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GENERAL ABSTRACT

The effective conservation and management of species or groups of them requires basic
knowledge about their distribution, which is problematic in the case of highly mobile,
ecologically diverse, little studied and nocturnal species such as owls (Strigidae). In addition,
producing detailed distributions to megabiodiverse and continental-sized countries such as
Brazil is difficult, especially when the base information is dispersed and non-standardized.
Using Species Distribution Modeling (SDM) based on a maximum entropy approach, we
evaluated the potential distribution of 21 species and 21 subspecies of owls recorded in Brazil.
For this, we first evaluated the information on minimum and maximum temperatures, in
addition to precipitation, provided by the Brazilian network of meteorological stations,
comparing conventional and automatic stations. We found that both data sets have problems,
but the evidence evaluated suggests that conventional stations provide slightly more reliable
precipitation data, while automatic gauges are more consistent with regards to temperature
information. Second, this information was used to evaluate the performance of the bioclimatic
bases currently available. We found a better correspondence between the climate data
measured in the field and the information provided by the Tropical Rainfall Measuring
Mission (TRMM 3B43 v7), in the case of precipitation, and the surfaces provided by the
National Oceanic and Atmospheric Administration (NOAA), in the case of temperatures,
sources not traditionally used for SDMs. We gauge-calibrated these surfaces using the
climatic information obtained in the field, through machine-learning algorithms (gradient
boosting and random forest), and used these improved surfaces to create a base of bioclimatic
variables we called BrazilClim. Third, we collected and filtered occurrence data for the
Strigidae in Brazil, and generated particular SDMs for each species and subspecies,
evaluating the similarity of niches between conspecific subspecies. Finally, we created maps
of species richness, and contrasted this information with the areas of integral protection in
Brazil. With 81% of the Brazilian species recorded, both the Atlantic Forest and the Cerrado
have the highest richness, followed by the Amazon (67%), Pampa (62%), Caatinga (57%) and
Pantanal (48%). However, the comparison of recorded and predicted richness suggests
incomplete inventories, especially in the Caatinga and Pantanal. On the other hand, the
subspecies presented marked divergences of niches, suggesting that the species richness of
Strigidae is underestimated in Brazil. The Cerrado and the Atlantic Forest are the most
threatened biomes, with relatively small and sparse preservation areas. Thus, our study is an
urgent call to explore the diversification of owl strains in Brazil in order to improve efforts
related to biodiversity conservation.

Keywords: Strigidae. BrazilClim. Species Distribution Modeling. Conservation Units.



RESUMO GERAL

A conservagdo e o manejo eficazes das espécies ou grupos delas requer conhecimento bésico
sobre a sua distribuicdo, o que ¢ problemdatico no caso de espécies altamente moveis,
ecologicamente diversas, pouco estudadas e noturnas como as corujas (Strigidae). Além disso,
produzir distribui¢cdes detalhadas para paises megabiodiversos e de tamanho continental como
o Brasil ¢ dificil, especialmente quando a informagao base esta dispersa e ndo padronizada.
Usando Modelagem de Distribuicdo de Espécies (SDM no inglés) com base em uma
abordagem de entropia maxima, avaliou-se a distribuicdo potencial de 21 espécies e 21
subespécies de corujas registradas no Brasil. Para isso, primeiro avaliou-se a informacao
sobre temperaturas minimas e maximas, além da precipitagdo, fornecida pela rede de estagdes
meteorologicas brasileiras comparando estagdes convencionais € automaticas. Encontrou-se
que ambos os conjuntos de dados t€ém problemas, mas a evidéncia avaliada sugere que as
estacdes convencionais fornecem dados de precipitagdo um pouco mais confiaveis, enquanto
as automaticas sdo mais consistentes em relacdo a informagdo de temperaturas. Segundo,
usou-se essa informacdo para avaliar o desempenho das bases bioclimaticas atualmente
disponiveis. Encontrou-se uma melhor correspondéncia entre os dados climaticos medidos no
campo e a informag¢ao fornecida pela Tropical Rainfall Measuring Mission (TRMM 3B43 v7)
no caso da precipitacao, e as superficies fornecidas pela National Oceanic and Atmospheric
Administration (NOAA) no caso das temperaturas, fontes ndo tradicionalmente usadas para
SDMs. Calibraram-se estas superficies usando a informagdo climatica obtida no campo,
usando algoritmos de machine-learning (gradient boosting e random forest), e estas
superficies melhoradas usaram-se para criar uma base de varidveis bioclimaticas que
chamamos de BrazilClim. Terceiro, coletaram-se e filtraram-se dados de ocorréncias para os
Strigidae no Brasil, e geraram-se SDMs particulares para cada espécie e subespécie, avaliando
a semelhanca dos nichos entre as subespécies coespecificas. Finalmente, criaram-se mapas de
riqueza das espécies, e contrastaram-se essas informagdes com as areas de protegdo integral
no Brasil. Com 81% das espécies brasileiras registradas, tanto a Mata Atlantica quanto o
Cerrado tém a maior riqueza, seguidas pela Amazonia (67%), Pampa (62%), Caatinga (57%)
e Pantanal (48%). No entanto, a comparagdo da riqueza registrada e prevista sugere
inventarios incompletos, especialmente na Pampa. Por outro lado, as subespécies
apresentaram marcadas divergéncias de nichos, sugerindo que a riqueza de espécies de
Strigidae estd subestimada no Brasil. O Cerrado e a Mata Atlantica sdo os biomas mais
ameacados, com areas protegidas relativamente pequenas e esparsas. Assim, nosso estudo
constitui um chamado urgente para explorar a diversificagdo das linhagens de corujas no
Brasil afim de melhorar os esforgos relacionados a conservacao da biodiversidade.

Palavras-chave: Strigidae. BrazilClim. Modelagem de Distribuicao de Espécies. Unidades de
Conservacao.
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1 INTRODUCAO GERAL

Prever quando e onde as espécies estdo localizadas tem sido de suma importancia ao
longo de nossa historia como espécie, tanto durante nosso prolongado periodo como
cacadores-coletores (LEE & DALY, 1999; WHITLEY, 2014) e hoje em dia, quando as
atividades humanas estdo ameag¢ando a biodiversidade em todo o mundo em escalas sem
precedentes (ALLAN et al. 2019; TILMAN et al. 2017; ZABEL et al. 2019).

Esta situagdo tem promovido o desenvolvimento de esforgos de conservagdo da
biodiversidade, incluindo abordagens inovadoras para a determinacdo de areas prioritarias
(BAX & FRANCESCONI, 2019; BRUM et al. 2017; GUISAN et al. 2013; MININ et al.
2017). A maioria dessas abordagens envolve, em certa medida, mapear distribuigdes
individuais de espécies, com o intuito de determinar areas 'hotspots' de riqueza determinadas
através de contagens diretas, ou ponderadas considerando niveis de endemismo ou ameaca
(JENKINS et al. 2015; PIMM et al. 2014; VEACH et al. 2017).

Portanto, a modelagem preditiva de distribuicdo de espécies (doravante SMDs)
constitui uma alternativa confidvel para remediar ou mesmo contornar as limitacdes de
métodos mais tradicionais (ELITH & LEATHWICK, 2009; MAINALI et al. 2020;
PETERSON, 2001; SYFERT et al. 2014). A SDM, também conhecida como modelagem de
nicho, ¢ uma técnica moderna que utiliza algoritmos de computador, dados de ocorréncia e
camadas de informacdes ambientais para obter modelos que expliquem a distribuicao
probabilistica de uma espécie no ambiente, buscando reduzir tanto os falsos negativos quanto
os erros de falsos positivos (JIMENEZ-VALVERDE, 2012; MENDES et al. 2020). MaxEnt
(PHILLIPS et al. 2004, 2006; PHILLIPS & DUDIK, 2008) estd entre os algoritmos para
SDMs mais usados; utiliza dados ambientais de localidades de presenga conhecidas e
caracteriza uma amostra do “background” da area de estudo para fazer inferéncias de regides
de adequacdo dentro de uma area a partir dessas informagdes incompletas.

Um aspecto fundamental das SDMs ¢ o conjunto de camadas ambientais utilizadas,
entre as quais recentemente foram desenvolvidos diferentes conjuntos de dados baseados no
clima (bioclimaticos). A no¢do de que as condigdes ambientais moldam a distribui¢do
espacial dos seres vivos ¢ conhecida desde a antiguidade, mas avaliada quantitativamente
somente apos o desenvolvimento de técnicas adequadas de estimativa espacial na década de
1980, que permitiram a criacdo destas camadas bioclimaticas (BOOTH et al. 2014). Nao
obstante, a relacdo real entre essas varidveis bioclimaticas e as respectivas tolerancias

ambientais ¢ desconhecida para a maioria das espécies (ALVARADO-SERRANO &
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KNOWLES, 2014), concomitantemente, a sele¢do das variaveis ambientais deve ser
considerada como fundamental dentro da modelagem de nicho.

A precipitacdo e a temperatura sdo os preditores mais utilizados e, muitas vezes, os
mais importantes em estudos de nicho (BRADIE & LEUNG, 2017). Os conjuntos de dados
bioclimaticos desses dois importantes parametros foram inicialmente construidos a partir de
informagdes de redes de estacdes meteoroldgicas terrestres, capazes de fornecer observagdes
confidveis com alta precisao, mas cuja incerteza aumenta quando interpolada em direcdo a
areas remotas (BORGES et al. 2016), e piorando sobre regides montanhosas ou aonde as
redes sdo esparsas (CHUBB et al. 2016; TOZER et al. 2012), ou seja, a onde a biodiversidade
¢ geralmente maior (KORNER, 2002). Essas limita¢des levaram ao desenvolvimento de
conjuntos de dados bioclimaticos baseados em dados remotamente sentidos, para a busca de
precisao (DEBLAUWE et al. 2016). No entanto, mesmo essas estimativas nao sao isentas de
erros, sendo afetadas pela resolug¢do, taxa de chuva e frequéncia amostral (NESBITT &
ANDERS, 2009). Atualmente, existem diferentes conjuntos de dados bioclimaticos, gerados
por meio de diversas abordagens, mas todas elas potencialmente problematicas, pelo que ¢
necessario explorar alternativas.

Do ponto de vista da conservagao, as aves de rapina constituem um paradoxo uma vez
que, em comparagdo com outras aves, eles s2o um grupo pouco estudado dadas suas baixas
taxas reprodutivas e abundancias, enquanto exercem grande apelo por apoio financeiro dado
seus papéis ecologicos como topos nas suas redes troficas, simbolismo, € niveis de ameaga
(DONAZAR et al. 2016). Particularmente, as corujas verdadeiras (Strigidae) sdo adequadas
para fins de priorizacdo de areas de conservacdo, dada a sua diversidade mundial (> 220
espécies; GILL et al. 2021), cujas espécies variam muito em tamanho, rangos de distribui¢ao
(ampla ou muito restrita), especializagdo de habitat (desde generalistas até altamente
especializados) e, assim, resposta diferencial a estrutura (BARROS & CINTRA, 2009;
BURGAS et al. 2014; SERGIO et al. 2005) e alteragio (ENRIQUEZ, 2017; RULLMAN &
MARZLUFF, 2014) de habitat. De fato, varios estudos tém sinalizado as corujas como
bioindicadores confiaveis de qualidade ambiental (CLAUDINO et al. 2012; DAL PIZZOL et
al. 2020; DAYANANDA et al. 2016; FROHLICH & CIACH, 2018, 2019; HARRISON &
FAHRIG, 1995; SHEFFIELD, 1997).

Pelo fato de serem de habitos noturnos, enquanto que os ornitdlogos geralmente sao
"diurnos", as corujas podem estar sub-representadas nos inventarios da fauna (SILVA &
MEDELLIN, 2001). Essa é provavelmente a razdo por tras da insuficiéncia de informacio

biologica bésica para a maioria das espécies e, em ultima instancia, da notavel escassez de
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espécies de corujas nas listas oficiais da fauna ameacgada brasileira (MOTTA-JUNIOR &
BRAGA, 2012; MOTTA-JUNIOR et al. 2017). Até as informagdes sobre sua distribuigao sao
escassas, anedoticas e mal detalhadas (MOTTA-JUNIOR; BRAGA, 2012) e provavelmente
muito incompletas.

O megadiverso Brasil alberga 21 espécies (GILL et al. 2021), ou ~10 % da lista
Mundial, com o Caburé-de-Pernambuco (Glaucidium mooreorum) sendo endémica e
criticamente ameacada (BIRDLIFE INTERNATIONAL, 2019) ou provavelmente extinta
(PEREIRA, 2010), enquanto que a Corujinha-sapo (Megascops atricapilla), a Corujinha-do-
sul (M. sanctaecatarinae), o Murucututu-de-barriga-amarela (Pulsatrix koeniswaldiana), a
coruja-listrada (Strix hylophila), e o caburé-miudinho (Glaucidium minutissimum) podem ser
considerados como "quase endémicos" (MOTTA-JUNIOR et al. 2017). No entanto, essa
biodiversidade pode ser em grande parte subestimada, como repetidamente sugerido por
recentes levantamentos sistematicos moleculares que tém relatado repetidamente que as
espécies tropicais podem englobar subgrupos geneticamente divergentes, que potencialmente
poderiam ser elevados ao status de espécies plenas apods avaliagdes mais aprofundadas
(DANTAS et al. 2021; ISLER et al. 2007; MILA et al. 2012; VIEITES et al. 2009).

A necessidade de completar nosso entendimento sobre informagdo da biologia, ecologia e
distribuicdo das corujas verdadeiras no Brasil, especialmente sob cendrios de transformagdes
ambientais estendidas, profundas e rdpidas (ESCOBAR, 2020; LIBONATI et al. 2020;
SONTER et al. 2017), coloca a modelagem de sua distribuicdo como um esfor¢o cientifico e
de conservagao desafiador e urgente. Assim, no presente estudo modelou-se a distribuicdo de
todas as espécies de corujas verdadeiras registradas até o presente no Brasil segundo GILL et
al. (2021).

Para isso, primeiro avaliou-se a informagao sobre temperaturas minimas e maximas, além da
precipitacdo, fornecida pela rede de estagdes meteorologicas brasileiras comparando estagdes
convencionais e automaticas. Segundo, usou-se essa informagdo para avaliar o desempenho
das bases bioclimaticas atualmente disponiveis, e calibrou-se as melhores usando a
informacao climatica obtida no campo, usando algoritmos de machine-learning (gradient
boosting e random forest). Estas superficies melhoradas usaram-se para criar uma base de
variaveis bioclimaticas. Terceiro, coletaram-se e filtraram-se dados de ocorréncias para os
Strigidae no Brasil, e geraram-se SDMs particulares para cada espécie e subespécie, avaliando

a semelhanca dos nichos entre as subespécies coespecificas.
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Resumo

Apresenta-se uma analise comparativa com base em dados médios mensais de precipitagao
acumulada e temperaturas maximas e minimas registradas durante o periodo 2000-2019 pelas
estagdes meteoroldgicas convencionais e automadticas existentes no Brasil. Foi avaliada a
exatiddo da localizacdo das estacdes (coordenadas geograficas) fornecida pelo Instituto
Nacional de Meteorologia (INMET), foi comparada grafica e estatisticamente a informacao
fornecida por estagdes homodnimas, foi correlacionada esta informacdo com variaveis
independentes (elevagdo e latitude no caso das temperaturas e informagdo de satélite da
Tropical Rainfall Measuring Mission -TRMM 3B43- no caso da precipitacdo), e foi avaliada a
consisténcia da informagdo fornecida pelas estagdes comparada com os dados das cinco
estacdes geograficamente mais proximas, através de interpolagdes espaciais baseadas em
distancias inversas ponderadas sob um esquema de Jaccknife. Ainda que a informacao

fornecida ambos os tipos de estagdes podem ter boa concordancia em muitos casos, existem



34
35
36
37
38
39
40
41
42
43

44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64

65
66

26

incongruéncias que em alguns casos podem ser muito marcadas. Tais diferencas podem ser
atribuidas tanto a erros sistematicos como aleatorios, de origem indeterminada. Ambos os
conjuntos de dados tém problemas, mas a evidéncia avaliada sugere que as estacdes
convencionais fornecem dados de precipitagdo um pouco mais confidveis, enquanto que as
automaticas sdo mais consistentes em relacdo a informacao de temperaturas.

Palavras-chave: estacdo meteorologica, clima, pardmetros meteoroldgicos, Brasil.

The Traditional or the Modern? A Vision of the Information from the Brazilian

Weather Stations Network

Abstract

A comparative analysis is presented based, on one side, mean monthly accumulated
precipitation and, on the other, maximum and minimum monthly mean temperatures,
recorded during the period 2000-2019 by conventional and automatic weather stations
existing in Brazil. The accuracy of the location of the stations (geographic coordinates)
provided by the National Institute of Meteorology (INMET) was evaluated, comparing
graphically and statistically the information provided by homonymous stations, this
information was correlated with independent variables (elevation and latitude in the case of
temperatures, and satellite information from the Tropical Rainfall Measuring Mission -
TRMM 3B43-, in the case of precipitation), and evaluate the consistency of the information
provided by the stations compared with data from the five stations geographically closest
through spatial interpolations based on inverse-distance weighted under a Jaccknife scheme.
Although the information provided by both types of stations may have good agreement in
many cases, there are incongruities that in some cases can be very marked. Such differences
can be attributed to both systematic and random errors, of indeterminate origin. Both data sets
have problems, but the evidence evaluated suggests that conventional stations provide slightly
more reliable precipitation data, while automatic ones are more consistent with regards to
temperature information.

Keywords: weather stations, climate, meteorological parameters, Brazil.

1. INTRODUCAO
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O Brasil ¢ o quinto maior pais em superficie do mundo, abrangendo condigdes
climaticas contrastantes como consequéncia dos grandes gradientes de altitude, latitude,
sazonalidade, entre outros. Num pais com tais caracteristicas o estudo da variabilidade
espacial dos parametros climaticos € essencial para o conhecimento, planejamento e acao de
uma grande variedade de aspetos. Entre estes, destacam a agricultura e pecudria,
biodiversidade, satde publica, ou desenvolvimento sustentavel. Por exemplo, esta informagao
¢ fundamental na tomada de decisdes por parte de 6rgaos dos governos ou empresas, tanto
nacionais como estrangeiras, podem ser usados pelas familias ou pelas geragdes futuras como
bens de consumo pessoal para o seu dia-a-dia, podem ser usados pelos cientistas como
entradas em modelos para explicar ou prever melhor eventos naturais ou induzidos pelo
homem, ou podem indicar o tipo de culturas adequadas para uma regido determinando o
sucesso no desenvolvimento da economia agraria de um pais (Das et al., 2003).

O conceito de clima refere-se ao conjunto de condigdes atmosféricas médias,
normalmente medidas durante um periodo de 30 anos segundo a Organizacdo Meteorologica
Mundial (WMO; pelas suas siglas no inglés; Planton, 2013), as quais caracterizam uma regiao
e influenciam marcadamente os ecossistemas (Koppen, 1900). Nas ultimas décadas, a
informagdo climatica tem sido obtida através de sensoriamento remoto, incluindo aquela
informagdo gerada espacialmente, mas tradicionalmente tem sido obtida pelo meio de
medidas feitas in situ usando estacdes meteorologicas (WMO, 2018). Uma estacdo
meteoroldgica ¢ uma instalagdo dotada com instrumentos e sensores para medir as variaveis
atmosféricas, particularmente temperatura, pressao atmosférica, umidade, velocidade do
vento, dire¢cao do vento e precipitacdo. Nas estacdes meteorologicas convencionais (EMCs),
as medig¢des sdo feitas por observadores humanos pelo menos uma vez por dia, enquanto nas
estacdes meteorologicas automatizadas (EMAs) o observador humano ¢ substituido por
aparelhos autonomos e as medi¢des sdo normalmente feitas e transmitidas pelo menos uma
vez por hora automaticamente (WMO, 2018).

Por ter sido as primeiras em ter sido utilizadas, as EMCs normalmente contam com
series de dados temporalmente mais prolongadas, mas a dependéncia didria do elemento
humano tem limitado geograficamente as possibilidades de sua instalacdo, além de
incrementar as probabilidades de erros na leitura/transcricdo das medigdes. A partir do ano
2000, o Instituto Nacional de Meteorologia (INMET) adicionou a tecnologia de 450 estagdes
automaticas (EMAs) as 293 EMCs do sistema brasileiro de estagdes meteorologicas (Lucas et
al., 2010). A adocao de EMAs apresenta certas vantagens, que segundo Ahmad et al. (2017)

incluem: (1) a possibilidade de observacdo continua; (2) os dados podem ser obtidos mesmo
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quando ndo ha pessoal presente; (3) em consequéncia podem ser instaladas em locais
inacessiveis; (4) reduz o numero de observadores e os custos operacionais; (5) uma vez que os
dados meteoroldgicos sao tomados como sinais elétricos, erros de observadores em leitura sao
eliminados; (6) as técnicas de observacao padronizadas permitem a homogeneizacdo dos
dados observados em regides aonde a observagdo meteoroldgica automatica ¢ adotada; (7)
novos elementos de observacdo podem ser adicionados com relativa facilidade instalando
novos instrumentos; (8) permite escolher instrumentos de medi¢do ideais com o nivel
adequado de precisdo na medi¢ao; e (9) a necessidade de treinamento de observadores ¢é
eliminada. Naturalmente, a sua ado¢do nao esta isenta de desvantagens ou fragilidades, por
exemplo: (a) na auséncia de observadores, pode ocorrer vandalismo e roubo de equipamentos;
(b) requerem um programa de manutencdo com técnicos especializados para defeitos
mecanicos, elétricos e eletronicos intrinsecos; (c) problemas provocados por intempéries
naturais (insetos, aves, roedores, poeira, objetos que podem ser atirados contra as estacdes em
tempestades com ventos fortes; (d) problemas relacionados com a manutenc¢ao do local onde
estdo as estagcdes, com controle da vegetagdo; (e) protecdo com cercamento para evitar
problemas com animais grandes como o gado ou animais grandes selvagens; (f) exigem um
periodo inicial de calibragdo comparativa com as estagcdes convencionais o que nem sempre ¢
possivel; (g) exigem calibragdes regulares.

A fim de avaliar as limitagdes inerentes a geracdo de dados meteoroldgicos, subsidiar
possiveis melhorias e para alertar aos usudrios qual fonte de informagdo deveria ser
selecionada preferencialmente para a aplicacdo desses dados nas mais diversas areas de
conhecimento, comparamos os dados das redes de EMCs e de EMAs, particularmente dos

parametros precipitacdo, e temperaturas minima e maxima mensais.

2. MATERIAL E METODOS

Neste estudo, foram analisados 19 anos de informagdo climdtica, pois, segundo a
informag@o disponivel, as primeiras EMAs iniciaram operar no dia primeiro de junho do
2000, e para este estudo foi incluida a informacao obtida até 30 de setembro do 2019.

As informacodes correspondentes as EMCs foram obtidas diretamente via on line na sessao de
dados historicos do portal web do INMET, sob formato de valores didrios. No caso das
EMAs, as informacdes foram fornecidas pela equipe da Se¢do de Armazenamento de Dados

Meteorolégicos do INMET através de um disco digital versatil (DVD) com os dados horarios
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em formato compativel com o software usado neste estudo. Para realizar as comparagoes,
foram analisadas apenas as informacdes das EMCs disponiveis para o mesmo periodo das
EMAs. Todas as comparagdes e calculos foram feitos usando a linguagem de programagao R
versao 3.6.1 (R Core Team, 2019). Toda a informagdo geografica foi projetada segundo o

Sistema de Referéncia Geocéntrico para as Américas (SIRGAS2000; IBGE, 2005).

2.1. Avaliacido da localizacio geografica das estacoes

O crescente desenvolvimento de ferramentas de modelagem espacial, além do
incremento na resolucao espacial de dados usados em climatologia e meteorologia, aumentou
a necessidade do conhecimento da exatidao (concordancia entre as coordenadas disponiveis e
a potencial localidade) e precisdo (quantidade de posigdes decimais) das coordenadas
geograficas das estagcdes meteoroldgicas (Carrega, 2013). Consequentemente, exploramos a
precisdo e exatiddo das coordenadas geograficas fornecidas pelo INMET conjuntamente com
os dados para cada estagdo. Primeiro, j& que normalmente o nome das estacdes corresponde
ao nome do municipio, verificou-se se as coordenadas da estacdo concordam com aquelas do
municipio homonimo através da malha municipal fornecida online sob formato shapefile pelo
Instituto Brasileiro de Geografia e Estatistica (IBGE, 2018; acessado no 10 de maio do 2020),
como uma primeira avaliacdo de quantas e quais estagdes poderiam ter inconsisténcias.
Segundo, as coordenadas de cada estagdo foram exploradas usando recursos online, tais como
Google Earth®, prestando atencdo se elas correspondiam as locagcdes homdnimas e inclusive
a estacOes meteorologicas ou estruturas onde estas poderiam estar localizadas, tais como
aeroportos, etc.

Para as analises seguintes, as coordenadas das EMCs foram corrigidas com as
coordenadas atualizadas que o INMET fornece em outra parte separada do seu site web

(acessado no 10 de maio do 2020), quando estas estiverem disponiveis.

2.2. Grau de adequacio da informaciao climatica segundo critérios internacionais

A Organizacdo Meteorologica Mundial ¢ uma organizagdo intergovernamental que
fornece lideranca mundial e expertise em cooperacao internacional na entrega e utilizagdo de
servigos climaticos, hidroldgicos e afins por seus Estados membros, incluindo o avance na

estandardizag¢do de dados meteorologicos, publicando uma ampla variedade de manuais.
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Consequentemente, o presente estudo estd baseado em “normais provisionais”, tais
como foram definidas pela WMO (1989), ou seja, como os valores médios calculados com
base em observacdes que se estendem por um periodo curto de pelo menos dez anos. Mais
ainda, adotou-se o critério 4/10 recomendado pela WMO (2011) segundo o qual um valor
mensal, ou a média dos valores diarios daquele més, ndo deve ser calculado se num més dado
faltam observagdes para (a) cinco ou mais dias consecutivos ou (b) onze ou mais dias
dispersos.

Os numeros de meses nominalmente disponiveis foram determinados para cada
estagdo, como o total de meses contabilizados entre o primeiro de junho do 2000 e o 30 de
setembro do 2019. Nao obstante, estas datas variaram, dependendo se uma estacdo dada foi
colocada em servigo apos a data inicial indicada, ou parou de funcionar antes da data final
indicada, em cujos casos os meses foram contados a partir do primeiro ou até o ultimo registro
climatoldgico disponivel, segundo o caso. Adicionalmente, foi contada a quantidade de meses
efetivamente disponiveis para cada estagdo, entendidos como aqueles que seguem os critérios
da WMO previamente indicados. Finalmente, para cada um dos parametros considerados
neste estudo foram criados diagramas de boxplot mensais, ¢ testes de ¢ de Student foram
aplicados para comparar a quantidade de anos totais operativos, a quantidade de anos totais
efetivos e a propor¢cdo de gaps na informagdo climatica mensal. Os entalhes dos boxplot
mostram o intervalo de confianca ao redor da mediana e, ainda que ndo se constitua num teste
formal, se os entalhes das duas caixas ndo se sobrepdem, existe uma “forte evidencia” (95%
de confiang¢a) que as suas medianas diferem (Chambers et al., 1983).

Aquelas estagdes que cumpriram os critérios estabelecidos pelo WMO previamente
mencionados foram usadas nas andlises remanescentes, apos completar a informagdo didria
faltante, estimada de duas maneiras complementares. Primeiro, transversalmente (cada dia por
vez) para todas as estacdes com dados faltantes, diante interpolagdes espaciais, naqueles casos
quando dados de 20 ou mais estagdes estiveram disponiveis. As interpolagdes sdo predigcdes
de valores em pontos de interesse dentro do ambito do estudo, e no caso das interpolacdes
espaciais atualmente existem muitas técnicas disponiveis, com diferentes capacidades e
desempenhos (Li e Heap, 2011; Kresse e Danko, 2012; Raju, 2016; Zhou et al., 2017), entre
as quais foi escolhida a distdncia inversa ponderada (IDW, pelas suas siglas no inglés),
inicialmente proposta por Shepard (1968), usando o pacote gstat (Pebesma, 2004; Gréler et
al., 2016) na qual o peso das cinco estacdes com informacdo e geograficamente mais
proximas foi assumido como inversamente proporcional a distancia geografica até a estacao

alvo, usando um valor da poténcia igual a 0,5. Esta escolha foi baseada no fato de que a IDW:
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(1) constitui uma técnica deterministica matematicamente simples, cuja demanda
computacional ¢ pouca; e (2) tem sido amplamente usada com resultados satisfatorios (Chen e
Liu, 2012; Bagheri, 2016). Segundo, longitudinalmente (cada estagdo por separado) no caso
daqueles dados faltantes que nao puderam ser estimados diante interpolagdes espaciais, diante
interpolagdes temporais baseadas em modelos de estado-espaco incialmente proposto por
Kalmén (1960), implementado no pacote imputeTS (Moritz e Bartz-Beielstein, 2017). A esta
escolha foi baseada no fato que a representagcdo do estado-espaco e as equacdes recursivas que
caracterizam o filtro de Kalman sdo ideais para analisar series com dados faltantes (Brockwell
e Davis, 1991), tendo sido particularmente recomendado para o seu uso em dados

meteoroldgicos (Joyce e Xie, 2011; Sivagami et al., 2019).

2.3. Comparacio da informacao fornecida por estacées homonimas

Foi calculada e comparada a informacdo média mensal fornecida por aquelas EMCs e
EMAs que tinham nomes semelhantes e coordenadas geograficas proximas (afastadas até por
de 25 km). Para cada parametro, foram criados diagramas de boxplot mensais, e foram
aplicados testes pareados de # de Student.

Além disso, para cada parametro foram comparadas as magnitudes das diferengas
entre os valores fornecidos pelas EMCs em relacdo as respectivas EMAs, através de subtragcao
simples. Representou-se espacialmente os resultados destas subtragdes por meio de mapas de
bolhas, usando as coordenadas geograficas das EMAs, o que permitiu explorar visualmente a
existéncia de possiveis padrdes espaciais por meio de agregacdo das diferencas, além de

histogramas para visualizar a distribui¢ao das frequéncias de tais diferencgas.

2.4. Correlacio com outros parametros

E bem sabido que a distribuicdo da temperatura ¢ determinada por diferentes fatores,
particularmente pela latitude e a altitude (Trapasso, 2008; Hartmann, 2016; Collier, 2016).
Assim, foi explorado o grau de correlacdo entre as temperaturas minimas € maximas
registradas pelo conjunto de EMCs e EMAs homonimas e as latitudes fornecidas pelas
estacdes e com as altitudes correspondentes a tais coordenadas segundo o modelo digital de
elevagdo GMTED2010 (Danielson e Gesch, 2011), com resolu¢do de 30 arcosegundos

(aproximadamente 90 m no Equador). Estas correlagdes foram parciais, ou seja, controlando o
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efeito da elevacdo ou da latitude enquanto se avaliou a correlacdo das temperaturas com a
latitude ou a elevagdo, usando o pacote ppcor (Kim, 2015).

O padrao de distribuigdo espacial da precipitacao ¢ consideravelmente mais complexo
que a temperatura, porque vem influenciada por fatores envolvidos tanto no movimento
vertical da atmosfera, quanto na natureza da mesma, a estabilidade/instabilidade atmosférica,
ou as suas caracteristicas de umidade e termais (Granger, 2008; Hartmann, 2016; Collier,
2016). Assim, a precipitacdo normalmente estd pouco correlacionada com caracteristicas
topograficas (Daly et al., 1994, 2008; Ramoni-Perazzi et al., 2016), um dos motivos pelos
quais o sensoriamento remoto, especialmente aquele baseado no uso do satélite, tornou-se a
principal fonte de dados precisos e espacialmente continuos para fazer estimagdes alternativas
ou suplementares da precipitacdo (Javanmard et al., 2010; Shrivastava et al., 2014; Manta et
al., 2015). Por estes motivos, foi explorada a correlagdo entre as precipitagdes médias mensais
registradas pelas EMCs e EMAs homonimas em relagdo a informacdo fornecida pela Tropical
Rainfall Measuring Mission TRMM 3B43. Trata-se de um satélite cujo radar mediu a
precipitacdo espacialmente durante mais de 17 anos a partir do 1997, baseado nos sensores de
radiacdo infravermelha e micro-ondas (em mm/h) e estimativas do erro na precipitagdao
respeito as estagdes meteoroldgicas (Kummerow et al., 2000). Esta combinagdo utiliza as
medi¢des do sensor na regido espectral das micro-ondas, as quais tem melhor relagdo entre as
taxas de chuva e a microfisica das nuvens, para calibrar imagens do canal infravermelho, as
quais tem resolucao espacial e temporal suficientes para monitorar sistemas convectivos
(Levizzani, 2000). Os dados da TRMM, tem encontrado aplicabilidade nas ciéncias agrarias
(Cashion et al., 2005; Arvor et al., 2014), modelagem hidrolégica (Meng et al., 2014) e seca
meteoroldgica (Sahoo et al., 2015), mostrando um bom desempenho (Dinku et al., 2007; Cao
etal.,2018).

Em cada caso, as informagdes climéaticas fornecidas pelas EMCs e as EMAs foram
comparadas pelo seu grau de correlacdo com os parametros independentes respectivos antes
indicados, por meio de transformagdes de Fisher (1915, 1921). Estas transformagdes, usadas
para encontrar intervalos de confianga tanto para o valor da correlagdo quanto para diferencas
entre correlagdes, tém sido mais comumente usadas para testar a significancia da diferenca

entre dois coeficientes de correlagao.

2.5. Avaliacao da consisténcia dos dados
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Foi examinada a coeréncia dos dados de temperaturas medias mensais e dos totais
mensais de precipitacdo entre cada uma das estacdes EMCs e EMAs homodnimas a partir de
interpolagdes espaciais. Usamos as distancias inversas ponderadas ja mencionadas, a fim de
estimar o valor esperado para cada estacdo, usando a informacao das estagdes remanescentes
do mesmo tipo, sob um esquema de Jackknife (Efron, 1982). O pressuposto ¢ de que a
coeréncia entre valores observados e interpolados ¢ um bom indicativo da qualidade da
informacao. Estes valores interpolados foram comparados com os valores medidos usando a
raiz quadratica média dos erros relativos (RRMSE pelas suas siglas no inglés), uma das
medidas de desempenho das interpolagdes proposta por Li e Heap (2011), que subtrai o efeito
da unidade/escala, que por ser quadratica mostra que as diferencas extremas tém maior peso, €

cuja formula é:

/2
_ IS [pi — o;] 21
RRMSE = [nzi=1( /Oi) «100

onde n ¢ o nimero de estagdes, o ¢ o valor medido do pardmetro e p corresponde aos valores

interpolados.
3. RESULTADOS

3.1. Avaliacao da localizacdo geografica das estacdes

Foi avaliado um total de 265 EMCs e 423 EMAs, no Brasil. Uma comparagdo das
coordenadas geograficas atribuidas as estagdes mostrou claramente uma maior exatidao no
caso das EMAs. Efetivamente, o INMET fornece as coordenadas em formato de grau
decimal, que no caso das EMCs consiste em apenas duas posi¢des decimais (pouca exatidao),
indicativo de uma localidade que pode estar proxima a localizacdo real, mas imprecisa, € ndo
se ajusta aos requerimentos estabelecidos pela WMO (2018), uma vez que as coordenadas
tém que estar em graus, minutos ¢ segundos inteiros, ou seja, pelo menos quatro posigdes
decimais. Em contrapartida, as coordenadas das EMAs contém um maior nimero de posi¢des
decimais (seis), que em muitas ocasides correspondem com estruturas nas quais ¢ comum o
estabelecimento de estacdes climatologicas (aeroportos, institutos de ensino, etc.), ou nas
quais inclusive foi possivel observar instalagdes similares aquelas das estagdes climatologicas

tipicas através dos aplicativos usados (Google Earth®). Isso sugere que no caso das EMCs, a
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informagdo fornecida em muitos casos ¢ antiga e pode ndo ter sido atualizada com GPS de
precisao.
No caso das EMCs, 17 delas tém coordenadas geograficas que claramente ficam fora dos
limites dos municipios homonimos (afastadas até 79,7 km; Tabela 1.1) ou, inclusive, em
estados vizinhos. Ainda que, como ja foi indicado, em alguns casos o INMET forneca as
coordenadas atualizadas em outra parte da sua plataforma web, a disponibilizagdo das
informacdes da maneira atual pode gerar erros.

Em contrapartida, a unica inconsisténcia que encontramos na informag¢ao associada as
EMAs foi um erro no nome da estagdo "Novo Mundo" (codigo WMO: 86643), que

corresponde a comunidade "Mundo Novo", municipio Brasnorte, Mato Grosso.

3.2. Grau de adequacio da informacao climatica segundo critérios internacionais

As EMCs ja estavam ativas para a data inicial considerada neste estudo (o primeiro de
junho do 2000), enquanto as EMAs foram-se agregando depois paulatinamente, o que ficou
evidenciado no fato que as primeiras contam com um periodo de operagdo significativamente
maior (média geral 18,4 anos; Fig. 1.1), do que as segundas (média geral 12,5 anos), durante o
periodo considerado neste estudo. Similarmente, as quantidades de anos disponiveis cuja
informacao concorda com os critérios da WMO (pelo menos 10 anos de dados sob o critério
de quatro dias consecutivos ou 11 dias ndo consecutivos por més) ¢ maior nas EMCs (média
geral 17,7 anos; Fig. 1.2) que nas EMAs (média geral 11,3 anos). As EMAs mostraram uma
proporc¢ao significativamente maior de lacunas na informagdo (médias gerais: 0,15 no caso da
precipitacdo, e 0,12 no caso das temperaturas; Fig. 1.3) do que nas EMCs (médias gerais: 0,03

na precipitagdo, e 0,06 e 0,05 no caso das temperaturas maximas e minimas respetivamente).
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Tabela 1.1 — Algumas imprecisdes detectadas na localidade das estagdes climaticas convencionais
segundo as coordenadas geograficas disponibilizadas pelo INMET junto com a
informagdo climatica.

322

Nome da estagao Municipio das coordenadas Erro (km)
(83582) Bambui - MG Divinopolis - MG 79,7
(83687) Lavras - MG Sao Thomé das Letras - MG 39,3
(83386) Januaria - MG Itacarambira - MG 20,5
(82693) Cruzeta - RN Acari - RN 18,4
(83446) Guaratinga - BA Itabela - BA 13,4
(82596) Ceara-Mirim - RN Pocgo Branco - RN 12,0
(82975) Bom Jesus do Piaui - PI Santa Luz - PI 6,7
(82487) Guaramiranga - CE Mulungu - CE 5,3
(82296) Luzilandia Lag. do Piaui - PI ~ S3o Bernardo - MA 3,8
(83195) Itabaianinha - SE Riachdo do Dantas - SE 3,1
(82598) Natal - RN Parnamirim - RN 2,5
(83985) Pelotas - RS Capao do Leao - RS 1,7
(82789) Triunfo - PE Sao José de Princesa - PB 1,4
(83395) Janauba - MG Nova Porteirinha - MG 1,2
(83037) Coronel Pacheco - MG Goiana - MG 0,1
(82863) Pedro Afonso - TO Tupirama - TO 0,1
(82797) Surubim - PE Casinhas - PE 0,1
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19 anos entre o primeiro de junho de 2000 e 30 de setembro de 2019, para cada més e
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critérios da WMO (2017), contabilizados dentro do periodo de 19 anos entre o primeiro
de junho de 2000 e 30 de setembro de 2019, para cada més e para cada tipo de estacio
no caso de: (A) precipitagdo; (B) temperatura maxima; e (C) temperatura minima.

Figura 1.2 — Comparacdo da quantidade de anos totais efetivos, ou seja, com informagdo acorde aos
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Figura 1.3 — Propor¢do de gaps na informag¢ao climatica mensal para cada tipo de estagdo no
caso de: (A) precipitacdo; (B) temperatura méxima; e (C) temperatura minima.
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327 Das 265 EMCs avaliadas, 257 (97,0%) forneceram dados de precipitacdo de acordo

328 com os critérios da WMO para todos os meses, 255 (96,2% do total) no caso da temperatura
329 maxima e 249 (94,0%) no caso da temperatura minima. Em contraste, das 423 EMAs

330 selecionadas, apenas 191 (45,2%) forneceram informag¢do adequada no caso da precipitagdo, e
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251 (59,3%) no caso das temperaturas. Uma lista completa, com detalhes adicionais, das

estagdes que cumpriram ou nao com os critérios da WMO ¢ fornecida na Tabela S1.

3.3. Comparacio da informacéo fornecida por EMCs e EMAs homonimas

Apo6s excluir as estagdes “Sao Simao” (EMCs WMO: 83669 - SP ¢ EMAs WMO:
86773 - GO), um total de 76 pares de estacdes no caso da precipitacdo, 89 no caso da
temperatura maxima e 85 no caso da temperatura minima, tiveram nomes iguais ou
semelhantes e coordenadas geograficas proximas, com distincias entre coordenadas variando
entre 0,0 e 20,9 km (mediana 0,57 km no caso da precipitacdo ¢ 0,79 km no caso das
temperaturas). Mais ainda, estas distancias ndo necessariamente significam que ambas as
estagOes estejam de fato afastadas: pode simplesmente ser um artefato originado em erros nas
coordenadas ou pela baixa exatiddo nas coordenadas fornecidas pelo INMET para as EMCs.
O previamente indicado reforca a validade das comparagdes a seguir.

Foi observado que, no caso da precipitacdo acumulada mensal, ainda que para todos os
meses, 0os boxplots mostram sobreposi¢do nas distribui¢des e, mais ainda, nos entalhes, os
testes pareados ¢ de Student indicam que existem diferengas estatisticamente significativas ao
longo de todo o ano exceto em agosto e outubro (Fig. 1.4A). Estas diferencas ndo seguem um
padrao geografico evidente (Fig. 1.5), para as subestimativas ou sobreestimativas das EMAs
em relagdo as EMCs, pois ndo ¢ possivel observar agregamentos geograficos, o que poderia
sugerir problemas sistematicos a nivel estadual ou regional. Mais ainda, subestimativas e
sobreestimativas podem alternar num mesmo local de um més para o seguinte. Os casos
extremos foram aqueles das estagdes Guaramiranga - CE (com diferencias de 63,9 mm para
janeiro), Cuiabé - MT (56,4 mm para fevereiro), Alto Parnaiba - MA (64,2 mm para marco),
Fortaleza - CE (102,9 mm para abril), Turiagu - MA (57,8 mm para maio), Recife - PE (com
diferencias de 74,1 mm para junho, 51,6 mm para julho, e 34,3 mm para agosto), Sao Joaquim
- SC (34,9 mm para setembro), Cruz Alta - RS (57,8 mm para outubro), Rio Verde - GO (45,6
mm para novembro), e [tumbiara - GO (62,6 mm para dezembro), sendo que em todos elas as
EMCs registraram precipitagdes maiores que as EMAs.

As temperaturas maximas médias mensais mostraram diferencas significativas nos
meses de dezembro até fevereiro, o que aproximadamente coincide com o verdo austral, além
de setembro (Fig. 1.4B), quando algumas das EMAs registraram as menores temperaturas
maximas médias em comparacao as EMCs (histogramas da Fig. 1.6). Novamente, diferencas

individuais podem ser encontradas ao longo de todo o ano (Fig. 1.6), ainda que de um modo
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mais estavel se comparado ao caso das precipitacdes: as EMAs que sobre ou subestimaram,
tenderam a fazer isso em todos os meses. Os casos extremos foram aqueles das estagdes
Guaramiranga - CE, aonde a automatica registrou na média 3,1 °C menos que a convencional
para janeiro e fevereiro e 2,8 °C menos para marco e, especialmente, Ibirit¢ - MG, onde a
EMA registrou na média temperaturas maximas menores para abril (2,8 °C), maio (2,6 °C),
junho (2,3 °C), julho (2,4 °C), agosto e setembro (2,5 °C), outubro e novembro (2,9 °C), e
dezembro (2,8 °C).

As temperaturas minimas médias ndo mostraram diferencas estatisticamente
significativas para nenhum més (Fig. 1.4C), ainda que diferencas individuais foram detectadas
ao longo do ano (histogramas da Fig. 1.7), sem um padrio geografico evidente, mas com uma
tendéncia a sobre ou subestimar as medidas em cada localidade foi ainda mais estavel do que
no caso das temperaturas maximas meédias. Por exemplo, no caso de Itaberaba (BA) a EMA
registrou temperaturas médias minimas na média 2,5 °C (variacdo: 2,2 e 2,8 °C) superiores

que a EMC homdnima, ao longo de todo o ano.

3.4. Correlaciao com outras variaveis

Em todos os casos, os valores de precipitagdo média mensal estiveram altamente
correlacionados, acima de 0,9, com os correspondentes valores de precipitagio média mensal
fornecidos pelo TRMM (Tabela 1.2). Estas correlagdes ndo mostraram diferencas
estatisticamente significativas, exceto para outubro, quando a correlagio das EMCs ¢ a
precipitacdo média mensal do TRMM foi maior.

As temperaturas maximas médias mensais estiveram inversamente correlacionadas
com a elevagdo, sob -0,5 em todos os meses exceto no periodo desde maio até outubro,
coincidindo aproximadamente com o outono-inverno austral, sem diferencas estatisticamente
significativas entre EMCs e EMAs (Tabela 1.3). Entretanto, as temperaturas maximas médias
mensais mostraram uma correlacdo maior com a latitude, acima de 0,5 em todos os meses
exceto durante janeiro-margo, ou seja, durante o verdo austral no caso das EMCs, e fevereiro
durante EMAs, com diferengas estatisticamente significativas entre EMCs e EMAs no
periodo de dezembro até abril, quando as EMAs mostraram uma correlagdo

significativamente maior.
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Figura 1.5 — Diferengas resultantes de subtrair a precipitagdo média mensal registrada por cada estacdo
convencional menos a registrada pela automatica homonima. Em azul aqueles casos em
que a estagdo convencional > estacdo automatica; em vermelho quando estacdo
convencional < estacdo automatica. Os histogramas mostram a frequéncias dessas
diferencas.
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.6 — Diferencgas resultantes de subtrair a temperatura maxima média mensal registrada por

cada esta¢do convencional menos a registrada pela automatica homoénima. Em azul
aqueles casos em que a estacdo convencional > estagdo automatica; em vermelho
quando estagdo convencional < estacdo automatica. Os histogramas mostram a

frequéncias dessas diferengas.
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As temperaturas minimas médias mensais mostraram correlagdes ainda mais fortes

com a elevagao, sob -0,6 na maioria dos casos, sem diferencas significativas entre EMCs e

EMAs (Tabela 1.4). Complementarmente, as correlagdes das temperaturas minimas médias
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mensais estiveram altamente correlacionas com a latitude, acima de 0,6, no caso das EMCs e
0,8 no caso das EMAs, com diferencas significativas ao longo de todo o ano exceto durante

junho-agosto.

3.5. Avaliacao da consisténcia dos dados

Ao comparar os valores das RRMSE resultantes das interpolacdes, os testes ¢ de
Student ndo sugerem diferencas entre EMCs e EMAs no caso da precipitagdo (Fig. 1.8A). No
caso das temperaturas, esta andlise sugere que, em geral, as EMAs tenderam mostrar um
melhor ajuste (maior concordancia entre temperaturas interpoladas e observadas), com
diferencas estatisticamente significativas em fevereiro, no caso das temperaturas maximas, €

entre fevereiro e abril, no caso das temperaturas minimas (Fig. 1.8B-C).

4. DISCUSSAO E CONCLUSOES

Do ponto de vista da abrangéncia geografica, este ¢ o maior estudo comparativo da
informacao climatica fornecida pelas EMCs e as EMAs brasileiras feito até o momento.
Cristaldo et al. (2017), concluiram que, no caso do Pantanal, embora que o nimero de
estagdes em operacao seja satisfatorio segundo o estabelecido pela WMO, a densidade da rede
ndo ¢ satisfatoria nas estagdes de operacdo por falta de manutengdo, criando assim a
necessidade de estagdes adicionais. Esta conclusdao pode ser extrapolada para o resto do
Brasil, especialmente considerando que muitas das EMAs ainda ndo estdo fornecendo
informagdo concordante aos critérios da WMO.

Em geral, os resultados deste estudo mostram o que ja tem sido relatado na literatura
para casos particulares: que o grau de semelhanga da informacao fornecida por ambos os tipos
de estagdes meteorologicas pode ser muito congruente. Efetivamente, enquanto alguns autores
jé indicaram haver boa concordancia entre a informac¢ao meteoroldgica proveniente de ambos
os tipos de estacdes (Souza et al., 2003; Pereira et al., 2008; Strassburger et al., 2011; Funari
e Pereira, 2012; Almeida e Hermenegidio, 2013), outros apontaram discrepancias, em
ocasioes marcadas, entre EMCs e EMAs tanto em outros paises (Kusmierek-Tomaszewska et
al., 2012; Karatarakis et al., 2013; Urban, 2015; Kaya, 2017) quanto a nivel local no Brasil
(Pinto et al., 2006; Oliveira et al., 2010; Lucas et al., 2010; Campos et al., 2016; Ribeiro et
al.,2017).
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Figura 1.7 — Diferencias resultantes de subtrair a temperatura minima média mensal registrada por
cada estagdo convencional menos a registrada pela automatica homdénima. Em cinza
escuro aqueles casos em que a estagdo convencional > estacdo automatica; em cinza
meédio quando estagdo convencional < estacdo automatica. Os histogramas mostram a
frequéncias dessas diferencias.
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Tabela 1.2 — Correlagao entre as precipitagoes médias mensais de cada tipo de estacdo climatologica e
os respectivos valores de precipitacio médias mensais fornecidos pelo Tropical Rainfall
Measuring Mission 3B43: (r.) correlagdo no caso das estagdes convencionais, com p <
0,001 para todos os casos; (r,) correlacdo no caso das estagdes automaticas com p < 0,001
para todos os casos; (p...) probabilidade resultante da comparacdo das correlagdes acima
mencionadas através das transformacgdes de Fisher (1915, 1921). Em negrito o valor
estatisticamente significativo da comparagdo das correlagdes com o = 0,05.

Mes Te Va Pe-a

Jan 0,959 0,953 0,347
Fev 0,950 0,941 0,314
Mar 0,952 0,946 0,372
Abr 0,957 0,927 0,055
Mai 0,949 0,936 0,236
Jun 0,919 0,905 0,308
Jul 0,932 0,919 0,285
Ago 0,931 0,943 0,277
Set 0,969 0,961 0,261
Out 0,974 0,953 0,037
Nov 0,973 0,967 0,263
Dec 0,976 0,970 0,246
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Tabela 1.3 — Correlagdes entre as temperaturas maximas mensais de cada tipo de estagdo
climatologica, e as elevacdo e a latitude respectivas. (r.) correlagdo no caso das
estagdes convencionais; (7,) correlagdo no caso das estagdes automaticas; (pc-«)
probabilidade resultante da comparagdo das correlagdes acima mencionadas através
das transformagoes de Fisher (1915, 1921). Todas as correlagdoes com p < 0,001.

Mes Elevagdo Latitude

re Va Dc-a re Va Dc-a
Jan -0,714 -0,733 0,398 0,353 0,570 0,035
Fev -0,678 -0,695 0,417 0,224 0,490 0,023
Mar -0,637 -0,629 0,466 0,406 0,633 0,020
Abr -0,515 -0,569 0,310 0,591 0,754 0,024
Mai -0,427 -0,459 0,398 0,769 0,851 0,058
Jun -0,348 -0,340 0,477 0,753 0,834 0,076
Ju  -0,279 -0,276 0,492 0,735 0,807 0,123
Ago -0,232 -0,204 0,424 0,656 0,743 0,133
Set -0,151 -0,129 0,442 0,653 0,718 0,212
Out -0,237 -0,241 0,489 0,653 0,751 0,103
Nov -0,557 -0,592 0,367 0,689 0,789 0,074
Dec -0,682 -0,727 0,281 0,561 0,717 0,042
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Tabela 1.4 — CorrelagGes parciais entre as temperaturas minimas mensais de cada tipo de estagdo
climatologica, ¢ a elevacdo ¢ a latitude correspondentes. (r.) correlagdo no caso das
estacdes convencionais; (p.) probabilidade da correlagdo das estagdes convencionais;
(ra) correlacdo no caso das estagdes automaticas; (p,) probabilidade da correlagdo das
estagdes automaticas; (p...) probabilidade resultante da comparagdo das correlacdes
acima mencionadas através das transformagdes de Fisher (1915, 1921). Todas as
correlagdes com p < 0,001.

Mes Elevacgao Latitude

re Va Pc-a re Va Dc-a
Jan -0,844 -0,893 0,101 0,681 0,851 0,003
Fev -0,854 -0,854 0,133 0,686 0,872 0,001
Mar -0,793 -0,835 0,215 0,769 0,899 0,002
Abr -0,740 -0,792 0,212 0,858 0,934 0,005
Mai -0,783 -0,807 0,440 0,937 0,961 0,060
Jun -0,739 -0,725 0,424 0,933 0,954 0,111
Jul  -0,699 -0,687 0,442 0,932 0,947 0,208
Ago -0,662 -0,687 0,386 0,911 0,945 0,057
Set -0,558 -0,603 0,334 0,873 0,925 0,040
Out -0,562 -0,621 0,283 0,823 0911 0,010
Nov -0,685 -0,752 0,190 0,835 0,919 0,008
Dec -0,785 -0,848 0,114 0,781 0,895 0,005
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- Estages convencionais
Estagdes automaticas

A

mensais da raiz média quadratica dos erros relativos (RRMSE pelas suas siglas no
1000+

inglés), calculados com os valores observados ¢ interpolados para cada estagdo. (A)

precipitagdo; (B) temperatura maxima; e (C) temperatura minima. Na base de cada
grafica encontra-se o resumo do teste bicaudal pareado ¢ de Student: (N.S.) ndo

significativo; (*) p < 0,05; (**) p < 0,01; (***) p < 0,001. Os eixos das ordenadas estdao

Figura 1.8 — Comparagdo entre as estagdes convencionais € as automaticas homdnimas dos valores
em escada logaritmica.
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Similarmente, neste estudo, as distribuigdes centradas em zero e marcadamente
leptocurticas dos histogramas correspondentes as diferencas simples (calculadas como os
valores das EMCs menos os valores das EMAs), representados nas Figs. 1.5-7, além de
comparagoes resumidas nos boxplots das Figs. 1.1 e 1.8, indicam boa concordancia na
informagao climatica fornecida por ambos os tipos de estagdes. Mas também encontramos
evidéncias solidas de divergéncias, que em alguns casos podem ser dramaticas. De acordo
com Linacre (2005), a existéncia destas incongruéncias ¢ propria de toda medigdo
meteoroldgica e pode ter diferentes origens. Primeiro, a forma de observagdo, sendo um
exemplo o fator humano, ou os erros tanto na leitura das medidas oferecidas pelos
instrumentos como na sua transcricdo por parte dos observadores no caso das EMCs.
Segundo, os erros dos proprios dos instrumentos, os quais podem ser tanto sistematicos como
ao acaso. Os erros sistematicos (ou viés) podem ser consequéncia de problemas na calibragdo
ou na velocidade de resposta do instrumento as mudancgas rapidas do elemento meteorologico
medido: as EMCs estdo normalmente dotadas de sensores analdgicos cuja velocidade de
resposta ¢ menor que aquela dos sensores eletronicos das EMAs. Estas diferengas sistematicas
tendem ser consistentes ¢ podem ser compensadas aplicando fatores de corregdao. Os erros ao
acaso sdo produzidos por defeitos nos instrumentos, ou pelo efeito combinado de fatores
seguindo um padrdo quase aleatorio. Por exemplo, Sevruk e Chvila (2005) encontraram erros
na medi¢do da precipitagdo por parte das EMAs na Eslovaquia, especialmente quando as
quantidades de precipitagao liquida foram sob os 0,05 mm, quando os intervalos de medigao
foram maiores que trés minutos, quando as temperaturas estavam acima dos 15 °C, e por
problemas do software usado para corrigir o efeito das batidas pelo vento, vibragdes e
mudangas subitas do peso no detector.

Fatores semelhantes poderiam explicar o desempenho ligeiramente melhor das EMCs
na medicao da precipitacao, segundo os indicadores considerados neste estudo. Terceiro, o
local exato da estacdo meteoroldgica, ou "exposi¢do", tem que garantir a representatividade
do elemento meteorologico que estd sendo medido na area onde a estacdo foi instalada, ja que
mudangas menores nas condi¢cdes exatas do local das estacdes podem resultar em
discrepancias entre as medi¢oes. E, finalmente, as diferencas no produto da amostragem
também podem resultar em divergéncias nas medic¢des, que no presente estudo podem incluir
diferencas na quantidade e sobreposi¢@o temporal das séries de dados usados.

Aqueles casos em que as EMAs consistentemente registraram médias mensais
substancialmente diferentes do que as EMCs, merecem estudos mais profundos a fim de

detectar as causas, que neste caso ha existéncia de uns erros sistematicos que poderiam ser
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facilmente retificaveis através da aplicacdo de algum fator de corre¢do. E essa correcdo ¢
necessaria, porque tais diferencas poderiam ser interpretas como mudangas decorrentes de
variacoes climaticas que, de fato, ndo ocorreram (Lucas et al., 2010), e que poderiam ter
impactos substanciais em politicas publicas, planos de manejo, etc. Por exemplo, voltando
para o caso das estagdes localizadas na Itaberaba (BA), aonde a EMA registrou temperaturas
médias minimas de 2,5 °C acima da EMC homoénima, estes registros poderiam erroneamente
indicar um incremento substancial das temperaturas, provavelmente acima das metas
propostas no Acordo de Paris, que propds reduzir as emissoes de gases de efeito estufa para
manter o aumento da temperatura global bem abaixo de 2,0 °C e buscar esfor¢os para limitar
0 aquecimento a 1,5 °C acima dos niveis pré-industriais (CQNUMC, 2015). Infelizmente,
estas correcdes em muitos casos vao se limitar para aquelas localidades onde existam os dois
tipos de estagdes, pelo que seria desejavel que a instalagdo das EMAs passe por um periodo
de calibragdo com EMCs, no mesmo local, seguido de testes de calibragdo periddicos.

Nao obstante, a maioria dos erros detectados sdo aleatérios, com algumas EMAs em
alguns meses subestimando, e outros sobrestimando, os valores das EMCs. A origem desses
erros ¢ mais dificil de determinar e ainda mais dificil de corrigir. Por exemplo, no caso da
precipitacdo estas discrepancias podem estar associadas a intensidade das chuvas, flutuagdes
sazonais e lacunas nos registros para determinados periodos, ou ao tipo de medidores
utilizados e as suas caracteristicas, tais como a area de captagdo e facilidade de entupimento
(Tanner, 1990; Torre, 1995; Lucas et al., 2010), além do fato que grande parte da precipitacao
no Brasil ¢ de origem convectiva, ou seja, localizada (Reboita ef al., 2010) e que o TRMM faz
a avaliacdo em areas e ndo em pontos como os pluvidmetros em superficie.

Assim, o Brasil conta com dois conjuntos de dados climaticos cada um dos quais tem
alguns problemas. Por exemplo, as EMCs sdo menos numerosas, as suas coordenadas
geograficas sdo menos exatas e precisas (veja o problema que ja foi mencionado por Vianna
et al. (2017) para Santa Catarina), e provavelmente, tem erros provenientes do fator humano.
As EMAs sdo mais numerosas, mas muitas ainda ndo fornecem informagao congruente aos
critérios da WMO, e podem estar afetadas por problemas na calibragdo dos instrumentos, e
muitas delas estdo instaladas em locais novos, onde nao existe informagao prévia que possa
servir de base de comparagdo para quantificar a confiabilidade da informacdo fornecida.
Assim, ¢ natural que surge a pergunta: Diante de um cenario de carateriza¢do climatica em
escala macro, qual fonte de informagao tem que ser usada preferencialmente?

Mesmo sendo um procedimento que tem recebido criticas (Stegenga ¢ Menon, 2017),

¢ comum considerar que quando uma variedade de evidéncias independentes sustenta uma
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hipodtese, essa hipotese € mais provavel que seja verdadeira, o que as vezes chamamos de
"robustez". Isso pode ser usado como apoio para varias formas de distinguir artefatos de
entidades reais para nos ajudar na nossa procura de objetividade. Assim, as recorrentes
correlagdes maiores entre precipitacdo ¢ TRMM (apesar do grau de circularidade, pois no
TRMM as estagcdes sdo consideradas como dados de referéncia), no caso das EMCs, que
coincide com comparagdes mais locais feitas no Brasil (Collischonn et al., 2007), e das
temperaturas com a latitude no caso das EMAs, sugere que a informagdo de cada tipo de
estacdo tem um grau de confiabilidade um pouco maior segundo a pardmetro a serem
explorado. Isso, apesar dos problemas ja comentados sobre as coordenadas geograficas e que
varios autores afirmarem que em alguns casos 0 TRMM pode sobrestimar a precipitacdo no
Brasil (Franchito et al., 2009; Pereira et al., 2013). Uma possivel explicacdo ¢ que a
topografia do Brasil ndo € tao abrupta, por conseguinte carente daqueles gradientes climaticos
altamente contrastantes como pode ser observar por exemplo nos Andes (Ramoni Perazzi,
2016), e as imprecisdes nas localizagdes das estagdes nao tem um impacto significativo.
Ainda assim, todos os dados, tanto das EMCs como das EMAs, exigem um controle de
qualidade prévio para serem usados.

Recomenda-se realizar andlises similares no futuro, quando as EMAs tenham mais
tempo operativas e incrementando o numero de varidveis a serem consideradas.
Adicionalmente, o Brasil conta com um conjunto ainda maior de estagdes meteorologicas,
como indicado no portal do sistema de monitoramento agrometeoroldgico, muitas das quais
estao sob a responsabilidade de outras institui¢des diferentes ao INMET, e inclusive por parte
de particulares. Tal heterogeneidade, potencialmente acrescenta outras fontes de discrepancia

nas medigdes, e futuros esforgos teriam que incluir a avaliacdo destas estagdes também.
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Abstract
Species distribution modelling has become instrumental in assessing the influence of

environmental conditions on the occurrence or abundance of taxa. The set of environmental

layers used for this purpose is a crucial aspect, for which different climate-based (bioclimatic)
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datasets have been recently developed. These bioclimatic variables result from combinations
of precipitation and temperatures surfaces. Here, we explored both the performance and
possibility of improving some of the currently available bioclimatic databases, through an
evaluation of the precipitation and temperatures surfaces used to generate them. For this
purpose, we used a combination of statistic and graphic approaches. We focused on Brazil,
not only due to its natural megadiversity, but also due to its continental size and orographic
heterogeneity: an excellent ground for refining methods replicable elsewhere. We found a
better match between the climatic data measured on-field and Tropical Rainfall Measuring
Mission (TRMM 3B43 v7) in the case of precipitation, and the surfaces provided by the
National Oceanic and Atmospheric Administration (NOAA) in the case of temperatures,
sources uncommonly used for species niche modelling. We gauge-calibrated the best
performing surfaces using machine-learning algorithms and generated corrected surfaces that
allowed us to create BrazilClim: a database of bioclimatic variables, based on improved
primary surfaces, which will result in more assertive predicted distributions and more actual
pictures of the species’ ecological requirements for megadiverse Brazil, an approach
replicable elsewhere. All primary and bioclimatic surfaces generated for this study may be

freely downloaded.

Keywords: Brazil, bioclimatic covariates; machine learning; spatial interpolation; TRMM

3B43 v7; NOAA; land surface temperature; precipitation

1. INTRODUCTION

The notion that environmental conditions shape the spatial distribution of living beings
has been known since the antiquity, but was quantitatively evaluated only after the
development of spatial estimation techniques which allowed the creation of bioclimatic layers
since the 1980s (Booth et al., 2014). Thenceforth, species distribution modelling (hereafter
SDM) and other niche-related studies (Elith and Leathwick, 2009) have increasingly become
instrumental in diverse fields within the biological and ecological subjects dealing with the
influence of environmental conditions on the occurrence or abundance of taxa (Franklin and
Miller, 2010).

The extent to which the predictions match the actual distribution of the taxa depends
on several factors: (1) the amount and accuracy of the species’ occurrence data as model input

(Soultan and Safi, 2017); (2) intrinsic characteristics of the target species (Hernandez et al.,
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20006); (3) the existence of dispersal barriers (Aliaga-Samanez et al., 2020); (4) the effect of
biotic interactions (Freeman and Mason, 2015); (5) strengths and weaknesses of the
mathematical methods used (Qiao et al., 2015); and (6) the environmental layers used (Rodder
and Lotters, 2010); among others.

The first dataset of environmental layers available for SMDs, BIOCLIM, consisted of
interpolated grids of monthly mean values for maximum and minimum temperatures
(henceforth referred respectively as Tmax and Tmin), precipitation (Ppt), as well as 12 derived
bioclimatic covariates for Australia, with a resolution of 0.5° (Booth et al., 2014). The term
“bioclimatic” highlights the fact that variables are more meaningful from the biological point
of view, being derived from the monthly temperatures and precipitation, depicting annual
trends, seasonality, or limiting conditions (e.g., precipitation of the warmest trimester).
Subsequent efforts were dedicated towards both the increment of the geographic extent, and
the number of bioclimatic covariates provided. For example, WorldClim (Hijmans et al.,
2005), the most widely used source of bioclimate data for terrestrial SDM studies, follows the
BIOCLIM methods, but spanning all the terrestrial surfaces and including 19 bioclimatic
covariates.

The actual relationship between the bioclimatic covariates and the respective species
environmental tolerances, with its concomitant effect on the geographic distributions, is
unknown for most taxa (Alvarado-Serrano and Knowles, 2014), making the selection of the
environmental variables a pivotal process within SDMs. This situation has prompted the
development of additional bioclimatic covariates in the recent years, for example by including
complex water balance calculations (Xu and Hutchinson, 2013), or their relation to
topographic traits (Title and Bemmels, 2018). Moreover, other covariates such as soil,
geology, bathymetry, distance to water and habitat patch characteristics have been made
available and used. Withal, precipitation and temperature are the most frequently used, being
very often the most important predictors (Bradie and Leung, 2017).

Many of the bioclimatic databases have been built on ground-based climate gauge
networks, which are capable of providing reliable observations with high accuracy. However,
the uncertainty increases when such observations are estimated in unsampled areas (Borges et
al., 2016), especially over montane regions, extreme climatic conditions, or where gauges are
distributed sparsely (Tozer et al., 2012; Miao et al., 2015; Chubb et al., 2016), that is, where
the biodiversity is usually higher (Koérner, 2002). Concomitantly, the use of bioclimatic
covariates derived from interpolations of data from climate gauge networks has proven to

have some limitations (Deblauwe et al., 2016). As an example, Ramoni-Perazzi (2016) found
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that the precipitation layers provided by WorldClim 1.4 (Hijmans et al., 2005) completely
overlook important semiarid pockets within the Cordillera de Mérida, the northernmost
portion of the Tropical Andes, a region which leads the list of worldwide hotspots for species
richness/area ratio and endemism (Myers et al., 2000). Such a situation has prompted the
development of datasets based on remotely sensed climate data (Waltari et al., 2014; Lima-
Ribeiro et al., 2015; Deblauwe et al., 2016; Karger et al., 2017; Vega et al., 2017; Abatzoglou
et al., 2018), in an effort to search for accuracy.

Although satellite climate estimates have been demonstrated by multiple studies to be
accurate, others have revealed flaws and weakness. As an example, the Tropical Rainfall
Measuring Mission (TRMM) Precipitation Radar (Kummerow et al., 2000; TRMM, 2018),
yielded one of the longest (1998-2014), single-sensor, high-resolution databases, and multiple
studies have demonstrated the accuracy of its estimates for mean precipitations (Dinku et al.,
2007; Chen et al., 2011; Fleming et al., 2011; Zhao et al., 2015; Wang et al., 2017). However,
in spite of the high correlations observed, the goodness-of-fit may vary along the year (Tao et
al., 2016; Cao et al., 2018), among regions (Brasil Neto et al., 2020), or under extreme rain
events (Wolff and Fisher, 2008), resulting in overestimations of the precipitation (Curtarelli et
al., 2014; Nastos et al., 2016). Thus, these estimates are prone of errors, highly correlated to
resolution, rain rate and sampling frequency (Nesbitt and Anders, 2009). That is,
biogeographers and allies can currently count on several bioclimatic database options,
obtained following different methodologies and criteria, but all of them are prone of some
source of error.

In this study, we explore two questions: (1) Are there significant differences among
the bioclimatic databases when compared to on-field measurements? and (2) How can any
eventual incongruence be corrected? To answer these questions, we focused on megadiverse
Brazil, which harbors the largest, and largely undiscovered, continental biota (Brandon et al.,
2005), jeopardized with high rates of habitat degradation and loss, as well as the effects of
climate change (Brodie et al., 2012; Lapola et al., 2014; Molotoks et al., 2018).

2. MATERIALS AND METHODS
2.1. The study area

Brazil is a continent-sized country, not only megadiverse from a biological point of

view (Mittermeier et al., 1997), but also from a climatic one. This is attributed to the fact that
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the country possesses a great variety of topographic features, exemplified by the disparity of
plain landscapes associated to the Amazon basin to the north and the mass of ridges and
mountain ranges toward the southeast. Besides, a latitudinal extent of about 45°, unique in
being crossed by both the Equator and the Tropic of Capricorn, creates a gradient from
tropical to temperate conditions. Concomitantly, Brazil hosts three main climatic types
according to the Koppen Classification system (Alvares et al., 2013): tropical rainy (with four
subtypes), dry (one subtype), and humid subtropical (with seven subtypes).

Such climatic diversity results in diverging environments generally grouped into six
major biomes. First, an equatorial climate, with average temperatures above 18 °C, and
variable precipitation although no actual dry season defines the Amazonia to the North
(Figure 2.1). Second, the Caatinga to the Northeast is characterized by a semiarid climate with
a prolonged dry season, that lasts for seven or more months, and average temperatures above
18 °C. Third, the Atlantic Forest, stretching along the Atlantic coast from the Rio Grande do
Norte state in the northeast to the Rio Grande do Sul state in the south. This area comprises
variable conditions, ranging from equatorial climates with monthly temperatures above 18 °C
and lacking a real dry season to humid subtropical climates characterized by hot and humid
summers, and cold to mild winters. Fourth, these humid subtropical climates also define the
Pampa biome to the South of the Country. Finally, a marked precipitation seasonality, typical
to savanna climates, characterizes central Brazil, where the Pantanal occupies the floodable
areas, while the surrounding highlands are covered by the Cerrado. Thus, Brazil is suited for

analyses like the ones in the present study.

2.2. Comparing observed and estimated measurements

The most widely used bioclimatic covariates are the 19 provided, for example, by WorldClim
1.4 (Hijmans et al., 2005), which are derived from Tmax, Tmin, and Ppt. Ergo, in the present
study and for these three primary climatic variables, we focused on the comparison of data
measured on-field against those provided by databases listed in Table 2.1, which includes
sources as diverse as traditional bioclimatic databases based on interpolations such as
WorldClim 1.4 (Hijmans et al., 2005), and those based on remotely sensed information
nontraditionally used for SDMs such as TRMM 3B43 v7 (Kummerow et al., 2000; TRMM,
2018) or those provided by the National Oceanic and Atmospheric Administration (NOAA).



168
169

170
171
172
173
174
175
176
177
178

63

Figure 2.1 — Distribution of (A) climate and (B) biomes in mainland Brazil, according to the Brazilian

Institute of Geography and Statistics (IBGE, 2021).
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We performed all the analyses on a monthly basis, using the R version 3.6.3 "Holding

the Windsock" (R Core Team, 2020), and chose a significance level of o = 0.05. We obtained

all climatic data directly from the respective websites of the databases, projecting them in a
geographic (lon/lat) coordinate system using the WGS84 datum and resampling them to a 0.5°
resolution when required. This change in spatial resolution does not represent an actual
improvement of those layers delivered at lower resolution, but allows to homogenize it across

databases keeping all the information of those provided at highest resolution and improving

the workflow.
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Table 2.1 — Basic information of the bioclimatic datasets used in this study. Pp#: mean monthly accumulated precipitation; 7Tmax: mean monthly
maximum temperature; Tmin: mean monthly minimum temperature. “Time span” refers to the temporal series used for determining
the climatology.

Database Subsets Variables Resolution Time span Method URL Accessed Citation
CRUCL 2.0 Ppt, Tmax, Tmin 10' 1961 - 1990 Splines interpolation among stations https://crudata.uea.ac.uk/cru/data/hrg/tmc/ Jan/25/2020 New et al. (2002)
WorldClim 1.4 Ppt, Tmax, Tmin 0.5' 1960 - 1990 Splines interpolation among stations https://www.worldclim.org/data/v1.4/worldclim14.html Dec/05/2019 Hijmans et al. (2005)
NOAA' Tmax, Tmin 30' 1981 - 2010 Remote sensing https://psl.noaa.gov/data/gridded/data.cpc.globaltemp.html  Jul/28/2020
CliMond WorldClim 1.4 Ppt, 10' 1961 - 1990 L , https://www.climond.org/ClimateData.aspx Jul/09/2020 Kriticos et al. (2012)
Combination of CRU and WorldClim 1.4
CRUCL Tmax, Tmin 10' 1961 - 1990
ecoClimate CCSM Ppt, Tmax, Tmin 0.5' 1950 - 1999 https://www.ecoclimate.org/downloads/ Jul/27/2020 Lima-Ribeiro et al.
(2015, 2020)
CNRM Ppt, Tmax, Tmin 0.5'
FGOALS Ppt, Tmax, Tmin 0.5'
GISS Ppt, Tmax, Tmin 0.5 Simulations for eight coupled atmosphere-ocean global
IPSL Pot, Trax, Toin 0.5 climate models (AOGCMs)
MIROC Ppt, Tmax, Tmin 0.5'
MPI Ppt, Tmax, Tmin 0.5'
MRI Ppt, Tmax, Tmin 0.5'
Deblauwe’s CHIRPS v. 2.0 Ppt 3 1981 - 2013 https://vdeblauwe.wordpress.com/download/ Jul/10/2020 Deblauwe et al. (2016)
Reuse of data from MODIS and CHIRPS
MOD11C3 V. 5.0  Tiex, Tmin 3 2001 - 2013
CHELSA 1.2 Ppt, Tmax, Tmin 0.5' 1979 - 2013 Reanalysis of ERA-interim https://chelsa-climate.org/downloads/ Jul/27/2019 Karger et al. (2017,
2018)
WorldClim 2.1 Ppt, Tmax, Trmin 0.5' 1970 - 2000 Splines interpolation among stations https://www.worldclim.org/data/worldclim21.html Aug/03/2020 Fick and Hijmans
(2017)
MERRACclim Tmax, Tmin 2.5' 1980 - 2000 Reanalysis of satellite information (MERRA) https://datadryad.org/stash/dataset/doi:10.5061/dryad.s2v8  Jul/19/2020 Vega et al. (2017,
1 2018)
Terraclimate Ppt, Tmax, Tmin 0.4' 1961 - 1990 Climatically aided interpolation, combining climatological http://www.climatologylab.org/terraclimate.html Jul/10/2020 Abatzoglou et al.
normals from the WorldClim, CRU Ts4.0 and the Japanese (2018)
55-year Reanalysis (JRA55)
TRMM_3B43 v Ppt 15' 1999 - 2019 Remote sensing https://disc.gsfc.nasa.gov/datasets/TRMM_3B43_7/summa  Jan/16/2020 Kummerow et al.
7 ry (2000), TRMM (2018)

L CPC Global Temperature data provided by the NOAA/OAR/ESRL PSL, Boulder, Colorado, USA
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The climatic information measured by meteorological (i.e., on-field measurements)
gauges is not exempted of inexactitudes or errors. Thus, before using the information
provided by the Brazilian official meteorological network managed by the National Institute
of Meteorology (INMET), considerations from Ramoni-Perazzi et al. (in press) were taken
into account: We appraised the climatic information gathered by both conventional (hereafter
CMG) and automatic (AMG) meteorological gauges, with at least 10 complete years of data
within the period 2000-2019.

In the case of Ppt, we created a database consisting of information from 257 CMGs,
since they performed slightly better, complemented with 107 AMGs separated by at least 100
km from the nearest CMG, resulting in a final database of 364 gauges (Supplementary
Material A). In the case of Tmax and Twmin, we created a final database using the information
from 251 AMGs, which performed slightly better with regards to the temperatures,
complemented respectively with 158 and 156 CMGs separated by at least 100 km from the
nearest AMG. That is, the databases for measured Tmax and Tmin included a total of 409 and
407 gauges (Supplementary Material A), respectively. Both datasets covered unevenly the
Brazilian territory (Figure 2.2), being more concentrated towards the axis conformed by the
South-to-Northeast regions, coinciding with the highest turnover of climatic conditions and,
concomitantly, of terrestrial life zones (Figure 2.1; Soares-Filho et al., 2014; Overbeck et al.,
2015; Tres et al., 2020).

We compared the information measured on-field by the meteorological gauges against
the values from their respective conterminous pixels of the different databases following four
strategies: (1) visually through paired notched boxplots, whose medians differ with a 95% of
confidence when the notches of two boxes do not overlap (Chambers et al., 1983); (2)
statistically through paired #z-Student tests; (3) spatially through animated maps in graphic
interchange format (.gif), representing the positive/negative differences between the values
measured on-field minus the estimated ones; and (4) calculating the root-mean-square error
(RMSE) a measure of accuracy frequently used to compare forecasting errors of different
models for a particular dataset (Hyndman and Koehler, 2006).

In the case of Ppt, these comparisons did not include the database MERRAclim (Vega
et al., 2017, 2018) which, instead of precipitation, approaches the water availability through

the use of air humidity information.
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Figure 2.2 — Distribution of the meteorological stations providing climate information used in the
present study. (A) Mean monthly accumulated precipitation; and (B) Mean maximum
and mean minimum temperatures.
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2.3. Creating the definitive climatic layers

Once we determined the performance of the aforementioned databases, we kept the
highest scored ones for each variable and calibrated them using the measurements obtained
on-field by the weather gauges managed by the INMET. We addressed these calibrations
comparing two strategies: (1) by interpolating spatially the measurements provided by
INMET’s gauges (i.e., direct-based method); or (2) by interpolating the differences resulting
from subtracting the amounts measured on-field to the values provided in the corresponding
conterminous pixels in the selected databases, and then adding such interpolated surfaces back
to the corresponding surfaces of the selected databases (i.e., error-based method). All these
interpolations were performed using the information from the respective selected databases as
covariates and, in the case of temperatures, also including the elevation and latitude as
covariates given their high correlations (Ramoni-Perazzi et al., in press). For that, we used the
Global Multi-resolution Terrain Elevation Data 2010 (Danielson and Gesch, 2011).

Many spatial interpolation methods are currently available (Li and Heap, 2011), most
of which have been implemented in free languages such as R (R Core Team, 2020); from
these we selected and compared the performance of five of them. We based such a selection

on the simplicity of their implementation and their comparatively low computing processing
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requirements. We evaluated the following interpolation techniques: (1) Cokriging (CK), a
multivariate geostatistical technique that takes advantage of non-exhaustive secondary
information to explicitly account for the spatial cross-correlation between the primary variable
and the covariates (Goovaerts, 1997), implemented in the package “gstat” (Pebesma, 2004;
Griler et al., 2016); (2) Generalized boosted regression modeling (GBM), a machine learning
technique, using the package “spm” (Li, 2019); (3) Simple regression (LM), implemented in
the package “stats” (R Core Team, 2020); (4) Quantile random forest (RF), another machine
learning tool, which provides a non-parametric accurate way of calculating conditional
quantiles for high-dimensional predictor variables, through the package “quantregForest”
(Meinshausen, 2006, 2017); and (5) Thin plate splines (TPS), a type of smoothing spline for
irregularly spaced data, fitted using generalized additive models, implemented in the package

“fields” (Nychka et al., 2017).

Figure 2.3 — Workflow for BrazilClim creation. Evaluation strategies used are listed within dashed
boxes. Interpolation (calibration) acronyms: (CK) Cokriging; (GBM) Generalized
boosted regression modeling; (LM) Simple regression; (RF) Quantile random forest;
and (TPS) Thin plate splines.
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We compared the performances of these interpolation techniques through two
strategies. First, by calculating and comparing the RMSEs following a leave-one-out scheme:
a particular cross-validation method closely related to the jackknife approach (Efron, 1982),
where the number of folds equals the number of gauges in the database. Second, visually,

using boxplots to contrast the distributions of the data measured on-field against those
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provided by the databases selected against the interpolated outputs obtained through the
aforementioned methods.

After selecting the best-performing datasets of Ppf, Tmax and Tmin, We created
BrazilClim: the bioclimatic variables for the continental megadiverse Brazil. For this, we used
the command ‘biovars’ of the ‘dismo’ package (Hijmans et al., 2017). A diagram

summarizing this procedure is shown in Figure 2.3.

3. RESULTS

3.1. Comparing observed and estimated measurements

The degree of concordance between the measured on-field and the estimated values
greatly varied among covariates, databases, as well as from one month to another within a
given database. In the case of Ppt (Figure B1 in Supplementary Material B), more databases
match the on-field measurements during the period corresponding to the austral summer
(January-March) than during the austral winter (July-September). Among the evaluated
databases, both CHELSA v 1.2 (Karger et al., 2017, 2018) and TRMM 3B43 v7 (Kummerow
et al., 2000; TRMM, 2018) showed the best performances as demonstrated by the great
overlap of their boxplots, even in the respective notches, and the lack of statistical differences
in five of the 12 months, when contrasted against the precipitations measured on-field by the
meteorological gauges.

In the case of Tmax, only the databases MERRAclim (Vega et al., 2017, 2018), or
GISS, IPL and MIROC from EcoClimate (Lima-Ribeiro et al., 2015, 2020) showed no
significant differences with respect to the values measured on-field, and only within the
period from May to November (Figure B2 in Supplementary Material B). Conversely, several
databases showed no significant differences when compared against 7min measured on-field
(Figure B3 in Supplementary Material B). From these, the one provided by Deblauwe et al.
(2016) outstands given its congruence in five of the 12 months, superseded only by NOAA
which concords in six months.

All the evaluated databases showed some conspicuous discrepancies when contrasted
against the corresponding values reported by the meteorological gauges. In the case of the Ppt
(Supplementary Material C, Animated GIFs 1l.a-p), these differences ranged from
underestimations of 474 mm in the case of the CCSM database relative to the CMG Colinas
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(Maranhio), to overestimations of 588 mm for the database MPI compared to the CMG Soure
(Pard), both cases for March and both databases provided by EcoClimate (Lima-Ribeiro et al.,
2015, 2020).

In the case of Tmax (Supplementary Material C, Animated GIFs 2.a-p), such
discrepancies ranged from underestimations of 11.9 °C in October for IPSL (Lima-Ribeiro et
al., 2015, 2020) when set side by side to the AMG Campos do Jorddo (Sdo Paulo), to
overestimations of 10.1°C in August for MPI (Lima-Ribeiro et al., 2015, 2020) in relation to
the CMG Goiés, located in the homonymous State. Finally, in the case of Tmin (Supplementary
Material C, Animated GIFs 3.a-p), such disparities ranged from underestimations of 16.9°C
for NOAA for the CMG Santa Vitoria do Palmar in July, to overestimations of 11.0°C in June
in the case of IPSL (Lima-Ribeiro et al., 2015, 2020) and the CMG Sao Luiz Gonzaga, both in
Rio Grande do Sul State.

In most cases, the discrepancies between the values reported by the meteorological
gauges and the correspondent conterminous pixels of the different covariates and evaluated
databases were very dynamic in terms of sign (positive or negative) and magnitude. In other
words, when analyzing each covariate and database separately, the values reported by any
given meteorological gauge can be underestimated for one month but overestimated the
following one. However, an attention-grabbing aspect was the tendency of these under- or
overestimations to be spatially clustered, with some geographic displacement trends along the
year, especially in the case of the Ppt (Supplementary Material C, Animated GIFs la-p).

In the case of Ppt, the RMSEs clearly indicated a better performance for the database
provided by Deblauwe et al., (2016), as well as TRMM 3B43 v7 (Kummerow et al., 2000;
TRMM, 2018), although the latter shows lower maximum and minimum RMSE values
(Figure 2.4A). In the case of temperatures, the RMSEs suggested a superior performance of
NOAA, especially in the case of the mean monthly maximum temperatures (Figure 2.4B-C).

Consequently, in addition to this best performance when compared to on-field
measurements through paired Student’s t tests, for further analyses we kept TRMM 3B43 v7
(Kummerow et al., 2000; TRMM, 2018) in the case of Ppt, and NOAA in the case of

temperatures. Interestingly, both sources are not commonly used for species niche modelling.

3.2. Creating the definitive climatic layers

For Ppt, the great overlap of the boxplots’ notches suggested that all the interpolation
techniques considered in the present study yielded RMSEs with similar medians (Figure 2.5).
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However, error-based GBM, LM (both approximations) and TPS (both approximations)
yielded the lowest RMSEs maxima, when compared to the remnant techniques, although the
latter predicted precipitation values evidently far above those measured on-field or reported
by TRMM 3B43 v7 (Kummerow et al., 2000; TRMM, 2018) in June (LM) and, especially,
May (TPS; Figure B4 in Supplementary Material B). Conversely, error-based GBM
interpolations were more reasonably fitted, hence, we used this procedure to gauge-calibrate
the TRMM 3B43 v7 (Kummerow et al., 2000; TRMM, 2018) layers in order to produce the
definitive Ppt surfaces (Figure 2.6; Supplementary Material C, Animated GIF 4.a). In few
cases, the calibration process resulted in negative precipitation values, impossible in nature,
thus we equalized them to zero prior to further calculations.
Figure 2.4 — Overall (all months) Root Mean Squared Errors contrasting all the databases
evaluated in this study (listed in Table 2.1), against BrazilClim (BrCl): our

gauge-calibrated dataset. (A) Mean monthly accumulated precipitation; (B)
Mean maximum temperature; (C) Mean minimum temperature.
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Figure 2.5 — Overall (all months) Root Mean Squared Errors calculated comparing different
interpolation methods. (A) Mean monthly accumulated precipitation; (B) Mean
maximum temperature; (C) Mean minimum temperature; (CK) Cokriging; (GBM)
Generalized boosted regression modeling; (LM) Simple regression; (RF) Quantile
random forest; and (TPS) Thin plate splines. White boxes represent the results
obtained by interpolating the measurements performed on-field (“direct-based”); gray
boxes represent the interpolations of the differences resulting by subtracting the
amounts measured-on-field minus the value provided in the corresponding
conterminous pixels by the selected databases (TRMM in the case of the precipitation
and NOAA in the case of the temperatures), and then adding such interpolated
surfaces to the corresponding surfaces of the selected databases (“error-based”).
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Figure 2.6 — Mean monthly accumulated precipitation surfaces of BrazilClim, resulting from gauge-
calibrating information from TRMM 3B43 v7 (Kummerow et al., 2000; TRMM, 2018)
through error-based interpolations with generalized boosted regression modeling (GBM).
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Error-based GBM, along with RF (both approximations), outperformed the other
interpolation methods evaluated in the case of the temperatures (Figure 2.5; Supplementary
Material B). However, error-based GBM reached lowest RMSEs minima in the case of Tmax,
and direct-based RF in the case of Tmin. Hence, we used each calibration procedure to obtain
the definitive Tmax and Tmin surfaces (Figures 2.7 and 2.8, respectively; Supplementary
Material C, Animated GIFs 4.b-c).

The definitive surfaces are not exempt of discrepancies compared to the data measured
on-field (Supplementary Material B, Animated GIFs 1.q, 2.r, 3.r). In the case of Tmax, the
maximum overestimations of BrazilClim (4.4 °C) exceed those of CHELSA (1.5 °C; Karger et
al., 2018), WorldClim 2.1 (2.7 °C; Fick and Hijmans, 2017), Terraclimate (3.1 °C; Abatzoglou
et al., 2018) or CliMond (3.7 °C; Kiriticos et al., 2012). Aside from this, BrazilClim
outperforms the evaluated databases given that, for all variables, the differences with respect

to the values measured on-field are largely centered at zero with narrower interquartile ranges.
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Although these discrepancies do not follow an identifiable spatial pattern, given the
lack of an evident clustering or regionalization, in the case of precipitations they tend to be
wider outside the austral winter season, while temperatures seasonal variations seem to have

little or no effect (Figure B7 in Supplementary Material B).

4. DISCUSSION

There is a generalized tendency of modelers to use prét-a-potter datasets.
Notwithstanding, given the existing incongruences between estimated and measured data, the
availability of free resources (such as R), and the relatively accessible computer-power
required to perform spatial interpolations, it is worth dedicating additional efforts to produce
ad hoc datasets, especially when working at subcontinental levels.

As we already mentioned, the bioclimatic variables are derived from the primary
surfaces of precipitation and temperatures. Consequently, in addition to the expected
uncertainties due to on-field measurement limitations (e.g., instrument precision), as
evidenced by discrepancies among AMGs and CMGs in the same location (Ramoni-Perazzi et
al., in press), and estimation (interpolation/sensing) used to create the primary surfaces, and as
demonstrated in the present study, the bioclimatic variables are affected by random and
uncorrelated errors propagated due to the combination of variables in the function. This
situation underlines the importance of making efforts to generate primary surfaces as reliable
as possible.

Several studies have demonstrated that satellite estimates can be significantly
improved through local gauge-calibration (Cheema and Bastiaanssen, 2012; Manz et al.,
2016; Mateus et al., 2016). In the case of South America, most of these efforts were
successfully carried out through deterministic or geostatistical methods (Manz et al., 2016).
However, our findings agree with a growing body of evidence that machine learning
algorithms offer a postprocessing opportunity to improve satellite-derived information by
correcting for measurement errors in a relatively simple way and with improved overall
performance from a statistical point of view (Ma et al., 2018; Just et al., 2020; Reis et al.,

2020).
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Figure 2.7 — Mean maximum temperatures surfaces of BrazilClim, resulting from gauge-calibrating
information from the National Oceanic and Atmospheric Administration (NOAA)

through error-based interpolations with generalized boosted regression modeling
(GBM).

°

by, eby by aby, by eby sby aby, 7y eby sby aby  7hy eby  sby  aby,



384
385

386
387
388
389
390
391
392
393

394
395
396
397
398

75

Figure 2.8 — Mean minimum temperatures surfaces of BrazilClim, resulting from gauge-calibrating
information from the National Oceanic and Atmospheric Administration (NOAA)
through interpolations with random forest (RF).
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Therefore, we built BrazilClim primary surfaces of precipitation and temperatures
based on climate surfaces developed during the recent past, whose use and validation has been
frequently referred to in the specialized literature. We calibrated these surfaces through
already tested techniques, based on information measured on-field by a state agency and
analyzed by us in a previous study, within a process guided by performance measures
frequently used in similar studies. Consequently, it is reasonable to suggest that the robustness

of the resulting primary surfaces is sufficiently validated.

5. CONCLUDING REMARKS

These improved primary surfaces not only will result in more assertive predicted
distributions, but will also provide more actual pictures of the species’ ecological

requirements, information valuable for fields such as ecophysiology, agriculture and others.
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Moreover, the past climate oscillations and the concomitant habitat
expansions/contractions shaped the current distribution of Brazilian biota (Ledo and Colli,
2017; Arruda et al., 2018; Capurucho et al., 2018; Dal Vechio et al., 2018; Silveira et al.,
2019). On the other hand, the ongoing trends of climate change represent forthcoming
changes and threats to this biota (Zanin et al., 2017; Hidasi-Neto et al., 2019) and even to
economic activities including important ones such as agriculture (Massetti et al., 2013; Zilli et
al., 2020). Therefore, the logical next step would be the projection of BrazilClim to both past
and future climatic scenarios, which will be a valuable tool to understand the distribution of

the biota in a changing world.

6. DATA ACCESSIBILITY

The following supplementary material is available online:

Supplementary Material A https://doi.org/10.4121/14924397

Supplementary Material B https://doi.org/10.4121/14925048

Supplementary Material C https://doi.org/10.4121/14932251

BrazilClim primary and bioclimatic surfaces https://doi.org/10.4121/14932947
Script to gauge-calibrate the surfaces https://doi.org/10.4121/14935791
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ABSTRACT

Conservation efforts guided by biodiversity hotspots of indicator taxa has become a common
approach. This requires a crystal-clear knowledge on the taxonomy and distribution of such
indicators, often a troublesome task in the Tropics, especially for rare or secretive taxa. We
assessed the potential distribution of 21 species and 21 subspecies of Brazilian Strigidae

through Species Distribution Modelling (SDM). We (1) generated SDMs for each species and
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subspecies, (2) evaluated the niche similarity among subspecies, (3) elaborated species’
richness maps, and (4) contrasted such information to the strict protection areas in Brazil.
With 81% of the Brazilian species recorded, both the Atlantic Forest and the Cerrado have the
highest richness, followed by the Amazonia (67%), Pampa (62%), Caatinga (57%) and
Pantanal (48%). However, the comparison of the recorded and predicted richness suggests
overall incomplete inventories, especially in the Pampa. On the other hand, subspecies
showed marked niches divergencies, suggesting that the actual Strigidae species richness is
underestimated in Brazil. Cerrado and Atlantic Forest are the most threatened biomes, with
preservation areas relatively small and scattered. Thus, our study is a response to the urgent
call to explore owl lineage diversification in Brazil to improve biodiversity-related

conservation efforts.

Keywords: Strigidae, priority areas, species distribution models, niche equivalence,

megadiversity

INTRODUCTION

Knowing where the species are found has always been important and gained relevance during
the Anthropocene. However, given the faulty funding levels (Gallo-Cajiao et al., 2018) and
the inadequate occurrence data available (Hortal et al., 2015) it can be troublesome, especially
in the tropics. Accordingly, species distribution models (hereafter SDMs) became a reliable
and more convenient tools compared to other more traditional procedures (Mainali et al.,
2020). These models combine occurrence data, environmental information and computer
algorithms to generate probabilistic distributions of species in space or environment while
reducing both false negatives and false positives errors (Mendes et al., 2020). Therefore,
generating, gathering and standardizing species distribution information, useful to determine
threats to the environment or critical areas, is crucial in conservation management (Sanchez
de Dios et al., 2017).

Among birds, raptors constitute a paradox since they are comparatively under-studied, given
their low fertility and abundances, while exerting great appeal for financial support, given
their ecological roles as tops predators, symbolism and threat levels (Donazar et al., 2016).
Among raptors, true owls (Strigidae) are characterized by their global high diversity (> 220
species; Gill et al,, 2021), interspecific variation in size, distribution ranges, habitat

specialization, and responses to habitat structure (Barros and Cintra, 2009) and alteration
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(Enriquez, 2017), making them a reliable surrogate group to identify areas of conservation
priority.

However, owls are overlooked in fauna inventories given their nocturnal habits (Silva and
Medellin, 2001), restricting the knowledge on their biology and, probably, their representation
in the official lists of threatened fauna in countries such as Brazil (Motta-Junior et al., 2017;
Motta-Junior and Braga, 2012). Even the information on their distribution is sparse,
anecdotal, insufficiently detailed (Motta-Junior and Braga, 2012) and probably incomplete.
Brazil harbors some 21 recognized species of Strigidae (Gill et al., 2021), including several
"near-endemics" such as the East Brazilian pygmy owl (Glaucidium minutissimum), the
black-capped screech owl (Megascops atricapilla), the long-tufted screech-owl (M.
sanctaecatarinae), the tawny-browed owl (Pulsatrix koeniswaldiana) and the rusty-barred
owl (Strix hylophila) (Motta-Junior et al., 2017), and the endemic Pernambuco pygmy owl
(Glaucidium mooreorum), critically endangered (BirdLife International, 2019) or even extinct
(Pereira, 2010). However, such biodiversity is greatly underestimated, as suggested by the
proposition of new owl species for Brazil based on molecular and bioacoustics traits by
Dantas et al. (2021).

The need to complete our understanding of the biology, ecology and distribution of owls in
Brazil, especially under scenarios imposed by the Anthropocene, places their SDMs as a
challenging and urgent scientific and conservation task. Here, for mainland Brazil, we: (1)
generated SDMs for each species and subspecies based on a maximum entropy approach; (2)
evaluated niche similarities between conspecific subspecies; (3) created species richness
maps; (4) determined the biodiversity hotspots; and (5) identified priority conservation areas

contrasting them against the existing network of strictly protected areas.

METHODS

Study area

Brazil is a continent-sized country of contrasting topographic features (plain landscapes in the
Amazon basin, or rugged topography in the southeast), a wide latitudinal extent and
continentality. Concomitantly, there are three major climatic types as defined by Koppen
(Alvares et al., 2013): humid subtropical, tropical rainy and tropical dry. This is consistent

with the presence of six major terrestrial biomes: Amazonia, Atlantic Forest, Caatinga,



88

Cerrado, Pampa and Pantanal (IBGE, 2019). Nevertheless, and acknowledging the importance
of dispersal in SDMs (Barve et al., 2011), we considered Brazil as an orographic continuum
for flying species given that: (1) the lack of massive and steeply orographic barriers; (2) the
system of rivers has a limited influence in shaping bird species distributions (Fluck et al.,

2020; Santorelli et al., 2018).

Species and subspecies account

We followed the International Ornithological Committee v. 11.1 (Gill et al., 2021), which
considers 21 valid species and 21 conspecific subspecies. To model the distributions of the
subspecies separately, and given the lack of more comprehensive sources, we split the

occurrences following Gill et al. (2021), and the maps from www.xeno-canto.org (Table 3.1).

Environmental covariates

Bioclimatic covariates have been successfully used in SMDs since their beginning (Booth et
al., 2014) and perhaps reflect physiological constraints. Soil type and geology have also been
favorably used in SDMs for Neotropical flying vertebrates, likely echoing deeper ecological
and historical constraints (Ramoni-Perazzi et al.,, 2020). Thus, we used BrazilClim, a
database of bioclimatic covariates created ad hoc for the Brazilian mainland (Ramoni-Perazzi
et al., 2021), elevation information (GMTED2010; Danielson and Gesch, 2011), geological
substrate (hereafter geology; Gémez Tapias et al., 2019), and soil type (Hengl et al., 2017).

All variables were used at (or resampled to) 30 arc seconds resolution.
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Table 3.1 — Account of the species and subspecies occurring in Brazil, according to the International Ornithological Committee v. 11.1 (Gill et al. 2021).
“Distribution” refers to the range described in the aforementioned source, used jointly to biomes, major hydrographic basins and reinforced by
other sources such www.xeno-canto.org, to proximately assign the occurrences to the different subspecies (our “interpretation”), to create the
occurrences databases used to model the subspecies distributions.

English name

Scientific name

Distribution

Interpretation

Buff-fronted Owl Aegolius harrisii
A. h. iheringi “Paraguay, SE Brazil, Uruguay and NE Argentina”
Striped Owl Asio clamator
A. c. clamator “Colombia and Venezuela to E Peru and C, NE Caatinga and Amazonia
Brazil”
A. c. midas “E Bolivia to Paraguay, S Brazil, Uruguay and N Cerrado, Atlantic Forest and Pampa
Argentina”
Short-eared Owl Asio flammeus
A. - suinda “S Peru and S Brazil to Tierra del Fuego”
Stygian Owl Asio stygius
Burrowing Owl Athene cunicularia
A. c. minor “C, SE Venezuela, S Guyana and N Brazil” Amazonia
A. c. cunicularia “S Bolivia, Paraguay and S Brazil to Tierra del Pampa
Fuego”
A. c. grallaria “E and C Brazil” Remnant biomes
Great Horned Owl Bubo virginianus
B. v. deserti “NE Brazil (NC Bahia)” Caatinga

B. v. nacurutu

“E Colombia through the Guianas to N, E Brazil,

Argentina, Bolivia and C Peru”

Remnant biomes

Ferruginous Pygmy Owl

Glaucidium brasilianum



G. b. ucayalae

“Amazonia”
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Amazonia

G. b. brasilianum “E Brazil to NE Argentina” Remnant biomes
Amazonian Pygmy Owl Glaucidium hardyi
East Brazilian Pygmy Owl Glaucidium minutissimum
Pernambuco Pygmy Owl Glaucidium mooreorum
Crested Owl Lophostrix cristata
Black-capped Screech Owl Megascops atricapilla
Tropical Screech Owl Megascops choliba
M. c. choliba “S Brazil and E Paraguay” Parana river basin

M. c. cruciger

M. c. uruguaii

M. c. decussatus

“E Colombia and E Peru through Venezuela, the
Guianas to NE Brazil”

“SE Brazil, Uruguay and NE Argentina”

“C, E Brazil”

Amazonia

Pampa

Remnant arcas

Foothill Screech Owl

Megascops roraimae

Long-tufted Screech Owl

Megascops sanctaecatarinae

Tawny-bellied Screech Owl

Megascops watsonii
M. w. watsonii

M. w. usta

“N of the Amazon”

“S of the Amazon”

N of the Amazon river

S of the Amazon river

Tawny-browed Owl

Pulsatrix koeniswaldiana

Spectacled Owl

Pulsatrix perspicillata
P. p. perspicillata
P. p. pulsatrix

“E Colombia through the Guianas and Amazonia”

“Paraguay, E Brazil and NE Argentina”

Amazonia

Atlantic Forest

Black-banded Owl

Strix huhula
S. h. huhula

“Colombia, Venezuela and the Guianas S to E Peru,

E Bolivia, NW Argentina and EC Brazil”

Amazonia and Cerrado



S. h. albomarginata

“SE Brazil, Paraguay and NE Argentina”

Atlantic Forest

Mottled Owl

Strix virgata
S. v. superciliaris

S. v. borelliana

“NC, NE Brazil”
“S Brazil, Paraguay and NE Argentina”

Amazonia

Atlantic Forest
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We performed all the analyses using R 3.6.3 (R Core Team, 2020). To remove collinearity, we
reduced the number of continuous (bioclimatic + elevation) covariables through a principal
component analysis, keeping the first four components, whose eigenvalues were higher than one
and explained 90.4% of the variance (Supplementary material A, Appendix 1, Fig. A). The first
component (PC1) can be interpreted as a contrast between the temperature during the most
extreme conditions and its seasonality/variability (Supplementary material A, Appendix 1, Fig.
B1). Similarly, the second component (PC2) contrasts the precipitation during extreme conditions
and its seasonality. The third component (PC3) involves the effect of water availability since
involves temperatures under extreme conditions/seasonality and precipitation during the warmest
quarter. Finally, the fourth component (PC4) has a weak negative association between Mean

Diurnal Temperature Range (Bio 02) and elevation.

Spatial distribution models

We gathered information on the distribution (= occurrences) of the Strigidae in Brazil from: (1)
skin specimens deposited in several museums according to the Global Biodiversity Information
Facility; (2) more than 164 publications in peer-reviewed literature regarding taxonomic
assessments, fauna inventories or owl biology; and (3) field records from the bioacoustics
database www.xeno-canto.org. We provide the citations of these sources in Supplementary
material A, Appendix 2. The quality of the geographic coordinates varied from GPS recordings
until those of the nearest town listed on the specimens’ labels, and we corroborated each one
through different sources such as www.geonames.org.

To our knowledge, there are no records for the buff-fronted owl (degolius harrisii), and only few
for the foothill screech owl (Megascops roraimae), in Northern Brazil. Thus, we included the
foreign localities known for both species in the very vicinity of the Northern border, after
reassigning them with coordinates within their respective closest Brazilian territory. The
Pernambuco pygmy-owl is known from two localities (Silva et al., 2002), to which we added
eight random points located within a polygon resulting from two merged circles, each centered in
one of the known localities and radius equaling the distance between both, clipped by the

neighbor coastline. We excluded a record of the short-eared owl (4sio flammeus) in the Roraima
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State (wikiaves.com.br; consulted on April 10, 2021), likely belonging to the subspecies A. f.
pallidicaudus from “Venezuela, Guyana and Suriname” (Gill et al., 2021).

The geographical and environmental clustering of field surveys, known as spatial autocorrelation,
can negatively affect the performance of the SDMs (Veloz, 2009), for which some authors
remove those records under the same environmental conditions within an arbitrary distance
(Delgado-Jaramillo et al., 2020). Thus, we created two datasets for each taxon, one including all
the records and another excluding those closer than 25 km, and computed empirical entrograms
for each one using “elsa” (Naimi et al., 2019).

We used “ENMeval” (Muscarella et al., 2014), a package based on Maxent (Phillips et al., 2017),
that automatically splits data into training/test subsets, performs SDMs across a range of settings,
and calculates diverse evaluation metrics. For each taxon, we ran 10 models, each one after
partitioning occurrences in testing and training bins using a 10-fold cross-validation scheme
(Fielding and Bell, 1997). For each run, we created 10 000 pseudoabsence points distributed
randomly throughout Brazil and selected the model with the lowest Akaike information criterion
corrected for small samples sizes (AAICc=0) as the best one, since it reflects both model
goodness-of-fit and complexity (Warren and Seifert, 2011) and less overfitting (Muscarella et al.,
2014).

Different habitat suitability thresholds may disagree in terms of suitable areas and omission errors
(Liu et al., 2016). Thus, for each taxon, we plotted the extension of the predicted area (in number
of 30 arcsec by 30 arcsec pixels) against the number of omissions and compared across taxa the
performance of the different thresholds, keeping the one that consistently provided the lowest
values for both measurements. The final binary models combined the best models (AAICc = 0)
and the threshold with the lower number of omissions within the smallest predicted area. We
stacked these binary distributions to create two maps of taxa richness for (a) the 21 species
evaluated (hereafter sensu stricto map), (b) the 12 monotypic species (including polytypic ones
represented by only one subspecies in Brazil) and 21 subspecies (henceforth sensu lato map). We
overlapped the protected areas distributions corresponding to IUCN's categories 1 to IV

(according to Protected Planet, 2021) on each richness map.

Subspecies niche analysis
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We used ‘phyloclim’ (Heibl and Calenge, 2018) to quantify the niche overlap (measurements D
and /) for each pair of conspecific subspecies based on predictions (Warren et al., 2008). Both
indexes report whether the average agreement of environmental requirements calculated between
subspecies pairs is greater or smaller than expected if such subspecies were independent of each
other, ranging from zero (no overlap) to one (identical niches). Then, we assessed the null
hypothesis of niche identity, evaluating the equivalency between pairs of predictions, comparing
the respective observed values of D and 7 against those generated through 100 pseudoreplicates,
assigning the occurrence points for both subspecies to one lineage or the other at random to
simulate the potential overlap of a group of points occurring across a given geographic space
(Warren et al., 2008).

Moreover, we used background randomization tests to contrast the observed niche overlap values
against a null distribution of 100 overlap values generated by comparing the predictions of one
subspecies against the predictions created from random points from the geographic space of the
other subspecies (Warren et al., 2008). We considered that: (1) there was niche conservation
when the backgrounds overlapped and niche distance was not significantly different from zero;
(2) there was niche divergence when the distance between both subspecies was significantly

different from zero, independently of backgrounds’ overlap.

RESULTS

The occurrences

We gathered 2600 occurrence localities, after removing redundant ones (Supplementary Material
B). Most occurrences were from the Atlantic Forest (46%), followed by the Amazonia (21%),
Cerrado (17%), Caatinga (8%), Pampa (4%), and Pantanal (3%; Fig. 3.1; Table 3.2). The
Southeastern Region, ~11% of the Brazilian territory, was the best represented with 34% of the
records, while the Northern region, 45%< of the Brazilian territory, only provided 25% of the
records. Both the Atlantic Forest and Cerrado were the most diverse biomes harboring records for
81% of the species each, followed by the Amazonia (67%), Pampa (62%), Caatinga (57%), and
Pantanal (48%).



95

Spatial distribution models

Excluding the case of the striped owl (4sio clamator), the empirical entrograms showed no
substantial variations when excluding those localities closer than 25 km (Supplementary Material
A, Appendix 1. Fig. C). Thus, we performed the SDMs including all the occurrences, except for
the aforementioned taxa. Such a removal resulted in 2512 occurrence localities.

We provide detailed information of the models in Supplementary material A, Appendix 3, Table
A. In concordance with Liu et al. (2016), we found that thresholds based on sensitivity-specificity
outperformed the others (Supplementary material Appendix 1, Fig. D). For such a reason, we
used the equal sensitivity-specificity threshold to create the binary maps.

In all cases, the climate-based variables were the most important predictors of suitability (Table
3.3), with the temperature-based PC1 ranking highest for percentage contribution for 34 of the
taxa studied, followed by precipitation-based PC3 (three taxa), and PC2 and PC4 (two taxa each).
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Figure 3.1 — Records of Brazilian Strigidae used in the modeling process. Biome colors correlates with the
abundance of records (the darkest the most abundant). State and countries acronyms follow
ISO 3166-2 and ISO 3166-1 alpha-2, respectively.
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Table 3.2 — Numbers of records, omissions, number of species (sensu stricto) recorded and predicted and
their differences for the different Brazilian biomes. The numbers in parentheses represent
percentages, that in the case of records are based on the total of 2512 occurrences (2504 from
collections/literature + eight generated for Glaucidium mooreorum) or the 21 species.

Biome Records Omissions Richness;.. Richnesspres Difference
Amazonia 539 (21) 251(38) 14(67) 14(67) 0
Atlantic Forest 1158 (46) 74(11) 17(81) 18(86) +1
Caatinga 209 (8) 101(15) 12(57) 13(62) +1
Cerrado 434 (17) 199(30) 17(81) 18(86) +1
Pampa 105 (4) 24(4) 13(62) 16(76) +3
Pantanal 67 (3) 17(3) 10(48) 9(43) +1

The predictions of the monotypic species fitted the best their traditionally reported distributions,
having lower omission percentages (median 16%, ranging between 0% for G. mooreorum, to
38%, for Lophostrix cristata; Supplementary material A, Appendix 1, Fig. E) compared to the
polytypic ones (median 30%, from 22% for Asio clamator to 42% for Strix huhula). These
omissions usually felt outside the corresponding most represented biome (often, outside the
Atlantic Forest). Besides, we found a general tendency towards fitting improvements after
running models based on occurrences of the respective subspecies (median 23% of omissions,
from 6% in Megascops choliba uruguaii and, exceptionally, 42% for Asio clamator clamator).
For the endemic and probably extinct Pernambuco pygmy-owl (G. mooreorum), our models
predicted a very restricted range around both known localities, but also two additional separated
spots in forested areas along the rivers Jaguaribe and Gramame (Jodo Pessoa Municipality,

Paraiba State).
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Table 3.3 — The mean + standard deviation of the percent of contribution and permutation importance of the explanatory variables to the SDMs of
each species and subspecies. The percent of contribution is the gain of the model by including a given environmental covariate at each
step of the Maxent algorithm. The permutation importance is the influence of each environmental covariate on the final model,
measured through the random permutation of the values of such covariate among the training points and measuring the resulting
decrease in the training area under the curve. Highest scores for each taxon in bold.

Percent of contribution

Permutation importance

Species/subspecies PC1 PC2 PC3 PC4 Geology Soil PCI PC2 PC3 PC4 Geology Soil
Aegolius harrisii 37.3+1.8 10.7+0.7 5.7+0.4 33.5+1.4 1.8+0.7 11.2+0.9 40.8+1.9 20.0£2.6 2.9+0.6 29.242.8 2.4+0.8 4.8+0.8
Asio clamator 71.2£1.2 7.7+£0.9 6.4+0.7 2.7+0.8 7.8+0.6 4.1+£0.6 46.9£3.6 30.243.1 10.3+1.9 2.5+0.6 6.3+1 3.7+1.2
A. c. clamator 12.241.2 39.5+1.7 24.7+1.2 5.840.7 17.8+1.4 0+0 16.9+11.7 49.8+7.9 12.0+£13.8 32439 18.1+11.2 0+0
A. c. midas 71.1%1.7 10.3£1 4.6+1 3.1+0.5 8.1+0.5 2.8+0.7 45.5+£3.4 33.743.1 9.1+1.3 4.0+0.7 5.6+£0.9 2.1+0.7
Asio flammeus 87.5+1.2 1.3+0.4 0+0 2.440.2 1.5+0.3 74+1.1 91.1+2.2 0.1+£0.2 0+0 2.1+1 1.3£1.1 5.4+1.8
Asio stygius 53.0+4.1 19.3£1.3 14.3£2 6.3+£3.5 34+1.4 3.7+£0.6 39.4+5.8 28+3.9 24.5+3.6 1.2+0.9 4.0+£0.9 2.9+1.5
Athene cunicularia 76.2+0.8 5.8+0.5 8.8+0.6 3.2+0.5 4.8+0.7 1.2+0.3 61.9£1.3 15.5£0.9 9.9+1.2 4.5+1.3 5.4+0.8 2.7+0.7
A. c. minor 37.8+2.0 18.8+2.4 37.7+1.5 5.6+1.9 0+0.1 00 38.8+29.6 21.9+12.1 34.7+17.7 4.5+£2.4 0.1+0.2 0+0
A. c. cunicularia 72.4+0.8 8.2+0.8 11.1+0.8 3.5+0.5 3.4+0.5 1.5+0.5 65.1+2.4 14.2+1.7 11.8£1.5 3.8+0.8 3.5+0.3 1.6+0.5
A. c. grallaria 40.2+1.3 27.6£1.5 0+0 32.2+1.2 0+0 0+0 34.2+12.4 34.2+8.4 0+0 31.6+15.6 0+0 0+0
Bubo virginianus 52.5+2.8 2.94+0.9 17.2£1.5 9.3+1.7 7.0+0.8 11+1.8 41.0+5.9 52423 22.6+6.2 16.5+£5.3 2.443.1 12.4+3.8
B. v. deserti 0+0 31.9+0.8 64.1+£0.8 0+0 4.14£0.3 0+0 0+0 35.8+13.4  60.4£11.8 0+0 3.844.2 0+0
B. v. nacurutu 49.4+1.3 9.6+0.9 14.2+1 10.2+0.8 10.5+0.7 6.1+£0.9 23.6+3 24.0£3.5 32.6+£2.2 14£2.3 2.9+0.9 2.9+1.4
Glaucidium brasilianum 52.6£13.3 6.4+1.1 13.4+6.5 6.8+1.2 13.5+13.3 7.3£5.9 56.6£4.9 14.6+£6.4 15.2+8.9 9.2+6.4 3.9+1.9 0.6+0.6
G. b. brasilianum 61.9+1.6 6.5+0.9 18.1+0.5 6.1£1.1 3.5+1 4.0£1.7 58.1+2.6 10.5t1.4 22.0+1.9 4.7+0.7 3.4+0.5 1.4+0.4
G. b. ucayalae 34.2+1.0 7.3+£0.5 4.44+0.8 6.8+1.1 32.0£1.2 15.3+0.9 56.5+8.1 22,4452 3.242.6 14.548.7 3.543.1 0+0
Glaucidium hardyi 35.9+1.7 19.5+1.4 7.0+0.7 14.0+0.7 1.8+0.7 21.7£1.2 33.8+6.3 8.6+2.1 10.3£2.9 15.9+4.1 0.5+0.3 30.9+5.1
Glaucidium minutissimum 45.5+1.7 28.5t1.6 4.0+£0.9 6.1£1 5.6+x1.4 10.3+0.8 49.5+2.4 30.6+3.8 1.2+0.4 6.5+1.2 1.9+0.7 10.4+£2.8
Glaucidium mooreorum 24.2+1.4 12.9+2.2 23.4+1 38.6+1.1 0.7+1.0 0+0 32.0+24.6  37.5£21.9 16.9+7.3 13.74£5.9 0+0 0+0
Lophostrix cristata 53.8+3.7 29.9£1.0 7.8+1.3 4.9+1.6 0.1+0.1 3.5+1.2 45.4+7.1 24.8+6.6 15.6+4.8 6.5+3.7 0.1£0.2 7.6£2.5
Megascops atricapilla 57.3+2.1 26.7+1.4 2.7+0.4 4.9+1 3.2+1.6 5.240.5 47.9+2.4 44.143.3 1.0+0.7 3.7+0.4 2.241.1 1.1£0.5
Megascops choliba 52.7+12.5 15.9+8.7 16.1+12 8.7+5.7 52424 1.5¢1.4 47.7£10.2  22.1+19.7 19.3+11.9 5.4+3.4 3.7£2.4 1.7£2.3



M. ch. choliba

M. ch. cruciger

M. ch. decussatus

M. ch. uruguaii
Megascops roraimae
Megascops sanctaecatarinae
Megascops watsonii

M. w. usta

M. w. watsonii
Pulsatrix koeniswaldiana
Pulsatrix perspicillata

P. p. perspicillata

P. p. pulsatrix
Strix huhula

S. h. albomarginata

S. h. huhula
Strix hylophila
Strix virgata

S. v. borelliana

S. v. superciliaris

61.3+1.6
57.8£2.5
29.4+1.7
62.3+4.5
22.4+1.6
63.8+1.0
42.6+5.2
38.0+1.3
41.1£2.1
64.9+1.0
26.2+20.9
55.2+0.8
10.4+2.2
35.7£21.0
64.7+1.7
22.6+0.8
79.3+0.8
46.5+10
49.4+1.8
56.6+2.3

11.5+0.7
21.1+1.2
9.1+1.3
29.7+4.5
36.8+1.2
27.7+1.4
22.946.2
27.7+1.3
26.6+0.6
22.5+1.1
19.2+7.1
29.0+0.8
14.1+1.6
26.5+7.3
24.3+1.6
35.9+1.5
7.4+0.9
28.1+3.1
28.2+1.6
24.6+0.8

12.9+1.1
9.240.7
37.5+0.9
2.4+0.9
1.6+0.6
0.3+0.2
10.5+7.5
4.0+0.6
20.8+1.0
2.1+£0.5
29.8+13.8
11.6+0.5
43.9+1.3
21.1£13.1
3.1+0.3
31.8+1.4
3.4+0.6
9.1+4.9
5.1£0.5
15.6+1.7

7.1+1
2.6+0.6
16.9+0.7
3.3+0.6
39.3£2.3
5.6£1
5.5+4.1
1.5+0.4
10.4+3.0
6.7+0.8
11.948.8
0.1+0.1
20.4+1.1
2.84+2.0
4.9+0.9
0.4+0.4
6.6+0.6
8.9+5.6
8.0+1.0
2.8+0.6

7.0+£0.7
5.5+1.8
4.7+1.0
1.5+1.0
0+0
0+0
8.746.2
12.0+1.8
0.3£0.5
0.6+0.3
7.6+8.3
2.1£1.0
1.6+0.7
7.1£7.1
0.8+0.3
3.8+1.7
0.9+0.4
2.842.2
3.8+0.8
0+0

0.1+0.1
3.7£0.6
2.3+04
0.8+0.5
0+0
2.6+0.7
9.8+6.8
16.9+0.9
0.9+0.3
3.1+0.5
5.343.3
2.0+0.4
9.6+1.2
6.9+4.8
2.2+0.9
5.5+1.1
2.4+0.4
4.6+3.3
5.5+0.6
0.5+1.5

59.6+4.3
46.4+4.0
44.9+2.0
40.2£17.3
20.3£15.4
28.9+7.7
40.6+7.8
44.2+6.4
32.5+4.6
55.1+3.7
31.6+14.2
50.1+5.5
21.6£5.7
40.6+13.8
58.0+7.9
33.8434
51.1+3.7
40.6+12.6
43.1+2.2
49.8+15.8

16+2.2
15.444.2
4.1+1.5
56.6+£16.9
46.6+9.2
69.1+7.7
29.9+12.8
35.246.3
40.7£5.5
3242.9
21.748.1
22.7£3.5
28.7+8
24.849.4
35.1£7.4
21.2+5.6
39.344.1
40.9+8.9
45.0£3.4
31.8+10

14.4+3.2
20.8+3.2
36.5+2.2
1.3+1.2
1.7£2.7
0.5+0.4
12.247.0
3.9+1.8
18.5+4.8
1.7+0.4
31.6+9.7
22.1+4.9
37.149.9
21.4+15.5
1.3+0.6
36.3+4.1
0.9+0.5
8+6.2
4.2+1.2
12.9+8.8

7.1£1.1
4.6+1.7
10.4+1.4
1.1+£0.7
31.3+11.4
0.6+0.5
5.0£3.9
2.7£0.9
8.1+£5.3
9.3+1.2
6.9+5.8
0.4+0.5
9.2+5.9
2.542.0
4.5+1.6
0.7£0.9
6.3+2.3
6.3£2.7
5.4+1.2
4.6£3.0

2.6+0.4
6.8+1.9
2.8+0.6
0.7£0.4
0+0
0+0
6.6+5.1
8.84+2.1
0+0
0.9+0.5
4.945.7
1.3+£1.0
0.7+£0.9
4.4+4.5
0.7+0.5
2.6£1.6
1.1+0.6
1.3+1.3
1.0£0.4
0+0

99

0.3£0.2
5.9+1.8
1.3+0.6
0.1+0.1
0+0
0.8+0.4
5.845.1
5.2+1.5
0.2+0.2
0.9+0.3
3.242
3.3+1.3
2.742.8
6.4+5.7
0.4+0.3
5.4+2
1.1+0.4
2.9+3.1
1.3+0.4
0.9+£2.9
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According to the sensu stricto map (Fig. 3.2a), the Atlantic Forest hosts the highest potential
richness (up to 16 species per pixel), especially around the littoral and mountainous areas of
Southeastern Brazil. Scattered areas in the Amazonia, associated to the Guiana Shield highlands,
and areas of the Cerrado bordering the Atlantic Forests, are also potentially diverse (up to 15
species per pixel each). Conversely, wide coldspots (around zero predicted species) characterize
vast portions of the Cerrado and the Amazonia, especially in the limit of both biomes or, for
example, in the Solimdes basin. On the other hand, the sensu lato map (Fig. 3.2b) keeps the same
areas of high biodiversity but reducing the extension of the coldspots in the Amazonia to some
areas in the Negro river basin and the Rondonia state. Thus, both approaches indicate that the
Atlantic Forest harbors the highest richness, but is poorly covered by strictly protected areas since
these become substantially smaller and sparser within a gradient from Northwestern to
Southeastern Brazil. However, by comparing the number of species (sensu stricto) recorded
against those predicted, we found that almost all biomes are misestimated (Table 3.2), especially

the Pampa.

Figure 3.2 — Predicted Strigidae species richness patterns in Brazil based on (A) species sensu stricto; and
(B) sensu lato (including subspecies). Dashed polygons represent the strict protected areas.
Biome limits in dark gray lines.
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Subspecies’ niche analysis

The results of the similarity tests between conspecific subspecies are summarized in
Supplementary material A, Appendix 1, Fig. F. We found niche overlap values significantly
lower than expected from a null model distribution for all the pairwise comparisons.
Consequently, we reject the null hypothesis of niche identity for all pairs.

Our background tests yielded a more complex scenario (Supplementary material A, Appendix, 1
Fig. G). The observed values of D and I usually lied below the corresponding null distributions;
hence, differences are bigger than expected by chance. However, we were unable to reject the
null hypothesis of the background similarity test when comparing 4. c¢. cunicularia — A. c.
grallaria, B. v. nacurutu — B. v. deserti, M. c. choliba — M. c. decussatus and M. c. choliba —
M. c. uruguaii, with arrows indicating the directionality of the comparison: the first subspecies
against a randomized background derived from the second one. However, the D and I metrics of
the respective complementary comparisons fell below their corresponding null distributions,
indicating that these were more different than expected by chance, hence leading us to reject the

null hypothesis that their niches are similar.

DISCUSSION

In general, our results show that the situation of Strigidae in Brazil is complicated, involving an
underestimated richness, within an inadequate framework of protected areas, in a megadiverse

country characterized by high rates of habitat transformations (cover changes and fragmentation).

Sampling biases, distribution patterns and taxonomic knowledge

Brazil harbors a rich owl diversity, distributed unequally throughout its territory, ranging between
zero and 16, averaging three, species per 30 arcsec * 30 arcsec pixel. Since 46% of the
occurrences are from the Atlantic Forest, its highest predicted richness can partially respond to
sampling biases. In the Atlantic Forest sampling efforts are favored by neighboring research
centers available and major urban areas (Ribeiro et al., 2016). The Amazonia is the second most

sampled biome, but replicating the clustered pattern already described for botanical and
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ornithological records (Vale and Jenkins, 2012) probably prompted by local facilities or recurrent
bird-oriented inventories, leaving poorly-sampled areas coinciding with the coldspots. However,
all biomes are under-sampled, as suggested by the difference between the number of recorded
and predicted species, especially in the Pampa. Hence, our results agree with Fernandez-Arellano
et al. (2021) regarding the need for research efforts addressed to unexplored areas and periods,
less detectable species, and neglected biomes.

Excluding the possibility of factors not considered in the present study shaping the distributions
of the Brazilian Strigidae, several not mutually exclusive possibilities can explain the overall
elevated number of omissions for the models. First, misidentifications. For example, Rocha and
Lopez-Baucells (2014a) reported a young Lophostrix cristata that was indeed a Strix virgata
Rocha and Lopez-Baucells (2014b). Thus, similar unnoticed mistakes, especially those involving
species more alike, can result in false occurrences reported far from the actual range.

Second, vagrancy which, according to the ‘Exodus Hypothesis’ (Flade and Lachmann, 2008), can
be triggered by severe habitat loss. Here, most omissions corresponded to taxa from the Atlantic
Forest recorded in open areas such as the Cerrado. Currently, the Atlantic Forest covers less than
16% of the original extent, and more than 80% of the fragments are smaller than 50 ha (Ribeiro et
al., 2009), a dramatic situation that could have triggered the translocation of owls to neighboring
areas the comparatively less impacted Cerrado areas in past decades.

Third, range expansions, as reported for Strigiformes in well-monitored areas of North America,
Europe and Oceania, often mediated by human activities. For example, according to Livezey
(2009), the forest expansions after the arrival of European settlers (who excluded fires regularly
set by Native Americans, planted trees, and overhunted large herbivores) allowed barred owls
(Strix varia) to overcome the historical lack of trees in the Great Plains of North America
granting their expansion westward in the recent years. Similarly, in the case of 4. harrissi, most
of the omissions correspond to records from the last two decades in open biomes such as the
Cerrado and the Caatinga (Silva et al., 2021), extensively anthropized during the recent decades
according to MAPBIOMAS (https://plataforma.brasil.mapbiomas.org/, consulted April 14,
2021), with steady increases in planted tree surfaces (http://atlasagropecuario.imaflora.org/,
consulted April 16, 2021), perhaps offering newly suitable areas for these tree-nester owls.
Notwithstanding, a more likely option is that the taxonomy of the Brazilian owls is far from being

completely understood, with local populations/morphs representing in many cases separate taxa,
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as recently demonstrated by Dantas et al. (2021). Thus, it is reasonable to expect SDMs biased
toward the best-represented groups, failing to predict regions suitable for the others. Our models
for the conspecific subspecies and our results on niche equivalency, even if assigning the

occurrences in an approximatively way, reinforced this possibility.

Conservation-related issues

The combination of sampling biases, ecologic and taxonomic knowledge gaps, can lead to
misguided conservation decisions. For example, similarly to what had already reported for bats
(Delgado-Jaramillo et al., 2020), some of the coldspots in our sensu stricto map (Fig. 3.2a) are
placed along areas severely deforested during the last decades, particularly along the contact zone
between the Amazonia and the Cerrado in the so-called “arch of deforestation” (Becker, 2005).
Such coldspots could be misinterpreted as of lower conservation interest, while originated by the
absence of information after local extinctions prompted by anthropic impacts (Delgado-Jaramillo
et al., 2020).

The greater diversity of Strigidae within the Atlantic Forest corresponds to an extensively
degraded biome with small-sized and sparse protected areas, whose efficacy is lower than other
regions, such as the Amazonia (Sobral-Souza et al., 2018). Worse yet, the buffer zones around
these protected areas in the economically prosperous Brazilian regions tend to be as degraded as
the surrounding unprotected ones (Almeida-Rocha and Peres, 2021). In fact, bird species are
already extinct or extirpated from large tracts of the Atlantic Forest, especially in the Pernambuco
Centre of Endemism in northeast Brazil (Develey and Phalan, 2021). Thus, we agree with
Oliveira et al. (2017) who highlighted the deficiencies of the Brazilian network of protected areas
given the combination of the scarce knowledge on their biodiversity and an inadequate spatial
disposition which offers limited or no protection to most species and even evolutionary lineages.
We also agree with Jenkins et al. (2015), regarding the urgent need to substantially improve the

network of protected areas in Brazil, with an emphasis in the Atlantic Forest.
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