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RESPOSTA DE ABELHAS A CENARIOS FUTUROS DE MUDANCAS
CLIMATICAS UTILIZANDO MODELOS DE NICHO ECOLOGICO

RESUMO

Mudancas globais como perda de habitat, invasdes de espécies exoticas e mudangas
climaticas tém sido sugeridas como as principais causas desse declinio dos
polinizadores. Assim, entender como as abelhas responderdo as mudancas climaticas
futuras pode nos mostrar como os servigos ecossistémicos de poliniza¢do podem mudar,
com consequéncias tanto para a agricultura, para o funcionamento dos ecossistemas,
bem como para as atividades econdmicas influenciadas pela polinizacdo. No capitulo
um, intitulado “Integrando preditores bidticos em modelos de nicho: resposta de
espécie exdtica na américa do sul a mudancas climaticas globais”, avaliamos o efeito
da inclusdo de componentes bioticos (distribuigdes potenciais das plantas associadas)
sobre a distribuigdo potencial da abelha exotica Lithurgus huberi Ducke (1907) na
América do Sul. Nossos resultados mostraram que a inclusdo do componente bidtico
melhorou nosso modelo. Além disso, a distribuicdo de areas adequadas a L. huberi no
futuro tende diminuir com significativa mudanca das areas atualmente ocupadas. Em
nosso segundo capitulo, intitulado “Mudancas climaticas retrairdo a faixa de
distribuicdo adequada de abelhas carpinteiras da regido Neotropical”, o principal
objetivo foi avaliar os efeitos das mudangas climaticas globais sobre a distribuigdo
futura, e sua sobreposi¢do a areas de protegdo ambiental da América do Sul, para trés
espécies de abelhas carpinteiras nativas do Cerrado brasileiro, Xylocopa abbreviata
Hurd & Moure (1963), Xylocopa truxali Hurd & Moure (1963) e Xylocopa vestita Hurd
& Moure (1963). Nossos resultados mostraram reducdo significativa da area de
distribui¢do futura de todas as Xylocopa avaliadas.

Keywords: Interacdes Ecologicas, Servicos Ecossistémicos, Espécies Exoticas, Aréas

Progidas, Xylocopini, Lithurgini.
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RESPOSTA DE ABELHAS A CENARIOS FUTUROS DE MUDANCAS
CLIMATICAS UTILIZANDO MODELOS DE NICHO ECOLOGICO

ABSTRACT

Pollinators, especially bees, are threatened by environmental degradation, demanding
effective strategies and public policies to protect them from the ongoing decline. Global
changes such as loss of habitat, invasion of exotic species and climate change have been
suggested as the main causes of this decline. Above all, climate change is of greater
concern in the scientific world, since climate is the primary control of species
distribution and ecological processes. Thus, understanding how bees respond to future
climate change can show us how ecosystem services can change, with consequences for
both agriculture, ecosystem functioning, and the economic activity involved in
pollination. In chapter one entitled "Integrating biotic predictors into niche models:
response of an exotic species in South America climate change", we evaluated the
effect of inclusion of biotic components, the predictive variables derived from potential
plant distributions, upon the potential distribution of the exotic bee Lithurgus huberi
Ducke (1907) in South America. Our results showed that the inclusion of the biotic
component partially improved our model and that of L. huberi. Besides, the bee’s
distribution tends to decrease in the future, regardless of the scenario considered, but
especially in the most pessimistic one. Our main objective in the second chapter, entitled
"Climate change will contract the distribution range of Neotropical carpenter
bees", was to assess the effects of global climate change on future distribution by
underlying areas of environmental protection for Xylocopa abbreviata Hurd & Moure
(1963), Xylocopa truxali Hurd & Moure (1963), and Xylocopa vestita Hurd & Moure
(1963) in South America. Our results showed a significant reduction of the future

distribution area of all Xylocopa species evaluated as e well in protected areas

Keywords: Ecological Interactions, Ecological Services, Biotic Components, Exotic Species,

Protected Areas, Lithurgini, Xylocopini.
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CAPITULO 1

1.1 INTRODUCAO GERAL

Polinizadores, sobretudo abelhas, estdo ameacados pela degradagcdo ambiental,
exigindo estratégias eficazes e politicas publicas para protegé-los (Potts et al., 2016;
Settele et al., 2016). As mudancas climdticas globais tém sido consideradas um dos mais
preocupantes condutores do declinio dos polinizadores em todo o mundo (Ghazoul,
2005; Hegland et al., 2009; Potts et al., 2010; Steffan-Dewenter et al., 2005; Winfree et
al., 2009). Essas mudancgas podem comprometer a riqueza ¢ abundancia de espécies de
abelhas (Papanikolaou et al., 2016), a sincronizacdo de fenologia e padrdes de atividade
diurna de polinizadores (Stevenson et al., 2015), modificar redes de interagdo
polinizadores-plantas (Hegland et al., 2009; Memmott et al., 2010; Pecl et al., 2017) e
alterar as areas de ocupacdo adequadas dessas espécies (Giannini et al., 2012; Parmesan
and Yohe, 2003). Isto é particularmente importante, uma vez que o0s servicos de
polinizagdo fornecidos pelas abelhas sdo importantes para a manutencao da diversidade
dos ecossistemas naturais e também da agricultura e produg¢iao de alimentos (Costanza
et al., 2014).

As mudancgas observadas nos padrdes fenologicos de espécies demonstram que as
mudancas climdticas globais estdo, de fato, afetando os ecossistemas (Parmesan, 2006;
Parmesan and Yohe, 2003; Pecl et al., 2017; Visser and Both, 2005). Isso pode ser
observado a medida em que o nivel tréfico diretamente abaixo, e.g. planta associada,
apresenta seu desenvolvimento atrasado ou adiantado, se o nivel tréfico superior, e.g.
polinizador, ndo conseguir alterar seus padrdes fenologicos em igual proporg¢ao, levando
ao desacoplamento fenologico de suas atividades sazonais. (Kuntner et al., 2014; Ovalle-
Rivera et al., 2015; Parmesan, 2006; Schweiger et al., 2008; Visser et al., 2004). Além
disso, o padrdo de distribui¢cdo geografica das espécies pode ser alterado pelas mudangas
climaticas tendo em vista suas necessidades climaticas intrinsecas, levando a possivel
desencontro de espécies no espago geografico (Parmesan and Yohe, 2003; Schweiger et
al., 2012, 2008). Assim, o desacoplamento fenolégico e o deslocamento geografico
inesperados podem afetar as interacdes biodticas tanto por alterarem as distribuigdes e
abundancias das espécies quanto por causarem extin¢des (Blois et al., 2013; Schweiger

et al., 2008).
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O uso de modelos de nicho ecolégico (MNE; também chamados Modelos de
Distribui¢cdo Potencial — mas veja Peterson and Soberon, 2012) ¢ abordagem comum na
literatura tanto para avaliar o impacto das mudangas climaticas na potencial distribui¢cdo
de futura de espécies (Aratijo and Peterson, 2012; Giannini et al., 2017a; Silva et al.,
2018), quanto para avaliar o estabelecimento de espécies exoticas (Jiménez-Valverde et
al., 2011; Silva et al., 2014).

Uma caracteristica marcante dos MNE ¢ a dependéncia do conceito de nicho
ecologico (Elith et al., 2006; Guisan and Thuiller, 2005; Guisan and Zimmermann, 2000;
Soberon, 2007). Os primeiros conceitos de nicho adotados pela comunidade cientifica
foram propostos por (1) Grinnell (1924), que levava em consideragdo as condi¢des do
ambiente e (2) Elton (1927) prop0s que as interacdes entre espécies eram fatores cruciais
na delimitacdo do nicho das espécies. O conceito moderno de Hutchinson (1957) abarca
esses dois conceitos e define nicho ecoldégico como “um hipervolume, n-dimensional,
cujos eixos abrangem condigdes, recursos e interagdes nos quais os individuos de uma
espécie sdo capazes de sobreviver, crescer e reproduzir” (Peterson et al., 1999). Apds
este longo processo de amadurecimento do termo ecoldgico, Soberdn (2007) ressalta que
o nicho utilizado em MNE ¢ o nicho Grinnelliano. Tanto os nichos de Elton (1927)
quanto o de Grinnell (1924) sdo relevantes para a compreensdo da distribuicdo dos
individuos de dada espécie. Entretanto, enquanto as interagdes que compdem o nicho
Eltoniano sdo geralmente observadas em resolugdes espaciais finas (<1km?), o nicho
Grinneliano ¢ mais adequado aos MNE quando se trabalha em resolugdes espaciais
amplas. Nestes métodos, as varidveis abioticas (cenopoéticas) sdo preponderantes na
modulagio da distribui¢do espacial das espécies (>1km?) (Hortal et al., 2010; Soberon,
2007). Apesar das interagdes ecoldgicas também serem importantes na determinagao da
distribui¢do das espécies (em micro-escalas), a disponibilizacdo de vasta quantidade de
variaveis abidticas em bancos de dados online (e.g. Hijmans et al., 2005) permitiu a
popularizacdo dos métodos de MNE e seu uso em questdes relacionadas 4 conservacao
de espécies (Guisan et al., 2013).

Nesse contexto, em nosso primeiro capitulo, intitulado “Integrando preditores
bioticos em modelos de nicho: resposta de espécie exodtica na américa do sul a
cenarios futuros de mudancas climaticas”, avaliamos o efeito da inclusao de
componentes biodticos (distribuigdes potenciais das plantas associadas) para gerar a
distribui¢do potencial da abelha exotica Lithurgus huberi Ducke (1907) na América do

Sul. Adicionalmente, ao se considerar as mudangas climéaticas globais, avaliamos como
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a distribuig¢do da espécie e sua interagdo com as plantas polinizadas se dard no futuro.
As plantas foram consideradas como recursos alimentares para as abelhas e introduzidas
no modelo como componentes bidticos na previsdo de distribuicdo. Realizamos
comparacdes entre modelos com e sem a incorporacdo dos componentes bidticos em
nossos procedimentos de modelagem. Analisamos qual desses procedimentos melhora a
capacidade preditiva do modelo. Por fim, avaliamos os padrdes de adequabilidade futura
da abelha, avaliando a quantidade de areas perdidas e ou ganhas quando comparado com
a distribuicdo potencial da abelha no presente. Nossos resultados mostraram que a
inclusdo do componente bidtico nosso modelo em um dos métodos preditivos avaliados.
Além disso, observamos que a distribui¢cdo potencial de L. huberi tende a diminuir no
futuro, do cendrio considerado, mas especialmente no cenario mais pessimista.

Em nosso segundo capitulo, intitulado “Mudanc¢as climaticas retrairiao a faixa
de distribuicio adequada de abelhas carpinteiras da regiio Neotropical”, o principal
objetivo foi avaliar os efeitos das mudangas climaticas globais sobre a distribuigdo
futura de trés espécies de abelhas carpinteiras nativas do Cerrado brasileiro, Xylocopa
abbreviata Hurd & Moure (1963), X. Truxali Hurd & Moure (1963) e X. vestita Hurd &
Moure (1963). Utilizamos diversos métodos de MNE para predizer areas de ocorréncia
potencial dessas espécies. Por fim, também estimamos a propor¢do da area predita de
cada espécie ocorrendo dentro de unidades de protecdo ambiental, comparando o cendrio
climatico presente com quatro cenarios futuros de emissdes de carbono atmosférico, do
mais otimista ao mais pessimista, para o ano de 2070. Mostramos redu¢do da area
potencialmente adequada para as trés espécies de abelhas carpinteiras nos quatro
cendrios de futuro. Ademais, a quantidade de areas protegidas foi consideravelmente

reduzida nos cenarios de futuro.
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CAPITULO 2

INTEGRANDO PREDITORES BIOTICOS EM MODELOS DE
NICHO ECOLOGICO

Periddico a ser submetido:

Ecological Modelling
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INTEGRATING BIOTIC PREDICTORS IN ECOLOGYCAL NICHE MODELLING:
RESPONSE OF AN EXOTIC BEE IN SOUTH AMERICA TO CLIMATE CHANGES

ABSTRACT

Biotic interactions can influence species’ distribution range. Considering the effects of
global climate changes, many studies attempted to integrate them into Ecological Niche
Models (ENM) procedures. However, there is a lack of studies evaluating the effects of
the inclusion of such interactions upon the distribution of species in scenarios of climate
change. Here we evaluated the predicted range of an exotic bee species in future
scenarios, including its associated plants as predictor variables. The bee Lithurgus
huberi Ducke, 1907 (Apidae: Megachilinae: Lithurgini) is an exotic species in South
America. Because it is oligolectic to flowers with large pollen grains, we evaluated
whether the integration of the biotic component (relationship plants-bee) improves the
predictive capacity of its ENM in both current and in the future range distributions. We
used all climate models of the four representative concentration pathway (RCP). To
reduce uncertainty in our results, we selected three models of each RCP by means of
cluster analysis. We then use plant predictions for the present as additional predictor
variables to predict the future distribution of L. huberi in all RCPs. Our evaluation index
was a statistical test based on the True Presence Rate estimated by each prediction. Our
results show that the inclusion of the biotic component improved our models in one of
the predictive methods evaluated. In addition, we observed that the potential distribution
of L. huberi tends to decrease in the future, regardless of the RCP considered, but

especially in RCP8.5, the most pessimistic scenario.

Keywords: Lithurgini, Species Interactions, Pollination, Exotic Species, Phenology, Biotic

Component.
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2.1.1 INTRODUCTION

The atmospheric concentration of CO; and other greenhouse gases recorded
successive increases after the industrial revolution, causing rise in global temperature
averages, changes in precipitation patterns, elevation in the average sea level, and
changes to the frequency and intensity of extremes climatic events (Blois et al., 2013;
Hughes, 2000; Parmesan, 2006). Several possible impacts on biological systems have
been investigated such as: 1) changes in the structure and composition of communities,
leading to the progressive impoverishment of some communities and relative
advancement of opportunistic species (Thuiller et al., 2007); 2) interferences in species’
dispersal abilities (Travis et al., 2013); 3) changes in interspecific interactions, for
instance in parasitoid-host interactions (Tylianakis and Binzer, 2014); 4) changes in
metabolic rates and physiological processes (Dillon et al., 2010); and 5) increasing the
probability of species extinction (Thomas et al., 2004). The spatial distribution of
species is determined by both abiotic and biotic conditions as well by their ability to
reach regions in the geographic space (Soberdn, 2007; Soberén and Peterson, 2005).
Hence, it is possible that changes in climatic conditions lead to changes in these patterns
of distribution, since species should "pursue" the isotherms that guarantee them better
physiological tolerance (Parmesan, 2006; Schweiger et al., 2008).

Biotic interactions concern a central part of the ecological framework, as their
effects on the distribution of species and communities are utmost important (Aradjo and
Luoto, 2007; Blois et al., 2013; Silva et al., 2018; Sober6n, 2010; Staniczenko et al.,
2017). The observed changes in phenological patterns of species demonstrate that
climate change is, in fact, affecting such interactions of living systems (Parmesan, 2006;
Parmesan and Yohe, 2003; Pecl et al., 2017; Visser and Both, 2005). This may be
observed since a trophic the level directly below (e.g. associated plants) delay or
advance their phenological/developmental events and if the upper trophic (e.g.
pollinators) cannot change their phenological patterns accordingly (Visser et al., 2004).
Hence, unexpected phenological and geographical decoupling may affect biotic
interactions both by altering species’ distributions (Schweiger et al., 2008) and by
leading to species’ extinctions (Blois et al., 2013).

While considering exotic species, their potential to occupy new regions may be

positively affected by the action of climate change (Lockwood et al., 2009). Generally,
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the invasion process of exotic species is characterized by three stages (Richardson et al.,
2000): introduction, naturalization, and species dissemination. In the first stage, the
species reach its new distribution areas and climatic ranges. In the second stage, some
individuals from self-sustaining populations arrive and establish other populations in
the new geographic range. Eventually, given the right conditions, in the third stage, they
will spread in the geographic space, causing further expansion of their distribution area.
Exotic species who are successful in the "naturalization" stage, tend not to have very
refined requirements to occur, which increases the probability of success of these species
in scenarios of global climate change (Lockwood et al., 2009; Parmesan, 2006; Pecl et
al., 2017; Richardson et al., 2000).

Ecological Niche Modeling (ENM; also known as Potential Distribution Models
- but see Peterson and Soberon, 2012) compose an array of approaches that may be used
to assess the invasion potential and establishment of exotic species (Jiménez-Valverde
etal.,2011), as well to assess the impact of climate change on their distributions (Araujo
and Peterson, 2012). These models relate the species’ known occurrences with the
present climate to predict the potential distribution of a given species by the intercession
of these biotic and abiotic elements (Soberén, 2007; Soberon and Peterson, 2005). The
ENM establishes a multidimensional environmental space (Elith et al., 2006), where it
is possible to estimate species’ niche parameters to estimate their potential distribution
in areas climatically similar to those of the species’ known occurrences (Peterson et al.,
2011; Soberon, 2007; Soberdén and Peterson, 2005). Therefore, it is possible to obtain
distribution range estimates of species in areas where their distribution is still unknown
(Soberon and Peterson, 2005).

Eltonian niches are generally observed in narrow spatial resolutions (<1Km?),
while the Grinnelian niches are ruling in wide spatial resolutions (>1Km?)(Hortal et al.,
2010). Considering that Grinnelian niches are easier to deal with when considering the
EMNs, abiotic variables (classified as “scenopoetic” by Grinnell) are preponderant in
the modulation of the potential species distribution (Soberéon, 2007) in relation to the
biotic ones (classified by Grinnell as the “interative” variables). Nevertheless, among
the ecological/predictor variables used in these methods, resulting in both the success
of the establishment of exotic species and in the reduction of predicted areas as suitable
ones, it is generally expected that the biotic components of the ecological niches have

the most significant effects on the distribution of the modeled species (Jiménez-
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Valverde et al., 2011; Soberon, 2007; Soberon and Peterson, 2005). However, the
strategy of including biotic components in ENM, as well the understanding of which
spatial scale in which they are relevant, are not yet consolidated in the literature
(Anderson, 2016; Hortal et al., 2010; Soberon, 2010, 2007; Soberon and Peterson, 2005).

The bee Lithurgus huberi Ducke, 1907 (Apidae: Megachilinae: Lithurgini) is
considered to be an exotic species in South America (Snelling, 1983) due to their
morphological similarities with Lithurgus antratus Smith, 1853, representative of an
Indo-Australian complex of eight species, which were grouped to represent a single
taxonomic unit (Michener, 1965). This bee is univoltine and nests in powdery wood,
allowing the dispersion of its individuals over great distances (Camillo et al., 1994,
1983). In addition, as in other cases in the genus Lithurgus, it appears to be oligoletic to
plants with large pollen grains (Pick and Schlindwein, 2011). While, in its natural range,
L. huberi was observed collecting pollen from Asteraceae and, specially, Malvaceae
(Michener, 2007), in its invaded area, it was observed collecting pollen from both
Convolvulaceae (particularly from Ipomoea e Merremia) and Malvaceae (Sida sp. e
Gossypium spp.) (Camillo et al., 1994, 1983; Michener, 2007; Pick and Schlindwein,
2011).

Here we extend the study done by Silva et al. (2014) while modeling the potential
distribution of the same exotic bee. Nonetheless, we made use of several future climatic
scenarios to evaluate how the potential interaction of the bee and the pollen plants may
take place in the future. In this context, we evaluated the effect of considering biotic
predictors derived from the potential distributions of L. huberi’s associated plants on its
potential distribution in South America. In addition, we evaluated how this species’
distribution and interactions with such plants may take place in the future. For that, we
included the predicted ranges of the associated plants as biotic components of L. huberi’s
current and future distributions. We performed modelling experiments comparing
models with and without these biotic components to assess if such procedures improve
our models’ predictive ability to estimates L. huberi’s ranges. Finally, considering the
bee’s future distribution range, we also, measured the amount of lost and/or gained range

areas in comparison to its the potential current distribution.
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2.2 METHODS

2.2.1 Occurrence data

We obtained the geographic occurrences of the bee and its associated plant
species from the database structured by Silva et al. (2014). This database consists of
occurrences obtained from different sources: 1) the internet accessible databases Global

Biological Information Facility (GBIF; http://www.gbif.org), Species Link of the

Reference Center on Environmental Information (CRIA; http://www.splink.cria.org.br),

Inter-American Biodiversity Information Network (http://www.iabin.databasin.org) and

Discover Life Bee Species Guide and World Checklist (http://www.discoverlife.org); 2)

scientific articles and environmental reports published in specific literature and internet;
4) published literature and 5) field surveys.

We collected data on the occurrences of all plant species reported to be used by
L. huberi as pollen resources in South America (Camillo et al., 1994, 1983; Pick and
Schlindwein, 2011). We gathered all the available information from I/pomoea nil (L.)
Roth, Ipomoea bahiensis (L.) Roth, Ipomoea purpurea (L.) Roth, Ipomoea indica (Burm.
F.) Merril, Ipomoea cairica (L.) Doce, Ipomoea asarifolia (Desr.) Roemer & Schultes
and Merremia aegyptia (L.) Urban from CRIAS’ Species Link, as well from GBIF. We
disregarded the records obtained for Sida sp. e Gossypium spp. because at the time of
the construction of the database there were no species-specific records of both these
genera and L. huberi reported in the literature. Thus, the species that we modeled in this
work were: the exotic bee L. huberi, and seven plants, six I[pomoea and one Merremia,

associated with it in South America.

2.2.2 Selecting environmental variables and processing occurrences

We encoded all data preparation processes and variables selection, occurrences
processing, and predictive methods operationalization in the open source language R
(Development Core Team, 2018). We delimited the extension of the grid cells of our
predictor variables to South America, with the resolution of 2.5 arcmin (cells with ~4
km? on the equator). We collected all 19 climatic variables (abiotic component), both
for the current (interpolations of observed data, representative of 1960-1990) and for

each one of the 11 Atmospheric Oceanic Global Circulation Models (AGOCMs hereon)
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common at all four IPCC’s Representative Concentration Pathways (RCP hereon)
(RCP2.6, RCP4.5, RCP6.0 e RCP8.5), with projections for 2070 (average interpolations
for 2061-2080). Such variables are freely available in the online database WorldClim

(www.worldclim.org; Hijmans et al., 2005).

Modelling with all climatic variables may produce overfitted models (Jiménez-
Valverde et al., 2011). Thus, we selected our predictor variables using an Exploratory
Factor Analysis (EFA hereon) with VARIMAX axis rotation type. The EFA is a method
commonly used in the social sciences to identify the factors (structure or axes) that
highlights the correlation of each raw variable with each one of these factors (Distefano
et al., 2009; Lawley and Maxwell, 1962). We defined the number of factors in the EFA
graphically, by performing a scree test (Cattell, 1966) and analyzing the resulting plot
generated via the function fa.parallel from the psych package (Revelle, 2018). This test
showed us that only five factors, that reached observed eigenvalues higher than a random
expectation, were needed as environmental predictors for South America. Each one of
these factors provide a specific loading value, ranging from -1 to 1, for each variable,
where 1 represents the maximum correlation value to the factor (Cattell, 1966; Distefano
et al., 2009). Starting from our initial set of 19 abiotic variables for the present scenario,
we selected the variables with the highest loading value to represent each one of the five
EFA axes (Tab. 2-1). Therefore, our set of abiotic components was composed by: Mean
Diurnal Range (Bi1002); Isothermality (Bio03); Mean Temperature of Warmest Quarter
(Bio10); Precipitation of Driest Month (Biol4); Precipitation of Wettest Quarter
(Bio16).

Usually, the climatic variables derived for future scenarios and widely used in
ENMs studies are generated by the production of several AOGCMs by independent
research organizations. Broadly speaking, these models are mathematical
representations of physical processes operating in the atmosphere, ocean, cryosphere,
and on the earth's surface (Stocker et al., 2013). Each AOGCM has its peculiarities,
since each one uses a unique set of equations to simulate the climatic dynamics. Thus,
differences in the initial configuration and in the algorithms that generate this model
inevitably lead to different environmental predictions (McGuffie and Henderson-Sellers,
2014). In contrast to the current scenario, where we modeled the species with only one
AOGCM available in Worldclim, for the future scenarios, we used several AOGCMs
available for the four RCPs available in WorldClim. To reduce the repeatability between
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models that are similar and that may increase the uncertainty of the predictions (Varela
et al., 2015), we used a hierarchical clustering analysis (HCA hereon) to select the

appropriate AOGCMs along all four RCPs.

Table 2-1 Results of the Exploratory Factor Analysis with VARIMAX axis rotation among the
19 WorldClim variables. Bold values represent loading greater than 0.8. Variables in bold

represent those that we maintained in our study.

FACTORS
VARIABLES COD. 1 2 3 4 5
Annual Mean Temperature bio01 0914 0.042 0.315 0.223 -0.103
Mean Diurnal Range bio02 -0.121 -0.358 -0.238 -0.194 0.865
Isothermality bio03 0312 0.109 0.842 0.278 -0.008
Temperature Seasonality bio04 -0.294 -0.014 -0.856 -0.376 0.177
Max Temperature of Warmest Month bio05  0.982 -0.040 -0.058 0.115 0.101
Min Temperature of Coldest Month bio06  0.782 0.124 0.451 0.279 -0.299
Temperature Annual Range bio07 -0.223 -0.220 -0.720 -0.302 0.536
Mean Temperature of Wettest Quarter bio08  0.920 0.045 0.193 0.141 0.024
Mean Temperature of Driest Quarter bio09  0.777 0.039 0.420 0.275 -0.247
Mean Temperature of Warmest Quarter  biol0  0.985 0.051 0.046 0.130 -0.071
Mean Temperature of Coldest Quarter bioll  0.821 0.041 0.474 0.281 -0.137
Annual Precipitation biol2  0.280 0.527 0.303 0.720 -0.129
Precipitation of Wettest Month biol3 0351 0.190 0.342 0.835 -0.127
Precipitation of Driest Month biol4 -0.010 0.956 0.142 0.209 -0.106
Precipitation Seasonality biol5  0.039 -0.686 0.222 0.032 0.282
Precipitation of Wettest Quarter biol6  0.349 0.207 0.340 0.837 -0.119
Precipitation of Driest Quarter biol7  0.009 0946 0.150 0.250 -0.120
Precipitation of Warmest Quarter biol8 0.136 0.548 0.181 0.415 0.138
Precipitation of Coldest Quarter biol9  0.153 0.430 0.185 0.551 -0.297

To maintain the models’ comparability, we initially selected only the 11
AOGCMs common to the four RCPs. Then, we built four initial arrays, one for each
RCP, with the 19 variables of the 11 AOGCMs, using the abind function from the
package abind (Plate and Heiberger, 2016). We classified the models into groups using
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the correlation between their predictions. Finally, we used the hcluster function from
the package amap (Lucas, 2018) to proceed with our HCA, ordering the similarities
among the predictions of the models based on the correlation between the predictions in
the AOGCMs among the same variables. We set the maximum number of clusters to
four. Finally, we analyzed all AOGCM from the four resulting dendrograms following
the criteria of 1) be in only one of the four groups of the individual cluster and 2) be
present in all four dendrograms referring to each RCP. Hence, we selected the AOGCMs
CCSM4, IPSL-CMSA-LR and MIROC-ESM in all RCPs as our future variable sets, to

represent the future distribution of our modeled species (Fig 2-1).

12 12
10 10
> >
E 8 = 8
o o
3 ° 3¢
S 4 S 4
B 2 ‘ B 2
o ll o
s = @ T @ T S 2 @9 9 9 s = 9w o o ¢ © ¢ T T =
- = ) 3] Q e :
% 2 s 33 z 3 8 3 & 92 8 § & 2 3 N = 2 =
gdmw(},omoggﬁ Qdﬂ_:gﬁmod)wgw
= 6 = © g © g 9 = O u <= 6 = W w = Q9 @ 9 w
O 4 & 5 = o Q 0O 9 9 g & O 5
2 £ 9 g © 3z 2 3 & £ T 8 g £ ° 8 -
o = 2 o £ I o = £ £ 2 @
o) = o) =
x x
s s
2
12
10
10
> 8
= £
T 6 | “5‘5
3 4 s 4
= =
2 2 3 |
fQ 9 v v ‘B o
° 33z 2 ¢ 49 % 3 3z &8 2 3 % % 28 3 38 3
N & = D ; T
I w O 7] ] I w y s o O ©
5 § 2 ¢ 8 ¥ =2 5 g § ¢ 5 5 8 4 ¢ 8 2 5 g & 9
L o o g o © = = L 5 = b W oy 9 © s 9
= O X W @ 9 W A o = 0900‘-' =5
» &€ 7 9 9 5 5 O ? ¢ £ 5 © 9 B g 8 4
uw s s B = z 9 ] uoos 7 g & 2 Q =
&) I =T ol a o o T =T o
o) = o) =
g €
= s

Figure 2-1 Hierarchical clustering of the 11 AOGCM:s according to the correlation between all
19 climatic variables for the future scenarios in A) RCP 2.6, B) RCP 4.5, C) RCP 6.0, and D)
RCP 8.5. ¥ indicates the selected AOGCMs in all scenarios: CCSM4, IPSL-CMSA-LR and
MIROC-ESM. RCP: Representative Carbon Pathway.

To avoid potential effects of spatial autocorrelation between the occurrences of
the eight species (one bee and seven host plants), we used the spThin package (Aiello-
Lammens et al., 2015) to eliminate occurrences that were very close to each other. We

only kept the occurrences that were at a minimum distance of 20 km from one another
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in each species’ occurrence dataset used in our models (Fig. 2-2 B). After the geographic
space filtering process, the total of spatially unique occurrences remaining for each
species was: 50 for L. huberi, 170 for I. asarifolia, 160 for I. bahiensis, 157 for I. cairica,
215 for 1. indica, 338 for I. nil, 232 for I. purpurea e 239 for M. aegyptia.

We divided the occurrences of all species into 10 training-testing subsets, where
in each of these subsets, 70% of the occurrence records randomly assigned to the training
subsets and the remaining 30% were assigned to the testing subsets (Fig 2-2 C). We used
the same subsets in the same order in all our modelling runs for all climatic scenarios

considered here.

2.2.3 Experiments procedures and analysis of biotic interactions

Given the predictive ENM methods’ individual biases and the uncertainty
natures, they may result in different distribution patterns for the modeled species (Barry
and Elith, 2006; Rocchini et al., 2011). Thus, we predicted L. huberi’s distribution and
those of its associated plants using three different predictive methods (Fig 2-2 D): 1)
BIOCLIM (Booth et al., 2014; Nix, 1986), implemented by the bioclim function from
dismo package (Hijmans et al., 2017); 2) Maximum Entropy (MaxEnt; Phillips et al.,
2006; Phillips and Dudik, 2008), using the MaxEnt function from dismo package, loaded
within the package by the MaxEnt standalone program installation; and 3) Support
Vector Machines (SVM; Scholkopf et al., 2001; Tax and Duin, 2004), by using the ksvm
function from kernlab package (Karatzoglou et al., 2004).

Our first modelling experiment consisted of a set of different treatments. In the
initial treatment (CLIMA hereon), we model the potential distribution of L. huberi and
its seven associated plant species for the current scenario, using only the abiotic/climatic
variables. From the modeled suitabilities of L. huberi's associated plants, we generated
four sets of biotic components that we used in the other treatments of this first modeling
experiment (Fig. 2-2 F.1). Then, we model the potential distribution of L. huberi, now
having as predictors, in addition to the abiotic variables, four sets of biotic components,
one specific to each new treatment. Each of these generated biotic components contains
a specific amount of predictor variables, being: 1) the suitability of each species of plant
cut into presence-absence maps (SEP-PA hereon); 2) the raw suitability for each plant
species (SEP-SUIT); 3) sum of the presence and absence values of all plant species by
grid cells (STK-PA); 4) the average plant species suitability per grid cell (STK-SUIT).
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Figure 2-2 Flowchart and summary of the modeling experiments performed in this study.
Experiment # 1 models the distribution of L. huberi bee and associated plants in the present:
(A) occurrences datasets; (B) filtering occurrences in the geographic space; (C) partition of
occurrences into test-training subsets; (D) parameterization of general models and modeling
procedures; (E) evaluation of the resulting predictions and ensembles of all predictions and
methods by scenario; (F) additional stages of Experiment # 1 - (F.1) generation of biotic
components from plant predictions and (F.2) comparison of L. huberi distribution without and
with biotic components. Experiment # 2 models the potential distribution of L. huberi in the
four future climate scenarios, using the same methods from (A) to (E) employed in experiment

#1.

Lastly, before we proceeded to our second modeling experiment, we compared
the potential distribution of L. huberi in the current scenario among the five treatments
(CLIMA, SEP-PA, SEP-SUIT, STK-PA, STK-SUIT) (Fig. 2-2 F.2). Then, we used the
treatment that best represented L. huberi’s suitability in the current scenario to generate

L. huberi’s predictions for the four future RCPs (Fig 2-3).

2.2.4 Evaluation and ensembles

One way of evaluating the predictions, commonly used by ecological niche
modelers, is through metrics associated with pseudo-absences, where absence data is
generated to fill the lack of knowledge regarding real absences. In this type of
evaluation, after the determination of the predictions by using thresholds that makes the
balance between the errors of omission and commission (e.g. the ROC threshold; Liu et
al., 2011, 2005), the predictions are evaluated by a metric compatible with pseudo-
absences (e.g. true skill statistic; TSS; Allouche et al., 2006). This type of evaluation
may represent conceptually flawed analyses given the unreal nature of pseudo-absence
data (Golicher et al., 2012; Hirzel et al., 2006; Lobo, 2016; VanDerWal et al., 2009).
Moreover, different scales applied in the creation of distribution maps using pseudo-
absences may generate divergent final results, depending on the proximity to the
occurrences of the known species (Lobo and Tognelli, 2011; VanDerWal et al., 2009).
Thus, to avoid these potential setbacks, we grounded our modelling procedures in using
presence only methods. The statistical test we adopted here, D, was adapted from

Pearson et al., 2007 , defined simply as
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D = TPR * (1 — pi)
Where, TPR refers to the True Presence Rate (TPR), and pi refers to the proportion of

the area predicted as presence for the species.

Here, we only changed the logic of weighting success binarily (hit/miss),
described by Pearson et al. (2007), ), for a percentage rate of success, i.e. ranging from
0 to 1. Models that predict the entire area of study as the presence of the species are
trivial, as they also predict all occurrence points as true (Golicher et al., 2012; Pearson
et al., 2007). We used this metric as the weight for assembling the predictions from all
predictive methods (Fig. 2-2 E). Thus, low values of D indicate models of low predictive
ability and assume a negligible weight in the ensemble, since they are reflected directly
in the final weighted suitability. On the other hand, models with high predictive ability
would be those that predict a relatively small area as the presence of the species and,
even so, they hit the points of occurrence of the species. These models with higher D
values contribute with greater importance for the final ensemble (Hirzel et al., 2006;
Pearson et al., 2007; Peterson et al., 2011; Shcheglovitova and Anderson, 2013).

We ensemble the 10 prediction replicates, both for the current as well for all four
future scenarios, into a single map for each scenario, via a weighted average with all
predictions made from each predictive method. We repeated this process in all modeling
experiments for L. huberi in the different treatments of predictor variables and modeled
climatic scenarios.

We used Repeated Measures ANOVAs to: 1) select the most representative
treatment of the L. huberi current distribution, and with it model and analyze L. huberi’s
future distribution in the four RCPs; 2) describe the pattern of retraction or expansion
of the exotic bee’s predicted range in the future. All R scripts written for our modelling

procedures are available at https://github.com/miltonmta/huberi.
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2.3 RESULTS

The D values obtained for the distribution of L. Auberi in each modeling method
were 0.398 + 0.067 (average + standard deviation) for Bioclim, 0.468 £+ 0.078 for
MaxEnt, and 0.614 + 0.053 for SVM. In general, the average values of D, considering
all methods together, were 0.501 + 0.112 for L. huberi, 0.581 + 0.141for I. asarifolia,
0.555 £ 0.140 for 1. bahiensis, 0.700 £ 0.100 for /. cairica, 0.495 £ 0.165 for I. indica,
0.353 +£0.146 for I. nil, 0.359 £ 0.142 for I. purpurea, and 0.459 + 0.134 for M. aegyptia.

Considering the different treatments used to determine L. huberi’s distribution in
our models, the treatment SEP-PA (modeled with the suitability of each plant species
cut into presence-absence maps) was that which obtained the best performance, while
comparing it with the other methods we use. For MaxEnt, this treatment reached the
higher values in comparison to the others, with D values around 0.6 and 0.7. For SVM,
the SEP-PA treatment only showed prediction improvement when compared to the
CLIMA treatment, while all other treatments achieved similar results to SEP-PA. For
Bioclim, SEP-PA was only better than the STK-SUIT treatment (Fig. 2-3A and Tab. 2-
2A). On the other hand, our ANOVA results show that the effect of treatments on the
predicted area of the bee depends on the modeling method used. In general, the SEP-PA
treatment showed good performance in both MaxEnt and SVM (Fig. 2-3A), while
Bioclim overpredicted the bee’s distribution in all treatments. Thus, we selected the
SEP-PA treatment to analyze the future predictions of L. huberi due to its performance
in the MaxEnt method, as well for considering that biotic information may make the

overall model more realistic.

Table 2-2 Results of the Rpeated Measures ANOVA performed with treatments in our models.
(A) The results considering the values of D for Lithurgus huberi’s predictions; (B) The results

considering Lithurgus huberi’s range size. XP: modelling treatment

Variables Sum of Degrees of Mean F value Adjusted P
Squares freedom squares

treatment 0.119 4 0.030 1.60 <0.185
A) method 3.435 2 1.718 118.60 < 0.000%*

method vs. xp 0.122 8 0.015 1.10 <0403

treatment 0.126 4 0.032 6.01 <0.001%*
B) method 0.954 2 0.477 89.55 < 0.000*

method vs. xp 0.281 8 0.035 6.59 < 0.000*
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Figure 2-3 Results of the modeling experiment #1. (A) evaluation of D values for each
treatment by predictive method, which we used to support our choice for the SEP-PA
experiment; (B) Proportion of occupied extent of Lithurgus huberi’s potential distributions
according to each predictive method in proportion to the study area. Central values correspond
to the means, while the bars correspond to the 95% confidence interval. Different letters are

statistically different. The SEP-PA treatment is highlighted in both figures.
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We can infer an inversely proportional relationship between D results and the
size of the distribution. We observed that high values of D may incur in a low predicted
distribution area. The Bioclim method, for example, predicted larger areas for L. huberi
than both MaxEnt and SVM methods, which reached higher values of D on the other
hand (Fig. 2-3A and 2-3B).

OCCURRENCES

SEP SUIT

Figure 2-4 Thinned occurrences for Lithurgus huberi (blue dots) and ensembles of distribution
range of its predictions for the current scenario in all treatments. The ensemble distributions
were produced using all three methods according to each treatment in Modeling Experiment
#1: CLIMA, abiotic variables only; SEP-PA, abiotic variables plus maps of presence and
absence of the associated plant species; SEP-SUIT, abiotic variables plus plant species
suitability; STK-PA, abiotic variables plus summed presence and absence maps of the plants;
STK-SUIT, average of the suitability of the associated plants. The color scale corresponds to
the suitability values for the three species in each of the current and future climate scenarios

considered.

In general, the current distribution of L. huberi was mainly predicted to occur in

the central-west, northeast and southeastern Brazilian regions (Fig. 2-4), as the predicted
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distribution of its host plant species (Figs. S. 2-1 to 2-7). As expected, due to the
geographical patterns of predictions for the plant species, L. huberi was not expected to
occur in central areas of the Amazon. The only distribution that showed different results
was SEP-PA, which had greater predicted area for L. huberi than that observed among
the other treatments in modelling experiment #1.

Compared with the current prediction of L. huberi, the results for Bioclim show
a marked reduction of the predicted area for the AOGCMs IPSL-CMSA-LR, and
MIROC-ESM AOGCMs in all RCP scenarios we considered (Fig. 2-5). Compared to the
current scenario, there was no significant change in the number of predicted cells among

the other methods, SVM and MaxEnt in all three AOGCMs.
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Figure 2-5 Size of the Lithurgus huberi’s distribution considering the predictive methods, all
AOGCMs, and future scenarios (RCPs 2.6 to 8.5). The range size is represented by the number
of grid cells occupied in each predictive method (x 1000) per scenario. Central values
correspond to the means and the bars correspond to the 95% confidence interval. o, m, o
represent, respectively, the methods: Bioclim, MaxEnt, SVM. The numbering “.1”, “.2”, and
“.3” represent, respectively, the following AOGCMs: CCSM4, IPSL-CMSA-LR and MIROC-

ESM.
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Figure 2-6 Final distribution of Lithurgus huberi bee for current and future scenarios (RCPs
2.6 to 8.5). The maps for the future scenarios were generated by the weighted mean of all three
methods (Bioclim, MaxEnt, SVM) in all AOGCMs. The color scale corresponds to the values
of suitability for the three species in each of the current and future climatic scenarios. RCP:
Representative Carbon Pathway.

In the final ensembles of L. huberi in the current (SEP-PA) and in the four future
scenarios (RCPs 2.6 to 8.5), we observed a marked reduction of suitability in all future
scenarios in relation to the present, especially in the center-west region of Brazil (Fig.
2-6). The loss of future suitability is concentrated in areas of the Brazilian Savannas
(central South America). If the future predictions for L. huberi prove to be right, climate
change should isolate its populations from southern and northern South America. In
addition, central areas in the distribution in the current scenario will lose suitability in
the future, especially RCP8.5, both for L. huberi as well for all seven associated plants
(Figs. S. 2-1 to 2-7).

41



2.4 DISCUSSION

In this study, we attempt to integrate biotic interactions in ENMs procedures to
predict the future potential distribution of L. huberi in South America. Then, we
evaluated how the inclusion of the biotic component would affect the distribution of the
species bee in the future in interface of the plant species’ interactions. Integrating biotic
components (associated species), as additional predictor variables, has been the most
used approach among the studies choosing this modelling strategy for integrating biotic
interactions (Anderson, 2016). Our results show that the inclusion of the biotic
component composed of the plant species where the bee searches for food improved our
model. In addition, we observed that the potential distribution of L. huberi tends to
decrease in the future, regardless of the RCP considered, but especially in RCP8.5, the
most pessimistic scenario.

Bees represent a significant subset of the pollinators, accounting for 35% of
global food production (Klatt et al., 2013; Klein et al., 2003; Kremen et al., 2007).
Negative impacts of climate change on the pollinator-plant relationship may produce
biological effects, such as: 1) competition for floral resources or nesting sites (Donovan,
1983; Rasmussen et al., 2012); 2) damaging buildings (Aratjo and Rozenfeld, 2014;
Rust et al., 2004); 3) the reduction in the foraging period (Settele et al., 2016); 4)
alteration of pollination networks (Groom et al., 2014; Rasmussen et al., 2012); 5)
transmission of pathogens or parasites (Goulson, 2003). In addition, the pollination
services provided by several bee communities are well known (Garibaldi et al., 2013;
Kremen et al., 2007; Winfree et al., 2007) and interactions between native and non-
native bees until they are beneficial in some cases (Greenleaf and Kremen, 2006; Silva
et al., 2017). Moreover, exotic bees can have positive impacts through pollination
(Groom et al., 2014), increasing resilience to human disturbances (Downing and Liu,
2012) and/or climate change (Martins et al., 2015; Silva et al., 2018). Nevertheless, for
very aggressive species such as Apis melifera L., 1758 (Apidae: Apinae: Meliponini),
recent research has shown that native species may be negatively affected, since A.
melifera is able to monopolize and reduce the amount of food resources available to
other species (Cane and Tepedino, 2017; Santos et al., 2012). Despite these efforts, it is
still unclear the role of climate change in the behavior of exotic bee species and future
studies are needed to assess the invading potential of different species of bees reported

as invasive in the world (Russo, 2016).
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Usually, the spatial distribution of a species is determined by the intersection of
the biotic, abiotic and migratory elements available to the species, according to the BAM
diagram (Soberén, 2007; Soberdn and Peterson, 2005). However, biotic interactions are
generally not considered in macroeconomic analyzes as effective variables in
determining the distribution of the modeled species because, presumably, they exert only
local effects. This is in contrast to the effects of abiotic variables, which may be factors
responsible for determining the spatial distribution at broader scales (Giannini et al.,
2013b; Hortal et al., 2010; Soberén et al., 2007). Nevertheless, the omission of
interactions in the ENMs does not necessarily imply that they do not play a role in the
determination of wide-scale distribution (Anderson, 2016; Hortal et al., 2010; Meier et
al., 2010). Given these concerns and criticisms of the real effects of biotic variables at
large scales (Guisan and Rahbek, 2011; Wisz et al., 2013), several studies have improved
the ability to predict species distribution after inclusion of the biotic component,
considering different types of biotic variables and different biological scenarios in their
modeling procedures (Anderson, 2016; Aratjo and Luoto, 2007; Godoy et al., 2018;
Meier et al., 2010; Staniczenko et al., 2017; Wisz et al., 2013). Our results indicate that
the biotic variables we used (e.g. the predicted suitability of the associated plant species)
are not completely independent from the abiotic variables considered in our modeling
procedures, since they partially improve the ability in all predictive methods to
determine the modeled distribution of L. huberi. Nonetheless, for one method in the
selected treatment, it showed some improvement in relation to the other methods and
treatments

In our case, given the dependence of insects and plants by climatic conditions
(Chown and Terblanche, 2006; Hutchinson, 1957), such variables would be the main
factors responsible for both the known and modeled distributions of L. huberi and its
associated species. In addition, since the bee seems to be oligoletic to the pollen of these
plant species, the observed occurrences we obtained may be a result of the intersection
of the biotic and abiotic components regulating their niches (Soberén, 2007; Soberdn
and Peterson, 2005). Thus, although the use of the of the associated plant species’
predictions to determine the potential distribution of L. huberi may produce a more
concise distribution, perhaps this does not necessarily improve the predictive ability of

the predictive methods. At least for L. huberi and its host plant species, our results are
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in agreement with the widely held theory that climate is one of the key determinants of
species distribution over a wide scale (Hortal et al., 2010; Pearson and Dawson, 2003).

Models trained using both native and exotic occurrences for the focus species
may produce better predictions of future expansion, in areas not yet occupied by the
more accurate exotic species (Broennimann and Guisan, 2008). Still, this may not be the
best strategy, considering that exotic species may undergo niche shifting in new areas,
tending to occupy regions that are climatically different from those where they occur
naturally (Blois et al., 2013; Broennimann et al., 2007). Studies following this strategy
have found conflicting results, both with observation of niche shifting (Atwater et al.,
2018) and niche conservation (Petitpierre et al., 2012), in particular for plant species. In
contrast, invasive insects display rates of niche expansion higher than other taxonomic
groups (Hill et al., 2017), with the exception perhaps of reptiles (Li et al., 2014).
Therefore, the use of different sets of taxonomic groups, altogether with the biotic
variables, may be a better strategy. Considering that there are an expressive number of
species of exotic bees already established (Russo, 2016), it would be crucial to test what
is happening to the exotic bees species.

Considering our results for the future, our predictions showed that L. huberi will
retract its distribution range in all four RCPs, although such retraction was most marked
in RCP8.5. In other studies, exotic species have shown to be resilient to pessimistic
climate change scenarios (Filz and Schmitt, 2015; Kerr et al., 2015; Schweiger et al.,
2012, 2010; Silva et al., 2018). According to our models of range distribution, L.
huberi’s suitable area in the current scenario very concentrated in the South America
center-west regions, will be greatly reduced and will move southwards (especially
southeastward. Many studies have shown the vulnerability of species to the limits of
their distributions, especially in relation to climate change (Parmesan, 2006). Since,
climate is the main factor determining the limits of species distributions, It may reduce
the persistence of marginal populations (Hoffmann and Blows, 1994), thus, limiting the
ability of this bee species to adapt to potential climate change scenarios.

The use of additional floral resources not considered in our biotic predictors could
have significant effects in determining the distribution of L. huberi. Thus, given their
alleged relationships with Malvaceae species in their original distribution, additional
studies of the natural and ecological history of this species, throughout its South

American occurrence range, may be required to determine whether this bee also depends
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on such pollen sources in its invaded area. In the future, if individuals of L. huberi were
observed collecting pollen from other plant species not considered here, it would be
ideal to re-evaluate the methods we used, also including these new biotic interactions as
biotic variables determining their distribution in South America. Additionally, the use
of plant species used by L. huberi as a nesting substrate, e.g. Euphorbia carinatum,
Euphorbia pulcherrima (Euphorbiaceae), Spathodea campanulata (Bignoniaceae) and
Eucalyptus spp. (Myrtaceae; Camillo et al., 1994) could be also considered. Specifically,
Eucalyptus spp. is nowadays widely planted in Brazil to obtain wood and coal, and may
be particularly important for the distribution of L. huberi (Silva et al., 2014).

In this study, we modeled the distribution of the seven host plants, recorded in
the literature as associated with L. huberi and used them as biotic components to
determine its potential distribution in South America, both in the current and in the
future climatic scenarios. Although the inclusion of model host distributions has
partially improved the ability of predictive methods to predict L. huberi distribution,
similar studies with other host plants, as well as with other biological contexts, should
be considered so biotic variables could be properly evaluated in ENMs procedures. In
general, we believe that new methodologies for the inclusion of biotic variables are
essential for the advancement and improvement of ENM in the future, further enhancing

their use in making practical conservation decisions.
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2.7 SUPPLEMENTARY MATERIALS
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Figure S. 2-1 Thinned occurrences for Ipomoea asarifolia (red dots) and ensembles of
distribution range of its predictions for the current and future scenarios (RCPs 2.6 to 8.5). The
maps for the future scenarios were generated by the weighted mean of all three methods
(Bioclim, MaxEnt, SVM) in all AOGCMs. The color scale corresponds to the values of
suitability for the three species in each of the current and future climatic scenarios. RCP:

Representative Carbon Pathway.
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Figure S. 2-2 Thinned occurrences Ipomoea bahiensis occurrences (red dots) and ensembles of
distribution range of its predictions for the current and future scenarios (RCPs 2.6 to 8.5). The
maps for the future scenarios were generated by the weighted mean of all three methods
(Bioclim, MaxEnt, SVM) in all AOGCMs. The color scale corresponds to the values of
suitability for the three species in each of the current and future climatic scenarios. RCP:

Representative Carbon Pathway.
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OCCURRENCES
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Figure S. 2-3 Thinned occurrences Ilpomoea cairica occurrences (red dots) and ensembles of
distribution range of its predictions for the current and future scenarios (RCPs 2.6 to 8.5). The
maps for the future scenarios were generated by the weighted mean of all three methods
(Bioclim, MaxEnt, SVM) in all AOGCMs. The color scale corresponds to the values of
suitability for the three species in each of the current and future climatic scenarios. RCP:

Representative Carbon Pathway.
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Figure S. 2-4 Thinned occurrences Ipomoea indica occurrences (red dots) and ensembles of
distribution range of its predictions for the current and future scenarios (RCPs 2.6 to 8.5). The
maps for the future scenarios were generated by the weighted mean of all three methods
(Bioclim, MaxEnt, SVM) in all AOGCMs. The color scale corresponds to the values of
suitability for the three species in each of the current and future climatic scenarios. RCP:

Representative Carbon Pathway.
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Figure S. 2-5 Thinned occurrences Ipomoea nil occurrences (red dots) and ensembles of
distribution range of its predictions for the current and future scenarios (RCPs 2.6 to 8.5). The
maps for the future scenarios were generated by the weighted mean of all three methods
(Bioclim, MaxEnt, SVM) in all AOGCMs. The color scale corresponds to the values of
suitability for the three species in each of the current and future climatic scenarios. RCP:

Representative Carbon Pathway.
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Figure S. 2-6 Thinned occurrences Ipomoea purpurea occurrences (red dots) and ensembles
of distribution range of its predictions for the current and future scenarios (RCPs 2.6 to 8.5).
The maps for the future scenarios were generated by the weighted mean of all three methods
(Bioclim, MaxEnt, SVM) in all AOGCMs. The color scale corresponds to the values of
suitability for the three species in each of the current and future climatic scenarios. RCP:

Representative Carbon Pathway.
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Figure S. 2-7 Thinned occurrences Merremia aegyptia occurrences (red dots) and ensembles
of distribution range of its predictions for the current and future scenarios (RCPs 2.6 to 8.5).
The maps for the future scenarios were generated by the weighted mean of all three methods
(Bioclim, MaxEnt, SVM) in all AOGCMs. The color scale corresponds to the values of
suitability for the three species in each of the current and future climatic scenarios. RCP:

Representative Carbon Pathway.
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CAPITULO 3

O IMPACTO DAS MUDANCAS CLIMATICAS NA DISTRIBUICAO
DE ABELHAS NATIVAS DA REGIAO NEOTROPICAL

Periddico a ser submetido:

Agriculture, Ecosystems & Environment

62



CLIMATE CHANGE WILL CONTRACT THE DISTRIBUTION RANGE OF
NEOTROPICAL CARPENTER BEES

ABSTRACT

Native bees are important providers of pollination services, directly impacting global
food production. There is cumulative evidence of their decline. Climate change is one
of the possible drivers of the decline of these pollinators. However, there is a of lack of
studies the effects of climate change in future distribution of native bees from the genus
Xylocopa Latreile, 1802 (Apidae: Xylocopinae: Xylocopini) and its occupation of
protected areas (PA). Xylocopa are the main pollinators from several plant families,
among them, one of great commercial interest, the passion fruit (Passiflora,
Passifloraceae). Our main objective here was to predict areas of present and future
potential distribution of three species: Xylocopa abbreviata Hurd & Moure (1963),
Xylocopa Truxali Hurd & Moure (1963) and Xylocopa vestita Hurd & Moure (1963).
We also estimated the proportion of the predicted area of each species occurring within
PAs, comparing the current climate scenario with four future scenarios. We used all
climate models of the four representative concentration pathways (RCP). To reduce
uncertainty in our results, we selected three models of each RCP by means of cluster
analysis. Our evaluation index was a statistical test based on the True Presence Rate
estimated by each method. Our results show that these bees will suffer reduction in their
potential distribution range due to global climate change, particularly in areas of central-
west Brazil. Since we also found significant reduction of suitable PAs, conservation

politics should be considered for these species.

Keywords: Xylocopini, Pollinators, Protected Areas, Ecological Services.
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3.1 INTRODUCTION

The impacts of climate change on ecological systems are expected to be
significant and to produce biological changes in (1) phenological relationships between
species (Ovalle-Rivera et al., 2015; Schweiger et al., 2012), (2) interspecific ecological
interactions (Aratjo and Rozenfeld, 2014; Tylianakis and Binzer, 2014) and (3) the
geographic distributions of species (Parmesan, 2006). Since climate is the primary
control of species distribution and ecological processes, climate change can lead to the
breakdown of interspecific associations among them (Pecl et al., 2017). The decline of
pollinators around the world has become a major conservation concern (Ghazoul, 2005;
Hegland et al., 2009; Potts et al., 2010; Steffan-Dewenter et al., 2005; Winfree et al.,
2009). Thus, understanding how they can respond to future climate change may show us
how ecosystem services will be affected by this climate changes, with potential
consequences for economic activity involved in pollination (Aizen and Harder, 2009),
ecosystems dynamics (Potts et al., 2010), as well for human well-being (Potts et al.,
2016).

Bees correspond to a very important group of pollinators with economic
relevance (Costanza et al., 2014; Kremen et al., 2007). To understand and anticipate
potential species substitutions in species communities, changes in their distributions
have been studied in detail (Fitzpatrick et al., 2007; Giannini et al., 2012; Memmott et
al., 2004). Agricultural intensification and intense pesticide use were claimed to be the
main causes for the decline of bees in Europe and North America (e.g, Fitzpatrick et al.,
2007; Goulson, 2003). Otherwise, studies in the Neotropical region suggest that the main
drivers of pollinator decline are deforestation (Nemésio et al., 2016) associated with
global climate change (Giannini et al., 2012; Martins et al., 2015).

Ecological Niche Modeling (ENM; also known as Potential Distribution Models
- but see Peterson and Soberon, 2012) constitute a common approach in the literature
both to assess the establishment of exotic species (Jiménez-Valverde et al., 2011), as
well to assess the impact of climate change on its distribution (Araujo and Peterson,
2012). Other studies have tried to predict how various species of bees will respond to
future scenarios of climate change. Ten species of Brazilian bees under different
scenarios of future warming showed range contractions in face of the potential effects
of climate change (Giannini et al. 2012). Future distributions were also modeled for the

rare bee species Euglossa marianae Nemésio (2011), which occupies highly fragmented
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habitats in eastern Brazil (Nemésio et al., 2016). In another study, four Xylocopa species
along with one of their main floral features, passion fruit, showed a change in their
predicted distribution, with greater effects on more tropical habitats (Giannini et al.,
2013b).

The genera Xylocopa Latreile, 1802 (Apidae: Xylocopinae: Xylocopini)
encompasses about 700 species widely distributed between New and Old worlds (Hurd
and Moure, 1963; Michener, 2007), with ~50 Brazilian species described (Hurd, 1978).
This genus has the highest diversity of species in the tropical and subtropical regions
with 31 subgenera described, with 11 of the New World and 19 in the Old World
(Michener, 2007). Xylocopa bees are also popularly known as “carpenter bees” due to
their habit of building nests in dead trees’ thin branches and/or hollow stems (Hurd and
Moure, 1963). According to climate conditions, carpenter bees could be uni-, bi- or
polivoltine (Watmough, 1974). The females of Xylocopa bees dehydrate the nectar they
obtain from flowers, increasing the concentration of sugar, and consequently, improving
the nutrition to their nestlings, allowing them to occupy a territory for a longer time
(Wittmann and Scholz, 1989). Information on plant relationships indicates that Xylocopa
species are poliletic (Gerling et al., 1983; Hurd, 1978). Important sources of pollen for
Xylocopas are plants with flowers that have porous anthers such as passion fruit
(Passiflora, Passifloraceae), Solanum (Solanaceae), Cassia, Senna, and Chamaecrista
(Caesalpiniaceae, Melastomataceae), whose pollen grains are collected by vibration and
sonication (Buchmann, 1983; Van Der Pul, 1954).

The carpenter bees are the main pollinators of plants of great commercial interest,
among them, one of strong dependency of these pollinators, regards the pollination of
the passion fruit (Passiflora, Passifloraceae) (Garcia and Hoc, 1997; Roubik, 1995;
Sazima and Sazima, 1989; Souza et al., 2004). The pollinator species richness
(Yamamoto et al., 2012), abundance (Camillo, 2003) and frequency of visitation
(Benevides et al., 2009) have been proved to increase the fruit set in passion fruit
orchards. Although passion fruit flowers may be manually pollinated, natural pollination
is cost free and increases the quality and quantity of fruits, providing higher income and
giving value to this commodity (Junqueira and Augusto, 2017). Thus, the conservation
of passion fruit natural pollinator should be encouraged.

Considering this context, our main objective was to evaluate the effects of global

climate change on the future distribution of three species of native carpenter bees of the
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Brazilian Cerrado, Xylocopa abbreviata Hurd & Moure (1963), Xylocopa Truxali Hurd
& Moure (1963) e Xylocopa vestita Hurd & Moure (1963). We used several methods of
ENM to predict areas of potential occurrence of these species. Finally, we also estimated
the proportion of the predicted area of each species occurring within environmental
protection units, comparing the current climate scenario with four scenarios of future
atmospheric carbon emissions (RCPs 2.6 to 8.5), from the most optimistic to the most

pessimistic ones, for the year 2070.

3.2 METHODS
3.2.1 Occurrence data

We obtained the geographic distribution data for the three bee species in three
ways: 1) in the entomological collections of the Universidade Federal do Parana and
the Universidade Federal de Minas Gerais; 2) field sampling; 3) literature review (Hurd
and Moure, 1963; Zanclla and Silva, 2010). The total database consisted of 36
occurrences of X. abbreviata, 15 occurrences of X. truxali as well as 9 occurrences of

X. vestita (Fig 3-1).
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Figure 3-1 Total occurrence data for the modeled bees Xylocopa abbreviata, Xylocopa truxali,
and Xylocopa vestita, including all sources composing the database. The names of the Brazilian

states cited along the text are shown in the figure.
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3.2.2 Selecting environmental variables and processing occurrences

We encoded all the processes of preparation and selection of variables, processing
of occurrences and operationalization of the predictive methods, in open source
language R (Development Core Team, 2018). We delimited the extension of the grid
cells of the predictor variables to South America. All variables were in the resolution of
2.5 arcmin (cells with ~ 4 km? on the equator). We collected all 19 climatic variables
(abiotic component), both for current period (interpolations of observed data,
representative of 1960-1990) and for each of the 11 Atmospheric Oceanic Global
Circulation Models (AGOCMs hereon) common at all four IPCC’s Representative
Concentration Pathways (RCP hereon) (RCP2.6, RCP4.5, RCP6.0 ¢ RCP8.5), with
projections for 2070 (average interpolations for 2061-2080). Such variables are freely

available in the online database WorldClim (www.worldclim.org; Hijmans et al., 2005).

Since modelling with all climatic variables may produce overfitted models (Jiménez-
Valverde et al., 2011), we selected our predictor variables using an Exploratory Factor
Analysis (EFA hereon) with VARIMAX axis rotation type.

The EFA is a method commonly used in the social sciences to identify the factors
(structure or axes) that highlights the correlation of each raw variable with each one of
these factors (Distefano et al., 2009; Lawley and Maxwell, 1962). (Distefano et al.,
2009; Lawley and Maxwell, 1962). We defined the number of factors in the EFA
graphically, by performing a scree test (Cattell, 1966) and analyzing the resulting plot
generated via the function fa.parallel from the psych package (Revelle, 2018). This test
showed us that only five factors, that reached observed eigenvalues higher than a random
expectation, were needed as environmental predictors for South America. Each one of
these factors provide a specific loading value, ranging from -1 to 1, for each variable,
where 1 represents the maximum correlation value to the factor (Cattell, 1966; Distefano
et al., 2009). Starting from our initial set of 19 abiotic variables for the present scenario,
we selected the variables with the highest loading value to represent each one of the five
EFA axes (Tab. 3-1). Therefore, our set of abiotic components was composed by: Mean
Diurnal Range (Bi1002); Isothermality (Bio03); Mean Temperature of Warmest Quarter
(Bio10); Precipitation of Driest Month (Biol4); Precipitation of Wettest Quarter
(Bio16).
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Table 3-1 Results of the Exploratory Factor Analysis, with VARIMAX axis rotation, among
the 19 WorldClim variables. Bold values represent loading greater than 0.8. Variables in bold

represent those that we maintained in our study.

FACTORS
VARIABLES COD. 1 P 3 4 5
Annual Mean Temperature bio01 0914 0.042 0.315 0.223 -0.103
Mean Diurnal Range bio02 -0.121 -0.358 -0.238 -0.194 0.865
Isothermality bio03 0312 0.109 0.842 0.278 -0.008
Temperature Seasonality bio04 -0.294 -0.014 -0.856 -0.376 0.177
Max Temperature of Warmest Month bio05  0.982 -0.040 -0.058 0.115 0.101
Min Temperature of Coldest Month bio06  0.782 0.124 0.451 0.279 -0.299
Temperature Annual Range bio07 -0.223 -0.220 -0.720 -0.302 0.536
Mean Temperature of Wettest Quarter bio08  0.920 0.045 0.193 0.141 0.024
Mean Temperature of Driest Quarter bio09  0.777 0.039 0.420 0.275 -0.247

Mean Temperature of Warmest Quarter  biol0  0.985 0.051 0.046 0.130 -0.071

Mean Temperature of Coldest Quarter bioll  0.821 0.041 0.474 0.281 -0.137
Annual Precipitation biol2 0280 0.527 0.303 0.720 -0.129
Precipitation of Wettest Month biol3 0351 0.190 0.342 0.835 -0.127
Precipitation of Driest Month biol4 -0.010 0.956 0.142 0.209 -0.106
Precipitation Seasonality biol5  0.039 -0.686 0.222 0.032 0.282
Precipitation of Wettest Quarter biol6  0.349 0.207 0.340 0.837 -0.119
Precipitation of Driest Quarter biol7  0.009 0946 0.150 0.250 -0.120
Precipitation of Warmest Quarter biol8 0.136 0.548 0.181 0.415 0.138
Precipitation of Coldest Quarter biol9  0.153 0.430 0.185 0.551 -0.297

Usually, the climatic variables derived for future scenarios and widely used in
ENMs studies are generated by the production of several AOGCMs by independent
research organizations. Broadly speaking, these models are mathematical

representations of physical processes operating in the atmosphere, ocean, cryosphere,
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and on the earth's surface (Stocker et al., 2013). Each AOGCM has its peculiarities,
since each one uses a unique set of equations to simulate the climatic dynamics. Thus,
differences in the initial configuration and in the algorithms that generate this model
inevitably lead to different environmental predictions (McGuffie and Henderson-Sellers,
2014). In contrast to the current scenario, where we modeled the species with only one
AOGCM available in Worldclim, for the future scenarios, we used several AOGCMs
available for the four RCPs available in WorldClim. To reduce the repeatability between
models that are similar and that may increase the uncertainty of the predictions (Varela
et al., 2015), we used a hierarchical clustering analysis (HCA hereon) to select the
appropriate AOGCMs along all four RCPs.

To maintain the models’ comparability, we initially selected only the 11
AOGCMs common to the four RCPs. Then, we built four initial arrays, one for each
RCP, with the 19 variables of the 11 AOGCMs, using the abind function from the
package abind (Plate and Heiberger, 2016). We classified the models into groups using
the correlation between their predictions. Finally, we used the hcluster function from
the package amap (Lucas, 2018) to proceed with our HCA, ordering the similarities
among the predictions of the models based on the correlation between the predictions in
the AOGCMs among the same variables. We set the maximum number of clusters to
four. Finally, we analyzed all AOGCM from the four resulting dendrograms following
the criteria of 1) be in only one of the four groups of the individual cluster and 2) be
present in all four dendrograms referring to each RCP. Hence, we selected the AOGCMs
CCSM4, IPSL-CMSA-LR and MIROC-ESM in all RCPs as our future variable sets, to
represent the future distribution of our modeled species (Fig. 3-2).

To avoid potential effects of spatial autocorrelation between the occurrences of
the eight species (one bee and seven host plants) (Fig. 3-3A), we used the spThin
package (Aiello-Lammens et al., 2015) to eliminate occurrences that were very close to
each other(Fig. 3-3B). We only kept the occurrences that were at a minimum distance
of 20 km from each. After the geographic space filtering process, the total of spatially
unique occurrences remaining for each species was 27 occurrences for X. abbreviata, 8
occurrences for X. truxali, and 8 occurrences for X. vestita.

We divided the occurrences of all species into 10 training-test subsets, where in
each of these subsets, 70% of the occurrence records randomly composed the replication

training groups, while the remaining 30% were assigned to the testing subsets (Fig 3-3
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C). We used the same subsets in the same order in all our modelling runs for all climatic

scenarios considered here.
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Figure 3-2 Hierarchical clustering of the 11 AOGCM:s according to the correlation between all
19 climatic variables for the future scenarios in A) RCP 2.6, B) RCP 4.5, C) RCP 6.0, and D)
RCP 8.5. ¥ indicates the selected AOGCMs in all scenarios: CCSM4, IPSL-CMSA-LR and
MIROC-ESM. RCP: Representative Carbon Pathway.

3.2.3 Modelling procedures and evaluation

Given the predictive methods’ individual bias and the uncertainty nature of the

ENM, different predictive methods may result in different patterns of distribution of the
modeled species (Barry and Elith, 2006; Rocchini et al., 2011). Thus, we predicted the
three carpenter bees potential distribution through four different predictive methods (Fig
3-3 D): 1) BIOCLIM (Booth et al., 2014; Nix, 1986), implemented via bioclim function
from dismo package (Hijmans et al., 2017); 2) Maximum Entropy (MaxEnt; Phillips et
al., 2006; Phillips and Dudik, 2008), using the MaxEnt function from dismo package,
loaded in the MaxEnt program installation; 3) Support Vector Machines (SVM,;
Scholkopfet al., 2001; Tax and Duin, 2004), modeled by the ksvm function from kernlab
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package (Karatzoglou et al., 2004); 4) Gower distance (Gower, 1971), implemented via

the domain function from the dismo package.
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Figure 3-3 Summary of the modeling procedures. (A) Occurrences datasets. (B)
Filtering of occurrences in the geographic space. (C) Partitioning occurrences in test
training subsets. (D) Models parameterization and general modeling procedures. (E)
Predictions evaluation. (F) Ensembles of all predictions produced by all methods by

scenario.

One way of evaluating the predictions, commonly used by ecologists, is through
metrics associated with pseudo-absences, where absence data are generated to fill the
lack of knowledge regarding real absences. In this type of evaluation, after the
determination of the predictions by means of some threshold that makes the balance
between the errors of omission and commission (e.g. the ROC threshold; Liu et al.,
2011, 2005), the predictions are evaluated by a metric compatible with pseudo-absences
(e.g. true skill statistic; TSS; Allouche et al., 2006). This type of evaluation may
represent conceptually flawed analysis given the unreal nature of pseudo-absence data
(Golicher et al., 2012; Hirzel et al., 2006; Lobo, 2016; VanDerWal et al., 2009).
Moreover, different scales applied in the creation of distribution maps using pseudo-
absences may generate divergent final results depending on the proximity to the

occurrences of the known species (Lobo and Tognelli, 2011; VanDerWal et al., 2009).
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Thus, to avoid these potential setbacks, we grounded our modelling procedures in using
presence only methods. The statistical test we adopted here, D, was adapted from
Pearson et al., 2007 , defined simply as

D = TPR * (1 — pi)
Where, TPR refers to the True Presence Rate (TPR), and pi refers to the proportion of

the area predicted as presence for the species.

Here, we only changed the logic of weighting success binarily (hit/miss),
described by Pearson ef al. (2007), for a rate of success in percentage, i.e. ranging from
0 to 1. Models that predict the entire area of study as the presence of the species are
trivial, as they also predict all occurrence points as true (Golicher et al., 2012; Pearson
et al., 2007). This metric was used as the weight of the weighted average used for
ensemble the predictions from all predictive methods (Fig. 3-3 E). Thus, low values of
D indicate models of low predictive ability and assume a negligible weight in the
ensemble, since they are reflected directly in the final weighted suitability. Otherwise,
models with high predictive ability would be those that predict a relatively small area as
the presence of the species and, even so, they predict the known occurrences of the target
species. These models with higher D values contribute with greater importance for the
final ensemble (Hirzel et al., 2006; Pearson et al., 2007; Peterson et al., 2011;
Shcheglovitova and Anderson, 2013).

We ensemble the 10 prediction replicates, both for the current as well for all four
future scenarios, into a single map for each scenario, via a weighted average with all
predictions made from each predictive method. We repeated this process in all modeling
experiments for X. abreviata, X. truxali, and X. vestita which were modeled in the all
climate scenarios modeled (one for the current scenario and four RCPs for the future
scenarios) (Fig. 3-3 F).

Considering all ensembles of the four future scenarios, we used a consensus
method to produce the final future distribution of all the three species. We calculated
the no-omission threshold from the ensemble of the current scenario. Then, we delimited
each of the four future models with values above such threshold to produce a final mean
distribution of the species for the future. We used the final sets of each climatic scenario
(present and future) and the no-omission threshold to assess the amount of predicted
proportion of the distribution range of the three carpenter bees that is covered by

protected areas. To do this, we obtained shapefiles of protected areas (PAs hereon) in
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South America from Protected Planet (https://www.protectedplanet.net/), the online

Interface of the World Database on Protected Areas (WDPA). To carry out this analysis,
we consider only the strict reserves, those of categories I to IV of the IUCN, in both
shapefiles. The shapefiles we obtained were rasterized, considering the grid cell sizes
we used in our modelling procedures, in all climatic scenarios used. All R scripts written

for our modelling procedures are available at https://github.com/miltonmta/xylocopas

3.3 RESULTS

The predicted distributions of the three modeled species showed good D values,
considering all methods (Tab 3-2). Overall, in the current scenario, the Brazilian central-
west and western regions, were always predicted to be suitable for the occurrence of all
these bees, but there were suitable patches predicted in western Bolivia for X. abbreviata
and X. truxali. The resulting distribution of the three species for the future scenarios
showed a clear trend, despite the intrinsic differences of the methods considered
(AOGCMS and the emission scenarios): the appropriate climatic conditions observed in
the present will retreat to the South, in all climatic scenarios (Fig. 3-4). It is also possible
to note a significant loss of suitable areas in the central region of South America, for the
three species considered here. The most restricted distribution was the consensus of RCP
8.5 for three bee species. (Fig.3-4). According to these combinations, the three species
may occupy Brazilian areas ranging from Southward Minas Gerais and Northeastward
of Sao Paulo. To a lesser extent, X. abbreviata and X. truxali may occupy isolated

regions in the central-western region of Bolivia (Fig. 3-5).

Table 3-2 Results obtained for each method by predicting the current potential distribution of
Xylocopa abbreviata, Xylocopa vestita and Xylocopa truxali, modeled with WorldClim

interpolations of observed data, representative of 1960-1990.

METHOD D (average + Standard Deviation)

X. abbreviata X. vestita X. truxali
Bioclim 0.489 + 0.426 0.397+0.314 0.296 = 0.345
MaxEnt 0.797 £ 0.085 0.448 +0.249 0.574 +0.184
SVM 0.838 +0.097 0.582 +0.200 0.609 +0.266
Gower 0.702 +0.102 0.683 £+ 0.249 0.727 £ 0.347
All Methods 0.707 + 0.258 0.552 +0.324 0.552 +0.324
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Figure 3-4 Occurrences and distribution predictions for Xylocopa abbreviata, Xylocopa truxali, and Xylocopa vestita. The color scale corresponds
to the suitability values for the three species in each of the current and future climate scenarios (RCPs 2.6 to 8.5) considered. The maps for the
current scenario were generated by the weighted mean of all predictive methods. The maps for the for the future scenarios were generated by the

weighted mean of all four predictive methods (Bioclim, Gower, MaxEnt, SVM) in all AOGCMs. RCP: Representative Carbon Pathway.
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Figure 3-5 Comparison of current and ensemble future predictions for Xylocopa abbreviata,
Xylocopa truxali, and Xylocopa vestita. The maps for the future were generated by the average
suitability of the four RCP scenarios, for each species. The color scale corresponds to the

suitability values for the three species in each of the current and future climate scenarios

considered.
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Overall, the amount of PAs for all species will decrease in the future in
comparison to the current scenario (Tab. 3-3). Even though, for some species it seems
that the PA percentage increases in the future, since the overall distribution range area
for the species decreases, the absolute protected range areas in the will also decrease.
Additionally, for all three species, the amount of range in the future was at least 75%
smaller in comparison to their range size found in the current scenario. For example,
only 17.07% of X. abbreviata’s current predicted range (78,404 grid cells) were
predicted in the future (13,379 grid cells), accounting for 83.93% of range loss.
Moreover, suitability loss within protected areas utmost relevant, for instance X.
abbreviata’s will lose 88.94% of its current projected areas. This very same trend was
observed for X. truxali (~9% of the areas predicted in the current scenario were suitable
in the future and ~70% of protected areas loss) and X. vestita (only ~1% of the areas
predicted in the current scenario were suitable in the future and ~90% of protected areas

loss).

Table 3-3 Distribution range size (in grid cells) in both present and future ensemble
distributions (all scenarios) and percentage of distribution range and protected areas loss in both
present and future scenarios for Xylocopa abbreviata, Xylocopa truxali, and Xylocopa vestita.
The numbers within brackets in the columns regards the percentage of protected distribution

range for each species refer to the raw amount of grid cells predicted within protected areas.

Current Future Protected
Current Future Range
] rance N loss protected  protected range
Species & range range loss
X. abbreviata 78404 13379 82.93% 2369 362 88.94%
X. truxali 26170 2396 90.84% 571 179 68.65%
X. vestita 10397 114 98.90% 273 18 93.30%

Considering the current and consensual future (average off all four RCPs by each
species) potential distributions obtained with all different predictive methods, X.
abbreviata, X. truxali, and X. vestita are expected to occur in some of the available South
American protected areas (Fig. 3-6). Nonetheless, Brazilian southeastern protected areas
may provide better refuges than northwestern ones, which is set to lose most of the

current suitable overlapping.
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Figure 3-6 Current and future distribution ranges for Xylocopa abbreviata (A and B), Xylocopa
truxali (C and D), and Xylocopa vestita (E and F) overlapped with Brazilian’s strict use
protected areas network (IUCN’s classes I to IV). The three maps for the future scenario
represent the consensual distribution all maps obtained from the ensembles of each
Representative Concentration Pathway. Green polygons refer to the suitable area above the
threshold no-omission obtain from the present ensemble by each species. Yellow polygons refer
to Brazilian’s protected areas overlapping with the species’ predicted range. Red polygons refer
to the protected areas not suitable for the species. PA: protected areas of biodiversity in South

America.
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3.4 DISCUSSION

Here, we produced the first prediction of range distribution for the carpenter bees
X. abbreviata, X. truxali, and X. vestita, under both current and future scenarios with
different levels of predicted climate changes, from the most optimistic to the most
pessimistic one, but also intermediary scenarios for 2070. Furthermore, we estimated
the amount of their ranges that are and will be potentially protected considering the
current network of the strict use conservation units in South America. In addition, we
observed that the potential range of the species is expected to shift southeastwards in
response to the potential climate changes around the year 2070.

Our results show that these carpenter bees may suffer a significant reduction in
their distribution areas due to climatic changes, particularly in areas of the Midwest. We
report high loss levels of both suitable areas and environmental protected areas
specifically. For instance, X. vestita will potentially loose, respectively, ~98% and ~90%
of its range into the next 50 years. This result is consistent with the findings of a previous
study that investigated the overall impact of climate change on pollination services in
Brazilian native species. Based on two different climate scenarios for the years of 2050
and 2080, Giannini et al. (2012) showed a reduction of the total of suitable areas for
nine out of ten species of Brazilian native bees. Nonetheless, this result was the opposite
for more generalist species (Silva et al., 2015), exotic species (Silva et al., 2017), or
even species from more xeric regions in Australia (Silva et al., 2018).

Besides Giannini et al. (2012), we have knowledge of only six previous studies
that analyzed future climate change scenarios for Brazilian bees (Giannini et al., 2017a,
2017b, 2013a; Martins et al., 2015; Nemésio et al., 2016; Silva et al., 2015), and only
one of them modeled the distribution of Xylocopa species. For one of the species
evaluated in Giannini ef al. (2013), there was a potential loss of about 90% of the area
of occupation predicted for it in the next 40 years. On the same direction, Martins et al.
(2015) showed that the distribution of the Neotropical bee Bombus bellicosus Smith,
1879 should move to southwards to climatically more favorable areas in the South
American continent. The only case of range expansion in the future scenarios was shown
by Silva et al. (2015), where the orchid bee Eulaema nigrita Lepeletier (1841) is
expected to increase its future range, especially in deforested man-related areas. The
rare orchid-bee, Euglossa marianae Nemésio (2011), which occupies highly fragmented

habitats in eastern Brazil, is expected to be resistant to climate change, still the
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fragmentation of its natural habitats may prevent its long-term survival in and increase
its risk of extinction (Nemésio et al., 2016). In another study, Giannini et al. (2017a)
detected a possible suitability change for populations of the stingless bee, Melipona
subnitida Ducke (1910), towards the edges of its current distribution range in the future,
with consequent disconnections with the central core of its current distribution. Such
future change threatens the dispersion ability and the gene flow among populations of
this species and puts it at risk of future extinction Finally, the most recent study showed
the negative impacts of climate change on agricultural production of crop plants due to
the reduction of important pollinating bee species (Giannini et al., 2017b).

Understanding a species’ ecological and biological requirements, may improve
the chances of its future conservation. Regrettably, basic ecological information
regarding many of interspecific interactions the modeled carpenter bees (and other
Neotropical insects in general) remain unknown (the so called Eltonian shortfall;
Cardoso et al., 2011; Hortal et al., 2015), and the possibility that these bees change their
future ranges implies that the interactions they maintain with plant species will be kept
or they may develop new interactions with other plant species. The eventual loss of
interactions the species currently maintains with plant species in the Brazilian Cerrado
savanna is also likely. In this scenario, while these bees’ ranges contracts
southeastwards, the plants they interact with may dislocate elsewhere, disrupting their
interaction, both phenologically (Memmott et al., 2007) and/or geographically
(Parmesan and Yohe, 2003; Schweiger et al., 2012, 2008).

The use of ENMs to endorse decision makers regarding species conservation in
the future climate change scenarios is not a negligible task, primarily due to the resulting
potential distributions are impossible to be truly validated at the field (Aragjo et al.,
2005), since the future is yet to come. Additionally, the AOGMs we used may be
underestimated and the climate change effects may be even worse than previously
expected (Fischer et al., 2018; Steffen et al., 2018) and the results we obtain,
consequently, wrong. Nonetheless, ENMs are still one of the best alternatives to discuss
species conservation under future climate change (Guisan et al., 2013; Hannah et al.,
2007). The current network of PAs distributed in South America, especially those in
Brazil’s southeastern portion, could be able to protect small non-related portions of the
modeled carpenter bees under both the current and the future climate change scenarios.

Regardless, the presence of the modeled species within a PA in the current scenario does

79



not quite mean they will be protected in the future. The current effectiveness of a PA in
protecting these carpenter bees (and other bee species as well) may vary, especially
because such areas were, generally, created without any ecological criteria (Asaad et al.,
2017). In addition, when we consider the future climate change scenarios, the current
network of protected areas will not be enough to protect species (Hannah et al., 2007).
Considering this situation, future implementation of new PAs need to be based on
ecological theories rather than only on the subjective criteria, such as scenic beauty or
political interests (Asaad et al., 2017; Hannah et al., 2007).

The need for countries around the world to assess the impacts of climate change
on pollination of economically farmed species and their potential effects on food
security was discussed by the World Summit on Food Security (FAO, 2009). Food
security involves physical, social, and economic access to food at all times for all people
(FAO, 2009), in order to meet their food needs and preferences. Thus, climate change
can significantly affect food security by altering crop growth and yield (Costanza et al.,
2014), impact on crop prices, cause land abandonment, migration, and urbanization (Yu
et al., 2012). This is particularly significant as the pollination services provided by
native bees are important for maintaining the diversity of natural ecosystems as well as
for agriculture and food production (Costanza et al., 2014).

Globally, climate chance is expected to cause a 14% per capita decline in cereal
production by 2030 (Funk and Brown, 2009). It is expected that Brazilian crop
production may be affected by climate change, but the development and the use of proper
agricultural technology could drive productivity positively, despite the effects of the
worst climate change effects projected for some crops, as soybean (Caetano et al., 2018).
The projected total loss in Brazilian production estimated by 2070 ranges from 2 to 5
billion dollars (Pinto et al., 2008). Therefore, it is important to outline strategies aiming
to reduce pollinators population declines (Giannini et al., 2017a) and, simultaneously,
improve crop productivity by promoting better income for farmers and helping to
minimize the additional losses of natural areas for agriculture (Costanza et al., 2014;
Pecl et al., 2017). Henceforth, continuous efforts to elucidate how pollinators species
will be distributed in the future, foremost increasing the area and representativeness of
PAs, is highly recommended to assure the continuity of ecological function and
Humanity well-being in times to come. In this direction, our results are even utmost

alarming, considering the current Brazilian policies of weakening federal environmental
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organs and signaling disregarding Global Climate Change policies, ignoring the direct
impacts of pollination decline on Brazil’s largest economic activity and the Brazilian

greatest current commodity: agriculture.
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CAPITULO 4

CONCLUSOES GERAIS

Os resultados do capitulo um mostraram que a inclusdo do componente biotico
melhorou nosso modelo para a abelha exo6tica no método preditivo MaxEnt, mas ndo
para Bioclim e SVM. A modelagem de distribuicdo potencial de L. huberi no cendrio
presente foi mais influenciada pelo tratamento com predi¢des isoladas de cada planta
associada transpostas em mapa de presenga auséncia (SEP-PA), dentre os cinco
tratamentos variando composi¢des de componentes bidticos (CLIMA, SEP-PA, STK-
PA, STK-SUIT, SEP-SUIT). Assim, selecionamos SEP-PA para modelar a distribuicdo
futura de L. huberi. Identificamos que distribuicdo de areas adequadas a L. huberi tende
diminuir com deslocamento expressivo para o Norte das areas atualmente ocupadas na
América do Sul em todos os cendrios considerados, com destaque no cenario mais
pessimista (RCP 8.5), tanto para L. huberi quanto para as sete espécies de plantas.

Ja no capitulo dois as trés espécies de abelhas nativas perderam significativas
areas atualmente ocupadas, especialmente na regido centro-oeste brasileira, com reducado
total detectada de 82.93% para X. abbreviata, 90.84% para X. truxali e 98.90% para X.
vestita. Em reflexo disso, as areas de protecdo ambiental atualmente ocupadas também
sofrerdo perdas no futuro contabilizando reducdo de 88.94% para X. abbreviata, 68.65%
para X. truxali, e 93.30% para X. vestita. Esses resultados sdo ainda mais alarmantes,
considerando-se as atuais politicas brasileiras de enfraquecimento dos 6rgdos ambientais
federais e sinalizagdo de se desconsiderar as politicas internacionais de mitigacdo as
Mudancas Climaticas, ignorando os impactos diretos do declinio da polinizagdo na maior
atividade econdmica, e atualmente a maior comddite, do Brasil: a agricultura.

A falta de conhecimento sobre os efeitos das mudangas climaticas no
comportamento de abelhas e como suas distribui¢des podem ser afetadas ¢ preocupante
em muitos niveis, particularmente, em impactos nas relagdes interespecificas, nos
servicos ecossistémicos economicamente significantes a producdo agricola global bem
como na manutencdo da diversidade do Cerrado, um dos hotspots mundiais para
conservagdo da biodiversidade. Portanto, esfor¢cos continuos para elucidar como as
espécies sdo potencialmente distribuidas, hoje e no futuro, sdo de extrema importincia
em um mundo que estd sempre mudando, especialmente devido ao resultado das

atividades humanas. Nos esperamos que os resultados apresentados aqui, eventualmente,
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deixem fundamentos tedricos a tal proposito e que sirvam tanto aos interessados em
estudar modelos de nicho com inclusdo das interagdes Eltonianas, quanto aos
conservacionistas para que possam tomar medidas mitigadoras, presentes e futuras, dos

impactos ou danos decorrentes dos temas abordados em cada estudo.
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