SBL

SISTEMA DE BIBLIOTECAS DA UNICAMP

UNICAMP

UNIVERSIDADE ESTADUAL DE CAMPINAS
SISTEMA DE BIBLIOTECAS DA UNICAMP
REPOSITORIO DA PRODUGAO CIENTIFICA E INTELECTUAL DA UNICAMP

Versao do arquivo anexado / Version of attached file:

Versao do Editor / Published Version

Mais informacoes no site da editora / Further information on publisher's website:
https://onlinelibrary.wiley.com/doi/full/10.11411/ddi.13007

DOI: 10.1111/ddi.13007

Direitos autorais / Publisher's copyright statement:
©2019 by Wiley. All rights reserved.

DIRETORIA DE TRATAMENTO DA INFORMAGAO

Cidade Universitaria Zeferino Vaz Barao Geraldo
CEP 13083-970 — Campinas SP
Fone: (19) 3521-6493
http://www.repositorio.unicamp.br


http://www.repositorio.unicamp.br/

Received: 12 December 2018

Revised: 14 October 2019

Accepted: 22 October 2019

DOI: 10.1111/ddi.13007

BIODIVERSITY RESEARCH

WILEY

Effects of landscape modification on species richness patterns
of fruit-feeding butterflies in Brazilian Atlantic Forest

Jessie P. Santos®
Humberto Vancine®

'Departamento de Biologia Animal, Instituto
de Biologia, Universidade Estadual de
Campinas (UNICAMP), Campinas, Brazil

2Departamento de Botanica e Ecologia,
Universidade Federal de Mato grosso
(UFMT), Cuiaba, Brazil

3Departamento de Ecologia, Instituto de
Biociéncias, Universidade Estadual Paulista
(UNESP), Rio Claro, Brazil

Correspondence

Jessie P. Santos and André V. L. Freitas,
Universidade Estadual de Campinas
(UNICAMP), Departamento de Biologia
Animal, Instituto de Biologia, Campinas, SP,
Brazil.

Emails: jessiepereira@gmail.com (JS); baku@
unicamp.br (AF)

Funding information

Programa de P6s Graduacao em Ecologia—
Unicamp; CAPES; FAPESP, Grant/Award
Number: 2011/50225-3 and 2017/09676-8;
CNPq, Grant/Award Number: 302585/2011-
7 and 303834/2015-3; NSF, Grant/

Award Number: DEB 1256742; SISBIOTA-
Brasil/CNPq, Grant/Award Number:
563332/2010-7

Editor: Alan Andersen

| Thadeu Sobral-Souza?
| Milton C. Ribeiro®

| Keith S. Brown Jr! | Mauricio
| André V. L. Freitas!

Abstract

Aim: To assess the distributional patterns of fruit-feeding butterfly species richness
in Atlantic Forest (AF) based on stack species distribution models (SSDM); to evalu-
ate the relative contribution of climate and landscape in the patterns of butterfly
species richness; and to recommend conservation guidelines for AF regions based on
the obtained results.

Location: Brazilian Atlantic Forest.

Methods: We used SSDMs to generate potential distribution maps of butterfly spe-
cies richness in AF. Our dataset comprises 7,062 records of 279 species, distributed
across 122 local communities. We built richness maps based on climate and land-
scape models and analysed them separately to understand their contribution to the
pattern of richness distribution. Then, we combined both models to build a consen-
sus map. Finally, we designed specific conservation strategies based on richness cat-
egories distributed on the consensus map.

Results: The regions with high-predicted species richness for both climate and land-
scape models supported the main endemism locations described for other AF taxa
in previous studies. Both models predicted intermediate values of species richness
for most regions, but the patterns of richness distribution were not fully congruent.
High species richness based on landscape metrics was frequently concentrated in the
south. Furthermore, locations suitable for high species richness according to climate
are near to the endemism centres, but also to dense urban centres, highlighting the
potential impacts of the landscape modification on butterfly species richness.

Main conclusions: The distribution of fruit-feeding butterfly species richness and
endemism reflect the classic division of AF in different sub-regions according to the
endemism centres proposed by previous authors for other taxa. The availability of
forested habitats seems to be a determining factor for the maintenance of high spe-
cies richness in AF. Therefore, the loss of natural forest remnants due to landscape

modification is the primary threat to butterfly diversity.
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1 | INTRODUCTION

Extensive human-induced activities have been altering the dynam-
ics and functioning of ecosystems over the last decades, affecting
both biodiversity and societal wellbeing (Cardinale et al., 2012;
Hooper et al., 2012). Recent findings indicated that anthropogenic
climate disruption and modification of natural habitats are the main
drivers of species loss (Dirzo et al., 2014). Therefore, understand-
ing biodiversity distribution patterns is an important step towards
identifying priority areas and proposing more effective conserva-
tion policies to decrease the current biodiversity crisis (Margules &
Pressey, 2000; Myers, Mittermeier, Mittermeier, Fonseca, & Kent,
2000).

Mapping areas of high species richness is one of the prox-
ies used for the establishment of priority areas for conservation
(Ceballos & Erhlich, 2006; Jenkins, Pimm, & Joppa, 2013). The
success of this approach is based on the premise that conserving
the richer areas necessarily implies in preserving more species.
However, conservation networks built under this criterion may
not cover the species with small-range distributions (Nobrega &
de Marco, 2011; Veach, Di Minin, Pouzols, & Moilanen, 2017).
Therefore, both species richness and endemism are required to es-
timate the conservation value of a given area (Faith, Reid, & Hunter,
2004; Kier et al., 2009). Advanced macroecological techniques are
increasingly able to fill the gaps in biodiversity knowledge (Hortal
et al.,, 2015; Nobrega & de Marco, 2011; Siqueira, Durigan, de
Marco, & Peterson, 2009). Thus, the use of species richness and
endemism allied to the niche modelling techniques may represent
an effective approach in conservation protocols (Costa, Nogueira,
Machado, & Colli, 2010).

Climate and the barriers of dispersion are considered the main
structuring factors of communities on a regional scale, from a hi-
erarchical perspective of importance (Cornell & Harrison, 2014;
Willig, Kaufman, & Stevens, 2003). Based on a species' physiologi-
cal responses, one can identify the combination of climatic variables
(i.e. the bioclimate envelope) that determine its distribution and
then predict its potential distribution at broad-spatial scales (Guisan
& Zimmermann, 2000; Pearson & Dawson, 2003). Conversely, at
narrow-spatial scales, land use processes can be more important
in determining species' distributions (Pearson & Dawson, 2003). A
framework considering this hierarchical role of broad and narrow
processes on the moulding of macroecological patterns of biodiver-
sity has already been proposed, but has been rarely tested (Guisan &
Rahbek, 2011). Therefore, tests involving the effects of narrow-scale
processes on macroecological patterns are important, especially in
highly human-impacted areas.

The Atlantic Forest (hereafter AF) domain occurs along a long lat-
itudinal gradient of the Brazilian coast, extending west inland to areas
of Paraguay and Argentina (Morellato & Haddad, 2000; Tabarelli,

Aguiar, Ribeiro, Metzger, & Peres, 2010). The AF suffered for cen-
turies from the overexploitation of its natural resources and human
land occupation (Laurance, 2009), causing large-scale landscape
modification and forest fragmentation (Ribeiro, Metzger, Martensen,
Ponzoni, & Hirota, 2009). These threats, coupled with high rates of
species endemism, make the AF a biodiversity hotspot and one of
the three biomes that are most vulnerable to global change (Bellard
et al., 2014; Myers et al., 2000). However, the effect of landscape
modification on AF biodiversity in a macroecological perspective still
requires investigation.

Historical climate and geological processes are traditionally con-
sidered the drivers of the high rates of endemism and diversity in
the AF (Sobral-Souza & Lima-Ribeiro, 2017). One of the most well
known hypotheses, for example, links diversification rates to the
regions that remained stable through the historical climatic fluctu-
ations and served as refuges for forest species (Carnaval & Moritz,
2008; Graham, Moritz, & Williams, 2006). On the other hand, recent
processes, such as the wide-scale conversion of native forest into
human-modified landscapes, have been leading the AF to alarm-
ing rates of habitat loss (Tabarelli et al., 2010). The effectiveness of
conservation efforts depends on a clear understanding of both (a)
the contribution of climate to species distribution, and (b) species'
responses to human-modified landscapes. Notwithstanding, some
variables related to landscape ecology, such as forest cover, land
use and habitat change, are generally neglected in macroecological
modelling processes (Carnaval & Moritz, 2008; Carnaval et al., 2014;
Metzger, 2001).

Here, we modelled the distribution of fruit-feeding butterfly
species using both climate variables and landscape metrics, to un-
derstand the patterns of species richness distribution in the AF.
Tropical butterflies are considered good models for ecological stud-
ies due to their sensitivity to environmental changes (Bonebrake,
Ponisio, Boggs, & Ehrlich, 2010). More specifically, the guild of
fruit-feeding butterflies, whose adults primarily feed on rooting
fruits, are employed as model organisms for environmental moni-
toring and conservation (Barlow, Overal, Araujo, Gardner, & Peres,
2007; Freitas et al., 2014; Ribeiro & Freitas, 2012; Santos, Marini-
Filho, Freitas, & Uehara-Prado, 2016). Given the dependence on
fruit and carrion resources (Horner-Devine, Daily, Ehrlich, & Boggs,
2003), the availability of natural forest habitats is essential for
the maintenance of fruit-feeding butterfly species. Therefore, we
hypothesized that the regions in which the large Atlantic Forest
remnants are located would exhibit higher fruit-feeding butterfly
species richness. Based on the above scenario, here we addressed
the following questions: (a) How is the pattern of fruit-feeding
butterfly richness distribution in the AF? (b) Are the patterns of
species richness distribution predicted by climate conditions and
landscape metrics congruent? Finally, we discuss conservation is-

sues based on the obtained results.
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2 | METHODS
2.1 | Study area

The Atlantic Forest (AF) roughly comprises two major vegetation
types: the coastal Atlantic Rainforest and the Atlantic Semideciduous
Forest (Morellato & Haddad, 2000). Based on a non-objective
analysis of three biological groups distribution (birds, primates and
swallowtail butterflies), Silva and Casteleti (2003) proposed a di-
vision of the AF into five sub-regions, namely: (a) Bahia, (b) Brejos
Nordestinos, (c) Pernambuco, (d) Diamantina and (e) Serra do Mar
(endemism centres), and three transitional regions: (a) Sdo Francisco,
(b) Araucaria forest and (c) Interior forests (Figure 1). This scheme
was followed by Ribeiro et al. (2009), and several other subsequent
authors since then. Currently, 70% of the Brazilian population are
settled within the AF domain and the natural forest cover is con-
fined to approximately 11% of its original extent (Ribeiro et al., 2009;
Tabarelli et al., 2010). In this study, we followed the Atlantic Forest
delimitation proposed by Muylaert et al. (2018).

2.2 | Species database

We used a large dataset of fruit-feeding butterfly communities from
the Atlantic Forest, which consists of a compilation of published and
unpublished records from 1949 to 2018. It comprises 7,062 occur-
rence records of 279 species, distributed across 122 well-sampled
local communities. The association of historical species records with
landscape metrics in niche modelling analysis is potentially problem-
atic. As the landscape changes in time, their current metrics may
not represent an equivalent niche from the time of the species re-
cords. However, most species records in our dataset pertain to local
communities sampled during the last 20 years, which endorses syn-
chrony with the landscape metrics (Figure S1.1). More details about
the dataset can be found in Santos et al. (2018). We modelled the
distribution of the 146 fruit-feeding butterfly species represented
by at least 10 occurrence points. The remaining 133 species (with
<10 occurrence points) were considered here as endemic or rare
species and were counted only in the grid cells of occurrence and

then summed to the final maps of richness.

2.3 | Climate and landscape variables

First, we built species-specific distribution models (SDMs) for land-
scape and climate variables separately. We separated these models
to infer differently scaled processes driving species distributions
(narrow and broad-scale ecological filters processes, respectively).
Climate is known to be a driver of species distributions at broad-scale
(Soberén & Nakamura, 2009) and landscape modification through
habitat fragmentation is associated with major biodiversity changes,
including species loss and local persistence at narrow-scale (Haddad
et al., 2015; Thompson, Rayfield, & Gonzalez, 2017). Although we

consider the hierarchical effects of climate and landscape, we con-
structed our SDM models with both variables in the cell-size reso-
lution of 1 km?. We chose this resolution based on the differential
occupation of butterfly species on ecological gradients in response
to microclimatic variations. In addition, the Atlantic Forest terrain
is subject to abrupt changes in altitude and slope due to its highly
heterogeneous topography. Thus, we maintained the same cell-size
resolution for landscape variables to catch the climatic variation
within these different slope categories and directly compare with
climate effects.

To build climate-based models, we used 19 bioclimatic vari-
ables (WorldClim version 2, http://worldclim.org/version2, Fick &
Hijmans, 2017). We used principal component analysis (PCA) to
convert all climate variables into linear uncorrelated variables. For
landscape-based models, we used five variables: forest cover per-
centage, patch size, edge distance, slope and functional connec-
tivity—assuming 180 m as the limit of dispersal (following Ribeiro,
Batista, Prado, Brown, & Freitas, 2012). These variables were
selected based on the premise that most fruit-feeding butterfly
species are adapted to forested habitats and depend on fruit re-
sources. All these variables were obtained from the Spatial Ecology
and Conservation Laboratory at Sdo Paulo State University (LEEC-
UNESP) (M. C. Ribeiro pers. comm.). To remove collinearity between
landscape variables, we applied the same PCA procedure employed
for climate variables to the landscape variables. We selected the
set of PCA-derived variables for both climate and landscape based
on Kaiser-Guttman rule (retention of axes with eigenvalues higher
than 1) as proposed in de de Marco and Nobrega (2018). Therefore,
the first four axes of the climate and landscape ordinations were se-
lected as variables, representing more than 90% of the cumulative
proportion of variance in both cases (Table 1, see Figure 5S1.2). The
PCA analyses were conducted in “RStooLBox” R-package (Leutner,
Horning, & Schwalb-Willmann, 2018).

2.4 | Predicting fruit-feeding butterfly richness in
Atlantic Forest

We used ecological niche modelling (ENM) techniques to predict
geographical patterns of fruit-feeding butterfly species richness in
the AF. ENMs infer relationships between environmental variables
and species occurrence points to predict the suitability of habitats in
unknown sites (Peterson et al., 2011). The ENM procedure consists
of using three information sources: (a) known occurrences of a given
species, (b) environmental layers and (c) mathematical algorithms
(Franklin, 2009; Peterson et al., 2011).

No single algorithm has the best performance in correlative mod-
els as they present distinct predictions according to the different
niche breadth of species (Qiao et al., 2015). The combined use of al-
gorithms increases the accuracy of predictions by considering differ-
ent niche tolerances in the potential distribution of species (Araujo
& New, 2007; Diniz-Filho et al., 2009). Thus, we conducted the

ENMs based on four algorithms of distinct modelling methods: two
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FIGURE 1 Distribution of the Atlantic S

Forest domain (following Muylaert et al.,
2018), its biogeographical sub-regions
(adapted from Silva & Casteleti, 2003),
and the forest remnants (Ribeiro et al.,
2009)
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presence-only methods; envelope score—Bioclim (Nix, 1986) and
Domain (Gower distance, Carpenter, Gillison, & Winter, 1993); and
two machine-learning methods (presence-background records)—
support vector machines (SVM) (Tax & Duin, 2004) and maximum
entropy—MaxEnt (Phillips & Dudik, 2008). All algorithms were run
in “pismo” R-package (Hijmans, Phillips, Leathwick, & Elith, 2015), ex-
cept for the SVM that was built in “kernLaB” R-package (Karatzoglou,
Smola, Hornik, & Zeileis, 2004).

To evaluate the resulting models, the species occurrence points
were partitioned into two distinct subsets, 75% and 25% for model
training and evaluation, respectively. As these subsets belong to
the same data set, we repeated this procedure 10 times using the
k-folding technique (k = 2) to reduce the collinearity. In total, we
generated 40 predictions for climate-based models and another 40
for landscape-based models separately for each species (10 ran-
domizations x 4 algorithms). To transform the model outputs into
binary maps we calculated threshold values using maximum sensi-
tivity and specificity. These thresholds maximize the correctness

of presences and absences and have been shown to be effective in

50.00°W 40.00°W

predicting occurrences from presence-only models (Liu, Newell, &
White, 2016).

After defining the thresholds, we conducted the ensemble
forecasting technique to obtain the prediction map of each spe-
cies distribution (Aradjo & New, 2007). The maps were generated
based on climate and landscape separately. We produced the bi-
nary maps belonging to each algorithm (replicates) using the re-
spective threshold values previously calculated and then summed
the maps of the same algorithm and between the algorithms. To
evaluate each of generated models, we estimated the values of
True Skilled Statistic (TSS). The TSS values range from -1 to 1,
where negative or near-zero values indicate that predictions
do not differ from randomly generated models, whereas mod-
els with values closer to 1 indicate that observed and modelled
distributions are in near-perfect agreement (Allouche, Tsoar, &
Kadmon, 2006).

Finally, to create the fruit-feeding butterfly richness map we
inferred the lowest presence threshold (LPT) for each species pre-

diction map (Pearson, Raxworthy, Nakamura, & Peterson, 2007)
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TABLE 1 The first four axes of both Principal Component Analysis (PCA) of climate (19 variables extracted from Fick & Hijmans, 2017)
and landscape (five variables extracted from the Spatial Ecology and Conservation Laboratory, Ribeiro pers. comm.), and their respective

scores. (SD = Standard deviation)

Variables

Climate
Annual Mean Temperature

Mean Diurnal Range (Mean of monthly (max temp - min temp))

Isothermality (Mean Diurnal Range/Temperature Annual Range) (x100)

Temperature seasonality (SD x 100)
Max Temperature of Warmest Month (MTWM)
Min Temperature of Coldest Month (MTCM)
Temperature Annual Range (MTWM-MTCM)
Mean Temperature of Wettest Quarter
Mean Temperature of Driest Quarter
Mean Temperature of Warmest Quarter
Mean Temperature of Coldest Quarter
Annual Precipitation
Precipitation of Wettest Month
Precipitation of Driest Month
Precipitation Seasonality (Coefficient of Variation)
Precipitation of Wettest Quarter
Precipitation of Driest Quarter
Precipitation of Warmest Quarter
Precipitation of Coldest Quarter

SD

Proportion of Variance

Cumulative Proportion

Landscape
Forest patch size
Functional connectivity (200m)
Edge distance
Forest Cover Percentage
Slope

SD

Proportion of Variance

Cumulative Proportion

Axis
PC1 PC2 PC3 PC4
-0.295 -0.125 -0.212 0.095
-0.037 0.278 0.119 0.509
-0.267 0.067 0.183 -0.033
0.279 -0.058 -0.118 0.272
-0.233 -0.025 -0.266 0.398
-0.288 -0.172 -0.143 -0.158
0.176 0.197 -0.034 0.518
-0.245 0.000 -0.204 0.160
-0.254 -0.202 -0.171 -0.038
-0.225 -0.205 -0.325 0.241
-0.312 -0.091 -0.135 -0.011
0.234 0.064 -0.428 -0.086
-0.022 0.408 -0.341 -0.205
0.269 -0.231 -0.165 0.034
-0.249 0.300 0.101 -0.062
-0.024 0.406 -0.349 -0.217
0.270 -0.231 -0.168 0.044
0.137 0.361 -0.238 -0.028
0.198 -0.277 -0.252 -0.123
3.073 1.930 1.458 1.419
0.497 0.196 0.112 0.106
0.497 0.693 0.805 0.911
0.503 -0.173 0.404 -0.606
0.536 -0.136 0.232 0.068
-0.139 -0.975 -0.131 0.107
0.537 0.024 -0.006 0.733
0.391 0.030 -0.875 -0.283
1.541 0.992 0.885 0.676
0.475 0.197 0.157 0.091
0.475 0.672 0.828 0.920

Note: These four axes were selected based on the proportion of variance explained (>90%) and then posteriorly used in the modelling processes.

to transform each continuous frequencies into binary maps (O
for absence and 1 for presence). Overlapping all species binary
maps, we obtained the predicted number of species occurrence
(richness) of fruit-feeding butterflies in each cell of the AF delim-
itation. Guisan and Rahbek (2011) described this method as stack
species distribution models (SSDM). All modelling steps described
above were followed separately to build a climate-based and a
landscape-based map, thus resulting in one map of climate-rich-

ness and another map of landscape richness (Figure 2a,b).

2.5 | Predicting conservation issues in AF
butterfly richness

To evaluate the contribution of climate conditions and landscape
metrics in richness patterns and propose conservation efforts, we
conducted an Ecoland analysis (adapted from Ferro e Silva et al.,
2018). We extracted the richness values from climate-based models
and landscape-based maps and generated a scatter plot with the X-

axis representing climate-based richness and the Y-axis representing
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the landscape-based richness. Then, we established different
threshold categories for both climate and landscape maps based
on species richness: low richness (<0.25 of total richness), medium
richness (between 0.25 and 0.75 of total richness) and high richness
(>0.75 of total richness). Cells were then categorized in the follow-
ing combinations: (a) areas with high climate and landscape richness,
(b) high climate and intermediate landscape richness, (c) high climate
and low landscape richness, (d) intermediate climate and high land-
scape richness, (e) intermediate climate and landscape richness; (f)
intermediate climate and low landscape richness, (g) low climate and
high landscape richness, (h) low climate and intermediate landscape
richness, and (i) low climate and landscape richness. Each combina-
tion of climate and landscape categories of predicted richness in the
scatter plot received a specific colour and was mapped, thus allow-
ing identifying the combined effects of climatic and landscape con-
ditions in species richness (Figure 2c). The EcoLand map was used

for designing conservation plans according to the richness scenarios.

3 | RESULTS
3.1 | Climate-based models

According to the climate-based model, areas with high-predicted
species richness have up to 162 species, and the areas with low-
est richness have as few as 10 fruit-feeding species. Sites with high
species richness are mostly concentrated in the south-eastern por-
tion of AF, which include the Serra do Mar and Serra da Mantiqueira
complexes, denominated as “Serra do Mar sub-region” by Silva and
Casteleti (2003) (Figure 1). Within this sub-region, these areas com-
prise a narrow southern coastal strip that extends north-eastwards
until the Doce river basin (Figure 3). The areas with lowest species
richness are located within the Sdo Francisco river basin, which
is labelled the “Sdo Francisco transitional sub-region” in Silva and
Casteleti (2003) (Figure 1). Other areas with low predicted richness
(less than a half of the maximum predicted richness) are found in
the transition with the Cerrado (the Brazilian savanna) in the mid-
west region and near the boundaries with Argentina and Paraguay
(Figure 3).

3.2 | Landscape-based models

The landscape-based model predicted up to 190 fruit-feeding but-
terfly species in areas of high richness, whereas the most depleted
sites had a minimum of 20 species. The region of high richness is
mostly located in the southern portion of the Atlantic Forest, en-
compassing the interior of Santa Catarina (SC) and Parana (PR)
states, which include the Araucaria biogeographical sub-region
(Figure 1). Other areas of high richness include some isolated spots in
the Serra do Mar and Bahia biogeographical regions. Conversely, the

mid-west region contained most areas with low richness according

Coversiy s iriouions VTRV

to the landscape models. Low richness was also predicted in some
areas of Sdo Francisco and Pernambuco biogeographical sub-regions
(Figure 4).

3.3 | Predicting conservation issues in AF
butterfly richness

According to the EcolLand models, contiguous areas with high
species richness predicted by both climate and landscape-based
models are found in the complex of Serra do Mar and Serra da
Mantiqueira mountain ranges. There are also small patches of high
climate and landscape richness in southern AF (Araucaria sub-
region), and in some north-eastern areas in Bahia, Pernambuco
and interior sub-regions (red areas in Figure 5). Medium values of
species richness predicted by both climate and landscape models
were the most frequent cells in EcoLand analysis (light green areas
in Figure 5). These areas are concentrated in one large patch in
the mid-western AF (Interior sub-region) and two smaller patches
in the north-eastern AF (Bahia and Pernambuco sub-regions).
Our models showed that most areas in the AF have high species
richness predicted by the landscape-based models but not for cli-
mate-based models, being the second most frequent cells in the
EcolLand analysis (orange areas in Figure 5). These areas include
the Araucaria (Paranad and Santa Catarina states) and the Bahia
sub-regions. Areas with high richness according to climate-based
models but low richness according to landscape-based models are
mostly found adjacent to the high richness areas predicted by both
models. These are probably the areas where butterfly richness was
most affected by landscape modification and forest fragmenta-
tion. These areas are spread through practically all biogeographical
sub-regions (dark green area in Figure 5), except the Sdo Francisco
sub-region. Finally, areas with low species richness predicted by at
least one of our models (light blue) were found in the north-west-
ern region of AF, predominantly in the biogeographical sub-region

of Sdo Francisco basin.

4 | DISCUSSION

Here, we modelled the species richness of Atlantic Forest fruit-feed-
ing butterflies using both climate variables and landscape metrics.
Our findings demonstrate that the Serra do Mar sub-region is char-
acterized by continuous high species richness areas, independently
predicted by both climate and landscape models. Considering the
combined effect of climate and landscape models in the EcolLand
map, the high richness areas coincided with the location of the con-
tinuous forest remnants (Figures 1 and 5). Moreover, most of these
species-rich spots are close to areas whose landscape-predicted
richness values are lower than expected according to the climate-
predicted richness (dark green areas in Figure 5). These findings

clearly indicate the effects of landscape modification in the species
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richness patterns of fruit-feeding butterflies and the importance of
the forest integrity for the maintenance of high butterfly richness
indexes in the AF.

Forest cover is critical to the maintenance of specific microcli-
mate conditions, the importance of which increases in seasonal areas
(Horner-Devine et al., 2003). Some clades of fruit-feeding species
are strictly associated with forest-shaded habitats and forage in spe-
cific forest vertical strata (DeVries, Murray, & Lande, 1997; Ribeiro
& Freitas, 2012; Santos, Iserhard, Carreira, & Freitas, 2017). Fleshy
fruits and organic matter, whose accumulation depends on the
presence of forest cover, are important food sources for the adults
of fruit-feeding species. Moreover, forest habitats represent good
sources of host plants for their immature stages (Horner-Devine
et al., 2003; Koh, 2007). The presence of forest fragments (source
areas) and putative forest corridors are also critical for promoting

the connectivity and species dispersion between areas, improving

the persistence of populations of many forest species (Brown &
Freitas, 2002; Lees & Peres, 2008).

Our findings supported the idea of the AF endemism centres,
proposed for several taxa such as several plant families (Prance,
1987), birds (Haffer, 1987; da Silva, Souza, & Castelletti, 2004), am-
phibians (Carnaval, Hickerson, Haddad, Rodrigues, & Moritz, 2009),
mammals (Costa, Leite, Fonseca, & Fonseca, 2000) and other but-
terfly groups (Brown, 1979, 1987; Tyler, Brown, & Wilson, 1994).
The regions containing high species richness predicted by both
climate and landscape models are within the Serra do Mar, Bahia
and Pernambuco sub-regions (Figures 1 and 5). These sub-regions
coincide with three out of the four regions recognized as butterfly
endemism centres in the AF, according to Brown's (1979) original
propositions based on the distribution of geographic races (butter-
fly subspecies). Moreover, most records of endemic or rare species

in the database lie within the areas with high species richness (see
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FIGURE 3 Distribution of fruit-feeding butterfly species
richness in Atlantic Forest according to the climate model. Warmer
colours indicate a higher number of predicted species

Figure 51.3). As the occurrence of these species corresponds to the
precise record location (in other words, not modelled), they increase
the richness values only in that specific cell. Therefore, the restricted
distribution of these species might explain the overlap between en-
demism centres and areas of high species richness.

The SSDM techniques are expected to present upper values for
species richness due to the uncertainty about the dispersal capacity
of each taxon and energy availability, but principally because they do
not consider other community constraints such as the biotic inter-
actions (Guisan & Rahbek, 2011). For example, our landscape-based
models predicted that at least 20 fruit-feeding butterfly species are
present at any AF locality. Therefore, one could assume that AF lo-
calities with <20 species are possibly under-sampled or are naturally
poor in fruit-feeding species, such as the high altitude grasslands
and the pampas (e.g. Carvalho, Piovesan, & Morais, 2015; Lemes,
Carvalho, Ribeiro, & Morais, 2015; Morais, Lemes, & Ritter, 2012).
However, our model is predicting the maximum species richness
value based on landscape niche properties, without considering that
communities may also be subject to constraints of other assembly
processes, as the case of biological interactions. The non-incorpo-

ration of other assembly processes does not invalidate our general
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FIGURE 4 Distribution of fruit-feeding butterfly richness in
Atlantic Forest according to the landscape model. The lighter
colour regions represent the landscapes with a higher number
of predicted species

patterns, but requires attention when interpreting them at the com-
munity level. As our models supposedly overpredict the richness
values, it means they are not necessarily the same as the observed
species richness.

5 | IMPLICATIONS FOR CONSERVATION

High human disturbance and agricultural expansion are continuously
replacing natural habitats with more simplified and homogeneous
landscapes (Hobbs, Hallet, Ehrlich, & Mooney, 2011). Habitat change
may lead to generalist species replacing specialist species (i.e. biotic
homogenization), with consequences for ecosystem functioning
(Clavel, Julliard, & Devictor, 2011; Filgueiras et al., 2019; Olden, Poff,
Douglas, Douglas, & Fausch, 2004). According to the “insurance hy-
pothesis”, a higher diversity of functional groups provides greater
stability and resilience of ecological processes, thus buffering eco-
system functioning against environmental changes (Tscharntke et al.,
2012; Yachi & Loreau, 1999). Decreasing species richness induced
by landscape modification would reduce functionality, which in turn
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FIGURE 5 Fruit-feeding butterfly richness distribution in
Atlantic Forest according to the EcoLand model, which takes

into account the climate and landscape variables. The colour
scheme indicates the different combinations between climate and
landscape richness predictions

compromise the buffering effect of communities (Gdmez-Virués et
al., 2015). However, in ecosystems with high species richness, spe-
cies with low and high productivity are expected to coexist, thus not
necessarily affecting the ecosystem productivity due to the asyn-
chrony of their responses (Yachi & Loreau, 1999).

Following the premise that higher species richness reduces the
probability of compromising the ecosystem functioning, we can use
our EcolLand results as a proxy for proposing different conservation
strategies for the Atlantic Forest. For instance, areas containing high
species richness predicted by both climate and landscape models
would be the core places for conservation, as the case of the Serra
do Mar sub-region (Figure 6). Indeed, this sub-region harbours the
largest Atlantic continuous forest remnant, which covers high num-
bers of species richness and unique species (Figure 51.3). On the
other hand, it also contains the largest Brazilian urban areas, result-
ing in high pressure for the adjacent natural habitats (CNUC, 2018;
Rezende et al., 2018).

In the regions where landscape structure predicted richness

values below than expected by climate, the possibility of habitat
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FIGURE 6 Ecoland colour scheme indicating different
combinations between climate and landscape richness predictions
and the recommended conservation and study approaches

restoration should be prioritized (dark green areas in Figures 5 and
6). Long-term restoration plans can expand suitable habitats for the
maintenance of high local butterfly diversity (Sant'Anna, Ribeiro,
Garcia, & Freitas, 2014) and, consequently, other biological groups.
However, forest restoration would be less effective and highly ex-
pensive in areas that harbour dense urban centres in the AF domain.
Therefore, a careful evaluation of any restoration plan is neces-
sary, taking into account the resilience of the system, with the aim
of optimizing strategies in terms of efficiency and cost (Tambosi,
Martensen, Ribeiro, & Metzger, 2014). Nevertheless, we propose
here the use of habitat restoration to increase local and regional spe-
cies richness only; the reestablishment of other ecological functions
and processes at narrow scales requires further studies before one
could take decisions about the best restoration strategy for a given
area.

In a scenario of climate change, some landscapes currently suit-
able for maintaining a high species richness may display a more suit-
able climate for harbouring a high species richness in the future. The
Araucaria and S3o Francisco sub-regions (orange and yellow cells in
Figures 5 and 6) are two examples that could fit the above scenario.
Conversely, in the Bahia sub-region, forests have been devastated in
the last decades and now persisting as a plethora of small fragments
(Ribeiro et al., 2009). Therefore, in this region, the implementation
of ecological corridors would improve the connectivity between
the fragments and of these with other small hotspots of richness
(Dunwiddie et al., 2009).

Finally, in those regions where both landscape and climate-based
models predicted low species richness, the perspectives of rich-

ness maintenance through restoration or conservation practices are
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equally low. In addition to the inauspicious climate for supporting a
high local or regional species richness, the landscapes are so dev-
astated that the conditions would hinder the dispersal and mainte-
nance of viable populations of many forest-related biological groups.
In short, these localities represent expensive restoration efforts,
although they are locally important for conserving the most basic
ecosystem services, such as pollination, water flow regulation and
the reduction of greenhouse gases emission (Tambosi et al., 2014).

6 | CONCLUSIONS

Here, we aimed to unravel the relative contribution of climate and
landscape variables to the distribution patterns of fruit-feeding but-
terfly species richness in the Atlantic Forest. Our results highlight
the complementarity of different processes in shaping the patterns
of species richness and the negative impact of human land use on
natural habitats as biodiversity sources. Future studies addressing
other biodiversity aspects (e.g. functional and phylogenetic diversity
and beta diversity) are necessary to unravel the effect of human-
induced processes on the AF biodiversity and trace out the best con-

servation strategies in this vanishing biome.
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