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RESUMO 

 

 

O funcionamento do sistema terrestre vem sendo alterado de maneira drástica devido às 

mudanças climáticas provocadas por atividades humanas. Dessa maneira, a necessidade de 

entender as respostas dos ecossistemas para que se possa predizer o comportamento futuro vem 

sendo cada vez maior e urgente. No componente terrestre, as florestas realizam diversas funções 

ecossistêmicas, dentre elas a produtividade primária e a ciclagem do carbono. Essas funções 

têm sido afetadas pelos efeitos das mudanças climáticas e aumentos das emissões de CO2, de 

maneira que a provisão desses serviços ecossistêmicos pode estar comprometida nas próximas 

décadas. Essas alterações afetam toda a dinâmica do planeta, e, portanto, a sobrevivência das 

espécies e a qualidade de vida da espécie humana. O objetivo desse estudo foi entender os 

padrões espaciais e temporais de estoque e estocagem de carbono em florestas tropicais no 

sudeste do Brasil. Esses resultados visam contribuir para a construção do conhecimento em 

relação a funcionalidade de florestas tropicais e seus biomas, bem como auxiliar tomadas de 

decisão em relação a políticas ambientais de proteção e conservação da biota terrestre. 

 

 

Palavras-chave: Sumidouro de carbono florestal. Estoques de carbono. Mudanças climáticas. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

ABSTRACT 

 

The Earth’s ecosystem functioning has been dramatically altered by climate change and human 

activities over the recent decades. Therefore, it is urgent to understand the ecosystems responses 

to these changes. In the earth system, forests play an important role in many ecosystem 

functions, among them the primary net productivity and carbon cycling. However, these 

functions have been affected by changes in climate and increasing CO2 emissions, in a way that 

the provision of these ecosystem services may be compromised in the next decades. These 

changes may affect the whole planet dynamics, and therefore species survival and human well-

being. The aim of this study was to understand the spatial and temporal patterns of carbon stocks 

and sinks of tropical forests in southeastern Brazil. These results contribute to knowledge of the 

functionality of tropical forests and its biomes and assist in conservation policies and decision 

making to protect the terrestrial biota.   

 

Keywords: Forest carbon sink. Carbon stocks. Climate change. 
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1 INTRODUÇÃO 

 

As florestas tropicais cobrem 10% da superfície do planeta e estocam cerca 50% do 

carbono terrestre, sendo responsáveis por um terço da produtividade primária líquida, além de 

abrigarem uma grande parte da biodiversidade (CORLETT, 2016; PAN et al., 2011). As 

formações florestais são cruciais para a ciclagem do carbono na Terra e interagem com outros 

ciclos, como os ciclos dos nutrientes e o hidrológico (CORLETT, 2016; PAN et al., 2011). No 

entanto, devido as ações antrópicas, principalmente desde a revolução industrial, o clima vem 

sendo alterado, com diversos efeitos na biosfera e na provisão de serviços ecossistêmicos 

(LEWIS, 2006; ROBERTS; BOIVIN; KAPLAN, 2018). As mudanças climáticas ameaçam o 

sumidouro de carbono terrestre, o que pode agravar ainda mais as alterações climáticas, já que 

as florestas afetam e são afetadas pelo clima (CORLETT, 2016). Além dos aumentos nos 

eventos de seca e temperatura relacionados aos aumentos na concentração de CO2 na atmosfera, 

espera-se aumentos nas ocorrências de fogo e desmatamento nas próximas décadas, o que pode 

fazer com que as florestas tropicais deixem de ser sumidouros e se tornem fontes de carbono 

(BACCINI et al., 2017; CORLETT, 2016; HUBAU et al., 2020; MAGRIN et al., 2014).  

Os efeitos de precipitação e temperatura nos estoques de carbono florestais se devem, 

principalmente, às respostas ecofisiológicas dos vegetais às variáveis ambientais (ÁLVAREZ-

DÁVILA et al., 2017; MCDOWELL et al., 2018; TAYLOR et al., 2017). O principal processo 

da produtividade primária é a fotossíntese, que depende da concentração de dióxido de carbono, 

de uma faixa ótima de temperatura e da água, que é o solvente necessário para as principais 

reações químicas essenciais ao metabolismo (BOISVENUE; RUNNING, 2006; HOPKINS; 

HÜNER, 2004). Portanto, as alterações climáticas afetam diretamente o metabolismo vegetal, 

refletindo em aspectos mais amplos, como a ciclagem do carbono em nível de ecossistema 

(PAN et al., 2011). A mortalidade de árvores, componente crucial da produtividade florestal, é 

altamente afetada por condições ambientais, onde aumentos de temperatura e eventos de seca, 

que além de diminuírem as taxas de crescimento (fotossíntese), levam à mortalidade devido à 

falha hidráulica e aumentos nas taxas de respiração, afetando negativamente a produtividade 

primária (MCDOWELL et al., 2018). O aumento nas concentrações de CO2 atmosférico, 

conhecido como fertilização da atmosfera, teoricamente deveria aumentar as taxas de 

crescimento já que CO2 é essencial para a realização da fotossíntese, . Dessa maneira, embora 

o aumento nas concentrações de CO2 atmosférico aumente a temperatura do planeta, devido ao 

incremento do efeito estufa, o aumento nas taxas de fotossíntese provocado pelo aumento da 
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concentração de CO2 seria maior que o aumento nas taxas de respiração provocado pelo 

aumento da temperatura. Além de temperatura e precipitação, os nutrientes, como fósforo e 

nitrogênio, são cruciais para a produtividade primária, já que constituem moléculas importantes 

para o metabolismo vegetal (CLEVELAND et al., 2011; NORBY et al., 2010; TURNER; 

BRENES-ARGUEDAS; CONDIT, 2018). Sendo assim, em síntese, os estoques de carbono e 

produtividade são altamente relacionados às variáveis climáticas e edáficas.  

Os efeitos das alterações climáticas não se restringem apenas aos individuos e 

comunidades, alcançando níveis de maior escala, como biomas e ecossistemas (MITCHARD, 

2018; PAN et al., 2013). O conjunto das respostas das comunidades locais podem ocasionar a 

formação de biomas e ecossistemas funcionalmente distintos dos atuais devido a tolerância e 

adaptação das espécies à certas condições e recursos (ARRUDA et al., 2017a; MCELWAIN, 

2018; PAN et al., 2013; PENNINGTON; LAVIN; OLIVEIRA-FILHO, 2009). As mudanças 

climáticas, além de selecionarem espécies aptas às novas condições ambientais, podem gerar 

novos padrões de funcionamento, onde alguns biomas atuais podem convergir para um 

comportamento semelhante, ou divergir para comportamentos distintos (MCELWAIN, 2018). 

Portanto, é importante entender como as florestas de diferentes biomas têm respondido às 

mudanças ambientais ao longo do tempo. A partir desse entendimento será possível predizer o 

estoque e sumidouro de carbono de maneira detalhada e específica para cada tipo de floresta, 

fundamentando e orientando tomadas de decisão nos âmbitos ecológico e político (ARRUDA 

et al., 2017a; CORLETT, 2016; GAZOL et al., 2018; MCDOWELL et al., 2018; MCELWAIN, 

2018; PAN et al., 2011, 2013). 
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2 REFERENCIAL TEÓRICO 

 

2.1 O sistema terrestre, serviços ecossistêmicos e o carbono 

 

O carbono é um elemento chave para o sistema terrestre e para a vida na Terra, devido 

ao seu papel em todas as camadas e, especialmente, no metabolismo de todos os organismos 

vivos (MITCHARD, 2018; ZUMDAHL; ZUMDAHL; DECOSTE, 2017). Ao longo do ciclo 

do carbono, esse elemento flui entre a atmosfera e a superfície, através dos seres vivos, solo e 

oceanos, sendo que alguns processos estão compreendidos em escala de décadas e outros em 

milhares de anos, como o carbono mineralizado (ARCHER, 2010; ZUMDAHL; ZUMDAHL; 

DECOSTE, 2017). A fotossíntese está entre um dos processos mais importantes do sistema 

terrestre por ser o processo por onde a energia vinda do Sol entra no sistema do planeta Terra 

(LI et al., 2018). A partir do processo de fotossíntese, a energia começa a fluir pelo sistema, 

desde a produtividade primária até o final da rede trófica, sendo, portanto, um processo chave 

para o funcionamento do sistema terrestre e para a vida (ARCHER, 2010; LI et al., 2018). O 

fluxo do carbono ocorre através de um conjunto de processos, como a fotossíntese, respiração, 

decomposição e mineralização. O ciclo do carbono é altamente interconectado com os outros 

ciclos essenciais para o planeta, como o ciclo do oxigênio, ciclo do nitrogênio e ciclo 

hidrológico. Esses ciclos (e outros não mencionados) interagem para determinar a 

produtividade primária, padrões climáticos, suprimento de água e diversos outros serviços 

ecossistêmicos (LE QUÉRÉ et al., 2018; MITCHARD, 2018). 

No último século a população humana alcançou a casa dos bilhões, e as influências 

humanas sobre o ambiente atingiram níveis críticos (ROBERTS; BOIVIN; KAPLAN, 2018). 

A dinâmica do sistema terrestre, especialmente o ciclo do carbono, vem sendo alterada 

principalmente devido à queima de combustíveis fósseis desde a revolução industrial no século 

XVIII. Juntamente com a queima de combustíveis fósseis, houve aumento significativo nas 

mudanças no uso da terra e no desmatamento, afetando de maneira crítica a ciclagem do 

carbono (KEENAN et al., 2015; KEENAN; WILLIAMS, 2018; LE QUÉRÉ et al., 2018; 

MITCHARD, 2018). Essas mudanças estão provocando aumentos no CO2 atmosférico, indo de 

277 ppm para 409 desde o começo da revolução industrial (1750) até 2018, sendo 

principalmente por mudanças no uso da terra até 1950, e a partir disso devido a queima de 

combustíveis fósseis (DLUGOKENCKY; TANS, 2019; LE QUÉRÉ et al., 2018). Desde a 

década de 60 as emissões de CO2 aumentaram drasticamente, indo de 3,1 Gt C ano-1 na década 
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de 1960 para 9,4 Gt C ano-1 entre 2008-2017 (LE QUÉRÉ et al., 2018). As emissões são 

particionadas nos sumidouros da atmosfera, oceano e terrestre, os quais também aumentaram 

seus estoques de CO2 desde a década de 1960, de 1,7 Gt C ano-1 para 4,7 Gt C ano-1  na 

atmosfera, de 1 Gt C ano-1 para 2,4 Gt C ano-1 nos oceanos; e de 1,2 Gt C ano-1  para 3,2 ± 0,7 

Gt C ano-1  no sumidouro terrestre, sendo, respectivamente 47,9%, 25,5% e 34.1% do total de 

emissões (LE QUÉRÉ et al., 2018).   

O CO2 atmosférico intercepta a radiação refletida pela superfície, de maneira que parte 

do calor fica retida na atmosfera e outra parte é difundida para o espaço. Esse efeito, conhecido 

como efeito estufa, é um efeito natural e fundamental para a manutenção do clima e da vida no 

planeta, sendo um importante serviço ecossistêmico em nível global (LE QUÉRÉ et al., 2018). 

O aumento das emissões e das concentrações de CO2 na atmosfera intensifica esse processo, de 

maneira que mais calor fique retido na atmosfera, aumentando a temperatura do planeta 

KEENAN; WILLIAMS, 2018; PACHAURI; MEYER, 2014). Esse aumento de temperatura 

global afeta os seres vivos de maneira ampla, alterando as suas relações entre si e com o 

ambiente (MCDOWELL et al., 2018). As mudanças climáticas também estão relacionadas a 

alterações no regime de secas, com mudanças na intensidade, frequência e duração desses 

eventos (PACHAURI; MEYER, 2014). Essas mudanças afetam toda a dinâmica do sistema 

terrestre, especialmente a biosfera, bem como diversas atividades produtivas, industriais e 

agrícolas, comprometendo diretamente a qualidade de vida humana, a economia e a sociedade 

(KEENAN; WILLIAMS, 2018; LE QUÉRÉ et al., 2018).  

As atividades humanas e seus impactos no ambiente, estão atingindo um ponto crítico, 

o que motivou diversos pesquisadores a considerar o momento atual como um período distinto, 

o antropoceno (ROBERTS; BOIVIN; KAPLAN, 2018). O antropoceno está associado ao 

impacto das atividades humanas, que devido a sua intensidade e abrangência determinam 

padrões exclusivos, que seriam impossíveis na natureza sem as atividades humanas 

(ROBERTS; BOIVIN; KAPLAN, 2018). Na zona terrestre, pode-se destacar o papel 

desempenhado pelas florestas, que são os principais sumidouros de carbono (MITCHARD, 

2018; PAN et al., 2013). O sequestro de carbono realizado pela fotossíntese constitui um 

importante serviço ecossistêmico realizado pelas florestas, que a partir da produtividade 

primária provém energia para os demais componentes do sistema e controlam o clima do 

planeta. No entanto, o crescente desmatamento, queimadas, mudanças climáticas e outros 

distúrbios, podem fazer com que as florestas deixem de ser um sumidouro de carbono e se 

tornem fontes de carbono nas próximas décadas (HUBAU et al., 2020; PAN et al., 2011). 
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Em nível global, estima-se que 75% da produtividade primária bruta terrestre e 80% da 

biomassa total esteja na cobertura florestal, sendo as florestas tropicais as de maior estoque e 

produtividade (262,1 Pg C, 2,41 Pg C/ano, respectivamente), seguidas pelas florestas boreais 

(53,9 Pg C, 0.5 Pg C/ano) e florestas temperadas (46,6 Pg C, 0.72 Pg C/ano) (MITCHARD, 

2018; PAN et al., 2011, 2013). No entanto, esses números podem mudar nas próximas décadas 

devido às mudanças climáticas, que influenciam a vegetação, de maneira que a produtividade 

seja alterada devido ao aumento na frequência e intensidade de eventos de seca e variações na 

temperatura. Essas alterações possuem diversos impactos não só no ciclo do carbono, mas 

também na ciclagem de nutrientes e no ciclo hidrológico, com alterações no regime de chuvas 

e impactos relevantes nas atividades agrícolas e na provisão de alimentos. Como as florestas 

afetam e são afetadas pelo clima, as mudanças climáticas podem gerar um efeito cascata, e a 

perda florestal proveniente do desmatamento seria um fator agravante.  

 

2.2 Estoques e estocagem de carbono em florestais tropicais 

 

Embora a atividade biológica das plantas seja altamente dependente da radiação solar, 

outros fatores também são de grande importância para os processos fotossintéticos. Dentre esses 

fatores, pode-se citar o dióxido de carbono na atmosfera, disponibilidade de água, temperatura 

e nutrientes disponíveis no solo (BOISVENUE; RUNNING, 2006). Portanto, atributos 

relacionados aos fatores climáticos, edáficos e suas interações, são de grande importância para 

compreender os processes que condicionam a produtividade vegetal. As respostas fisiológicas 

das plantas às condições ambientais, são, portanto, muito relacionadas aos filtros ambientais 

nos quais o local está submetido no espaço e no tempo (MALHI, 2012; MCDOWELL et al., 

2018).  

Aumentos de temperatura, por exemplo, podem condicionar aumentos no déficit de 

pressão de vapor no ar, aumentando as taxas de transpiração, o que é um efeito adverso e afeta 

negativamente a produtividade devido à perda de água (BOISVENUE; RUNNING, 2006; 

CORLETT, 2016; MALHI, 2012). O metabolismo vegetal é em grande parte influenciado pela 

temperatura, o que determina a capacidade fotossintética e a produtividade, sendo a faixa ótima 

de temperatura para a produtividade compreendida entre 15-25ºC (BOISVENUE; RUNNING, 

2006; HOPKINS; HÜNER, 2004). No entanto, evidências recentes indicam que os estoques de 

carbono das florestas tropicas úmidas podem ser resilientes caso a temperatura máxima se 

mantenha abaixo de 32.2 ºC (SULLIVAN et al., 2020). A água, por sua vez, é o principal 
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componente celular, sendo um solvente universal, que permite a ocorrência de reações químicas 

necessárias para o metabolismo dos seres vivos. Devido à importância da água para o processo 

fotossintético, geralmente é encontrada uma relação positiva entre produtividade e precipitação 

anual, no entanto, a partir de determinado limiar (3000 mm/ano) essa relação se torna negativa 

(BOISVENUE; RUNNING, 2006; SCHUUR, 2003; TAYLOR et al., 2017). Esse efeito 

negativo pode ser devido à lixiviação de nutrientes e redução de oxigênio disponível no solo, 

bem como devido ao bloqueio da radiação devido a elevada nebulosidade (SCHUUR, 2003). A 

interação entre temperatura média anual e precipitação também é um importante preditor da 

produtividade primária e da ciclagem de carbono (TAYLOR et al., 2017). Sob menores 

temperaturas médias anuais (até 20ºC), a precipitação pode ter efeito negativo, principalmente 

em altitude elevadas, onde o solo pode saturar, levando a anoxia (TAYLOR et al., 2017).  

O aumento na concentração de CO2 na atmosfera teoricamente pode ter um efeito 

positivo na produtividade primária já que uma quantidade maior de CO2 estaria disponível para 

a fotossíntese (HUNTINGFORD et al., 2013; LEWIS et al., 2009). Esse fenômeno é chamado 

de fertilização da atmosfera e vêm sendo foco de diversos estudos nas últimas décadas. Dentro 

desse contexto, o efeito positivo da concentração de CO2 na fotossíntese, seria maior que o 

efeito do aumento de temperatura (que ocorre devido ao aumento da contração do CO2) na 

respiração. As principais questões relacionadas à fertilização da atmosfera são em relação às 

respostas fisiológicas das plantas e da resiliência dos ecossistemas e florestas aos aumentos nas 

concentrações de CO2 (HOFHANSL et al., 2016; LEWIS et al., 2009). Comparando diversos 

modelos biogeoclimáticos, Huntingford et al. (2013), encontrou que apenas as florestas 

tropicais da América perderão biomassa até o final do século XXI, enquanto as florestas 

Asiáticas e Africanas serão resilientes, no entanto, ainda existem muitas incertezas devido às 

diferentes respostas fisiológicas de diferentes tipos de florestas e espécies (CORLETT, 2016; 

MCDOWELL et al., 2018). O aumento de CO2 disponível para as plantas também atuaria no 

sentido de aumentar a eficiência no uso da água na fotossíntese, no entanto, outras evidências 

sugerem que o aumento na concentração de CO2 pode influenciar a produtividade maneira 

negativa (MCDOWELL et al., 2018). Os aumentos nas taxas de crescimento provocados pela 

maior quantidade de CO2 disponível para a fotossíntese podem acelerar a dinâmica sucessional 

e a proliferação de lianas, aumentando a competição por recursos, e então diminuindo o 

crescimento e aumentando a mortalidade de árvores (MCDOWELL et al., 2018). Além da 

competição, pode ocorrer uma aclimatação aos maiores níveis de CO2, maior exposição a 

ventos e às implicações fisiológicas de possuir maior tamanho e altura (MCDOWELL et al., 
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2018). Além dos efeitos individuais do CO2, podem ocorrer efeitos interativos entre aumentos 

na concentração de CO2 e disponibilidade de nutrientes, como nitrogênio; onde a limitação de 

nitrogênio suprime a resposta das plantas aos aumentos da concentração de CO2 (NORBY et 

al., 2010).  

Os nutrientes também desempenham um papel fundamental na produtividade e nos 

estoques de carbono em florestas (NORBY et al., 2010; TURNER; BRENES-ARGUEDAS; 

CONDIT, 2018). O fósforo é um nutriente essencial para o metabolismo vegetal, já que 

constitui o nucleotídeo ATP, responsável pelo armazenamento de energia em suas ligações 

químicas. Portanto a limitação de fósforo é amplamente debatida, já que algumas espécies 

desenvolveram estratégias para lidar com a baixa disponibilidade desse nutriente (TURNER; 

BRENES-ARGUEDAS; CONDIT, 2018). Embora algumas espécies sejam afetadas pela baixa 

disponibilidade de fósforo, a comunidade como um todo seria resiliente devido às espécies 

tolerantes à escassez do nutriente (TURNER; BRENES-ARGUEDAS; CONDIT, 2018). 

Devido à essa adaptação, existe um paradigma relacionado aos efeitos da limitação de fósforo 

na produtividade vegetal, especialmente devido as interações com a disponibilidade de outros 

nutrientes, como o nitrogênio (DALLING et al., 2016). Os efeitos da limitação de fósforo 

também podem variar de acordo com classe etária e grupos funcionais, podendo ser maior em 

indivíduos mais jovens (ALVAREZ-CLARE; MACK; BROOKS, 2013). No entanto, na meta-

análise realizada por Cleveland et al. (2011), fósforo apresentou um efeito positivo e importante 

na produtividade. Assim como o fósforo, o nitrogênio é um nutriente crucial para o crescimento 

vegetal, já que constitui a molécula de clorofila, sendo, portanto, um nutriente importante para 

o funcionamento dos ecossistemas (ELSER et al., 2007). A limitação de nitrogênio, pode limitar 

a produtividade vegetal devido à importância do nutriente para o metabolismo de seres 

fotossintetizantes (ELSER et al., 2007), bem como interagir com concentrações de CO2, 

limitando o crescimento vegetal (NORBY et al., 2010). Portanto, de maneira geral, a fertilidade 

do solo tem efeito positivo na produtividade primária e estoques de carbono devido à 

importância dos nutrientes para o metabolismo das plantas (CLEVELAND et al., 2011). 

Dentre os componentes dos estoques e da estocagem de carbono, pode-se destacar a 

mortalidade de árvores, que pode possuir um papel mais importante que o crescimento na 

predição de estoques de carbono e produtividade em florestas tropicais (CORLETT, 2016; 

JOHNSON et al., 2016; MCDOWELL et al., 2018). Os efeitos das mudanças nas condições e 

na disponibilidade de recursos vêm provocado aumento na mortalidade de árvores, com efeitos 

negativos na produtividade primária e nos estoques de carbono, especialmente na bacia 
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Amazônica, onde a mortalidade vem aumentando nas últimas décadas (MCDOWELL et al., 

2018). Diversas mudanças ambientais podem agir e interagir para determinar a mortalidade de 

árvores, como os aumentos de temperatura e no déficit de pressão de vapor que aumentam a 

mortalidade em escala global devido aos seus efeitos no metabolismo vegetal (ANDEREGG et 

al., 2016; MCDOWELL et al., 2018). Os aumentos na duração dos períodos de seca também 

possuem efeitos positivos na mortalidade de árvores, principalmente devido a falha hidráulica 

e efeitos nas taxas de respiração, onde as árvores de maior porte são mais afetadas, acarretando 

perdas significativas de carbono (CORLETT, 2016; MCDOWELL et al., 2018). Embora os 

aumentos das concentrações de CO2 possam acelerar o crescimento, eles aumentam a 

mortalidade de maneira indireta, já que os aumentos nas taxas de crescimento aceleram a 

dinâmica sucessional, aumentando a competição por recursos (MCDOWELL et al., 2018). O 

acréscimo nas taxas de crescimento provocados pelo aumento nas concentrações de CO2 

também podem causar mortalidade devido a maior velocidade com que as árvores podem 

atingir maiores alturas, deixando-as sujeitas as adversidades relacionadas a copa, como maior 

incidência de vento, e aos impactos fisiológicos relacionados a árvores de grande porte 

(MCDOWELL et al., 2018). Além desses fatores, a competição com lianas (que aumentam a 

sua abundância devido à seca e aumentos nas concentrações de CO2), fogo e vento, constituem 

importantes preditores da mortalidade de árvores (MCDOWELL et al., 2018). Os fatores que 

determinam a mortalidade possuem efeitos semelhantes no crescimento vegetal, no sentido de 

que algumas árvores podem sobreviver nessas novas condições, mas teriam seu crescimento 

reduzido devido a competição e escassez de recursos. No entanto, todos os fatores interagem 

para determinar os padrões observados, sendo complexo avaliar a importância de cada um e 

predizer a mortalidade em um mundo em transformação. Em síntese, é provável que as 

mudanças climáticas afetem negativamente os estoques de carbono e a produtividade das 

florestais tropicais, principalmente devido às respostas fisiológicas dos indivíduos, populações 

e comunidades (ANDEREGG et al., 2016; FENG et al., 2018). No entanto, para compreender 

melhor esses processos e realizar predições confiáveis para cenários futuros, necessita-se que 

dados robustos sejam coletados em campo, a fim de prover informações mais detalhadas para 

a tomada de decisão em âmbito público. 

 



18 

 

 

 

3 CONSIDERAÇÕES FINAIS  

 

É extremamente necessário preencher a lacuna de conhecimento em relação à dinâmica 

do carbono em florestas não-amazônicas, que se encontram grande parte fragmentadas e 

ameaçadas pela expansão agropecuária. Esse conhecimento é essencial para dimensionar e 

predizer o tamanho dos estoques e do sumidouro de carbono dessas florestas, para assim 

subsidiar políticas de conservação e tomadas de decisão no âmbito público/político. Ademais, 

são raros os estudos que contam com longos períodos de monitoramento em grandes escalas 

espaciais dessas florestas. A partir dos dados espaço-temporais de florestas tropicais extra-

amazônicas é possível observar as respostas dessas florestas ao longo das últimas décadas, e 

então entender e predizer os estoques e o sumidouro de carbono. Essas informações seriam de 

grande relevância para a comunidade científica e política, no sentido de proteger e preservar o 

papel importante que essas florestas desempenham a partir da provisão de serviços 

ecossistêmicos, essenciais à manutenção de aspectos ambientais, sociais e econômicos, não só 

das regiões onde estão inseridas, mas de todo o planeta. 
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Tropical forests have played an important role as a carbon sink over time. However, the 

carbon dynamics of Brazilian non-Amazon tropical forests are still not well understood. 

Here, we used data from 32 tropical seasonal forest sites, monitored from 1987 to 2020 

(mean site monitoring length, ~15 years) to investigate their long-term trends in carbon 

stocks and sinks. Our results highlight a long-term decline in the net carbon sink (0.13 

Mg C ha−1 year−1) caused by decreasing carbon gains (2.6% by year) and increasing 

carbon losses (3.4% by year). The driest and warmest sites are experiencing the most 

severe carbon sink decline and have already moved from carbon sinks to carbon 

sources. Because of the importance of the terrestrial carbon sink for the global climate, 

policies are needed to mitigate the emission of greenhouse gases and to restore and 

protect tropical seasonal forests. 
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INTRODUCTION 

 

Tropical forests have a key role in the global carbon dynamics by accounting for one-third of 

the terrestrial gross primary production and one-half of the terrestrial stored carbon (1, 2). 

Increasing atmospheric CO2 concentration, rising temperatures, drought events, and 

deforestation are expected to affect ecosystem functioning through plant physiological 

responses and forest loss over the coming decades (3–7). How tropical forests will respond to 

increasing atmospheric CO2 concentration and climate change are sources of uncertainty in 

predicting their future carbon stocks and net primary productivity (6, 8). Among tropical 

forests, the ones under stressful conditions, such as the seasonally dry tropical forests 

(SDTFs) that endure periodic droughts, can be vulnerable to these environmental changes 

because they are already at the edge of climate niches to sustain forest formations with high 

biomass (9, 10). Brazil has been the largest source of carbon emissions from gross 

deforestation up to 2013: In 2013 alone, 192,000 ha of Caatinga forests (where the largest 

continuous extent of neotropical SDTFs is located) and 24,000 ha of Atlantic forests were 

deforested (11). An aggravating factor is that only 6.2% of Brazilian SDTF extent is protected 

(12). In this context, it is crucial to advance our understanding of the carbon sink of these 

forests (9, 10). 

 

Over recent decades, the terrestrial carbon sink has been increasing globally (13, 14). This 

phenomenon is possibly explained by the increases in atmospheric CO2 concentration (CO2 

fertilization), which is expected to enhance plant growth (6, 13). Carbon dioxide has a key 

role in photosynthesis and can potentially increase water use efficiency (WUE) by reducing 

stomata conductance (15, 16). In this context, the increases in atmospheric CO2 concentration 

are thought to have enhanced photosynthesis more than rising temperatures have enhanced 

respiration (17, 18). Hence, drought-related stress on plant growth would be understated by 

rising atmospheric CO2 concentration. However, the mechanisms involved in the feedbacks 

among vegetation, atmospheric CO2, and climate are complex. For example, the increase in 

photosynthesis and WUE led by rising atmospheric CO2 concentration does not necessarily 

promote stand growth because of the effects of other co-occurring factors (19). The effects 

of increasing drought, rising temperatures, competition, and physiological acclimation to 

higher levels of CO2 can constrain tree growth and also lead to tree mortality (3, 5, 20, 21). 

Therefore, it is difficult to disentangle the effects of climate fluctuations and rising CO2 on 

carbon dynamics because these factors covary and can interact over time (5). 

 

While recent studies have shown a long-term decline in the Amazon rainforest carbon sink, 

mostly driven by climate-induced tree mortality (6, 22), others have predicted that tropical 

rainforest carbon sink may be resilient to climate change in the next decades (18). However, it 

remains uncertain how Brazilian seasonal forests (which are already exposed to drought), 

such as deciduous forests (SDTFs) and semideciduous forests, have responded to the 

increasing levels of atmospheric CO2 and climate fluctuations over time (4, 9, 23). To assess 

how these forests are behaving over time, we use long-term seasonal forest census data from 

southeastern Brazil (Figs. 1 and 2) to investigate the long-term trends of carbon stocks, gains, 

losses, and net carbon sink. We draw our inferences from 95 census intervals nested within 32 

sites, ranging between 1987 and 2020 (mean site total monitoring length, ~15 years). The 

spatial (number of sites and sampled area) and temporal (interval length and total monitoring 

time) sampling efforts varied among sites and forest types; this variability is depicted in Fig. 

2, figs. S1 and S2, and Materials and Methods. The forest sites used here are in advanced 

successional stages, free from fire, flood, landslides, and human disturbances at least for 
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decades before the first census of each site. The data encompass a wide environmental space 

and three forest types (deciduous, evergreen, and semideciduous forests) (Fig. 2 and figs. 

S3 and S4), allowing us to investigate whether forests under different climates have differed 

in their long-term trends. In addition to the rising atmospheric CO2 concentration [parts per 

million (ppm)] and CO2 change (ppm year−1) over time, mean annual temperature (MAT) 

and mean annual precipitation (MAP) have shown an unstable temporal trend in our data (Fig. 

3). Therefore, we used time (year) as a proxy of the effects of rising CO2, climate 

fluctuations, and other unmeasured confounding effects over time. We did this because these 

factors can be codependent and correlated over time, being difficult to disentangle their 

individual effects. We fitted statistical models to assess the general long-term trends of carbon 

dynamics, as well as the long-term trends by forest type, and to test whether climate mediates 

these long-term trends. More specifically, we tested whether sites under different climate 

conditions have differed in their long-term trends. In this sense, we expected the long-term 

trends of sites under drier and warmer conditions to differ from the long-term trends of sites 

under wetter and colder conditions.  

 

 
Fig. 1. Spatial location of the sampled sites in South America. The 32 sampled sites belong 

to three forest types: deciduous forests (n = 11), evergreen forests (n = 5), and semideciduous 

forests (n = 16) (Sentinel-2 image). 

 

 

RESULTS 

 

Both MAT and MAP fluctuated over time (Fig. 3, A and B). MAT showed a positive trend 

(0.04°C by year) (Fig. 3A), while MAP showed a negative trend (−10.2 mm by year) (Fig. 

3B). Moreover, CO2 change increased almost linearly with time (Fig. 3C). In general, the 

carbon stocks increased over time until 2013 (~0.67% by year) and then started to decline 

(Fig. 4A). During most of the time, the net carbon sink was above zero (positive balance 

between carbon gains and losses), with a slight negative trend; however, in 2013, the net 

carbon sink became negative (carbon losses exceeded carbon gains) (Fig. 4B), which explains 

the carbon stock decline after 2013. In general, the net carbon sink decreased by 0.13 Mg C 

ha−1 year−1. Carbon gains decreased (~2.6% by year) and carbon losses increased (~3.4% by 
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year) almost linearly over time (Fig. 4, C and D). Predictions for the years 2013 and 2018 

together with the observed mean, maximum, and minimum values of each carbon dynamics 

variable can be found in Table 1. 

 

 
Fig. 2. Distribution of sites and forest types over the climate space and spatial-temporal 

sampling efforts. (A) Distribution of the sites and forest types within the climate space 

represented by mean annual temperature (MAT) and mean annual precipitation (MAP). The 

points are census intervals (n = 95), and their sizes are proportional to the site sampled area 

(mean, 1.05 ha) times interval length (mean, 5 years). (B) Frequency of site sampled areas (n 

= 32). The red dashed line is the mean of the sampled area among sites (1.05 ha). (C) 

Frequency of site total monitoring length (n = 32) (year of the last census minus year of first 

census). The red dashed line is the mean of the total monitoring length among sites (14.7 

years). 

 

 

Fig. 3. Long-term trends of the environmental variables. (A) MAT, (B) MAP, and (C) 

CO2 change. The points are census intervals (n = 95). The black dashed curves were fitted 

with generalized additive models (GAM, including a random effect of site), and the green 

solid curves were fitted with LMM (including a random effect of site). Note that if the 

effective degree of freedom (edf) from GAM is equal to 1, then the relationship is linear. 
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The long-term trends by forest type revealed that the carbon stocks of the semideciduous 

forests increased over time, while the carbon stocks of the deciduous and evergreen forests 

showed a stable trend, whereby the deciduous forests showed a slight (but nonsignificant) 

decrease (Fig. 5A). All forest types showed a decline in their net carbon sinks over time, with 

a stronger decline in deciduous forests (Fig. 5B). Carbon gains decreased and carbon losses 

increased in all forest types, but these trends were more pronounced in the deciduous forests 

than in other forest types (Fig. 5, C and D). 

 

 
Fig. 4. Long-term trends of carbon stocks and dynamics. (A) Carbon stocks, (B) net 

carbon sink, (C) carbon gains, and (D) carbon losses. In (A), censuses (n = 127) nested within 

sites (n = 32); in (B) to (D), census intervals (n = 95) nested within sites (n = 32). The black 

dashed curves were fitted with GAMs (including a random effect of site), and the orange solid 

curves were fitted with LMMs (including a random effect of site). Note that the slopes of the 

carbon stock, carbon gain, and carbon loss models were estimated in the logarithmic scale; if 

the edf (from GAM) is equal to 1, then the relationship is linear. 
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Table 1. This table shows the observed and predicted (2003 and 2018) means, 

minimums, and maximums of each carbon dynamics variable. Predictions were obtained 

from the GAMs (including a random effect of site) (Fig. 4). Data with census intervals (n = 

95) nested within sites (n = 32). Note that the minimum and maximum of the predicted net 

carbon sink are converged toward the mean because the estimated variance between sites was 

near zero. 

 

Average Carbon dynamics Minimum Mean Maximum 

Observed 

(1987-2020) 

Carbon stocks (Mg C ha-1)  40.5 89.3 175.7 

Net carbon sink (Mg C ha-1 yr-1)  -8.1 0.4 5.3 

Carbon gains (Mg C ha-1 yr-1)  0.2 2.4 7.0 

Carbon losses (Mg C ha-1 yr-1) 0.3 2.0 9.2 

Predicted 

(2003)  

Carbon stocks (Mg C ha-1)  43.5 86.4 160.9 

Net carbon sink (Mg C ha-1 yr-1)  1.3 1.3 1.3 

Carbon gains (Mg C ha-1 yr-1)  1.3 2.6 4.2 

Carbon losses (Mg C ha-1 yr-1) 0.9 1.4 1.7 

Predicted 

(2018)  

Carbon stocks (Mg C ha-1)  45.7 90.8 169.1 

Net carbon sink (Mg C ha-1 yr-1)  -1.5 -1.5 -1.5 

Carbon gains (Mg C ha-1 yr-1)  0.8 1.5 2.5 

Carbon losses (Mg C ha-1 yr-1) 1.9 2.9 3.5 
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Fig. 5. Long-term trends of carbon stocks and dynamics by forest type. (A) Carbon 

stocks, (B) net carbon sink, (C) carbon gains, and (D) carbon losses. In (A), censuses 

(n = 127) nested within sites (n = 32); in (B) to (D), census intervals (n = 95) nested 

within sites (n = 32). The curves were fitted with LMMs (including a random effect 

of site). Dashed curves are nonsignificant effects (significance level of 0.05). 

 

In the final model, including climate, soil, and time, the forests under different climate 

conditions differed in their long-term trends (Figs. 6 to 8). Carbon stocks increased over time, 

except for the driest and warmest sites, in a way that the positive temporal trend of carbon 

stocks became weaker with decreasing MAP and increasing MAT (Figs. 6A and 7, A and B). 

Net carbon sink decreased over time, in a way that its negative temporal trend became weaker 

as MAP increases and MAT decreases (Figs. 6B and 7, C and D). Carbon gains decreased 

with time, whereby its negative trend became weaker with decreasing MAT and increasing 

MAP, and became positive under wet conditions (Figs. 6C and 8, A and B). At the same time, 

carbon losses increased over the years; the temporal trend of carbon losses became weaker 

with increasing MAP and decreasing MAT (Figs. 6D and 8, C and D). 
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Fig. 6. Averaged models (selected models ΔAICc ≤ 4) containing the effects of 

time, climate, and soil on carbon stocks and dynamics. (A) Carbon stocks (averaged 

marginal R2 = 32.5%), (B) net carbon sink (averaged marginal R2 = 29.3%), (C) carbon 

gains (averaged marginal R2 = 48.6%), and (D) carbon losses (averaged marginal R2 = 

28.7%). Dots are the conditional averaged coefficients with their 95% confidence intervals; 

the coefficients and confidence intervals of variables not included in the averaged model were 

set to zero. In (A), censuses (n = 127) nested within sites (n = 32); in (B) to (D), census 

intervals (n = 95) nested within sites (n = 32). The coefficients were estimated using LMMs 

(including a random effect of site). The coefficients of the carbon stock, carbon gain, and 

carbon loss models were estimated in the logarithmic scale, and all models were fitted with 

scaled predictors. 

 

The effects of climate have changed over time (Figs. 6 to 9). Carbon stocks increased with 

MAP and decreased with MAT; these effects became stronger from past to present (Figs. 6A 

and 9, A and B). The effects of MAP and MAT on the net carbon sink were near zero in 

the past; however, from past to present, the effect of MAP became positive while the effect of 

MAT became negative (Figs. 6B and 9, C and D). Meanwhile, the positive effect of MAP and 

the negative effect of MAT on carbon gains increased over time (Figs. 6C and 9, E and F). 

The positive effect of MAP and the negative effect of MAT on carbon losses became weaker 

from past to present (Fig. 6D and 9, G and H). The only significant effect from soil variables 

was found for soil organic matter (SOM), which had negative effects on carbon gains and 

carbon losses (Fig. 6, C and D). Site area, which was used as a proxy of edge effects, has not 

displayed significant effects on the carbon dynamics variables (Fig. 6). 
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Fig. 7. Interaction effects between time and climate on carbon stocks and net carbon 

sink. (A) Carbon stocks, time as predictor and MAP as mediating variable. (B) Carbon stocks, 

time as predictor and MAT as mediating variable. (C) Net carbon sink, time as predictor and 

MAP as mediating variable. (D) Net carbon sink, time as predictor and MAT as mediating 

variable (best model containing MAT − ΔAICc = 4.02). In (A) and (B), censuses (n = 127) 

nested within sites (n = 32); in (C) and (D), census intervals (n = 95) nested within sites (n = 

32). The coefficients were estimated by averaging the LMMs (including a random effect of 

site) with ΔAICc ≤ 4. Note that the slope of year of net carbon sink differs between (C) and 

(D) because the effects showed in (D) came from the best model containing MAT. The slopes 

and interactions of the carbon stock models were estimated in the logarithmic scale, and all 

models were fitted with scaled predictors. 
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Fig. 8. Interaction effects between time and climate on carbon gains and carbon losses. 

(A) Carbon gains, time as predictor and MAP as mediating variable. (B) Carbon gains, time 

as predictor and MAT as mediating variable (best model containing MAT − ΔAICc = 12.2). 

(C) Carbon losses, time as predictor and MAP as mediating variable. (D) Carbon losses, time 

as predictor and MAT as mediating variable. Data with census intervals (n = 95) nested within 

sites (n = 32). The coefficients were estimated by averaging the LMMs (including a random 

effect of site) with ΔAICc ≤ 4. Note that the effect of year on carbon gains differs between 

(A) and (B) because the effects showed in (B) came from the best model containing MAT. 

The slopes and interactions were estimated in the logarithmic scale, and all models were fitted 

with scaled predictors. 
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Fig. 9. Interaction effects between time and climate on carbon dynamics. (A) Carbon 

stocks, MAP as predictor and time as mediating variable. (B) Carbon stocks, MAT as 

predictor and time as mediating variable. (C) Net carbon sink, MAP as predictor and time as 

mediating variable. (D) Net carbon sink, MAT as predictor and time as mediating variable 

(best model containing MAT − ΔAICc = 4.02). (E) Carbon gains, MAP as predictor and time 

as mediating variable. (F) Carbon gains, MAT as predictor and time as mediating variable 

(best model containing MAT − ΔAICc = 12.2). (G) Carbon losses, MAP as predictor and time 

as mediating variable. (H) Carbon losses, MAT as predictor and time as mediating variable. 

In (A) and (B), censuses (n = 127) nested within sites (n = 32); in (C) to (H), census intervals 

(n = 95) nested within sites (n = 32). The coefficients were estimated by averaging the LMMs 
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(including a random effect of site) with ΔAICc ≤ 4. The slopes and interactions of the carbon 

stock, carbon gain, and carbon loss models were estimated in the logarithmic scale, and all 

models were fitted with scaled predictors. 

 

DISCUSSION 

 

The net carbon sink in southeastern Brazil’s seasonal forests is declining over time by 

decreasing carbon gains and increasing carbon losses (Figs. 4 to 8). The carbon sink became a 

carbon source in 2013 (Fig. 4B), which explains the decline in carbon stocks after this year 

(Fig. 4A). Among the forests under different climates, the driest and warmest sites are 

experiencing the most severe decrease in carbon gains, the most severe increase in carbon 

losses, and, therefore, the most severe decline in the net carbon sink (Figs. 5 to 9). The severe 

decrease in the carbon sink of the driest and warmest forests suggests that these forests may 

have reached a climatic stress threshold (9). The carbon stocks of the driest and warmest sites 

remain stable with a slight (but nonsignificant) decrease (Figs. 5A and 7, A and B); however, 

if their net carbon sink remains in a negative balance, then their carbon stocks will also 

decline in the near future, as observed in the general trend after 2013 (Fig. 4A). 

 

Under wet conditions, the carbon gains increased over time (Fig. 8A), consistent with the 

hypothesized pantropical increase in tree growth caused by CO2 fertilization (6, 18, 24). 

However, the long-term decrease in carbon gains experienced by the sites under intermediate 

climate and by the driest and warmest sites (Fig. 8, A and B) is inconsistent with CO2 

fertilization effects and with findings in the Amazon forests (6, 18, 24). Recent evidence 

suggests that atmospheric CO2 increases are not necessarily translated into larger amounts of 

sequestered carbon by old-growth forest trees (19). A large portion of this CO2 surplus can be 

emitted back into the atmosphere by processes such as soil respiration (19). Alternative 

hypotheses might also explain this effect (3, 20, 21). High levels of CO2 can increase tree-to-

tree competition by enhancing the growth of some species or individuals, which, at the stand 

level, can decrease carbon gains by constraining the growth of the suppressed trees (5, 21). In 

addition, trees growing under increasing CO2 can acclimate to high CO2 availability, by 

reducing their photosynthetic capacity below the expected for a given CO2 level (20, 25). The 

potential increases in liana density caused by increasing CO2 and decreasing MAP (Fig. 3, B 

and C) can also decrease carbon gains by stimulating tree-liana competition for light, water, 

and nutrients (3, 5, 26–28). Meanwhile, the potential direct effects of climate fluctuations, 

such as decreasing MAP and increasing MAT (Fig. 3, A and B), on carbon gains may have 

suppressed the effects of CO2 fertilization on photosynthesis and WUE. Because water is an 

important resource for photosynthesis and high temperatures enhance respiration, drought and 

rising temperatures can cause physiological stress (e.g., carbon starvation and hydraulic 

failure) and decrease tree growth (5, 6, 22, 29, 30). 

 

The driest and warmest sites are experiencing the most severe increase in carbon losses over 

time (Fig. 5D and 8, C and D). This effect is possibly explained by the combined effects of 

increasing CO2, drought, and higher temperatures (Fig. 3) on tree mortality (5). Drought and 

high temperatures can directly drive tree mortality through physiological stress, which can be 

potentialized by the effects of CO2 on tree mortality (5, 31, 32). Increasing CO2 can 

accelerate the speed at which trees reach large heights, which would increase the rate at which 

they are exposed to dry upper canopy, lightning, and windthrow and to the physiological 

aspects associated with larger sizes (5, 33–35). In addition, increases in liana density 

provoked by rising CO2 and drought can also enhance tree mortality by increasing tree-liana 
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competition for light and water (3, 5, 26–28). The decrease in carbon gains and the increase in 

carbon losses of the driest and warmest sites over time, which have a distinct flora, naturally 

associated with dry and warm conditions, suggest that these forests may have reached a stress 

threshold due to the effects of increasing drought, temperature, and CO2 (5, 9). 

 

Carbon stocks and carbon gains decreased with MAT and increased with MAP over space 

(Fig. 9, A and B, and E and F), as expected by theory (6, 29, 36). These effects are evidence 

of the physiological responses to the harsh conditions imposed by high temperatures and 

drought, which are related to physiological stress (5, 6, 29). However, the wettest and coldest 

sites have both greater carbon gains and greater carbon losses (Fig. 9, E to H), consistent with 

the high-gain high-loss dynamic pattern (6). Therefore, the spatial effects of MAT and MAP 

on the net carbon sink were near zero most of time and became negative for MAT and 

positive for MAP from past to present (Fig. 9, C and D). These shifts in the spatial effects of 

climate occurred because the driest and warmest sites experienced the most severe increase in 

their carbon losses and the most severe decrease in their carbon gains over time. Thus, the net 

carbon sink of the driest and warmest sites became smaller than the net carbon sink of the 

wettest and coldest sites. Although MAT was more important than MAP to differentiate the 

forest types (fig. S3), MAP was more important than MAT to predict the net carbon sink, 

carbon gains, and carbon losses (Fig. 6). Soil variables were important to differentiate forest 

types (figs. S3 and S4); however, only SOM displayed significant effects on carbon dynamics. 

Forests on soils with lower levels of SOM tend to have higher carbon gains and higher carbon 

losses (Fig. 6, C and D). SOM is related to soil quality and higher productivity; thus, these 

effects are not conclusive and should be further investigated. In addition, site area, which was 

a proxy of edge effects, has not displayed significant effects in the carbon dynamics (Fig. 6). 

Therefore, the results suggest that climate is the most important predictor of the spatial 

patterns of carbon dynamics in our study region. 

 

We recognize the limitations of our data, such as space-for-time (sites with only one census 

interval; table S1) and unbalanced spatial-temporal sampling efforts (Fig. 2 and figs. S1 and 

S2). However, the negative trend and the negative balance of the carbon sink were a clear 

pattern in our data and results. In general, these forests are shifting from carbon sinks to 

carbon sources. Currently, the forests under intermediate climate conditions and the forests 

under the driest and warmest conditions are already carbon sources, probably because they 

may have reached a stress threshold. Meanwhile, the carbon sink of the wettest and coldest 

forests is continually declining. The driest and warmest forests naturally have lower carbon 

stocks (Fig. 9, A and B), which will decline in the near future if their net carbon sink remains 

in a negative balance. These long-term trends in carbon dynamics are likely to be influenced 

by climate fluctuations and rising CO2 (5, 6, 22). However, because these factors are 

correlated and can interact over time, their mechanistic individual effects and the effects of 

other unmeasured drivers remain uncertain and should be further investigated. Atmospheric 

CO2 concentration, temperature, and drought events are expected to continue increasing in 

upcoming decades, implying that the ecosystem functioning of southeastern Brazil tropical 

seasonal forests may be under threat (5, 6, 9). 

 

Political actions to mitigate greenhouse gas emissions, together with conservation policies to 

protect these ecosystems, are needed. We also argue that the driest and warmest sites 

(deciduous forests, SDTFs) should be further included in conservation policies and that 

revegetation strategies in agricultural areas can be useful to offset the decline in the carbon 

sink and stocks. Beyond the political implications, our findings are also useful to improve the 
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predictions of future global carbon sink and to bring knowledge to the carbon cycle of tropical 

forests. 

 

MATERIALS AND METHODS 

 

Study design 

 

We used tree community data from 32 repeatedly measured permanent forest sites located in 

southeastern Brazil (Fig. 1). The greatest distances among sites are 900 km (latitude) and 177 

km (longitude) (Fig. 1); sites’ altitudes range between 450 and 1475 m above sea level (mean, 

898 m); MAP is between 666.4 and 1967.3 mm (mean, 1409.2 mm) (Fig. 2A); MAT is 

between 16.7° and 25.2°C (mean, 21.1°C) (Fig. 2A); and site area is between 3 and 1200 ha 

(mean, 78 ha). Our data comprise 95 census intervals (nested within 32 sites), the first census 

in our dataset was in 1987, and the most recent was in 2020 (table S1). The sites encompass 

three forest types: deciduous forests (the driest and warmest sites; flat topography; >50% of 

the individuals lose their leaves in the dry season; 24 census intervals nested within 11 sites; 

monitored from 2002 to 2020), evergreen forests (the wettest and coldest sites; undulating 

topography; no deciduousness; 12 census intervals nested within 5 sites; monitored from 1995 

to 2020), and semideciduous forests (intermediate climate; undulating topography; 20 to 50% 

of the individuals lose their leaves in the dry season; 59 census intervals nested within 16 

sites; monitored from 1987 to 2020) (table S1). The soils of the deciduous forests have higher 

levels of phosphorus and cation exchange capacity (CEC) (figs. S3 and S4). All sites are 

closed canopy forests, in advanced successional stages, free from fire, flood, landslides, and 

human disturbances at least for the decades preceding the first census of each site. The 

historical record is based on personal communication with the local people, land owners, or 

reserve managers. In addition to the historical records, field observations also corroborate 

the absence of human disturbances, fire, flood, and landslides during the monitoring time. 

There is no record of wind disturbances, although wind effects cannot be disregarded. 

Because all sites are in advanced successional stages, there are no differences in the 

successional stages between forest types (figs. S5 to S22). The diametric structure and 

diversity distribution over diameter classes are very similar among sites and forest types (figs. 

S5 to S20) and no significant differences in the community weighted means of wood density 

(WD) (details on WD below) between forest types were detected (figs. S21 and S22). 

Sampling (sampled area) was designed to capture Intra-site heterogeneity (most subplots are 

located in the interior of the sites, but edges were also captured by the samples) and spanned 

from 0.2 to 5 ha (mean of 1.05 ha) (using subplots of 400 m2, 20 m by 20 m, in most cases) in 

each study site, totaling 33.5 ha (Fig. 2B, fig. S1, and table S1). The sampled plots were 

measured at least twice in every site (table S1). The number of censuses per site varied 

between two and eight (mean five censuses per site), and census interval length varied among 

sites and within the same site over time, ranging from 1 to 9 years (mean, 5 years) (table S1). 

The total monitoring length per site varied from 5 to 31 years (mean, 15 years) (Fig. 2C and 

fig. S2). Forest inventory data are hosted in the ForestPlots.net system (www.forestplots.net). 

 

All trees with quadratic mean diameter at reference height (1.3 m) [diameter at breast height 

(DBH)] ≥5 cm were measured in each census (37). This inclusion criterion allows to include 

tree individuals with multiple stems (stems with DBH ≤ 5 cm) if the quadratic mean diameter 

at reference height of the tree individual meets the criterion. The height of the point of 

measurement (POM) was marked in the stems and used as a reference for subsequent 

measures. When changing the POM was necessary for a given stem, its diameter growth was 

estimated using a ratio between the current and previous POMs (38). Plant identification 
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followed Angiosperm Phylogeny Group IV (39) and was performed by experts in the field or 

by consulting herbaria, and species names were standardized using Flora do Brasil 2020 

(http://reflora.jbrj.gov.br/reflora/floradobrasil). To obtain WD values, the species were 

matched to the global WD database (40). When WD was not available at the species level, the 

average WD of other species from the same genus or family was used. 

 

The aboveground woody biomass (AGWB) of each tree was obtained with the modified 

pantropical allometric equation of Chave et al. (41) (Eq. 1) through the BIOMASS R package 

(42). We used the equation with the parameters for tree diameter, WD, and environmental 

stress (E) because tree height data are absent in our censuses. Equation 1 is broadly applied to 

tropical forests worldwide for deriving from a large dataset encompassing the pantropical 

region of the globe. But another equation (Eq. 2), proposed by Sampaio and Silva (43), was 

developed specifically to estimate tree aboveground biomass of deciduous tropical forests in 

the Brazilian Caatinga domain, which is the case for the deciduous forests of our dataset. 

Therefore, to reduce the uncertainty in the biomass estimates of the deciduous forests, we 

combined (averaged) the estimated values of Eqs. 1 and 2 for deciduous forest trees. The 

correlation between the estimated values of the two equations is 0.81 (Pearson correlation), 

but the mean of the estimated values from Eq. 1 was 2.2% greater than the estimated values 

from Eq. 2. The AGWB was converted to aboveground carbon (AGC) assuming that AGC is 

45.6% of the AGWB (44). We estimated the carbon stock (Mg C ha−1) of each site in each 

census as the sum of each living tree’s AGC, scaled to hectares. Carbon gains (Mg C ha−1 

year−1) were estimated as the sum of the growth of the surviving trees (tree AGC at the end 

of the interval minus the tree AGC at the start of the interval) plus the sum of the AGC of the 

recruited trees (tree individuals or stems that reached DBH ≥ 5 cm at the end of the interval, 

assuming DBH = 0 at the start of the interval). The sum of the growth of the survivors with 

the AGC of the recruited trees was divided by the interval length (in years) and then scaled to 

hectares. Carbon losses (Mg C ha−1 year−1) were estimated as the sum of the AGC of the 

individuals and stems that died during a census interval, divided by the census interval length 

(in years), and then scaled to hectares. As carbon gains and losses are biased by census 

interval length, we corrected their values using the equation CIC1 proposed by Talbot et al. 

(38). We calculated net carbon sink (Mg C ha−1 year−1) as carbon gains minus carbon losses. 

Note that the length of each census interval was calculated using the rounded years (i.e., year 

of the end of the interval minus the year of the start of the interval). 

 

AGB (Mg ) = exp(− 2.024 − 0.896 × E + 0.920 × ln(WD ) + 2.795 × ln(DBH ) − 0.0461 × (ln 

(DBH) 2 ) )          (1) 

 

and 

 

AGB (kg ) = 0.1730 × DBH 2.295      (2) 

 

where DBH is the diameter at breast height (cm), WD is the wood density (g cm−3), and E is 

the environmental stress. 

 

Climate data 

 

We obtained monthly mean temperature (°C), monthly average daily maximum temperature 

(°C), monthly precipitation (mm), and daily potential evapotranspiration (PET; mm) from the 

Climatic Research Unit (CRU TS version 4.04, released 24 April 2020; 

https://crudata.uea.ac.uk/cru/data/hrg) (45). We used data from WorldClim 2.1 (46) to 
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downscale the CRU temperature and precipitation data to 1 km2 and then applied the monthly 

correction for all months in each census interval. Delta spatial downscaling method was used 

for downscaling; see Peng et al. (47) for details. We calculated annual maximum 

climatological water deficit (CWD) by summing the differences between monthly downscaled 

precipitation (mP) and monthly PET (PET minus mP) only when this difference was positive 

(i.e., evapotranspiration exceeded precipitation: water deficit). We used the average values of 

MAT, maximum temperature (max temp), CWD, and MAP of the years within each census 

interval. For the sites measured in 2020, for which climate data were not available in CRU TS 

version 4.04, we used climate data ranging from the start of the interval to the end of 2019. 

The climate space and the temporal trends can be found in Figs. 2A and 3 (A and B). Note 

that for the first census of the census level data (carbon stocks), we used the averaged climate 

values from 5 years before the first census of each site. Max temp is strongly correlated with 

MAT (r = 0.99) and MAP is strongly correlated with CWD (r = −0.96); thus, we opted to use 

MAT and MAP because these variables are easier to obtain and are usually more accessible 

than max temp and CWD. 

 

Atmospheric CO2 concentration 

 

We used annual mean values of atmospheric CO2 (ppm) concentration from the Mauna Loa 

record (48). We also calculated the rate of CO2 change (ppm year−1) by subtracting the CO2 

concentration at the end of the interval by the CO2 concentration at the start of the interval 

and then dividing this difference by the census interval length. Both CO2 concentration and 

CO2 change increased over time (Fig. 3C and figs. S23 and S24). The Pearson correlation 

between CO2 concentration and year is 0.99 while between CO2 change and year the 

correlation is 0.85. Therefore, we opted to use time (year) in the models instead of CO2 

variables. We did this because the potential effects of CO2 are not distinguishable from the 

effects of other environmental variables over time, such as climate fluctuations and other 

unmeasured potential predictors. 

 

Soil data 

 

To control the potential effects of soil, we collected soil surface samples (20 cm of depth) in 

the first census of each site. Soil surface samples were collected from three points in each 

subplot and later combined into one composite sample. Following the protocol by the 

Empresa Brasileira de Pesquisa Agropecuaria (49), the following soil attributes were 

obtained: pH in water (pH), phosphorus (mg cm−3) (P), potassium (mg × cm−3) (K), calcium 

(cmolc × dm−3) (Ca), magnesium (cmolc × dm−3) (Mg), aluminum (cmolc × dm−3) (Al), 

sum of bases (SB) (cmolc × dm−3), cation exchange capacity (cmolc × dm−3) (CEC), soil 

organic matter (dag × kg−1) (SOM), and clay percentage (%) (clay). We calculated the mean 

of each soil variable for each site. 

 

 

Statistical analysis 

 

All analyses were carried out in the R environment version 3.6.1 (50). Because of the 

nonindependence between observations within the same site (temporal autocorrelation; 

repeated measurements in the same sites over time), our modeling and statistical framework 

were based on tools that control for the nonindependence between observations. We used 

generalized additive models (GAMs) with a random effect of site and linear mixed-effects 

models (LMMs), which allow the intercepts to vary randomly among sites. We used the mgcv 
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package (51) to fit the GAMs and the lme4 package (52) to fit the LMMs. We did not include 

random slopes because some sites have few census intervals, preventing the models to 

achieve convergence. All models were fitted under normality assumptions (Gaussian family). 

We assessed residual normality and homoscedasticity through residual inspection. We applied 

logarithmic transformation on carbon stocks, carbon gains, and carbon losses to meet 

normality assumptions. As plots vary in spatial and temporal sampling efforts (Fig. 2), we 

weighted the observations (prior weights) by sampled area and census interval length. For 

carbon stock models, we weighted by the cubic root of the sampled area (36), and for the 

other response variables, we weighted by the cubic root of census interval length plus the 

fourth root of sampled area minus one (6). 

 

The modeling framework can be divided into three parts: (i) the general long-term trends of 

carbon dynamics (carbon stocks, net carbon sink, carbon gains, and carbon losses), (ii) the 

long-term trends of carbon dynamics by forest type, and (iii) a final model including time (as 

a proxy of the effects of rising CO2, climate fluctuations, and other unmeasured confounding 

effects over time), climate and soil, and the interactions between time and climate. The 

interactions between climate and time allowed to evaluate whether sites under different 

climate conditions differ in their long-term trends and whether the effects of climate have 

changed over time. Note that we have not included climate and forest type in the same 

model because forest type is correlated with climate and soil (Fig. 2 and figs. S3 and S4), 

leading to high variance inflation factor (VIF) values when they are in the same model. We 

used GAMs only in part 1 because we do not have sufficient data to fit the models of parts 2 

and 3 with smoothing splines (overfitting). In all models, we used the year corresponding to 

the midpoint of each census interval (except for carbon stock model, to which we used census 

year). 

 

To estimate the long-term trends of carbon dynamics variables (bivariate relationships) (part 

1), we used GAMs and LMMs. More specifically, we regressed the carbon dynamics 

variables as function of time (year). We estimated the long-term trends of each forest type 

using LMM (part 2). Because of the strong multicollinearity between the environmental 

variables, before building the global model of part 3, we removed collinear variables to avoid 

redundant and circular interpretations. In general, we removed variables with Pearson 

correlation (r ≥ |0.75|), with the following exceptions: Although strongly correlated (r ≥ 

|0.75|), we maintained MAP and MAT (r = −0.89), and CEC as a proxy of soil fertility (which 

is strongly correlated with climate) (see correlation matrix at fig. S24 for details). We also 

controlled for the potential effects of site area (proxy of edge effects) by including the area of 

the site (site area) in the global model. Thus, the final set of variables included in the global 

model was year, MAP, MAT, P, CEC, SOM, clay, and site area. The global model was built 

in a way that the independent effect of each explanatory variable was accounted, as well as 

the interactions between year with MAP and MAT (Eq. 3). All predictors were scaled and 

centered to zero mean and unit variance. In addition, we checked for spatial autocorrelation in 

global models’ residuals using Moran’s I test, implemented in package ncf (53). 

 

Carbon dynamics~year × (MAT + MAP ) + P + CEC + SOM + clay + site area (3) 

 

where carbon dynamics is carbon stocks, net carbon sink, carbon gains, and carbon losses. 

Additive and interaction effects are represented, respectively, by “+” and “×.” Note that the 

independent effects of year, MAT, and MAP are included in the interaction term. 
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An information theoretical approach based on the Akaike Information Criterion of second 

order (AICc) was used for model selection (54). From the global model (Eq. 1) of each 

response variable, we obtained the set of best models (those with AICc ≤ 4) (54). To avoid 

multicollinearity issues, the selected models were constrained to have explanatory variables 

with r ≥ |0.6| (55), ensuring low VIF values (VIF ≤ 4). To avoid overfitting, we also limited 

the best models’ degrees of freedom, ensuring at least 15 observations per term. Using 

multimodel inference, we averaged the coefficients of the selected models and used the 

conditional averaged coefficients as a final result (54). The relative importance of the 

predictors was not considered, given that some variables were not contained in the same 

number of models because of collinearity, which could bias the sum of Akaike weights (54). 

Our conclusions relied on the significant conditional averaged coefficients (significance level 

of 0.05). The MuMIn package (56) was used for model selection, model averaging, and to 

obtain the marginal R2 (variance explained by the fixed effects, we used the average between 

the marginal R2 of the best model and the marginal R2 of the global model) (57). Graphics 

were obtained through the packages ggplot2, viridis, and corrplot (58–60). 
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Fig. S1. Frequency of site sampled area by forest type. The red dashed line is the mean of 

the sampled area among sites by forest type (n = 32). Deciduous forests (n = 11) (mean 0.73 

ha), evergreen forests (n = 5) (mean 0.92 ha), semideciduous forests (n = 16) (mean 1.3 ha). 
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Fig. S2. Frequency of site total monitoring length by forest type. The site total monitoring 

length is calculated as the year of the last census minus the year of first census, the red dashed 

line is the mean of the total monitoring length among sites by forest type (n = 32). Deciduous 

forests (n = 11) (mean 10.5 years), evergreen forests (n = 5) (mean 14.8 years), 

semideciduous forests (n = 16) (mean = 17.5 years). 
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Fig. S3. Climate, soil and site area importance for predicting forest type. The importances  

(mean decrease in accuracy and mean decrease in Gini index) were estimated using random 

forest (61) algorithm with forest type as function of climate, soil and site area. Note that only 

the variables included in the global model (after drop collinear variables) were included in the 

random forest. 
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Fig. S4. Distribution of the sites and forest types over the environmental space. The 

environmental space is represented by mean annual temperature (MAT) and (A) soil 

phosphorus (P) (log scale to ease visualization), (B) cation exchange capacity (CEC). Data 

with census intervals (n = 95) nested within sites.  
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Fig. S5. Kernel density estimate of quadratic diameter at breast height (DBH) by forest 

type. (n = 201,415). 
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Fig. S6. Kernel density estimate of quadratic diameter at breast height (DBH) by forest 

type. (n = 201,415). 
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Fig. S7. Kernel density estimate of quadratic diameter at breast height (DBH) by site. 

The sites are colored accordingly to its forest type. (n = 201,415). 
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Fig. S8. Kernel density estimate of quadratic diameter at breast height (DBH) by site. (n 

= 201,415). 
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Fig. S9. Number of trees within each DBH class by forest type. (n = 201,415). 
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Fig. S10. Percentage of trees within each DBH class by forest type. The percentage was 

calculated by the ratio between the number of trees within a given DBH class and the total 

number of trees of the forest type. (n = 201,415). 
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Fig. S11. Number of trees within each DBH class by site. (n = 201,415). 
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Fig. S12. Percentage of trees within each DBH class by site. The percentage was calculated 

by the ratio between the number of trees within a given DBH class and the total number of 

trees of the site. (n = 201,415). 
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Fig. S13. Number of tree species within each DBH class by forest type. (n = 201,415). 
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Fig. S14. Number of tree species within each DBH class by site. (n = 201,415). 
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Fig. S15. Shannon diversity index within each DBH class by forest type. (n = 201,415). 
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Fig. S16. Shannon diversity index within each DBH class by site. (n = 201,415). 
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Fig. S17. Simpson diversity index within each DBH class by forest type. (n = 201,415). 
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Fig. S18. Simpson diversity index within each DBH class by site. (n = 201,415). 
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Fig. S19. Pielou’s evenness diversity index within each DBH class by forest type. (n = 

201,415). 
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Fig. S20. Pielou’s evenness diversity index within each DBH class by site. (n = 201,415). 
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Fig. S21. Variation in wood density community weighted (by abundance) mean (CWM) 

among forest types. The means and confidence intervals were estimated with the estimated 

marginal means from linear mixed effects models (LMM, accounting for the random effect of 

site). Data with censuses (n = 127) nested within sites (n = 32). 
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Fig. S22. Variation in wood density community weighted (by aboveground woody 

biomass) mean (CWM) among forest types. The means and confidence intervals were 

estimated with the estimated marginal means from linear mixed effects models (LMM, 

accounting for the random effect of site). Data with censuses (n = 127) nested within sites (n 

= 32). 
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Fig. S23. Relationship between atmospheric CO2 concentration and time. The points are 

colored accordingly CO2-change. Data with census intervals (n = 95) nested within sites (n = 

32). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



75 

 

 

 

Fig. S24. Correlation matrix between potential predictors. Note: Year (Year), CO2 (CO2 

concentration), CO2-change (CO2-change), Site area (Site area), Altitude, MAT (mean annual 

temperature), Max temp. (mean maximum temperature), MAP (mean annual precipitation), 

CWD (maximum climatological water deficit), pH (pH), Ca (calcium), K (potassium), P 

(phosphorus), Mg (Magnesium), Al (Aluminum), SB (sum of bases), CEC (cation exchange 

capacity), SOM (soil organic matter), Clay (clay %). Data with census intervals (n = 95) 

nested within sites (n = 32). 
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Table S1. This table shows each site (n = 32) (ForestPlots area code), with their latitude (Lat), 

longitude (Long), forest type, sampled area, number of censuses (N census), year of the first 

census (Year-start), year of the last census (Year-end), mean interval length among census 

intervals (Mean interval length), site area, mean of mean annual temperature among census 

intervals (MAT) and mean of mean annual precipitation among census intervals (MAP). 

 

Site code Lat Long Forest type 
Sampled area 

(ha) 
N census Year-start Year-end 

Mean interval 

length (yr) 
Site area (ha) MAT (°C) MAP (mm) 

BAH_07 -14.4705 -44.1884 Deciduous 2.04 2 2002 2009 7 25 24.1 907.7 

BOC_01 -22.1617 -44.4658 Evergreen 0.4 2 2004 2010 6 3 18.1 1739.4 

BOC_02 -22.2175 -44.5389 Evergreen 1.04 4 2001 2019 6 20 17.6 1636.7 

BON_01 -15.3116 -44.7349 Deciduous 0.6 3 2011 2018 3.5 17 24.2 868.3 

COQ_01 -21.0946 -45.3482 Semideciduous 0.8 3 2007 2019 6 59 20.4 1565.9 

COQ_02 -21.1553 -45.4714 Semideciduous 1 3 2002 2014 6 10 20.8 1559 

CRR_01 -21.6121 -44.612 Evergreen 1.2 4 2001 2019 6 36 18 1795.7 

DEC_01 -14.4138 -44.1627 Deciduous 0.8 5 2005 2020 3.8 50 25 747.6 

DEC_02 -15.5502 -44.701 Deciduous 1.2 3 2007 2020 6.5 64 24.7 829.7 

DEC_03 -14.5447 -44.2105 Deciduous 0.4 4 2005 2018 4.3 60 24.3 802.4 

DEC_04 -14.2663 -44.1068 Deciduous 0.2 2 2005 2010 5 20 25.2 866.4 

DEC_05 -14.4315 -44.4911 Deciduous 0.2 5 2005 2020 3.8 4 24.7 840.1 

DEC_06 -14.4919 -44.1841 Deciduous 0.48 5 2005 2020 3.8 80 24.9 759.3 

IBI_01 -21.7103 -43.8855 Evergreen 0.96 5 1995 2020 6.3 68 17.7 1621.6 

ING_01 -21.4098 -44.8929 Semideciduous 1 5 1999 2018 4.8 17 20.7 1586 

ITM_01 -22.3501 -44.7946 Evergreen 1 2 2011 2018 7 7 16.7 1613.6 

ITT_01 -21.3526 -44.609 Semideciduous 0.945 5 1992 2019 6.8 4 20.3 1640.9 

ITT_02 -21.3556 -44.6155 Semideciduous 0.84 5 1994 2019 6.3 9 20.3 1642.5 

LUM_01 -21.4977 -44.9134 Semideciduous 1.28 4 2000 2019 6.3 77 20.6 1592.8 

MDD_01 -21.4885 -44.3762 Semideciduous 1.53 7 1991 2019 4.7 20 20.2 1538.2 

MON_01 -14.4401 -44.4246 Deciduous 1 2 2011 2020 9 40 24.6 782.8 

MTR_01 -21.6069 -44.5569 Semideciduous 1.2 3 2010 2018 4 1200 20 1528.7 

PIE_01 -21.4884 -44.1006 Semideciduous 1.2 3 1999 2010 5.5 30 19.3 1609.9 

PNP_01 -15.1208 -44.2273 Deciduous 0.2 2 2011 2020 9 1000 23.4 731.7 

PNP_02 -15.0583 -44.2069 Deciduous 0.96 2 2012 2020 8 800 23.7 691.7 

POC_01 -21.3292 -44.9717 Semideciduous 0.78 3 2000 2011 5.5 90 20 1720.2 

POC_03 -21.3292 -44.9717 Semideciduous 0.42 8 2001 2016 2.1 90 20.2 1572.2 

SUB_01 -21.2214 -44.9631 Semideciduous 1.92 4 2001 2016 5 12 20.4 1650.8 

SUB_02 -21.2278 -44.9639 Semideciduous 5.04 8 1987 2018 4.4 6 20.2 1609.2 

SUB_03 -21.2737 -44.882 Semideciduous 1.12 6 1998 2020 4.4 11 20.9 1550.8 

SUB_04 -21.2167 -44.9803 Semideciduous 1.16 4 2000 2017 5.7 4 20.6 1617.1 

SUB_05 -21.15 -44.9 Semideciduous 0.6 4 2003 2011 2.7 59 20.7 1760.9 

 

 


