valuesof the Brooks
GelmanRubinstatisticsuggestedonvergencéiad beenreached(<1.1)for all parameters
(Brooks& Gelman1998) TheJAGS®odespecifyinghe model,includingthe priorsused,is

availablewith the res of the dataand materials(Soroyeet al. 2020)
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Climaticpositionvariables

Foreachof the 66 bumblebeespecies) extractedthe averageof the five highest
monthly maximumandfive lowestmonthly minimumtemperaturesfrom amongthe valuesfor
alllocation andyearcombinationswithin the & LJS Qy&o§rapfliicangein the baselineperiod
(1901:1975).Thesemaximumand minimumtemperatureswere assumedo representthe
thermal limits for the speciesand previousstudieshavefound that this measureisrobustto
both variationin the numberof recordsusedto calculateit andvariationin speciessampling
effort (Kerret al. 2015) Maximumand minimumprecipitationlimits were extractedfrom the
five highestandfive lowestmonthly total precipitationvaluesfrom amongall locationandyear
combinationswithin the & LJS (Qy&o§rapQicangein the baselineperiod. Climaticlimits were
rescaledor eachspeciedo equalO for the lower climatic(i.e.,cold/dry) limit and 1 for the
upperclimatic(i.e.,warm/wet) limit. While thesederivedenvironmentallimits maynot
representthe actualcriticallimits that a speciesantolerate, they offer anindicationof the
& LIS GeAvBcarientaltolerancesand measuringhe changein the environmentrelativeto

thesederived limits enablestestsof the mainhypothesedere.

Foreachspeciesin eachcell of the studyareain both periods,| rescaledhe local
maximumand minimummonthly temperaturesand precipitationsonto the samescaleasthe
climaticlimits. Theserescaledvalueswere averagedacrossmonthsto estimatethe thermal
positionindexand precipitationpositionindex:valuesof 1 indicatethat temperaturesor

precipitationacrosshe whole yearequalsthe warm or wet tolerancelimits, and valuesof O
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indicate that temperaturesor precipitationacrosshe yearapproachor meetthe coldor dry
tolerancelimits for the specieqvaluesgreaterthan 1 andlessthan O are possiblewhere
climatechangehascausedemperaturesor precipitationto exceedi LJS Qupp&r&h€rmalor
precipitationlimits or to fall belowlower thermalor precipitationlimits). Thechangein thermal
and precipitationpositionwascalculatedoy subtractingpositionin the baselineperiod from

positionin the recent.

Tocalculatethe commurity-averagedestimatesof climaticposition, | clippedeach
& LIS QHerdnal and precipitationpositionmapsto their observeddistributionin the baseline
period,andthen overlappedall the positionmaps,averagingall indexvaluesin a givencell. This
showsthe meanthermal or precipitationpositionfor the entire estimatedassemblag®f
speciedn that region(FigureS2.5) 1 did this for both periods,andthen measuredthe change

from the baselineto recent(Figure2.1).

In additionto thesespeciesspecificand community-averagedclimaticposition
variables] calculatedaverageannualmean,maximum,and minimumtemperatureand mean
annualprecipitationacrosshe studyarea.Theseannualclimatevariablesare commonlyused
to attempt to predictclimate changerelated effectson biodiversity,andactasareference
modelagainstwhich| comparepredictionsof the climatepositionindicesl developedhere.As
with climaticpositionvariables] measuredmean/max/mintemperatureand annual

precipitationin eachperiod andthen measuredhe changefrom baselineto recent(Figure2.1).

Climatedatawere obtainedfrom the ClimateResearclJnit (Harriset al. 2014)at a

resolutionof 0.5X0.5degreesAfter the calculationof the climaticpositionindex,datawere
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projectedandresampledo CylindricaEqualAreaprojectionat 100km X 100km resolutionto
matchthe bumblebeedata,usingR3.4.1(RCoreTeam2017)and packagesaster (Hijmanset

al. 2016)andrgdal (Bivandet al. 2017)

Statisticalanalyses

Changan localoccupancyl testedthe relationshipbetweenclimaticpositionand
changein probability of localsite occupancyby constructinga seriesof linear mixedmodels
(LMM).Changean occupancyprobabilitywasthe differencein occupancyprobability between
the baselineandrecentperiodsand couldrangecontinuouslyfrom -100%to 100% with
negativevaluesindicatinga decreasdn probability of occupancyand positivevaluesindicating
anincreasen probability of occupancyModelsincludedthe thermal positionvariables
(baselineperiod, changesincethe baseline andthe interactionbetweenthese),the
precipitationpositionvariablegbaselinegperiod, changesincethe baseline andthe interaction
betweenthese),the interactionbetweenbaselinethermal positionand precipitation position,

andthe interactionbetweenchangein thermal positionand changein precipitationposition.

North Americaand Europehavesubstantiallydifferent historiesof land use,human
development,andpopulationtrends,anddifferent approachesto speciesonservationall of
whichmaycontributeto differencesin ratesof speciesandassemblagehangel included
continentasa categoricalariableto accountfor hypothesizedlifferencesin ratesof change
betweenNorth Americaand Europe(Kerret al. 2015) Speciesvasincludedasarandomeffect

in the modelto accountfor differencesin & LJS Qdsgasexo climate. | ranidenticalmodels

29



with separaterandominterceptsfor site andfor speciesand noted qualitativelyconsistent
resultsbetweenthesemodelsand modelswithout site. In casesvhere modelsdid not clearly
converge] re-ran modelsusingseveraldifferent optimizerswith >10 evaluationsandfound
consistentresults.| calculatedconditionaland marginalR? usingthe method proposedby

(Nakagawak Schielzett2013)

Observedextirpation/colonization| ran another seriesof modelsseparatelytestingthe
relationshipbetweenlocalcolonizationand extinction,and climaticpositionvariablesl used
binomialgeneralizedinear mixed models(GLMM) againincludingspeciesasa randomeffect.
Themodelstructurewasidenticalto changein occupancymodels(seeprevioussection)
althoughl includedsamplingeffort, calculatedasthe total numberof observationgn eachcell
in aperiod (samplingeffort wasnot includedin changein occupancymodelsbecauseat was
alreadyusedto estimateoccupancy)l calculatedconditionaland marginalR? in the sameway
asin the changein occupancymodels.Colonizatiorand extinctionmodelswith site includedas

a separaterandomeffect producedconsistentresults.

Phylogeneti@analysesToaccountfor phylogenyin the analyses| repeatedthe
occupancyextinction,and colonizationmodellingusinga phylogenetiageneralizedinear mixed
modelframework,with a comprehensivanitochondrialand nuclearphylogeny(Cameroret al.
2007) | programmedmodelsusingthe MCMCglmn{Hadfield2010)and ape (Paradis& Schliep
2018)packagesn R,followingthe frameworkfrom de Villemereuil& Nakagawg2014) All
modelsuseduninformativeunivariatepriorsfor randomeffectscorrespondingo aninverse
Gammawith shapeandscaleparametersequalto 0.01.Modelswere run with a minimum  of

105,000iterationswith athinningfactor of 20 andwhile discardinghe first 5000,resultingin a
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minimumof 5000samplesrom the joint posteriordistribution. Model parameterswere
visuallyassessedor convergenceandif all parametersdid not appearto convergethen were
re-ran for moreiterationsanda longerburn-in. | estimatedmarginaland conditional R, and
phylogeneticsignalo t | FKi§in@épdefrom de Villemereuil& Nakagawd2014) Asis
commonwith Bayesiaimodels,| comparedthem usingthe Deviancdnformation Criterion
(DIC)B.magnuswasnot presentin the phylogenyand sowasexcludedfrom theseanalyses.
Thestructure of fixed model effectstested wasidenticalto the descrptionsprovidedabove,
and| found that modelparametervaluesusingthe PGLMMsawvere very consistentwith those
from modelsin Ime4. | presentresultsfrom the PGLMMshere aspreviouswork hasshown
significantphylogeneticsignalin patternsof bumblebeedeclinesandin their responseo

climatechange(Kerret al. 2015;Arbetmanet al. 2017)

Observedpeciesichnessl| constructedan analysiof covariancanodel (ANCOVAD
test the relationshipbetweenchangen speciegichnessand climaticposition. Themodel
includedthe thermal positionvariablegbaselineperiod, changesincethe baseline andthe
interactionbetweenthese),the precipitationpositionvariablegbaselineperiod, changesince
the baselineandthe interactionbetweenthese),and continent and samplingeffort as
controllingvariables] usedquadraticpolynomialsfor the baselinethermal and precipitation
position. Toavoidoverfitting dueto the low samplesizein this test (n = 164 sites)andbecause
they were neither significantin the occupancymodelsnor necessaryor hypothesigesting,|
did not includethe interactionbetweenbaselinethermal positionand precipitationposition,
nor the interactionbetweenchangen thermaland precipitationposition.| alsoremoved

samplingeffort andthe 2" order polynomialof baselineprecipitationpositionascovariates
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after seeingthat they were not significantandthat the modelwasnot improvedby their
additiono n !<R)/1did not expectsamplingto be significantsincethis analysisvasrestricted
to well-sampledcellswith at least50 uniquelocationyearobservationsn eachperiod. Results
from the modelwere robustto the presenceof outliers,and asidefrom violationsof spatial

autocorrelationin the residuals appearedto satisfy all other assumptions.

| checkedfor spatialautocorrelationin the residualdby visuallyinspectinga correlogram
ofa 2 NJ IYF@@reS2.11Apndfound someevidenceof spatialautocorrelation.l proceeded
by constructinga simultaneousautoregressie (SAR¥patialerror modelto correctfor residual
autocorrelation,assuggestedy (Kissling& Carl2008)and (Dormannet al. 2007) Thisreduced
muchof the variabilityina 2 NJ 1{FQu@eS2.11B)Model resultswith the SARmodelwere
gualitativelysimilar to the ANCOVAesultsthat | report here (TablesS2.2and S2.3) . calculated

the NagelkerkePseudeR? of the modelasa measureof the varianceexplained.

Giventhe numberof siteswhere | couldmeasurespeciesichnesschangewith
confidencewasrelativelylow (124in Europeand40in North America)| comparedthe mean
community-averagedlimaticpositionof the speciesichnesssitesto the meancommunity
averagecclimaticpositionof the entire continentto checkthat the speciesichnesssiteswere
representativel usedaseriesof2 S f QWoQa@mplet-teststo comparethe meansof the
community-averagedhermal positionvariables(in the baselineandthe changebetween
periods)andthe community-averagedorecipitationpositionvariableg(in the baselineandthe

changebetweenperiods)of the speciegichnesscellsto their respectivecontinentalaverages.
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Detectioncorrectedspeciegichnessl built an ANCOVAnodelto test the relationship
betweenclimaticpositioningand detection-correctedspeciegsichness.Themodel structure
herewasidenticalto the occupancyPGLMMsut usedcommunityaveragedneasureof
climaticpositioninganddid not includethe randomeffectsof speciesAswith the observed
speciegichnessmodels,| checkedfor spaial autocorrelationand usedthe sameprocedureto
correctfor thiswith SARmodels(FigureS2.12) Spatialautocorrelationwassignificantin the
originalmodel, but resultswere qualitativelysimilarbetweenSARand ANCOV/models(Tables

S2.2andS2.3).

Theexplainedvarianceof the detection-correctedspeciesichnessnodelwas
substantialljower than the observedspeciesichnessmodel (8%vs38%).Thisis likelyto be a
resultof the occupancymodellingprocess.Theoccupancymnodellingtook the binary measures
of speciegetection/non-detectionand useda deriveddetection probabilityto estimate
continuousprobabilitiesof occupancyrom thesefrom 1sand0s,acrosshe entire continentit
occupiesln eachperiod,the occupancynodelsestimatea probability of 1 (or very close)for
cellswherethe speciesvasdetectedin anyone of the surveyunits, andthey estimatesome
probabilitybetween0 and 1 for cellswhere a speciesvasneverdetected.Thislatter occupancy
probability dependson the speciesperiod-specificdetectionprobabilityandthe total sampling
effort in that cell. Formost specieghe occupancyprobability of cellswherethey were not
detectedis between0 and0.4. Asdetectionprobabilityand samplingeffort varyby period, the
samecellcanhavea different occupancyestimatein the baselineandrecentperiod,even
whenthe speciesvasneverobservedthere or whenit haspersistedthroughboth periods.This

betweenperiod variationreflectsthe uncertaintywithin estimatesof occuparcy probability
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duringaperiod, andlikely drivesthe lower adjustedR valuesl seewhen comparingthe
detection-correctedand observedspeciegichnesamodels.A similarreasonindikely explains
the differencesbetweenmarginalR of changein occupancymodels(0.11)comparedto

extinctionand colonizationmodels(0.87and0.53,respectively).

Comparisorwith meanclimatevariables Forall models,| createda modelidenticalin
structurebut with meanclimatevariables(i.e.,meanbaselineannualtemperature, mean
baselinetotal annualprecipitation,andthe changein theseto the recentperiod)insteadof
climaticpositionvariablesl alsocomparedusingaverageannualmaximumand minimum
temperaturevariables All continuousvariablesin both setsof modelswere centeredand
rescaledbefore modelling,and| usedinformation Criterionand R to comparebetween
climaticpositionand meanclimatemodels.l tested modelswhere baselinethermaland
precipitationvariableswere fit aseither linear, or quadratic polynomialterms, sincel predicted
that speciesvould be more likelyto declinein occupancywhere siteswere alreadycloserto an
upperor lower limit in the baseline With the exceptionof PGLMMsall modelswere
constructedin Rv3.5.1(RCoreTean 2017) usingpackagesme4 (Bateset al. 2015)and spdep

(Bivand& Piras2015)for simultaneousautoregressivenodels.

Spatialprojectionacrossecentperiod

Usingthe detection-correctedspeciegichnessmodel (adjustedR? =0.14)and 0.5
degreeresolutionclimatedata (Harriset al. 2014) | spatiallyprojectedthe predictedchangen
speciegichnesssincethe baselineacrosgshe entire studyarea(Figure2.4).1 alsoprojected

changeusingthe non-detection-correctedspeciesichnessmodel (adjustedR? =0.44;Figure
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S2.9)] usedrescaledclimaticpositionand climaticpositionchangelayersat 0.5 x 0.5degree
grid resolutionand usedthe respectivemodel coefficientsto predictwhat percentclimate
changeinducedchangein assemblgerichnessoccurredfrom the baselineperiod (1901-:1974)

to the recentperiod (20002014).

Effectsof land-usechange

Usinghighresolutiondata on historicland-usefrom the GlobalHarmonized_anduse
dataset(Hurtt et al. 2011) | calculatedthe meanproportion of cropland,pasture,andurban
land cover(hereafterhumandominatedland-use)in eachperiodfor cellsacrosshe studyarea.
| then measuredhe meanchangein humandominatedland-usebetweenperiods.| built
t D[ a af@mangen probabilityof occupancyextinctionand colonization,aswell asspatial
autoregressiveerror modelsof detection-correctedspeciesichnesswhichincludedthe best
fitting variablesrom previousstepsof analysisand humandominatedland-usechangel
comparedthese modelswith land-useto pure climatechangemodelsusinginformation

criterion valuesand R and comparedthe valuesand estimatedsignificanceof fixed effects.

Agriculturalspeciesnight be decliningthroughincreaseduseof certainpesticides,
which could modify relative ratesof declinebetweenspecies! calculatedthe proportion of
croplandacrossi LIS y&o§rapficangesin the baselineperiod,and usedlinearregressions
to separatelytest the associatiorbetweenthis andi) the numberof uniquelocationyear
observationof a speciesiji) the meanchangen probability of occupancyof a speciesandiii)

the meanchangein observed(non-detection-corrected)distribution of a species.
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Results

Detectioncorrecteddeclinesandresponsego climatic position

My estimatesof bumblebeespeciesoccupancyvertime provideevidenceof rapid and
widespreaddeclinesacrossEuropeand North America.Theprobability of site occupancy
declinedon averageby 46%(+£3.3%SE)n North Americaand 17%(+4.9%SE)n Europerelative
to the baselineperiod (Figure2.2). Declinesvererobustto detectioncorrectionmethods
(Figures2.6Aand .7) and consistentwith reductionsin detection-correctedspeciegichness

(Figurex2.6B).

Declinesamongbumblebeespeciegelate to the frequencyandextentto whichclimatic
conditionsapproachor exceedd LIS Ohst8ridallyobservedclimaticlimits, particularlyfor
temperature.l modelledchangein probability of site occupancywith phylogenetiogeneralized
linearmixedmodelsusingthermal positionvariablegbaseline changesincebaseline andthe
interactionbetweenthese),precipitationpositionvariablegbaseline changesincebaseline,
andthe interactionbetweenthese),the interactionbetweenbaselinethermal and precipitation
positionterms,andthe interactionbetweenchangein thermal positionand changein
precipitationposition.| controlledfor continent. Themodelssupportmy predictions
Probabilityof occupancydecreasesvhentemperaturesriseabovea LIS Qupp8réh€mallimits
(Figure2.3A,S2.8ATableS2.2) whereaswarmingin regionsthat were previouslynear
& LIS GaldimiQis associatedvith increasingoccupancyEvidenceor precipitation
influencingsite ocaupancywasmixedbut declineswere more likelyin sitesthat becamedrier

(Figure2.3B,S2.8BTableS2.2) TheY 2 R Sapgcityto predictchangein occupancymarginal
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coefficientof determination(R’) =0.11)wascomparableto the predictiveability of other
macroecologicainodelsof the biologicalimpactsof climatechange(Spoonetret al. 2018) but
similarmodelspredictedextirpationand colonizationmore capably(marginalR =0.530.87;
seemethodsfor details).Whereasthere wasweakevidencefor a phylogeneticsignalin the
responseof occupancyd t I %S @.1Q)dmodelingextirpationand colonizationseparately
yieldsa strongersignal(seemethodsfor details).Resultsvere robustto detectioncorrection
methodfor measuringad LIS (beSacsn quadrats,acrossspatialscalesof analysisand

througharangeof thresholdsfor inferring absencegrom occurrencedata.

Bumblebeespeciegichnessdeclinedin areaswhereincreasingrequenciesof climatic
conditionsexceedd LJS Ohst8rizaldyobservedolerancesin both Europeand North America.
Ananalysisof covariancehat modeledthe responseof detection-correctedrichnesgo
communityaveragedneasuref climaticpositionrevealedthat, consistentwith observed
trendsin speciesspecificoccupancychangeyichnessvasmore likelyto declinein regions
experiencingvarming,especiallywhen speciepresentwere in the warmestparts of their
historicalranges(TableS2.2) Thesemodelsaccountedfor potential spatialautocorrelationand
resultswere consistentregardlesof methodto correctfor differencesin speciedetection

probabilities.

Predictingclimate changerelatedrisk

Projectionssuggesthat recentclimatechangehasdrivenstrongerand more
widespreadoumblebeedeclinesthan havebeenreported previously especiallyin Europe

(Figure2.4).Europearestimatesof observedrichnessrely particularlyon obseavationsfrom
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well-sampledregionsthat were coolerin the baselineperiod andthat haveexperiencedess
warmingsubsequentlyywhich mayhavecontributedto underestimationof recentspecies
richnessdeclineacrosghat continent(FiguresS2.6BS2.9,5210). Thesefindingscontrastwith
thosefor other taxathat predict widespreadrangeexpansiongndincreasingpeciegichness

toward warmingenvironmentsin the north (Deutschet al. 2008;SiroisDelisle& Kerr2018)

Changesn climaticpositionindexpredictbiologicallyymportant changesn bumblebee
presencecolonization extirpation,andrichnessacrosswo continents.Speciesspecific
changesn climaticpositionpredictbumblebeediversitychangeaswell asor better than mean,
maximum,or minimum temperatureor precipitationmeasuregmodelsusingclimaticposition
index:marginalR? 2.6%lower to 23%higher,changein devianceinformation criterion =98.7to
241.9;seemethodsfor details).Includingland-usechangein the modelsrevealeda sigrificant
negativeeffect but did not influenceresultsfor climaticpositionvariablegTableS2.4;see
methodsfor details).At this scale effectsof climate changeon bumblebeesappeardistinct
from effectsof land-use.Otheranthropogeniacchangessuchasagriculturalintensification,
pesticideuse,and pathogenscanalsoaffect occupancyand extirpationrisk of bumblebeeqGill
et al.2012;Goulsoret al. 2015;Woodcocket al. 2017) Interactionsbetweenthesefactorsare
expectedto acceleratebiodiversity lossfor bumblebeesand other taxaover broadareas
(MantykaPringleet al. 2015;Newbold2018) Understandindhow interactionsbetweenclimate

andlandusechangeslter extinctionriskis vital to conservatiorof pollinator species.

Non-detectioncorrecteddeclines
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Occupancyextirpation,and colonization Consistenwith measureddeclinesin
occupancyFigure2.2), observeddistributionsdeclinedon averageby 54%(+£3.4%SE)n North

Americaand 18%(+7.2%SE)n Europerelativeto the baselineperiod (FigureS2.6A).

Ratesof observedextirpationand colonizationwere calculatedfor eachspeciesasthe
proportion of extirpationor colonizationeventsrelativeto the total numberof cellsoccupied
historically.Acrossall speciesn North Americaand Europethere wasa 72%(+2.2%SE)nd
49%(+2.8%SEhance respectivelythat a givenbumblebeespeciesvaslost from a quadratit
occupiedhistorically.Globally extirpationeventswere 8 times (1.7 SE)more likely than
colonizationevents,with ratiosbeinghigherin North America(Figure2.7). Imperfectspecies
detectionand patchysamplingmeanthat extirpation canbe overestimatedin opportunistic
datasets soobservedextirpationrateslikely representthe upperbound of true extinction

probabilty.

Non-detectioncorrectedspeciesichnessSincethe baselineperiod,local (hon-detection
corrected)speciegichnesshasdeclinedby about 18.6%(+3.2%SE)n North Americawhile
richnessn Europehasstayedrelativelyconstant(2.2%increasesincethe baselinet2.6%SE;
FigureS2.6B).Speciesichnessdeclinesdo not reflect differencesin samplingintensityin this

subsetof well-sampledcellsand wasnot informative or significantin statisticalmodels.

Respons®f changein occupancyto preciptation position

Whilethe relationshipbetweenchangein occupancyand proximityto thermal limits
wasstatisticallydetectableandfollowed expectationsrelationshipswith precipitationshowed

more mixedresults.Declinedn occupancywere strongerin sites that becamedrier sincethe
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baselinebut other effectswereinconsistentandl did not seeaninteractionbetweenbaseline
precipitationand changein precipitationas| expectedif exposureto precipitationlimits from
climatechangewasadriver of declines(Figure2.3, Figure2.8, TableX2.2). While direct effects
of precipitationare undoubtablyimportant for bumblebeesat alocalscale especiallyin terms
of moistureavailability,| amunableto detecttheseeffectswith this analysisConflictng
indirect effectsof precipitation(throughchangesn floral resourcer vegetationstructure),
may maketheseeffectsmore difficult to measureand detectthan direct effectsof

temperature.

Respons®f extirpationand colonizationto climaticposition

Patternsin extirpationacrosshe 66 bumblebeespeciedisplaya strongsignalof
climatechange especiallyincreasingemperature.l useda phylogenetiageneralizedinear
mixedmodel (PGLMMwith a similarfixed andrandomeffect structure asthe site occupancy
climatechangemodel, but hereincludingsamplingeffort asa covariate . Asexpected,
extirpation probabilityrelatedto thermal positionin the baselineperiod, changesincethen,
andtheir interaction(TableS2.2) Increasinghermal position waslinkedto greaterprobability
of extirpationfor speciedn regionsthat were alreadyneartheir upperthermallimit, andlower
probability of extirpationfor speciesn regionshistoricallycloserto their cold limits (Figure
S2.13A)Aswith occupancy,precipitationpositionshowedmore ambiguousassociationsWhile
sitesthat becamedrier had higherprobability of extirpation, the effect of baselineprecipitation
wasnot significantandthere wasno significantinteractionbetweenthesetwo effects(Figure
S2.13C)Themodelexplainedmostof the variationin the responseof extirpationto climatic

position (marginalR =0.87).Thestrongrelationshipbetweentemperaturewarmingand
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extirpationriskamongbumblebeespecieds consistentwith previouswork demonstratingthat
extinctionriskdependson shiftsin the spatialdistributionsof thermal nichesin other taxa
(Sinerveet al. 2010;Sundayet al. 2012)andis of particularimportancesincebumblebee
speciesare beingpushedtowardstheir upperthermallimits acrossmost of North Americaand

Europe(Figure2.1A).

Trendsin localcolonizationalsoshoweda strongassociatiorwith climatechange,
providingindependentsupportfor a separateprediction of my hypothesis A PGLMMwith
similarfixed andrandomeffectsto the extirpationmodelsshowsthat the three thermal
positionvariablesappearto significantlydrive colonizationwith precipitationpositionshowing
inconsistenteffects(TableS22). Speciesvere more likelyto colonizeregionswhichwere
historicallynearthe coldlimit andhadwarmed,and historicallyhot regionsthat cooledwere
more likelyto be colonizedthan historicallycool or moderateregionsthat becamecolder
(FigureS213B).Regionghat movedtowardsa LIS Quetdinit&were more likelyto be
colonized(FigureS2.13D)Regionghat were simultaneoushjhot anddry historicallyhad higher
ratesof colonizationasdid regionsthat got simultaneoushhotter anddrier. Modelsexplained
alargepart of the variationin localcolonization(marginalR® = 0.53).Thedifferencein
explainedvariancebetweenthe extirpationand colonizationmodels(marginalR 0.87vs0.53)
couldsuggesthat the processof colonizationis lesstied to physiologicatlimatelimits than
extirpation. In regionsthat were historicallymoderateor nearad LJS hat fnditratesof
extirpationgreatlyexceededatesof colonizationfollowingwarming.Giventhat speciesand
communitiesappearto havebeen moderatelysituatedwith respectto their climaticlimitsin

manynorthernregionsacrossNorth Americaand Europethat warmed(Figure2.1Aand
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S2.5A)this finding mayhelp explainwhy mostbumblebeesare not generallyexpandingheir
rangesat poleward limits of their distributionsto track climatechange(Kerret al. 2015;Sirois

Delisle& Kerr2018)

Themodelsrevealeda significantlydetectablephylogeneticsignalin the responseto
both extirpationand colonizationto climaticposition,with the signalfor extirpationo t I Xt Qa
0.88)beingstrongerthan the signalfor colonizationo t I X 3070) ®reviousvork hasalso
detectedsignificantphylogeneticsignalin patternsof declinesacrossbumblebeeqArbetmanet
al. 2017)andfoundthat traits caninfluencethe sensitivityof bumblebeedo land-useand
agriculturalpressuregDePalmaet al. 2015) More dataon inter- andintra-specificvariationon
traits shouldbe gatheredto test questionsabouthow traits and evolutionarychangemay

mediate responsego climatechangeat this scale.

Comparincclimaticposition modelsto meanclimatevariables

While measuresf climatelike meanannualtemperatureor meanannualprecipitation
are easyto gather,inter-specificvariationin physiologicatolerancesmeanthat how these
conditionsinfluencespecieslependson proximity to speciephysiologicalimits. Aregional
measureof climaticpositiondirectly measuresvhether climaticconditionsare nearor outside
& LIS Qdiefscesto test whether changingexposureto suchconditionsdrivespersistence
and colonization Predictiongrom this hypothesisare consistentwith recenttrendsin North
Americanand EuropearbumblebeegqFigure®2.3and S2.13andusingthermal and

precipitationpositionvariablesinsteadof meanclimatevariablesgproducesmodelsthat better
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predict extinction,colonization,and changein occupancymarginalR 7%lower to 12.5%
higher)andare moreinformative6 n 5-1202.4,n 5 =102.8andn 5 k=164.9respectively).
Thisincreasen explanatorypower wasconsistentwhen comparingto modelsusingaverage
annualmaximum(marginalR? 1.6%to 23%higher;n 5 =98.7-157.5)or minimum
temperatures(marginalR® 2.6%lower to 21.3%higher;n 5 =128.2241.9).I showthat
accouring for inter-specificvariationsignificantlyymprovesdetectionof relativelylocatscale
climateimpactson bumblebeesRegardlessf techniqueused,there is a biologically

meaningfulsignalof climate changewithin patternsof bumblebeedecline.

Climatic samplingacrosscontinents

| testedwhetherthe mostwell-sampledquadratsin my analysigwhichwere usedfor
the non-detection-correctedspeciegichnessanalysispresenteda representativesampleof
historicclimateand climaticpatternsacrossNorth Americaand Europe andfound that well-
sampledregionsin Europetendedto be coolerin the baselineandexperiencdesswarming
betweenperiodso 2 S f t@d<s@riplet-test results:t-statistics= 2.72and4.16,p-values=
7.0x103 and4.8x10-:5, df =227and 206, respectively) Previousestimatesof European
bumblebeerichnesschangeextrapolatingfrom well-sampledareasmayhavesystematically
underestimatedrecentrichnessdeclines Well-sampledquadratsin North Americaappeared
representativeof the generaltemperaturetrendsexperiencedverthe continentasawhole,
but tendedto be historicallywetter and havegotten wetter than the continentalaverage
0 2 S f tdd<s@nplet-test results:t-statistics= 2.95and 2.30,p-values=5.1x10° and 0.03,df =

41.5and40.2,respectively).
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Landusechange

Humanland-usehasalsobeenassociatedvith pollinator declines(Pottset al. 2010) |
find that while humandominatedland-usechangeappearsto havestrongnegativeeffectson
probability of occupancyanddetection-correctedspeciesichnessthis effectis distinctfrom
thosepresentedby climatechange IncludingLUin the modelsshoweda significantnegative
effect of land-usebut producedvirtually identicalresultsfor climaticpositionvariables,
suggestinghat direct effectsof climatechangeon bumblebeesare distinctfrom effectsof

land-use(TableS2.4).

| did not find any statisticallysignificantrelationshipbetweenpercentof & LIS OA S & Q
geographicatangecoveredby croplandanduniquelocation-yearobservationgt-value=-0.79,
p-value=0.43,d.f.=64), meanchangen probability of occupancyt-value=0.07,p-value=0.94,
d.f.=64),or meanchangein observeddistribution (t-value=1.24,p-value=0.22,d.f.=64).1t
appearshat ratesof speciesdeclinedo not appearto stronglydiffer betweenspeciesmore
associatedvith agriculturalareasalthoughl note that the subsetof well-sampledspeciess
likely alreadybiasedtoward speciegnore associatedvith agriculturalandurbanareas.Thisis
consistentwith previouswork that concludedatitudinal rangeshiftsin bumblebeesappeared

stronglysensitiveto climate changebut not especiallysensitiveto agriculture(Kerret al. 2015)

Additionaltestsof modellingrobustness

Spatialscale Spdial scaleof analysidgs animportant factor to considerfor anystudy
involvingextirpation/colonizationandrangechange Wherepossible spatialscaleof a study

shouldbe chosenwith consideratiorto the biologicallyrelevantareaencompassingopulaton
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dynamicsof the studyspeciegNadeatet al. 2017a,2017b) but reasonablychosenspatial
scalescanstill revealvaluablemacroecologicabatterns (Blackburn& Gaston2002) Here,|
selected100km by 100km cellsasthe spatialscaleof the analysiswhichrepresenteda
balancebetweenhavingadequatesamplingdensityacrossny studyareaanda highresolution
to detectd f 2 Efflectséf climateand climatechange Repeatinganalysesn 50 km by 50 km
cellsand200km by 200km cellsproducedresultsthat were qualitativelysimilar(TablesS2.5

and S2.6) suggestingnalysesvere robustto the scaleused.

Absencdhreshold.Whenconvertingoccurrencerecordsinto presenceabsencelata, |
inferred absenceof a speciesvhenthe focal speciesvasnot seenbut at leastone other
speciesvas(absencehresholdof one).Aliberalabsencehresholdcouldresultin
overestimatingabsencegandultimately detectionability), which couldleadto overestimates
of extirpationandlocalcolonization | testedthe sensitivityof the resultsto my definition of
G | 0 & SDyrépSatinganalysesisingan absencehresholdof three andfive, and found that

all resultswere qualitativelysimilar(TablesS2.7and S2.8).

Conclusion

Climateis expectedto warmrapidlyin the future (IPCQ014) Usinga spatiallyexplicit
method of measuringclimaticpositionandits changeovertime, | showthat risksof bumblebee
extirpationrisein areaswhere localtemperaturesmore frequentlyexceed & LJS Ohist&rigah
toleranceswhereascolonizationprobabilitiesin other areasrise asclimatechangesause

conditionsto more frequentlyfall within & LJS QHerghal Knits. Neverthelesspverallratesof
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climatechangerelatedextirpationamongspeciesgreatlyexceedthose of colonization,
contributingto pronouncedbumblebeespeciesleclinesacrosshoth Europeand North America
with unknownconsequencesor the provisionof ecosystenservicesMitigating climate
changedrivenextinctionriskamongbumblebeegequiresefforts to managehabitatsto reduce
exposureto growingfrequencyof temperaturesthat are extremerelativeto & LIS Onist&rida

tolerances.
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Figures 2.12.4
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Figure 2.1. Change in communigyveraged thermal (A) and precipitatroposition (B) from the
baseline (19011974) to the recent period (206Q015).Increases indicate warmer or wetter
regions and that on average, species in that assemblage are closer to their hot/wet limits than
historically. Declines indicate cooling or drying regions and that on average, species in that
assemblage are closer to tineold/wet limits than historically.
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Figure2.2. Percentchangein site occupancysincea baselineperiod (19011974)for 35 North

Americanand 36 Europeanbumblebeespecies.
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Figure2.3.Changan probability of occupancyin responseto changein thermal (A) and

precipitation (B) position from the baseline(1901-1974)to the recentperiod (2000:2014).
Thermaland precipitationpositionrangesfrom 0 to 1, with 1 indicatingconditionsat a site are

atad LIS Ohat 6ravel limit for the entire year,andzeromeaningconditionsareatad LIS OA Sa Q
coldor dry limit for the entire yearduringthe historicperiod. Foreaseof visualizinghe
significantinteraction betweenbaselinethermal positionand changein thermal position,the
continuousbaselinethermalpositionvariablehasbeensplit at the 15tand 3 quantileto show

sitesthat were historicallycloseto & LJS Ohat vit€lred; n=969)cold limits (blue;n=2,244),
andmiddle of their observedclimaticlimits (purple;n=11,793) Rugplot showsthe distribution

of observationsConfidencantervals(x95%)are shownaroundlineartrendlines.
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Change in detection-corrected richness (%)

P o P D oD 56,6 48 S

DO A e
Figure2.4.Climatechangerelated changein bumblebeespeciesichnessfrom a baseline
(1901:-1974)to arecentperiod (20002014).Predictiondrom a modelpredictingpercent
changein detection-correctedbumblebeespeciegichnessasa function of meancommunity
averagedhermal and precipitationposition.
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Supplemental Fiqures2.152.13

50°00°N]

40°0'0"N

30°0'0"N-.

20°0'0"N{

10°0'0"N+-

Figure S2.1. Distribution of unique specHexation-year sampling locations from North
America (A) and Europe (B).
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Total sampling effort over study aréa,(10g10)

Figure S2.2. Density of unique locatigqear observations per 100 km by 100 km grid cell
across North America anBurope.
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Figure S2.3. Change in mean annual mean temperature (A) and mean total precipitation (B)
from the baseline (19041974) to the recent period (200Q015) across North America and
Europe.
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Figure S2.4. Graphical description of methods visualizing relation between occurrence records
and eventual measures of detecticoorrected change in occupancy, extirpation, and
colonization for an example species, Bombus hortorum.
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Community-averaged baseline
thermal position index

Community-averaged baseline
precipitation/position index

Figure S2.5. CommunHgveraged thermal (A) and precipitation position (B) in the baseline
period (19011974) across North America and EurofBoth thermal and precipitation position
indices have a potential range of 0 to 1. Zero indicates that specike assemblage are on
average at their cold/dry tolerance limit for the entirety of the year in the period. One indicates
that species in the assemblage are on average at their hot/wet tolerance limit for the entirety
of the year in the period.
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Observed species richness was only measured in sites with a minimum of 50 loTigjie
yearspecies observations in the baseline and most recent period. N= 164.
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Figurex2.8. Changen probability of occupancyin responseto changein thermal (A) and
precipitation (B) position from the baseline(1901-:1974)to recentperiod (20002014).Note
that thisfigureisidenticalto Figure3 in the maintext but showsraw data points. Thermaland
precipitationpositionrangesfrom 0 to 1, with 1 indicatingconditionsat asiteareatad LIS OA Sa Q
hot or wet limit for the entire year,andzeromeaningconditionsareat aa LJS Galddadey
limit for the entire yearduringthe historicperiod. Foreaseof visualizinghe significant
interactionbetweenbaselinethermal positionand changein thermal position,the continuous
baselinethermal positionvariablehasbeensplit at the 15tand 3" quantileto showsitesthat
were historicallycloseto & LJS Ohat ndit€{red; n=969),cold limits (blue;n=2,244) and middle
of their observedclimaticlimits (purple;n=11,793)Rugplot showsthe distribution of
observationsConfidenceantervals(+95%)are shownaroundlinear trendlines.
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Change in species richiess since baseline (%)

FigureS2.9.Spatialprojectionsof climate changerelated changein non-detection-corrected
bumblebeespeciesichnessfrom a baselineperiod (1901-1974)to arecentperiod (2000
2014).Made usinga modelpredictingpercentchangein non-detection-correctedbumblebee
speciegichnessasa function of meancommunitythermal and precipitationposition (R=0.44;
seeMaterialsand Methodsfor modeldetails).
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Observed change in
species richnggs 1970-2014

FigureS2.10.Percentchangein observedbumblebeespeciesichnessacrossNorth America
from the baseline(1901-:1974)to recentperiod (20002014).Gridcellsshownare 100km by
100km, in anequalareaprojection.No samplingbasedselection(seemethods)appliedhere.
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FigureS2.11 Correlogramof a 2 NJ Iyofxe@n-detection correctedspeciesichnessmodel.
a 2 NJ Iyafedatedfrom ordinaryleastsquaresegressiormodel (top) and simultaneous
autoregressivéSARError model (bottom). SARnodelwasa significantlybetter fit (according
to loglikelihood). Model coefficientswere qualitativelysimilarbetweenboth models.
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FigureS2.12 Correlogramof a 2 NJ IyofQxdtection-correctedspeciesichnessresponse
model.a 2 NJ | gafedatedfrom ordinaryleastsquaresegressiomrmodel(top) and
simultareousautoregressivéSAREerror model (bottom). SARmodelwasa significantlybetter
fit (accordingo loglikelihood).Model coefficientswere qualitativelysimilarbetweenboth
models.
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the 1stand 3" quantileto showsitesthat were historicallycloseto & LJS Ot fndit€Xred:;
n=969),coldlimits (blue; n=2,244) and middle of their observedclimaticlimits (purple;

n=11,793)Rugplot showsthe distribution of observationsConfidenceantervals(+95%)are
shownaroundlineartrendlines.
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SupplementaryTables2.1-2.8

Table 2.1. Summary of unique locatiotyear observations per period for the
66 bumblebee Bombug species in the analysis dataset.

Bumblebee specie: Baseline (1900975) Recent (2002015)
affinis 1386 76
appositus 622 178
auricomus 407 224
barbutellus 1053 494
bifarius 2921 644
bimaculatus 981 794
bohemicus 1957 4171
borealis 542 142
campestris 1495 1847
centralis 1038 344
citrinus 344 334
cryptarum 336 717
distinguendus 1409 1735
fervidus 2798 856
flavifrons 1078 421
fraternus 323 80
frigidus 350 195
griseocollis 1070 1089
hortorum 3856 9238
humilis 2006 2055
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huntii
hypnorum
impatiens
insularis
jonellus
lapidarius
lucorum
magnus
melanopygus
mendax
mesomelas
mixtus
monticola
morrisoni
mucidus
muscorum
nevadensis
norvegicus
occidentalis
pascuorum
pensylvanicus
perplexus
pomorum
pratorum
pyrenaeus

guadricolor

1252
2333
2914
840
1753
4124
4646
348
1242
166
351
860
410
858
194
1974
517
165
3217
7883
3953
581
483
3928
271
106

449
6214
1632

332
4162

14547
15076

587

454

111

447

452
2125

257

147
2012

207

578

398

22236
443
442
38
11142
308
356
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ruderarius
ruderatus
rufocinctus
rupestris
sicheli
soroeensis
sporadicus
subterraneus
sylvarum
sylvestris
sylvicola
ternarius
terrestris
terricola
vagans
vandykei
vestalis
veteranus
vosnesenskil

wurflenii

2565
1731
1097
1011
223
1725
188
1355
2492
1252
471
677
4027
1886
1191
182
936
1221
3249
1042

2355
398
435

2117
332

4028
411

1522

3235

2598
310
459

15206
337
564
150

2874
145
410
426
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Table 2.2. Estimated model coefficients for the five main modeRosterior means and 95% Bayesian credible intervals are shown for PC
models. tvalues (for analysis of covariance models, ANCOVA) are included as a measure of significance. Generally, coeffieiahie st t
and > 2 are considered significatitese and coefficients where the 95% CI does not overlap zero are in bold text in the table. Variance
explained is expressed in terms of margina{f& PGLMM) and adjustelé® (for ANCOVA models).

Detection

Species richness .
corrected species

Occupancy (PGLMM)  Extinction (PGLMM) Colonization (PGLMM)

ANCOVA
(ANCOVA) richness (ANCOV/
Posterior Posterio Posterio Estimate t Estimate t
mean 95% CI r mean 95% ClI r mean 95% ClI (SE) value (SE) value
-100.93- -10.94 -15.41 -
Intercept -46.29 6.96 087 -1.53-3.21 -255 -4.75--0.32 (4.26) -257 (0.52) 29.38
Thermal position
variables
Baseline (1st order 22.31- -161.33 -0.49
polynomial) -8.46  -10.39--6.33 27.38 32.65 -12.91 -19.85--6.16 (34.39) -4.69 (0.43) -1.14
Baseline (2nd orde 12.43- -62.53
polynomial) -- -- 17.44 22.16 13.27  6.77-19.46 (26.68) -2.34 -- --
Change since -2.16
baseline -4.54 -6.08--3.01 0.29 0.23-0.36 -0.09 -0.17--0.01 -4.86(2.92) -1.67 (0.55) -3.91
Baseline:Change -2.77
interaction -10.76 -12.82--8.76  0.53 0.43-0.63 -0.43  -0.55--0.29 -9.74 (4.31) -2.34 (0.44) 0
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Precipitation position variable:

Baseline (1st order
polynomial) -1.63

Baseline (2nd orde
polynomial) --

Change since
baseline 3.9

Baseline:Change
interaction -0.11

Climatic position interactions

Baseline

thermal:Baseline
precipitation

interaction -0.05

Change in
thermal:Change in
precipitation

interaction -0.15

Covariates

-3.04--0.25

2.55-5.13

-0.81-0.69

-1.82-1.69

-1.17-0.85

-0.89

-2.56

-0.14

0.02

0.02

0.02

-7.39-6.14

-8.56-2.96

-0.21--0.09

-0.02-0.05

-0.05-0.1

-0.02-0.06

77

-30.56

13.56

0.21

-0.03

0.12

0.06

-39.56- -
21.29

6.53-20.55

0.13-0.29

-0.08-0.02

0.03-0.21

0-0.12

-5.57 (2.09)

-1.27 (2.47)

-9.74 (4.31)

-2.67

-0.51

-2.26

-0.73
(0.44)

0.26(0.5)

0.47
(0.34)

-0.39
(0.39)

2.04
(0.39)

-1.64

0.53

1.38

-1.01

5.26



Continent (Europe) 39.35  32.95-45.45

Sampling Effort - -

Random effects Variance (95% CI)

Species 181.4 117-256.2
Model summary

Number

observations (n) 4617-5264
Variation explained

(R2) 0.11

-1.98 -2.22--1.71

-0.59 -0.65--0.55

Variance (95% CI)

0.3 0.19-0.44
30.81035.5
0.87

78

1.27 0.96-1.56

-0.17 -0.21--0.13

Variance (95% CI)

0.26 0.15-0.39
118.51730.1
0.53

12.2 (5.13)

164

0.38

7.87

238 (1.13) 6.95

1849

0.07



Table 2.3. Model coefficients (and standard error) for the simultaneous autoregressive (SA
error species richness models correcting for spatial autocorrelatidrvalues are included as a
measure ofignificance. Generally, coefficients with z value2 &nd > 2 are considered
significant, these are in bold text in the table. Variance explained is expressed in terms of

Nagelkerke pseudé?.

Detectioncorrected species

Species richness SAR richnessSAR
Estimate Z value Estimate z value
Intercept -12.64 (11.27) -1.12 -14.19 (1.98) -7.16
Thermal position variables
Baseline (1st order polynomial) -107.69 (38.08) -2.83 -0.26 (0.84) -0.31

Baseline (2nd order polynomial)
Change since baseline

Baseline:Change interaction

Precipitation position variables

Baseline (1st order polynomial)

Baseline (2nd order polynomial)
Change since baseline

Baseline:Change interaction

Climatic position interactions

Baseline thermal:Baseline
precipitation interaction

Change in thermal:Change in
precipitation interaction

Covariates

-13.86 (25)  -0.55 - .

0.63 (3.08) 0.21 -1.95 (0.64) -3.06

1.5 (4.46) 0.34 -1.18 (0.56) 2.11
0.94 (2.59) 0.36 0.12 (0.62) 0.19
-3.33(2.66)  -1.25 0.32 (0.64) 0.5
1.15 (1.87) 0.62 -0.04 (0.38) 0.1
- - 0.36 (0.55) 0.65

- - 0.7 (0.43) 1.63
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Continent (Europe) 14.47 (12.99) 1.11 7.1(3.72) 1.91

Model summary

Numberobservations (n) 164 1849

Variation explained (R2) 0.44 0.14
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Table 2.4. Estimated model coefficients for the change in occupancy, extirpation, colonization, and detectiorected species richness
models including lanelse.Posterior means and 95% Bayesian credible intervals presented for PGLMM models, model coefficients (and
error) presented for analysis of covariance (ANCOVA) and spatial autoregressive (SAR) error-waddess(for analysis of covariance majel
and zvalues (for SAR error models) are included as a measure of significance. Generally, coefficienslweth<t2 and > 2 are considered
significant, these and coefficients where the 95% CI does not overlap zero are in bold text in the tadee\explained is expressed in terms
marginal R2 (for PGLMM), adjustB8i(for ANCOVA models), and Nagelkerke pselgdo

Detection
Species richnes: corrected
Occupancy (PGLMM)  Extinction (PGLMM) Colonization (PGLMM) P " species richnes
(ANCOVA)
(SAR error
model)
Posterior Posterior Posterior Estimate t Estimate z
mean 95% ClI mean 95% ClI mean 95% ClI (SE) wvalue (SE) \value
-102.49- -15.62 -
Intercept -46.47 10.76 0.91 -1.28-3.33 -2.96  -5.38--0.29 (0.56) 27.73 -14.2(2) -7.11
Thermal position variables
Baseline (1st order 21.01- -0.67 -0.26
polynomial) -8.18 -10.29--6.18 26.77 31.65 -14.9 -24--6.14 (0.47) -143 (0.85) -0.31
Baseline (2nd order
polynomial) -- - 1556 10.31-20.7 16.08 7.69-25.05 -- -- -- --
-2.24 -1.95
Change since baseline -4.22 -5.75--2.68 0.29 0.22-0.34 -0.09 -0.19-0.01 (0.56) -4.01 (0.64) -3.06
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Baseline:Change

interaction -11.06

Precipitation position variables

Baseline (1st order
polynomial) -2

Baseline (2nd order
polynomial) --

Change since baseline 3.78
Baseline:Change
interaction -0.02

Climatic position interactions

Baseline thermal:Baseline

precipitation interaction -0.3
Change in thermal:Chang
in precipitation interaction  -0.1

Human dominated land
use

-13.09--8.93

-3.44--0.58

2.46-5.03

-0.76-0.74

-2.02-1.4

-1.08-0.95

0.52

1.9

-4.05

-0.14

0.02

0.04

0.02

0.43-0.61

-4.63-7.57

-10.46-2.35

-0.2--0.09

-0.02-0.05

-0.04-0.11

-0.02-0.06

82

-0.5

-35.49

15.95

0.24

-0.03

0.13

0.07

-0.68--0.34

-47.78- -
23.32

6.79-25.15

0.14-0.34

-0.08-0.02

0.03-0.25

0-0.14

2.7
(0.45)

-0.59
(0.46)

0.25
(0.5)

0.48
(0.34)

-0.32
(0.4)

2.01
(0.39)

-1.28

0.5

1.4

-0.81

5.14

-1.18
(0.56)

0.12
(0.62)

0.32
(0.64)

-0.04
(0.38)

0.36
(0.55)

0.7
(0.43)

0.19

0.65

1.63



Landuse change

Covariates

Continent (Europe)

Sampling Effort

Random effects

Species

Model summary

Number observations (n)

Variation explained (R2)

-16.4  -27.33--6.46

38.78  33.03-45.31

Variance (Std.dev.)

181.6 118.1-256.8

72357500
0.11

0.92 0.44-1.39

-1.96  -2.25--1.67

-0.57  -0.64--0.53

Variance (Std.dev.)

0.31 0.19-0.43

18.41464.9
0.87

83

-0.61 -1.3-0.15
1.43 1-1.91
-0.19 -0.25--0.14

Variance (Std.dev.)

1.32 0.14-3.66

57.91551.6
0.27

3.72
(3.73)

8.21
(1.18)

164
0.07

1

6.94

0.11
(4.35) 0.03

7.11
(3.74) 1.9

1849
0.14



Table 2.5. Estimated model coefficients for the change in occupancy, extirpation, colonization, and detectiorected species richness mode
at a 50 km by 50 km scal®osterior means and 95% Bayesian credible intervals presented for PGLMM models, model coefficients (and sti
error) presented for analysis of covariance (ANCOVA) and spatial autoregressive (SAR) error-waddess(for analysis of covariance mgje
and zvalues (for SAR error models) are included as a measure of significance. Generally, coefficienalueth<2 and > 2 are considered
significant, these and coefficients where the 95% CI does not overlap zero are in bold text in theaabiee/explained is expressed in terms ¢
marginal R (for PGLMM), ad usteB (for ANCOVA models), and Nagelkerke pseR@do

Detection
Species richnes corrected
Occupancy (PGLMM)  Extinction (PGLMM) Colonization (PGLMM) P speciegichness
(ANCOVA)
(SAR error
model)
Posterior Posterior Posterior Estimate t Estimate z
mean 95% ClI mean 95% ClI mean 95% ClI (SE) value (SE) value
-115.76- -21.59 -21.02
Intercept -53.03 10.83 1.54 -1.04-4.04 -2.27 -4.41--0.2 (0.28) -78.3 (1.13) -18.6
Thermal position variables
Baseline (1st order -0.05
polynomial) -6.17  -7.65--4.76 3256 27.47-37.66 -16.86 -23.25--11.77 (0.21) -0.23 0.5(0.4) 1.27
Baseline (2nd order
polynomial) -- - 28.47 23.31-33.69 2.02 -3.6-7.4 -- - -- --
-0.83 -0.63
Change since baseline -3.45  -4.56--2.36 0.24 0.2-0.29 -0.21 -0.26--0.16 (0.29) -2.87 (0.33) -1.9

84



Baseline:Change

interaction -7.12

Precipitation position variables

Baseline (1st order

polynomial) -0.88
Baseline (2nd order

polynomial) -
Change since baseline 4.99
Baseline:Change

interaction -0.31

Climatic position interactions

Baseline thermal:Baseline

precipitation interaction 0.71
Change in thermal:Chang

in precipitation interaction  -0.3
Covariates

Continent (Europe) 37.1

-8.45--5.58

-2.02-0.19

4.01-6.04

-0.97-0.38

-0.62-1.9

-1.09-0.46

31.46-42.32

0.47

0.73

-10.36

-0.26

0.08

-0.06

-0.05

-1.87

0.4-0.53

-5.91-7.46

-15.67--5.18

-0.3--0.22

0.05-0.11

-0.11-0

-0.09--0.02

-2.09--1.65

85

-0.32

-23.4

13.49

0.22

-0.02

0.12

0.01

1.46

-0.39--0.24

-30.61--15.15

6.85-20.92

0.17-0.27

-0.05-0.02

0.07-0.18

-0.03-0.05

1.23-1.69

-1.41
(0.22)

-0.26
(0.21)

0.25
(0.24)

0.3
(0.17)

-0.21
(0.18)

1.04
0.2)

3.96
(0.57)

-6.29

-1.23

1.03

1.81

5.25

6.95

-0.68
(0.28)

0.13
(0.31)

0.25
(0.33)

-0.01
(0.19)

0.01
(0.25)

0.4
(0.23)

3.06
(1.97)

-2.38

0.44

0.76

-0.04

0.05

1.79

1.55



Sampling Effort

Random effects

Species

Model summary

Number observations (n)

Variation explained (R2)

Variance (Std.dev.)

238.8 160.1- 334

50005490
0.1

-0.53 -0.56--0.5

Variance (Std.dev.)

0.37 0.23-0.52

40.35608
0.84

86

-0.09 -0.11--0.07

Variance (Std.dev.)

0.25 0.16-0.36

58.82410.7
0.61

4856
0.03

4856
0.06



Table 2.6. Estimated model coefficients for the change in occuparextjrpation, colonization, and detectiorcorrected species richness
models at a 200 km by 200 km scakosterior means and 95% Bayesian credible intervals presented for PGLMM models, model coefficie
standard error) presented for analysis of coaage (ANCOVA) and spatial autoregressive (SAR) error medalises (for analysis of covariance
models) and #alues (for SAR error models) are included as a measure of significance. Generally, coefficienslueth<t2 and > 2 are
considered sigficant, these and coefficients where the 95% CI does not overlap zero are in bold text in the table. Variance explaneskee
in terms of marginal R2 (for PGLMM), adjusi2 (for ANCOVA models), and Nagelkerke ps&&io

Detection
Species corrected
Occupancy (PGLMM)  Extindion (PGLMM) Colonization (PGLMM) richness species richness
(ANCOVA) (SAR error
model)
t
Posterio Posterio Posterio Estimat valu Estimate z
r mean 95% ClI r mean 95% ClI r mean 95% ClI e (SE) e (SE) value
5.23 6.75
Intercept -36.36 -85.99-13.45 0.07 -2.85-2.79 -4.64 -12.08--0.63 (1.16) 452 (2.88) 2.35
Thermal position variables
Baseline (1st order 1.46 -0.9
polynomial) -6.14 -9.06--3.06 13.46 6.36-21.36 -11.78 -33.65-1.39 (0.99) 147 (1.66) -0.54
Baseline (2nd order
polynomial) - - 12.3 5.42-1956 3546 15.18-81.11 -- -- - -
-0.69 -1.88
Change since baseline -3.08 -5.23--1.06 0.22 0.09-0.37 0.1 -0.13-0.42 (2.18) -0.58 (1.26) -15
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Baseline:Change

interaction -9.96

Precipitation position variables

Baseline (1st order

polynomial) -2.89
Baseline (2nd order

polynomial) -
Change since baseline 4.33
Baseline:Change

interaction 0.26

Climatic position interactions

Baseline thermal:Baseline

precipitation interaction 1.07
Change in thermal:Chang

in precipitation interaction  0.57
Covariates

Continent (Europe) 38.47

-12.87--6.94

-4.89--0.91

2.59-6.08

-0.72-1.16

-1.54-3.83

-0.88-1.92

31-45.34

0.54

0.07

3.68

-0.13

-0.05

0.05

0.02

-2.13

0.33-0.81

-7.03-7.34

-4.3-11.65

-0.25--0.02

-0.12-0.02

-0.07-0.2

-0.06-0.09

-3.18--1.46

88

-0.47

-37.24

11.72

0.49

-0.12

0.28

0.25

1.55

-1.16--0.08

-83.9--14.07

-6.28-38.02

0.17-1.15

-0.34-0.03

-0.01-0.74

0.05-0.59

0.55-3.55

5.5
(0.99)

-1.04
(1.05)

0.26
(1.16)

0.77
(0.94)

1.1
(0.89)

2.42
(0.9)

15
(2.52)

-5.55

-0.99

0.23

0.83

1.23

2.68

-2.97
(1.11)

0.31
(1.26)

0.48
(1.33)

0.48
(0.99)

1.28
(1.09)

1.2
(0.93)

-0.52
(5.76)

-2.69

0.24

0.36

0.49

1.18

1.29

-0.09



Sampling Effort

Random effects

Species

Model summary

Number observations (n)

Variation explained (R2)

Variance (Std.dev.)

133.8 75.62-193.4

4181-:5284
0.1

-0.72  -0.93--0.54

Variance (Std.dev.)

0.41 0.16-0.82

10.51428.2
0.71

89

-0.34 -0.79--0.14

Variance (Std.dev.)

0.66 0.09-2.47

6.5-382.6
0.14

584
0.08

584
0.19



Table 2.7. Estimated model coefficients for the change in occupancy, extirpation, colonization, and deteattrected species richness
models using an absence threshold of thre@osterior means and 95% Bayesian credible intervals presented for PGLMM models, model
coefficients (and standard error) presented for analysis of covariance (ANCOVA) and spatial autoregressive (SAR) erteratnedgor
analysis of covariance models) andatues (for SAR error models) are included as a measure of significancealiyeneefficients with+values
<-2 and > 2 are considered significant, these and coefficients where the 95% CI does not overlap zero are in bold takién Wfaeiance
explained is expressed in terms of margina{f& PGLMM), adjuste®® (for ANCOVA models), and Nagelkerke pselgdo

Species richness

Detection
corrected species

Occupancy (PGLMM Extinction (PGLMM Colonization (PGLMM .
pancy ( ) ( ) ( ) (ANCOVA) richness (SAR errc
model)
Posterior Posterior Posterior Estimate t Estimate Z
mean 95% ClI mean 95% ClI mean 95% ClI (SE) value (SE) value
-102.49- -15.36 - -14.85 -
Intercept -45.15 11.21 0.89 -1.41-321 -252 -4.73--0.33 (0.74)  20.69 (1.47) 10.09
Thermal position
variables
Baseline (1st order
polynomial) 5.4 -7.18--3.58 20.67 15.2-25.93 -7.69 -14.72--0.65 -0.08 (0.56) -0.15 0.52(0.72) 0.72
Baseline (2nd orde
polynomial) -- -- 13.85 9.03-19.04 14.45 8.32-20.34 -- -- -- --
Change since
baseline -3.69 -5.23--2.17 0.27 0.21-0.34 -0.05 -0.14-0.03 -2.85(0.78) -3.66 -3.12(0.8) -3.88
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Baseline:Change

interaction -9.51

Precipitation position variable

Baseline (1st order

polynomial) -1.93

Baseline (2nd orde
polynomial) -

Change since

baseline 4.63

Baseline:Change

interaction -0.25

Climatic position interactions

Baseline
thermal:Baseline
precipitation

interaction 0.13
Change in
thermal:Change in
precipitation

interaction -0.24

-11.24--7.75

-3.34--0.5

3.21-6.01

-1.05-0.55

-1.41-1.58

-1.29-0.84

0.44

0.63

-5.52

-0.19

0.04

0.01

0.02

0.35-0.52

-6-6.94

-11.5-0.4

-0.25--0.13

0-0.08

-0.06-0.08

-0.02-0.07

91

-0.36

-33.81

15.51

0.25

-0.04

0.11

0.05

-0.47--0.26

42.7--25.37

8.38-22.84

0.16-0.33

-0.08-0.01

0.03-0.18

-0.01-0.11

-3.97 (0.59) -6.71

-1 (0.58)

0.4 (0.65)

0.39 (0.44)

-0.36 (0.46) -0.78

2.29(0.52)

-1.74

0.61

0.9

4.42

-2.94 (0.66)

-0.61 (0.67)

1.11 (0.76)

0.06 (0.46)

-0.19 (0.54)

1.63 (0.54)

-4.46

-0.91

1.46

0.13

-0.35

3.04



Covariates

Continent (Europe) 38.03  31.62-44.05

Sampling Effort - --

Random effects Variance (Std.dev.)

Species 185.1 115.6- 256
Model summary

Number

observations (n) 45965481
Variation explained

(R2) 0.1

-1.99 -2.29--1.7

-0.56  -0.62--0.51

Variance (Std.dev.)

0.3 0.18-0.43

69.4-2453.7

0.85

92

1.26 0.93-1.59

-0.17 -0.21--0.13

Variance (Std.dev.)

0.27 0.16-0.4
201.64627.8
0.56

10.17
9.48 (1.51) 6.29  (2.63)  3.87
1374 1374
0.09 0.1



Table 2.8. Estimated model coefficients for the change in occupancy, extirpation, colonization, and detectiorected species richness
models using armbsence threshold of fivePosterior means and 95% Bayesian credible intervals presented for PGLMM models, model coe
(and standard error) presented for analysis of covariance (ANCOVA) and spatial autoregressive (SAR) errovailodglfot anlysis of
covariance models) andvalues (for SAR error models) are included as a measure of significance. Generally, coefficientslueth<2 and > 2
are considered significant, these and coefficients where the 95% CI does not overlap zerocdddernt in the table. Variance explained is

expressed in terms of marginat or PGLMM), adjuste&® (for ANCOVA models), and Nagelkerke pseftdo

Occupancy (PGLMM)

Extinction (PGLMM)

Colonization (PGLMM)

Species richnes:

Detection
corrected

species richnes:

ANCOVA
( ) (SAR error
model)
z
Posterior Posterior Posterior Estimate t Estimate valu
mean 95% CI mean 95% CI mean 95% ClI (SE) value (SE) e
-14.76 - -13.73
Intercept -43.16 -96.07-13.89 0.8 -1.56-2.98 -256 -4.88--0.25 (0.91) 16.27 (2.16) -6.34
Thermal position variables
Baseline (1st order 0.37 1.4
polynomial) 381  -557--2.12 17 11.13-22.42 -441 -11.67-2.67 (0.65) 058 (1.01) 1.39
Baseline (2nd order
polynomial) - - 12.82 6.57-17.84 14.83 8.72-21.08 - -- -- --
-2.96 -2.37
Change since baseline -3.47 -5.05--1.9 0.25 0.19-0.31 -0.07 -0.15-0.02 (0.92) -3.21 (1.06) -2.24

93



Baseline:Change

interaction -9.07

Precipitation position variables

Baseline (1st order

polynomial) -1.99
Baseline (2nd order

polynomial) -
Change since baseline 4.7
Baseline:Change

interaction -0.16

Climatic position interactions

Baseline thermal:Baseline

precipitation interaction 0.31
Change irthermal:Change

in precipitation interaction  -0.66
Covariates

Continent (Europe) 38.09

-10.73--7.5

-3.47--0.59

3.39-6.19

-1.03-0.65

-1.11-1.65

-1.75-0.38

31.68-44.28

0.42

-0.14

-7.41

-0.19

0.03

-0.02

0.05

-1.97

0.34-0.5

-6.21-6.16

-12.94--1.84

-0.26--0.11

-0.01-0.07

-0.07-0.04

-0.01-0.1

-2.27--1.67

94

-0.32

-36.96

16.85

0.26

-0.03

0.08

0.04

1.34

-0.42--0.22

-45.96- -
28.29

9.68-23.69

0.18-0.35

-0.08-0.02

0.02-0.16

-0.02-0.11

0.99-1.67

-4.66
(0.66)

-0.94
(0.65)

0.62
(0.76)

0.37
(0.49)

-0.17
(0.51)

2.16
(0.61)

9.44
(2.74)

-7.05

-1.45

0.82

0.75

-0.34

3.56

5.42

-2.43
(0.83)

-0.04
(0.87)

0.73
(0.98)

-0.38
(0.53)

0.17
(0.69)

0.74
(0.69)

8.44
(3.63)

-2.92

-0.05

0.74

-0.72

0.25

1.07

2.32



Sampling Effort

Random effects

Species

Model summary

Number observations (n)

Variation explained (R2)

Variance (Std.dev.)

185.9 120.9-265.9

50005324
0.1

-0.54 -0.6--0.48

Variance (Std.dev.)

0.3 0.18-0.43

25.32121.9
0.86

95

-0.17  -0.21--0.13

Variance (Std.dev.)

0.31 0.17-0.46

175.43736.8
0.53

1133
0.1

1133
0.18



Chapter 3 Complex interactions between landse and climatechange influence extinction
risk and assemblage shifts in bumblebees

Abstract

Climate change and human lande both modify local climates, potentially interacting to alter
biodiversity responses. These two pressures also tend to favour similar speaiesg|
communities more similar than historically. Using ldagm occurrence data for 74 bumblebee
species across North America and Europe from 1808, | tested whether lanrdse and

climate change interactions have contributed to changes in extirpatgi, colonization, site
occupancy, and species richness. | find that recent climate change anddardhange have

driven historic trends in biodiversity. Declines related to increasing temperatures and thermal
extremes are more severe in areas withtbigally high proportions of humadominated land

use, but species respond better to increasing human-aselin places where they were
historically near their hot tolerance limits. Many assemblages experienced positive biodiversity
outcomes concurrent wth landuse change, suggesting that huradominated landscapes can

be managed to benefit species. Finally, | find that biotic homogenization is occurring across
North America and Europe, suggesting a focus on the composition of assemblages will also be

required for conserving diverse wild pollinator communities.
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Introduction

Landuse and climate change are driving changes in biodiversity globally, and
understanding the interactions between these two drivers of change is critical for preventing
the loss @ specieqTiteux et al. 2017; Leclere et al. 202@gintaining biodiversity and bending
the curve of biodiversity loss requires tools that predict how climatic and-lesedchanges will
alter local extinction (extirpation) and colonization probabilitiest development of these
tools has remained challenging (el Palma et al. 20}8ldentifying the species and regions
which are likely to be most at risk from climate change and-aselchange can inform
conservation, and elucidating potential mechsmis driving change is also critical for

developing conservation solutiorfgrban et al. 2016)

Recent climate change has altered the distribution of many species, forcing them to
move to track habitable environmental conditions or adapt to new conditiand, causing the
loss of species from historically occupied ar@Rarmesan & Yohe 2003; Scheffers et al. 2016;
IPBES 2019LIlimate change also poses a risk to species by increasing the frequency and
severity of extreme events, such as heat waves, that ;Hi&yOS SR &aLISOASaQ (2t SNI
challenge their thermoregulatory capaciti€Sunday et al. 2014; Erenler et al. 2020; Soroye et
al. 2020) The resulting costs to species are likely to cause population declines in affected
regions. Conversely, climate changay render some regions more suitable for a species,
increasing the likelihood of successful colonization by dispersing individelssch et al.
2008; Sunday et al. 2012)leasures such as the thermal position index, which estimate the

ratio of time aspecies spends close to or beyond thestoricaltemperature tolerance limits in

a region (or the change in this ratio over time), allow for spespeific, spatialhexplicit
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measures of climate changesk which incorporate risk from both gradual wang and

extreme eventgSoroye et al. 2020; Williams & Newbold 2021)

Landuse change alters extinction risk in a variety of ways and is currently the most
important cause of biodiversity decline globglMaxwell et al. 2016; Di Marco et al. 2018;
IPBER019; Schipper et al. 202Q)anduse changes cause habitat loss for species (i.e.,
eliminating areas species require to fulfill basic life history needs) and contribute strongly to
extinction risks for many species. Lamsk intensification, including eaneased use of pesticides
and fertilizers, can exert effects on species abundances and distributions that are distinct from

land-use changé€Kerr & Cihlar 2003; Gibbs et al. 2009; Millard et al. 2021)

Climate change and langse change can interact to @gerate potential biodiversity
responsegMantykaPringle et al. 2012; Williams & Newbold 202@)addition to the direct
RSAGNWzOGAZ2Y 27F &LISOA Susdehakgesi(ikcluding tterdifchtidlibcar? dzNJO S a
also alter local climatic conditionir example by modifying vegetation cover, creating hotter
and more extreme local conditions that exacerbate the effects of global climate change
(Frishkoff et al. 2015a; Findell et al. 2017; Senior et al. 2017; Williams & Newbold 2020;

Lembrechts & Nij2020) Landuse changes can also remove the microrefugia which are critical

F2NJ aLISOASEAaQ GKSNY2NB3IAdzA FdGA2y Ay (GKS FI0S 27
habitats from landdza S OKIl y3Sa Yl & AYLISRS aLISOA8imde RA &G NJ
change(Kearney et al. 2009; Tuff et al. 201hese two pressures can both favour species

which tolerate extremes and hotter or drier temperatures better, which can influence the

composition of communities and potentially drive biotic homogen@afFrishkoff et al. 2016;

Piano et al. 2017; Nowakowski et al. 2018; Williams et al. 202@) nature and relative
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importance of land uselimate change interactions are still being tes{&dishkoff et al. 2015a;
Oliver et al. 2015, 2017; Merckx et 2018; Srinivasan et al. 2019; Williams & Newbold 2020;
Srinivasan & Wilcove 2021ut understanding mechanisms for their potential impacts on
species will inform management activities to mitigate biodiversity loss. This becomes

increasingly important athe potential for interactions growgMantykaPringle et al. 2015)

Elevated extinction risks confront many taxa, detlines and losses of wild pollinator
species are particularly likely to include practical consequences given the ecosystem services
they provide(Potts et al. 2010; IPBES 2Q1Biverse and abundant wild pollinator communities
are linked with benefitsdr wild lands and agricultur@Garibaldi et al. 2013; Mallinger &

Gratton 2015) Climate change, especially warming temperatures and growing frequencies of
extreme conditions, is linked to extirpation and shrinking ranges in pollinator taxa like
bumblebeegBombu3 (Kerr et al. 2015; Soroye et al. 20200t habitat loss and landse
intensification (including pesticide use) are also linked to recent ded|Rieketts et al. 2008;
Winfree et al. 2009; Millard et al. 202Xther threats, such as the intradtion of novel
pathogens or parasites, and competition with invasive species also contribute to pollinator
losses in some ared&oulson et al. 2015Responses to land use are variable, and in some
cases low levels of humatominated land use are assow@d with positive effect§Winfree et

al. 2009; Millard et al. 2021)

Here, | present a crossontinental study investigating effects of historic interactions
between climate change and lange change on species distributions. | test whether changes
among several biodiversity metrics from a historic period (1:9974) to a more recent period

(20002018) in 100 km by 100 km sites across North America and Europe are related to
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concurrent changes in land use and thermal position. | use a large dataset®@0633inique
spatiotemporal occurrences of 74 species (Table S3.1)ragghution temporal climate data
(Figure S3.1), and landscalevel, temporal data on humadominated land use data (including
cropland, grazing, and urban land uses; Figure Shgpothesize that climate change and
land-use change will interact to increase extirpation risk in historically occupied areas and
reduce colonization in new areas, decreasing probabilities of site occupancy, and reducing
species richness. Specificallyrédtict greater declines in biodiversity in areas where both
humandominated land uses and thermal position have increased simultaneously, and in areas
where both were high historically. | also expect to see direct effects of climate change and land
use chage, and that differences in langse changeelated relationships may exist between
continents given the different histories of land use in North America and Europe. As human
dominated land use has historically been higher in Europe than North Anf&dzewijk et al.
2016) | suspect that the species and assemblages there may be less negatively impacted by

current landuse change.

Methods

Bumblebee data

| used a dataset of 333,423 spatiotemporally unique occurrence observations of North
America and Eupmean bumblebeesBombu3. The dataset is similar to one used previously (see
Kerr et al. 2015; Soroye et al. 2020hd contains North American data from the Bumblebees of
North America datasefwilliams et al. 20143ndWilliams et al(2019) and Europeanlata

from Williams et al(2019)and the Global Biodiversity Information Faci(i@BIF.org 2020)
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From a larger initial dataset, | removed records with incomplete species, location, or sampling
year information. Records in bodies of water but less th@@®n from a higkresolution

coastline were assumed to be coastal observations with spatially imprecise coordinates and
were subsequently reassigned to the nearest point on land. Records more than 5000m from
coastline were removed. | removed duplicate laoatyearspecies observations to reflect

species occurrence rather than sampling or population density, and kept observations within a
historic period (1901974; inclusive) and a recent period (26B@18; inclusive). This historic
period represents a basiae of relatively low anthropogenic climate chani®alther et al.

2002) and climate between these two periods have changed sufficiently to detect biological
impacts (e.gKerr et al. 2015; Lewthwaite et al. 2017; Soroye et al. pO2Mile the baseline

period was substantially longer, there were about 3 times more observations in the recent
period. In North America, the final dataset included 43 species, with 48,588 observations in the
historic period and 68,098 in the recent period. In Europe, the ddtesntained 36 species,

and contained 21,309 historic records and 195,428 recent records.

The 74 species retained in the final dataset represent over half of the approximately 123
known bumblebee species across this study area. | selected all specieppeaired
reasonably welsampled, so that observed changes would be less likely to be the result of
changing sampling intensity. All 74 species in the final dataset had >50 spatiotemporally unique
observations in each period, except BrsuckleyB. ponorum andB. confusug¢Table S3.1).
These three species had >50 observations in the historic period and o8 @dservations in
the recent period, but have been assessed as by the IUCN Red List as decreasing and either

Critically Endangered( sucklely Hatfield et al. 201bor VulnerableB. pomorumandB.
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confususRasmont et al. 2015b, 2015cGiven this strong expectation for decline in these
species, they were included. The mean (and median) number of spatiotemporally unique
observations per spges was 944.6 (569.5) in the historic period and 3561.2 (1193.5) in the

recent period.

Biodiversity change

| mapped presence and absence for each species within 100 km by 100 kraespual
guadrats (sites) across the study area in the historic andntgoeriods, inferring absence of a
species when there was no observation of the focal species in a site during a period, but at least
one other species recorded. Previous work with a similar occurrence dataset has shown that
biodiversity change relationgbs are robust to the definition of absence (e.g., defining absence
as places where a focal species was not seen but 3 or 5 other speciesSorrge et al. 2020
Spatial aggregation of the data is necessary, and the 100 km by 100 krreeeaajuadrats
strikes a balance between achieving reasonable sampling across North America and Europe,
and still maintaining relevance for conservation at local scales. Previous work with a similar
occurrence dataset demonstrates that biodiversity change and global ehafationships are

robust to quadrat siz€Soroye et al. 2020)

Using the presencabsence maps, | measured observed extirpation, colonization, and
species richness change between the two time periods across 1,258 sites with data for at least
one speciesn each period (Figures 3.1 and S3.4). | calculated percentage change in observed

species richness from the historic to recent period. Using the identity of species present in each
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site and the R packagegan(Oksanen et al. 2016) calculated the meapairwise Jaccard
dissimilarity from each focal site to all others in its continent for gaetiod andsubtracted

this from oneto estimatecommunity similarityp Wl O O I NR Qla eaéhpafiadf simiakitii & 0
of 0 indicates no species in common on average between a focal site and all other on its
continent, and 1 represents identical assemblage composition to all other sites on the
continent. | calculated the change in this betwgeariods, with increases indicating biotic

homogenization (Figure S3.3).

| calculated change in the probability of site occupancy to provide an alternate measure
of biodiversity change that reflected extincti@molonization dynamics at a site and that
acounted for nondetection bias. Accounting for nestetection bias (i.e. a difficulty
distinguishing among true and false absences due to imperfect detection) is-kngeth
challenge of working with occurrence data, and a growing literature surrounds dilemcount
for this in opportunistic data through the use of occupancy models yamy Strien et al. 2010,

2013; MolinariJobin et al. 201)7

| used singlespecies occupancy models to estimate occupancy for the 74 species in each
period. | modelled probability of occupancy within the range of the focal species andkar200
buffer in sites where a species was seen in either the historic or regx@iid. These models
account for the possibility of falsgbsences within detection/nodetection data by explicitly
estimating detection probabilityp) separately from probability of occurren{@lacKenzie et al.
2006, 2009; Royle & Kéry 2007; Royle & 2009; Kéry & Schaub 201B¥timating
RSGSOGA2Y LINPOFoAfAGE F2NJ I aLISOASA RdzNAy 3
AaA0Sa GAUKAY GKFG LISNA2R® L aLX AdG SkOK -2°7F
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1924 (12,79 observations), 192%949 (16,580 observations), and 195874 (40,549
observations); recent: 200R006 (32,652 observations), 20@013 (95,575 observations), and
20142018 (135,299 observationsYhere is much variation in sampling among vikise, but
others have shown that occupancy modetsng opportunistic data which varigseatly across
time still produces similar results to structwrenonitoring data (e.gvan Strien et al. 2023l
used observations of a species during a survey unit tonmidetection, and absence of a
species where others were seen as a fu@tection. Occupancy models using opportunistic
data are sensitive to parameterization decisioagy(,Guzman et al. 2031so | use change in
probability of occupancy as an additiomaétric of biodiversity change for hypothedssting

purposesSoroye et al. 2021)

It is likely that there are biases in the species sampled within the dataset, as in most
large-scale ecological datasets. Bumblebees are charismatic insect speciesvbdiden
collected by researchers and independent naturalists for hundreds of years, but agriculturally
important species (e.gB. terrestrisand B. impatieny common species, and larger or more
recognizable species may have greater likelihoods of detecGonversely, common species
may be less likely to be digitized in museum collections. | used total number of records at a site
to help inform speciespecific detection probabilities in the occupancy models and account for
variation in sampling intensit Unfortunately, reliable interand intraspecific data on other
traits that may influence detection probability are not available for all species to include in the
models. A necessary assumption of occupancy modelling is that there is no change in
occupancy (or species turnover) within a survey period or between survey units within the

same period: the closure assumpti@iRota et al. 2009)Estimates of site occupancy rely on this
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assumption to calculate a probability of detection from the pattern ofedéibn/non-detections

during a periodMacKenzie et al. 2006\ggregation of occurrence data into periods to
SAUAYFGS aLISOASaQ LINBaSyOS 2N FoaSyoS YI1Sa
remains static within those periods. Violations of the al@sassumption during occupancy
modelling are likely to be frequent throughout the literature but recent work suggests that
spatially or temporally aggregating opportunistically collected data is not likely to have large

effects on model performanc@lonssen et al. 2021)

Occupancy models were fit using the Bayesian gefmrglose modelling software JAGS
(Plummer 2003and package R2jagSu & Yajima 2015Each specieand seasosspecific
model computed seaserand sitespecific occupancy, using seasspecific sampling effort
(i.e., the total number of unique locatieyear observations of any species in a cell) as a
covariate for the underlying detectigmrocess. | used noninformative Bayesian priors for all
parameters and each model ran four Markov chains for 200,000 iterations, discarding the first
5,000 as a burin and thinning by 10, resulting in 195,000 samples from the joint posterior
distribution. | ran models until values of the Broe&elmanRubin statistic suggested
convergence had been reached (<1.1) for all paramdt@rsoks & Gelman 1998yhe JAGS

code specifying the model, including the priors used, is available in Appendix 3.1.

| calculaéd a measure of detectionorrected species richness, measured as the
summed probability of site occupancy for all species in a site, across the study area for each
period (this is similar to detectieoorrected estimates of taxonomic diversity used elseveh
e.g.,Jarzyna & Jetz 20117 calculated the percent change in this measure between the historic

and recent periods (Figure S3.5).
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Thermal position data

| calculated thermal position for each species as described previouslyKerg2020;
Soroye eal. 2020, using global climate data obtained from Harris e{2020) For each of the
74 bumblebee species, | extracted the average of the five highest monthly maximum and five
lowest monthly minimum temperatures from among the values for all locadiot year
O2Yo0AYylFGA2ya 6AGKAY (KS ALISOASaAQ- 198 ZEd LIKAO N
maximum and minimum temperatures were assumed to represent the thermal limits for the
species. Thermal limits were rescaled for each species to equatieftower thermal (i.e.,
cold) limit and 1 for the upper thermal (i.e., warm) limit. These derived environmental limits
YSIF adz2NB dLISOASEAQ NBIFEtAT SR yAOKS fAYAGA-2N G2f
based measurements of upper and lemcritical temperatures, but labased measures are not
available for more than a handful of the 74 bumblebee species in the study. Past work has
shown that measuring the change in the environment relative to these derived realized niche

limits relates tobiodiversity changé€Soroye et al. 2020; Williams & Newbold 2021)

For each species, in each cell of the study area in both periods, | rescaled the local
maximum and minimum monthly temperatures onto the same scale asethiéizedclimatic
limits. Thesaescaled values were averaged across months to estimate the thermal position
index: a value of 1 indicates that average temperatures across the year are at the warm
tolerance limit of a species, and values of 0 indicate that average temperatures acrgesathe
are at the cold tolerance limit for the species (values greater than 1 and less than 0 are possible

A N

where climate change has caused anAua® S NI 3S G SYLISNI dzNBa (2 EOS
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thermal limits or to fall below lower thermal limits). The chamgé¢hermal position from the
baseline to the recent period was calculated by subtracting position in the recent period from

position in the baseline.

To calculate the communigiveraged estimates of thermal position, | clipped each
aLISOASAQ idrkntpsNolthieir obd@rsiel distribution in the baseline period, and then
overlapped all the position maps, averaging all index values in a given cell. This shows the mean
thermal position for the entire estimated assemblage of species in that region ¢FuL). |
did this for both periods, and then measured the change from the baseline to recent (Figure
S3.1). These estimates of commuratyeraged thermal position were used in the species

richness analyses.

Climate data were obtained from the Climate Baxxh Unit(Harris et al. 20209t a
resolution of 0.5 X 0.5 degrees. After the calculation of the climatic position index, data were
projected and resampled to Cylindrical Equal Area projection at 100 km X 100 km resolution to

match the biodiversity data.

Landuse change data

Using the temporal, highesolution HYDE 3.2.1 datag&oldewijk et al. 2016, 201,7)
calculated the average cover of humdominated land uses in the historic and recent periods
across North America and Europe. The HYDE dates@tps global estimates of total area
(kn?) used for pasture, grazing, and urban land uses aaacBinute resolution (~8.3 km X 8.3

km at the equator), from 10,000 BCE to 2017. | averaged the data available for the two time
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periods (19001974 and 200€2018) and calculated the proportion of land area in each site
covered by humasdominated land uses (summed cropland, grazing, and urban) across the
study area. | resampled the data to 100 km by 100 km equal area grids to match the
biodiversity data, and uskthe proportion of humardominated land use and change between

periods for analyses (Figure S3.2).

Statistical analyses

Extirpation and colonization modelstested the relationship between thermal position,
land-use change, and extirpation or colonizat by constructing a series of binomial
generalized linear mixed models (GLMM). Models included the thermal position variables
(historic, change since historic, interaction between these), huhaminated land use
variables (historic, change since histoiinteraction between these), and the interactions
between historic land use and historic thermal position, historic land use and change in thermal
position, historic thermal position and change in land use, and change in land use and change in
thermal pacsition. The models included species as a random effect, and | included continent as a
categorical variable to account for potential differences between North America and Europe. |
also included sampling intensity into the model, as the number of uniquiécteaporal
occurrence observations within a site in a period. | ran all models to convergence, and visually
assessed model assumptions. | calculated conditional and mardifwltRese models

(Nakagawa & Schielzeth 2013)
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Change in probability of occupey. | ran another series of linear mixed models to test
the relationship between climate change, lande change, and change in probability of site
occupancy. Change in probability of site occupancy was the difference in occupancy probability
between thehistoric and recent periods, and could range continuously ffd8®% to 100%,
with negative values indicating a decrease in probability of site occupancy and positive values
indicating an increase in probability of site occupancy. The model structuredesaiscial to
extirpation and colonization models, although I did not include sampling effort, as it was
already used to estimate occupancy. | calculated conditional and mardimatte same way

as in the change in occupancy models.

Phylogenetic modeldo account for phylogeny in the analyses, | repeated the
extirpation, colonization, and change in occupancy modelling using a phylogenetic generalized
linear mixed model framework, with a comprehensiméochondrialand nuclear phylogeny
(Cameron et al. 200. | programmed models using tMCMCglmnm{Hadfield 2010and ape
(Paradis & Schliep 201B8ackages in R, following the framework frai® Villemereuil &

Nakagawa (2014 All models used uninformative univariate priors for random effects

corresponding to a inverseGamma with shape and scale parameters equal to 0.01. Models

were run with a minimum of 105,000 iterations with a thinning factor of 20 and discard the first

5,000, resulting in a minimum of 5,000 samples from the joint posterior distribution.eMod

parameters were visually assessed for convergence, and if all parameters did not appear to

converge then | reran the models with more iterations and a longer fourhestimated

marginal and conditional’® | YR LIK&f 23Sy SiA O eandapabifrdnded t + ISt Qa

Villemereuil & Nakagawa (2014As is common with Bayesian models, | compared them using
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the Deviance Information Criterion (DI8).magnusndB. kirbiellusvere not present in the
phylogeny and were excluded from these analyses. Tiuetsire of fixed model effects tested
was identical to the descriptions provided above, and | found that model parameter values
using the PGLMMs were very consistent with #pdrylogenetic models (Tables 3.1 and S3.1). |
present results from the PGLMMs imet main text because while DIC was very simidBMC=

4.7 lower for extirpation model, 1.2 higher for colonization model, 3.8 lower for the change in
site occupancy model), the PGLMMs explained greater variation (25.7% more for extirpation

model, 5.2% more for colonization model, 20.4% more for changegdroccupancy model).

Assemblage richneskbuilt an analysis of covariance model (ANCOVA) model to test the
relationship between climate change, lande change, and detectiecorrected species
richness (Table 1). The model structure here was idahtiicthe change in occupancy PGLMM,
but used communityaveraged measures of thermal positioning and did not include a random
effect of species. | used a similar ANCOVA to model observedlgteation corrected) species
richness, which was the same as #f@ve model, but also included a covariate accounting for

sampling intensity (Table S3.4).

| checked for spatial autocorrelation in the residuals of both assemblage richness models
08 QAradzZffte AyalLSOdAy3da | O2 NNBIfoand sldeficed a2 NI y
spatial autocorrelation and proceeded by constructing a simultaneous autoregressive spatial
error (SAR) model to correct for residual autocorrelation, as suggestégissling & Carl 2008)
and(Dormann et al. 2007Thisreduced mucB ¥ (G KS @F NA I oAt Ale Ay a2NI
S3.7). While model results with the SAR models were qualitatively similar to the ANCOVA

results (Tables S3.3 and S3.4), incorporating spatial autocorrelation removed the statistical
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significance of some tens. Shifts in coefficient strength and significance are a common
phenomenon when accounting for spatial autocorrelation with SAR and other common
methods of accounting for spatial autocorrelati(Bini et al. 2009)Given that the relative
coefficient stength and zvalues of terms in the SAR models confirm the importance of the
significant ANCOVA effects, | present those results in Table 3.1. | calculated the Nagelkerke
PseudeR as a measure of the variance explained. Results from the models appeartest tob
the presence of outliers, and aside from violations of spatial autocorrelation in the residuals,

appeared to satisfy all other assumptions.

Change in similarityTo test whether increases in assemblage richness relate to
increasing assemblage simmitg, | used an ANCOVA model predicting change in similarity as a
function of change in richness (running separate models for detectiwrected richness and
observed richness; Table S3.5). | included continent and sampling intensity as covariates, and
also included an interaction between continent and richness, to test whether richness might be

related to similarity on one continent but not the other.

Increasing similarity (or decreasing similarity) in a site may arise either from extirpation
of species, new species arriving, or a combination of both of these. To investigate the potential
cause of increasing similarity, | used an ANCOVA model predicting change in site similarity with
total extirpation and colonization events (Table S3.6). The fnalde included sampling
intensity and continent as covariates, and interactions between continent and extirpation, and

continent and colonization.
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All analyses were performed in R version 3(®Xore Team 201, Qrimarily with the
raster (Hijmans et al2016)andtidyverse(Wickham 2017packages, and others specifically
mentioned. Continuous variables in all statistical models wergceded and centered. Mapping

and visualization of data was done in ArcGIS(B&RI 2021using a Winkel Tripel projaoh.

Results

Extirpation and colonization trends across the 74 North American and European
bumblebee species showed a relatively strong signal of climate change anddarthange,
including consistently appearing interactions. Using binomial geneddiizear mixed effects
models, which controlled for continent and sampling intensity, | modelled observed extirpation
and colonization of species across the study area using thermal position variables (historic,
change since historic, interaction betwedrese), humardominated land use variables
(proportion of humardominated land use historically, change in hurtimminated land use
since historic, interaction between these), and the interactions between historic land use and
historic thermal position, htsric land use and change in thermal position, historic thermal
position and change in land use, and change in land use and change in thermal position. As
expected, higher thermal position was associated with higher extirpation risks and reduced
colonizaton likelihoods, independent of langse change (though there was a weak positive
relationship between changing thermal position and colonization; Table 3.1). Extirpation risk
and colonization were both higher in areas with higher proportions of hud@minated land

uses historically (Figure 3.1). Conversely, increasing landéeaglenumandominated land

112



uses at a site did not appear related to extirpation risk, but was linked to reduced colonization,

especially when increases occurred in areas with hisatly low human landise (Table 3.1).

As predicted, climate change and lansle change interactions appeared to influence
extirpation and colonization, although the effect and importance of interactions differed for
each process. Increasing thermal pmsitwas related to increased extirpation risk for species in
areas where human landses historically dominated, suggesting that landscapes with little
remaining natural habitat put species at higher risk of climate change. Yet, not all interactions
were associated with negative outcomes for species. Species which were already near their
historicupper thermal tolerance limit experienced lower lande changeelated extirpation
risk and had higher colonization in sites with historically high hud@minated land uses
(Table 3.1), consistent with species in these hotter areas being better equipped to take

advantage of humadominated land use@-rishkoff et al. 2016; Williams et al. 2020)

t NPoloAtAGE 2F &aAGS 200dzLl y Oaies, shduldNdElaeO dzf | NI
to relative extinction and colonization rates. Generalized linear mixed models with the same
fixed and random effects as the extirpation and colonization models revealed a negative effect
of thermal position, but no clear direct effeof broadscale land use (Table 3.1). Statistically
significant interactions in the model further support that declines in probability of site
occupancy were lower in sites with historically high thermal position and high proportions of
humandominated land-uses (Table 3.1). Together with the observed trends in extirpation and
colonization, this could suggest that bumblebee populations which are better able to withstand

increased temperatures and extremes can also better withstand challenges associdted wit
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humandominated landuses, as has been observed in other téashkoff et al. 2015b; Piano

et al. 2017; Williams et al. 2020)

Responses of extirpation risk, colonization, and change in probability of site occupancy
to climate and landscapscale laneuse change appeared only weakly related to phylogeny.
The inclusion of phylogeny into extirpation, colonization, and change in probability of
occupancy models improved the fit only slightly according to ©DO0J ranged from 4.7 lower
to 1.2 higher) butricreased the variation in the response variable explained-B§%
compared to norphylogenetic models. Results were otherwise qualitatively consistent
between phylogenetic models (presented in here) and-pbiglogenetic models (Table S3.2).
t | 3 SihdR&ted a moderate phylogenetic signal in the response of extirpation and change in
LINPOIFOATAGE 2F &A TS na2pMmOreahiyhRads vidvensuBsBuritialy

gSIFTSNI aAdylt Ay (KS NBaLRy&scad® O2f2yAl A2y

Increasing tkrmal position and increasing lafuse change appear to also influence
changes in assemblage richness. An analysis of covariance model predicting change in
detection-corrected species richness using commuiaitaeraged climatic position variables and
site-level landuse measures indicated that, consistent with spede®| trends, richness was
significantly more likely to decline where assemblages were already close to their thermal
limits, and where humailominated land uses were increasing (although thiter trend
bordered statistical significance; Table 3.1; Figure 3.2). Consistent with trends in extirpation,
the negative effects of increasing thermal position were stronger in sites historically dominated
by human laneuses (Figure 3.3). Accounting &matial autocorrelation of residuals in the

model removed the statistical significance of most terms (i.e., p > 0.05; Table S3.3), but relative

114



strength of coefficients andvalues confirmed that the effects mentioned above were among
the strongest inflences on past changes in richness. Modelling observed species richness (i.e.,
without correcting for potential nofdetection) highlighted the negative effect of thermal

position (Table S3.4). Models predicting change in assemblage richness explainetisabout

of variation in the response (Table 3.1, Tables S3.3 and S3.4).

While thermal position and lardse change were broadly related to declines in
richness, there were large amounts of unexplained variation in these models (Table 3.1), and
many sites gperienced increases in assemblage richness concurrent with increasing thermal
position or humardominated land uses (e.g., Figure 3.3). Climate change andimndhange
often favour the same species, which may alter assemblages and can lead to biotic
homogenizationFrishkoff et al. 2016; Newbold et al. 2018, 2019; Williams et al. 202Qpst
whether observed changes in local richness were related to increasing biotic homogenisation
across study regions, | modelled the relationship between changssienablage richness and
change in site similarity (similarity here being the mean pairwise similarity of a focal site to all
others on its continent, where 0 indicates no species in common and 1 represents identical
assemblage composition). Assemblage sinty has increased on average in both North
America (0.0048 + 0016 SE&nd Europe(.17 + 0.007 §Eand there was a strongly positive and
statistically significant association with increasing richness, especially in Europe (Figures 3.4 and
S3.3; Table SB). Increasing similarity can be driven by either increasing colonization of certain
species, selective extirpation of others, or some combination of both processes. Here, similarity
was highest when extirpation was low and colonization was high (Figbyd &ble S3.6),

suggesting that range expansions of common species into areas with low extinction rates is a
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driver of biotic homogenization over broad areas. Among the 74 species in this dataset, the
highest colonization rates were observed in speciesAnto thrive in humardominated
landscapes (e.gB. terrestrisand B. hypnoruny, but also species which are hard to identify and
have historically been confused with other species (Bgnorvegicus, B. cryptarum, B.

sporadicusand B. magnusjRasmontet al. 2015a)

Conclusion

Climate change has driven declines in North American and European bumblebee species
and assemblages independently of lamske chang€Soroye et al. 2020and here | find that
broad-scale interactions between these drivers of change further shape bumblebee
biodiversity. Patterns of interactions across species and assemldaglechange suggest that
effects of climate change are exacerbated in historidalimandominated areas (Figure 3.3),
and that populations used to temperatures near thieistoricupper thermal tolerance are
better able to withstand landise pressures (Table 3.1). While the correlative hypothesis
testing approach here cannot imply spigzmechanisms driving these effects, human land uses
and landuse change directly increase the risk of climate change by driving local climatic
changes, including hotter local temperatures and increased exposure to temperature extremes
(Medvigy et al. 202; Findell et al. 2017; Senior et al. 2Q1Habitat modification can also
destroy critical microrefugia that insects and ectotherms use to thermoregkarney et al.
2009 YR KFoAGFdG FNFYIAYSYydGEaAazy OF yhahgy A G & LISOA
climates, increasing the risk from climate chaii@éver et al. 2015)Yet, where species were

able to withstand warm temperatures and extremes historically, they appeared better able to
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respond to increasing landse. Thermal niche has previopsleen shown to predict tolerance
to deforestation for ectotherms, suggesting that climate and kasd change favor the same

specieqFrishkoff et al. 2015a, 2016)

The results here have particular relevance for global conservation, which is especially
pertinent as nations look towards pe&020 conservation frameworks and targets. At species
and assemblage levels, sites with more natural habitat historically appeared to buffer against
effects of climate change (Figure 3.2; Table 3.1), pointing to therigpoe of maintaining
wilderness or other natural areas to reduce biodiversity [@sMarco et al. 2019nd to the
potential value for habitat restoration in areas where habitat losses are significant. | find that
bumblebee species richness can be higmanaged landscapes that have experienced
warming (Figure 3.3), suggesting that these species can persist or thrive in tolomamated
areas under some conditions or types of lamgk managemenfTscharntke et al. 2005; Carvell
et al. 2017) Yet, recentncreases in bumblebee assemblage richness are linked to biotic
homogenization, which appears driven by increasing colonization of some species into areas of
low extirpation risk. Biotic homogenization would be a particularly grave indication of
conservatbn threat if range expansions of common species were associated with losses among
rarer species. While bumblebee diversity across continents shows strong patterns of biotic
homogenization, that trend is not directly dependent on range losses among raceesgere.
Nonetheless, community composition in addition to richness will be important to consider for
conservation. Protecting wild spaces and managing landscapes for climate change, for example

by protecting and creating microrefugia and maintainingedse habitat types that may reduce
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forward for protecting species in a future of increasing climatic and anthropogenic pressures.
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Figures 3.13.5

Historically high LU
Historically low LU

Observed extirpationf@vents
‘ H 1,000

o KM
1 2 4 6 8 1012 16
28

Historically high LU

Historically low LU
Observed colonization ‘edents

15 8 1114 142024

Figure3.1. Patternsof human-dominatedland use(cropland,grazing,and urban)and
observedextirpation (A) and colonization(B)of 74 bumblebeespeciesacrossNorth America

and Europebetween the historic (19001974)and recent (20002018)periods YellowRed

scak (A) shows number of observed extirpation events per cell; ydilow scale (B) show

number of observed colonization events per cell. Hatched brown and green lines indicate areas
of historically very high (>50%) and very low (<10%) coverage of hdamanated land uses.
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Figure3.2. Change in detectioworrected species richness in response to historic thermal
position and change in land use across North America (991 sites) and Europe (267 sites)
between a historic period (190Q974) and recent (200Q018).Historic thermal position has a
potential range of 0 to 1 where zero indicates that a species is on average atigteniccold
tolerance limit for the entirety of the year in the period at that site, and one indicates that a
species is on average their historichot tolerance limit for the entirety of the year in the

period at that site. Change in land use indicates the overall increase or decrease in proportion
of the site now covered with humagominated land uses (cropland, pasture, and urpan
Confidence intervalst05%) are shown around linear trendlines.
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