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through microclimatic and biotic drivers

Rodrigo O. do Nascimento®®”; Erika Berenguer®?; Joice Ferreira®®; Carly Stevens®;
Marcos A. A. Filho®; Jos Barlow®.

? Programa de Poés-Graduagdo em Ecologia, Instituto de Ciéncias Bioldgicas,
Universidade Federal do Pard, Campus Guama, 66075-110, Belém, PA, Brazil

® Embrapa Amazodnia Oriental, Rede Amazdnia Sustentavel, 66095-903, Belém, PA,
Brazil

¢ Lancaster Environment Centre, Lancaster University, Lancaster LA1 4YQ, UK

4 Environmental Change Institute, University of Oxford, Oxford 0X1 3QY, UK

¢ Programa de Pods-Graduacao em Sistematica, Taxonomia animal e Biodiversidade,
Museu de Zoologia da Universidade de Sao Paulo, 04263-000, Sao Paulo, SP, Brazil

* Corresponding author: rodrigoliveira.nascimento@gmail.com
Abstract**

Amazonian forests play a key role in the dynamics of global ecosystem services. Human-
modified forests, which already cover more than one million km? in the region, generate
still uncertain threats to the carbon cycle, such as the influence on wood decomposition
rates. Understanding the factors regulating deadwood decomposition is critical for
improving carbon flux predictions in tropical forests. Using a one-year standardized field
experiment in easter Amazon considering 15 native tree species, this study evaluated how
forest disturbance, microclimate, wood traits and decomposers activity affect wood
decomposition processes. Quarterly, wood decomposition increased gradually, reaching
0.21 + 0.29 proportional mass loss after 12 months. Wood density played a crucial role
confirming it as a fundamental predictor of decay rates, with lower density woods

showing higher decomposition rates. Despite the absence of significant differences in
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decomposition rates among forest disturbance classes, structural equation models
revealed significant indirect pathways, where anthropogenic canopy openness altered
microclimatic conditions which in turn suppressed decomposer activity, such as termites,
a key biotic driver of decomposition. Our findings provide novel experimental evidence
that forest structure and microclimate mediate the role of decomposers in carbon cycling,
emphasizing the need to incorporate functional wood traits and indirect disturbance
effects into carbon models to better predict ecosystem responses under increasing forest

degradation and climate change.

Keywords: Amazon, wood decomposition, selective logging, forest fires, termites, fungi,

microclimate.

** The abstract in Portuguese is available in the Supplementary Material

Highlights

e Wood decay was not affected by broad forest degradation classes

e Structural models effectively untangled direct and indirect drivers of wood decay

e Canopy openness and microclimate indirectly affect decomposition via
decomposers

e Termites and wood density shaped decomposition across forest disturbance

gradients
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1. Introduction

Tropical rainforests are important to global carbon dynamics (Pan et al., 2011).
These ecosystems take up only 12% of the Earth's surface, yet they account for ~40% of
terrestrial net primary production, holding 25% of the world's carbon stocks (Townsend
et al., 2011). While growth is important for defining live biomass, necromass also
represents a major carbon pool. In tropical forests, around 8% of total carbon stocks and
14-19% of the annual CO; flux ties up forest necromass (Palace et al., 2008; Pan et al.,
2011), which is defined as dead woody plant material, including trunks, branches, leaves,
roots and dead standing or fallen logs (Harmon et al., 1986). The fate of necromass,
through decomposition, is a crucial yet understudied process governing carbon
persistence or release in forest ecosystems (Giardina, 2019).

Within tropical forests, previous research has identified three major factors that
influence dead wood decomposition rates. First, wood characteristics directly influence
decomposition rates, with species with lower wood density being more rapidly
decomposed than those with high wood density levels (Chambers et al., 2000; Mori et al.,
2014; Dossa et al., 2020). Second, the presence of termites is important, and leads to
significant increases in decomposition rates (Dossa et al., 2020; Seibold et al., 2021) - for
example, in Malaysian forests termites were responsible for 58-64% of wood
decomposition, while microbes contributed between 36-42% (Griffiths et al., 2021).
Third, climate plays an important role by regulating decomposer activity (Bradford et al.,
2014; Ewers et al., 2015). For example, Wijas et al. (2024) showed that microclimate
limits decomposition by microbes in dry periods, while termite activity remained stable
throughout the year in Australian forests.

However, these decomposition drivers are dynamic and influenced by

anthropogenic disturbance. Human activities such as logging, fire and their interactions
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degrade tropical forest structure, often resulting in hotter and drier understory and forest
floor environments (Hardwick et al., 2015; Jucker et al., 2018; Marsh et al., 2022).
Additionally, anthropogenic disturbance in tropical forests frequently shifts tree species
composition toward early-successional or pioneer species, which tend to have lower wood
density (Berenguer et al., 2018; Pinho et al., 2024). This compositional shift alters the
quality of the necromass pool, potentially accelerating decomposition due to the
prevalence of more labile substrates. These changes may also influence decomposer
efficiency via the “home field advantage” (HFA) mechanism, in which decomposers are
more effective at processing wood types that are locally abundant and familiar (Wu et al
2024).

Despite recent advances in understanding decomposition processes in forest
ecosystems (Harmon et al., 2020; Russel et al., 2015), mechanistic frameworks linking
forest disturbance to decomposition dynamics - particularly through direct and indirect
pathways - remain scarce, mainly for tropical forest. While a few such approaches have
been applied in temperate and subtropical ecosystems (Risch et al., 2022; Wu et al., 2021),
they are even rarer in studies addressing degraded or human-modified tropical forests
(Harmon et al., 2020). This gap is particularly concerning in the Amazon, where over 1
million km? of Amazonian forests are human modified (Lapola et al., 2023), a figure that
will continue to increase. Climate predictions also show that extreme droughts and
subsequent forest fires will become more frequent (Duffy et al., 2015; Fonseca et al.,
2019), which may further accelerate carbon loss from necromass. Understanding how
disturbance alters deadwood turnover is thus crucial for anticipating changes in regional
and global carbon dynamics (Martin et al., 2021; Seibold et al., 2021).

In order to enhance our understanding of wood decomposition in human-modified

tropical forests, we conducted a year-long decomposition experiment to investigate how
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forest disturbance affects wood decomposition in the eastern Amazon. We assessed
microclimatic, biotic, and site-specific variables to investigate the decomposition rates of
15 Amazonian tree species, selected to represent a gradient of wood densities from
pioneers to old-growth species. We use the experimental approach to answer four specific
research questions: (Q1) How do rates of wood decomposition differ across forest
disturbance classes, species, and over time? (Q2) How do the microclimatic changes
resulting from forest disturbance affect wood decomposition, and is there an interaction
with species wood density? (Q3) Is the prevalence of observed termite attack and fungal
proliferation explained by structural (wood density), site-specific (canopy openness) and
microclimatic variables? Finally, we combine all data to ask: (Q4) What are the direct

and indirect controls on rates of wood decomposition in human-modified tropical forests?

2. Methods

2.1. Study area

The study was carried out in the municipalities of Santarém, Belterra and Mojui
dos Campos (hereafter, Santarém region), located in the eastern Brazilian Amazon (Fig.
SM 1). The region holds a heterogeneous mix of undisturbed and disturbed forests that
have suffered from selective logging and forest fires in the past (Berenguer et al., 2021;
Gardner et al., 2013) and is representative of other regions of the Amazon (Berenguer et
al., 2014; Bullock et al., 2020). The regional climate is warm and humid, with an annual
mean temperature of 27.12°C between the years 2000 and 2023 (Alvares et al., 2013;
INMET, 2025) and receives an average rainfall of 2000 mm per year, with a marked dry
season usually occurring between July and November (Andrade and Corréa, 2014;

Restrepo-Coupe et al., 2013).
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2.2. Species selection and preparation

We selected 15 broad-leaved Amazonian tree species distributed along a gradient
of wood density, from pioneers (0.36 g.cm™) to old-growth species (1.15 g.cm™ — Table
SM 1). We used a local sawmill to cut 216 individual uniform blocks of bark-free wood
for each species, with blocks measuring 10 x 3 x 3 cm. Blocks were mostly from the
heartwood of the main trunk, although we controlled for variation between blocks by
measuring the wood density of each individual piece (n = 3240 measurements). To do
this, each block was first oven dried at 80 °C until it reached a constant weight. Each
species had a different time to confirm constant weight (Table SM 2). After weighing,
the volume of each block was calculated using the gravimetric water displacement
method (ASTM, 2008). The wood density for each block was then calculated by dividing
the mass by the volume displaced. As opposed to the basic method of estimating wood
density (Fearnside, 1997; Nogueira et al., 2005), we measured the volume of each piece
of wood after oven drying; this was necessary as the samples came from the local sawmill,
and it was not possible to standardize their initial moisture content. As such, the density
values were likely to overestimate the true density compared to global datasets based on
green volumes (Zanne et al., 2009) but were internally consistent within this study and
were highly correlated with global dataset (r=0.9734; t=15.343; df=13, P<0.001 — Fig.
SM 2). Finally, we used a wire to group the blocks on collars, each containing one block
from each species (Fig. SM 3). Blocks were placed in a random order to avoid any
consistent ‘neighbour’ effects, which would influence decomposition rates of adjacent

blocks if any one species was more attractive to decomposers.
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2.3. Measuring decomposition in the forest

We established 18 transects that were 300 m long, distributed along a gradient of
pre-El Nifio forest disturbance, including: undisturbed (UF), selectively logged (Logged)
and logged-and-burned (LBF) forests. During the 2015-2016 El Niflo, nine transects were
only affected by drought (EN-drought, hereafter), while the other nine were also affected
by fires, burning between the last week of November 2015 and the first of January 2016.
We used the term “EN-fire” for these plots but recognize that they suffered both drought
and fire effects. Thus, our study encompassed three UFendrought (n = 3), three LogeNdrought
(n = 3), three UFenfire (n = 3), three LBFeNdrought (n = 3) and six LBFenfire (n = 6) transects
(Fig. SM 1). Transects were located in ferra firme forests, at least 100 meters from the
forest edge, and with a minimum distance of 1500 meters between each other. The same
transects formed the basis of other work in the region, including Berenguer et al. (2021).

In January 2023, during the onset of the wet season, collars were placed on the
forest soil surface in each transect. We established three sampling points at 0, 150 and
300 m. In each sampling point, we installed four collars located at 1 - 2 m distance from
each other (Fig. 1). In total, we installed 216 collars (i.e. 18 transects with 3 sampling
points and 4 collars per sampling point). One collar was removed from each sampling
point at four-time intervals: three, six, nine and twelve months after the start of the
experiment. After being removed from the field, the blocks were oven-dried until they
reached a constant weight for each species (Table SM 2). Prior to drying, any external
soil adhering to the blocks was removed. Data from two LBFenfire transects in the last
removal period (after twelve months) were excluded from the analyses, as these transects

burned again during this experiment, leading to the loss of the collars.
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2.4 Environmental predictors of decomposition

Microclimatic, biotic and site-specific variables were recorded monthly along the
studied transects during the experiment. For microclimate, we recorded air temperature
(°C) and relative humidity (%) at each sampling point with a Kestrel DROP D2 data
logger (accuracy of 0.5° and 2%, respectively). Loggers were placed five centimeters
aboveground and among the four collars present at each sampling point (Fig. 1), recording
microclimate data every 10 minutes. Every month, we gathered data from the loggers and
removed any leaf litter that obstructed them. For each logger, we calculated four
variables: average air temperature of the hottest period (11 - 17h); average air temperature
during the coldest period (00 - 06h), hereafter max day and min night temperature,
respectively; average temperature range and average relative humidity. Min night and
max day temperatures were calculated by filtering raw data, computing daily averages for
each transect, then deriving monthly means. For temperature range, we followed the same
method but subtracted the max day and min night averages for the entire daily period. The
average relative humidity per forest class was also quantified using the daily data, then
deriving monthly means.

For forest structure, we measured canopy openness (%), which represents the
fraction of the angular area of the sky that is not obstructed by vegetation when viewed
from a given point (Gonsamo et al., 2013). We estimated it by taking one hemispherical
photograph per sample point every month (Fig. 1), using a standardized exposure
configuration. All hemispherical photographs were taken with a Nikon CoolPix 4500
digital camera (4 megapixels). A Nikon LC-ER1 fisheye lens with a 180° field of view
was attached to the camera for hemispherical photo acquisition (Hardwick et al., 2015).
The camera was mounted on a tripod one meter from the ground and pointing North. At

each sample point, all palm leaves, vines or branches < 2m from the camera were



197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

removed. Photographs were taken always ensuring suitable sky conditions to prevent
overexposure and maintain the accuracy of canopy openness calculations. Digital image
processing was carried out using Hemisfer software (Schleppi et al., 2007).

To track the association between biotic factors and wood decomposition
throughout the whole experimental period, the presence of fungi and termites were
evaluated visually, assessing each wood block during each monthly field visit, and again
before oven-drying for reweighing. The visual assessment of termites involved searching
for the presence of galleries with or without fecal material or individual termites in the
damaged wood blocks. The presence of fungi was determined by the visual presence of
hyphae growth or fruiting bodies, representative of successful colonization and

reproduction (Dambros et al., 2020; Dawson et al., 2019; Irbe et al., 2010).

2.5. Statistical analysis

For each wooden block we calculated their proportional loss of mass by using the
equation PML = (im - fm)/im, where PML is proportional mass loss; im is initial mass (g);
and fm = final mass (g). PML is a dimensionless measurement (from 0 to 1) and expresses
the mass loss fraction during an exposure period.

To evaluate differences in decomposition across forest classes (Q1), we applied
Kruskal-Wallis test, as PML did not show a normal distribution even with data
transformations. These comparisons were also conducted across species, for each of the
four removal periods (3, 6, 9, and 12 months) and microclimate among forest disturbance
classes.

To assess the direct pathways, we used generalized linear mixed models
(GLMMs). We repeated analysis of cumulative mass loss for each of the four removal
periods (after 3, 6, 9 and 12 months); although latter periods included some of the

decomposition that occurred in earlier periods, we were interested in assessing if the
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variables predicting total loss were consistent over time (Oberle et al., 2019). The
quarterly averages were appropriate for each predictor variable in the models. For these
tests, the Z transformation was used to standardize all predictors. In all models, transect
identity (ID) was included as a random factor, accounting for spatial autocorrelation.

To test whether microclimatic variation (max day and min night air temperature,
average temperature range and average relative humidity) affects PML (Q2), GLMMs
with a lognormal distribution were used (g/lmmTBM package; Brooks et al., 2017). The
inclusion of the interaction term aimed to test whether species with different wood
densities respond differently to microclimatic conditions, thereby assessing potential
evidence for a “home field advantage” dynamic. GLMMs with binomial distributions
were used to test whether the prevalence of observed termite attack or fungal proliferation
was explained by microclimate (Q3). Stepwise backward selection was used to assess the
direct pathways of explanatory variables on wood decomposition.

For the GLMMs, variables were removed based on AIC until the best-fit model
was reached. In lognormal models, all variables in any period were retained for
comparability purposes, while non-significant variables in binomial models could not be
compared due to model inadequacies. Model diagnostics were conducted using the
package DHARMa (Hartig, 2016). To ensure the absence of collinearity, the variance
inflation factor values for each model were checked (< 5). The plot_models function on
the sjPlot package (Liidecke, 2013) was used to plot effect sizes and odd ratios of the
models.

To investigate the direct and indirect pathways by which our variables may affect
wood decomposition (Q4), we constructed piecewise Structural Equation Models (SEM)
using the piecewiseSEM package (Lefcheck, 2016) based on a priori path diagram (Fig.

SM 4), in which a structured set of linear models is fitted individually. This approach
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allowed us to consider all the models generated in our previous questions, including
random factors (Transect ID). Given potential biotic interactions (Bradford et al., 2021),
we included a correlated error path between termite and fungal presence (Wu et al., 2021).
Shipley's d-separation test was used to assess the fit of the model using Fisher's C-statistic
(Shipley, 2013). For the results, the standardized coefficients (estimates) scaled by the
significant interval were used because the parameter estimates of models with a log-
normal distribution could not be standardized by variances (Grace et al., 2012). We
refined the original models for each block removal, eliminating non-significant links,
starting with the least significant, and continuing gradually until the change in AICc
associated with a step was less than 2 units. Since the effects of predictors on wood mass
loss are more accurate in the longer-term (Oberle et al., 2019), we carried out the SEM
only on our last removal, after twelve months. All statistical analyses were conducted in

R version 4.4.0 (R Core Team, 2024).

3. Results

Decomposition of all species, assessed as the average proportional mass loss,
increased significantly throughout the year (y* = 422.87, df = 3, p < 0.001; Fig. 2A), from
0.03 £ 0.08 (mean + SD) after three months, 0.09 + 0.16 after six months, 0.15 + 0.24
after nine months to finally 0.21 £ 0.29 after 12 months. There was a high degree of
variation in interspecific decomposition (y* = 2337.5, df = 14, p < 0.001; Fig. 2B). The
species with the lowest decomposition rate, over the course of the experiment, was
Handroanthus serratifolius (0.0065 + 0.0211), while the highest decomposition rate
(0.3939 £ 0.3253) was observed in Jacaranda copaia. No significant variation in wood
decomposition was observed between forest classes (y~ = 4.3402, df = 4, p = 0.36; Fig.

2C) throughout 12 months.



271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

3.1.The effects of woody density, microclimate and canopy openness on wood

decomposition

Wood density had a strong negative relationship with wood decomposition
throughout the experiment (Fig. 3, Table SM 3). Effect sizes for other variables were
small in comparison, and not consistent across time periods. After twelve months of
decomposition, max day temperature showed a negative relationship with wood
decomposition, while a greater temperature range enhanced decomposition. The effects
of min night temperature, relative humidity and canopy openness were not significant,
and none of the variables considered had a significant interaction with wood density.
These results therefore did not support the existence of a significant “home field
advantage” in any of the removal periods, matching the lack of an obvious link between
decomposition rates of different wood densities and the forest disturbance class (Fig. SM

5).

3.2. The effects of microclimate and biophysical variables on the presence of

decomposers

The significance of the predictor variables varied over time (Table SM 4; Table
SM 5). Microclimate variables showed effects in the initial and middle months of the
experiment (Fig. 4). The presence of termites showed a positive association with max day
temperature, while higher relative humidity favored the appearance of fungi. Temperature
range had negative effects in the last two removals only for termites. Wood density was
the only variable that showed significance throughout the experimental period, with the
presence of termites and fungi mainly observed on low density woods. The odds of

finding termites in the experimental blocks were negatively related to the presence of
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fungi, and vice versa, indicating negative interactive effects between termites and fungi

(Table SM 6).
3.3. Direct and indirect drivers of wood decomposition

Wood decomposition was accelerated by the presence of termites, while higher
wood densities and the interaction of termites and fungi slowed it down (Fig. 5SA and
Table SM 6). The inclusion of termites and fungi presence in the model did not alter the
minimal influence of microclimatic variables on wood decomposition. Despite the clear
microclimatic differences between forest classes (Table SM 7), the only microclimate
variable to show a significant effect was the average temperature range after twelve
months, but the effect size remained small compared to other variables (Fig. 5B). Canopy
openness was also significant only in the last removal, but with a negative effect.

The structural equation models (SEM) showed that direct and indirect drivers
explained 70% (conditional R?) of the variation in decomposition across the 18 forest
transects over 12 months (Table SM 8). Wood decomposition was directly influenced by
average temperature range (positive), average canopy openness (negative), termite
presence (positive), presence of both termites and fungi (negative) and wood density
(negative). Wood decomposition was indirectly influenced by factors that determine the
presence of termites and fungi, such as average canopy openness, average temperature

range and wood density (Fig. 5B).

4. Discussion

Our standardized decomposition experiment in eastern Amazon showed that wood
decomposition rates were most strongly determined by wood density. Although forest
disturbance class did not have additional direct controls on decomposition rates, the

structural equation model suggested that anthropogenic disturbance can influence wood
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decomposition indirectly via shifts in forest structure that influence microclimate and the
indirect effect of microclimate on the presence of decomposers such as termites. These
findings highlight the complexity of the interrelations between biotic and abiotic factors
in the regulation of wood decomposition and the importance of considering both
structural and functional pathways through which disturbed forests alter carbon cycling

processes in tropical ecosystems.

4.1. Wood density as a strong predictor of decomposition rates

The inverse relationship (e.g. higher wood density corresponds to slower mass
loss) is well established in tropical forests (Chave et al., 2009; Mori et al., 2014) and was
clearly supported by our dataset. Importantly, this pattern remained consistent across all
forest classes, indicating that intrinsic wood properties were far more important than the
effects of forest disturbance (Fig. SM 4). The strong role of wood density is unsurprising
given the wide range of wood densities assessed (0.36 - 1.15 g.cm™3), which represents a
gradient from old growth species such as Swartzia grandifolia and Handroanthus
serratifolius which are all known for highly recalcitrant wood (Angyalossy-Alfonso and
Miller, 2002; Segoloni and Di Maria, 2018) to pioneer species like Bixa arborea and
Jacaranda copaia with woods containing more labile substrates (Reis et al., 2019).

Despite initial expectations, we found no evidence to support a “home field
advantage” (HFA). For example, more degraded forests did not show consistently faster
decomposition, despite being dominated by communities containing lower-density
species (Slik et al., 2008; Berenguer et al., 2018). The lack of a HFA suggests that
community composition and species turnover rates could be used to model deadwood
input and subsequent decomposition at scale. This is further supported by the same
inverse correlation with wood density found elsewhere in the biome (Aryal et al., 2022;

Chambers et al., 2000; Mori et al., 2014) and a global study showing that variation in
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wood decomposition is mostly explained directly by wood characteristics, with half of
wood decomposition explained by its intrinsic characteristics and only a fifth by climatic

variables (Hu et al. 2018).

4.2. Wood decomposition rates: temporal trends and species effects across forest

classes

Although no direct effect of disturbance was detected, results suggest it influences
decomposition indirectly via changes in microclimate that affect decomposer activity.
Furthermore, it may be that there is a trade-off interaction between biotic and abiotic
factors that regulate decomposition. We demonstrated higher max day temperatures and
lower relative humidities in degraded forests compared to undisturbed forests (Table SM
7). In more degraded areas, although microclimatic conditions such as maximum
temperature, and greater decomposer attack (Senior et al., 2017) can theoretically
accelerate decomposition, lower relative humidity and greater temperature range can
counteract this effect, restricting certain decomposer species (Bradford et al., 2014; Gora
et al., 2019; Zhan et al., 2021). Despite this possibility, such processes would require

more studies to elucidate the factors that could mask differences in disturbance gradients.

4.3. Wood decomposition of Amazonian species over time

Decomposition increased progressively over the year, reflecting gradual structural
and chemical changes that facilitate colonization. The colonization of decomposers may
initially be slow due to physical and chemical barriers, such as high wood density,
compounds toxic to decomposers, or recalcitrant substrates (e.g., lignin) (Law et al., 2023;
Scharf, 2020). Over longer periods than the one year of our study, climatic conditions,
such as variations in humidity and temperature, could cause structural changes in the

wood, including microcracks, water absorption, and cycles of expansion and contraction,
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making it gradually more vulnerable to the action of decomposers (Jankowska et al.,
2020).

Comparing our findings from other experiments, the values fell within the range
reported for other tropical forests (Law et al.,, 2019; Wijas et al., 2024), although
somewhat lower than values in Malaysia and Southeast Asia (Griffiths et al., 2020; Wu
et al., 2021). All these studies took place over one year, suggesting that study duration
alone does not explain the variation. Differences in decomposition rate of the same tree
species can emerge even in the same region with a similar climatic regime (Law et al.,
2019; Wijas et al., 2024), with changes in decomposer communities or microclimate

patterns affecting the path of decomposition (Gottschall et al., 2019; Wu et al., 2023).

4.4. Termite activity as a strong driver of wood decomposition

Overall, termites and fungi colonized approximately 33% and 52%, respectively,
of the dead wood among the forest classes by the end of the study, with highest
percentages after nine months of the experiment (Fig. SM 6), highlighting the
decomposition potential of these organisms (Aryal et al., 2022; Njoroge et al., 2025;
Seibold et al., 2021; Ulyshen, 2016). The presence of termites was strongly associated
with decomposition rates, and it was closely linked to the density of the wood, with lower
density blocks showing higher colonization frequencies corroborating previous studies
(Guo et al., 2021; Oberst et al., 2018). Dense plant species reduce foraging intensity,
possibly due to greater mechanical resistance, which can hinder both termites chewing
and the penetration of decomposing fungi (Liu et al., 2015; Oberst et al., 2018, Guo et al.,
2024). Notably, all wood blocks in our experiment were bark free. This may have
contributed to the strong role of termites as a recent global meta-analysis has shown that

wood without bark is often more readily colonized by wood-feeding termites, particularly
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in tropical environments where these organisms are more abundant and active (Njoroge

etal., 2025).

4.5. Microclimate and canopy openness as indirect pathways

Microclimatic variation played a secondary but detectable role, with temperature
range and maximum daytime temperature affecting decomposition mainly after 12
months. This suggests that microclimate becomes more relevant at later stages, once
intrinsic barriers are weakened (Oberle et al., 2019). However, long-term experiments
would be needed to confirm or reject this possibility. Termite activity declined with wider
temperature ranges and min night, indicating that these ectothermic beings strongly
depend on thermal conditions to optimize their foraging activity (Wu et al., 2021).
Climatic seasonality in tropical forests, marked by wet and dry periods, also significantly
influences the population dynamics of these decomposers, as observed in our studies (Fig.
SM 5). Higher temperatures can stimulate termite activity (Zanne et al., 2022) but can
also reduce their efficiency in environments with high minimums (Wu et al., 2021), again
emphasizing the complexity of the interactions between microclimate and termite
decomposition. The stronger link between fungi and relative humidity reflects their
dependence on moist conditions (Gora et al., 2019). In addition, humidity close to the soil
may be more relevant to fungal activity than large-scale climatic conditions (Bradford et
al., 2014). However, these results on fungi only relate to their visible appearance of
fruiting bodies and visible hyphae, and more detailed assessments would be needed to

assess fungal activity (Charya, 2015).

5. Conclusion

We conducted a standardized experiment to examine the biotic and abiotic factors

that determine wood decomposition rates in modified Amazonian rainforests. Although
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wood decomposition did not respond directly to forest disturbance classes, it is strongly
modulated by intrinsic wood characteristics, especially density. In addition, our results
provide some of the first evidence of indirect pathways, with changes in microclimate
resulting from forest disturbance influencing the role of decomposers. This demonstrates
that human-induced forest canopy openness may slow deadwood turnover by amplifying
temperature ranges that suppress decomposer activity, such as termite activity, a key on
decomposition. A longer-term and mechanistic understanding of these processes will help
improve our understanding of ecosystem processes in tropical forests facing high levels
of forest disturbance (Lapola et al. 2023) and temperature increases resulting from global

climate change (IPCC, 2023).
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Supplementary material
**Resumo em portugués

As florestas amazonicas desempenham um papel fundamental na dindmica dos servicos
ecossistémicos globais. Florestas modificadas pelo homem, que j4 cobrem mais de um
milhdo de km? na regido, geram ameagas ainda incertas ao ciclo do carbono, como a
influéncia nas taxas de decomposi¢do da madeira. Compreender os fatores que regulam
a decomposicao da madeira morta ¢ fundamental para melhorar as previsdes do fluxo de
carbono em florestas tropicais. Utilizando um experimento de campo padronizado de um
ano na Amazodnia oriental, considerando 15 espécies de arvores nativas, este estudo
avaliou como a perturbagdo florestal, o microclima, as caracteristicas da madeira ¢ a
atividade de decompositores afetam os processos de decomposi¢do da madeira.
Trimestralmente, a decomposi¢ao da madeira aumentou gradualmente, atingindo 0,21 +
0,29 de perda proporcional de massa ap6s 12 meses. A densidade da madeira
desempenhou um papel crucial, confirmando-a como um preditor fundamental das taxas
de decomposi¢do, com madeiras de menor densidade apresentando maiores taxas de
decomposicdo. Apesar da auséncia de diferencas significativas nas taxas de
decomposicdo entre as classes de perturbacdo florestal, os modelos de equacdes
estruturais revelaram vias indiretas significativas, nas quais a abertura antropogénica do
dossel alterou as condi¢des microclimaticas, o que, por sua vez, suprimiu a atividade de
decompositores, como cupins, um importante fator bidtico da decomposicao. Nossas
descobertas fornecem novas evidéncias experimentais de que a estrutura florestal e o
microclima mediam o papel dos decompositores na ciclagem do carbono, enfatizando a
necessidade de incorporar caracteristicas funcionais da madeira e efeitos indiretos de
perturbacdo em modelos de carbono para melhor prever as respostas dos ecossistemas

sob a crescente degradacao florestal e as mudangas climaticas.
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Palavras-chave: Amazonia, decomposi¢do de madeira, extracdo seletiva, incéndios

florestais, cupins, fungos, microclima.

Table SM 1. Tree species used for the proportional mass loss standard experiment with wood

blocks (n =3240) in the Santarém region. The wood density avarage and their respective standard

deviations (SD) were obtained by drying to constant mass and calculating the volume by

gravimetric water displacement method.

Family Species Wood density (g.cm™) SD (g.cm?)
Bixaceae Bixa arborea 0.3596 0.0332
Bignoniaceae  Jacaranda copaia 0.4592 0.0408
Araliaceae Didymopanax_morototoni  0.4819 0.0632
Meliaceae Cedrela odorata 0.5596 0.0272
Lecythidaceae  Couratari guianensis 0.5611 0.0413
Boraginaceae  Cordia goeldiana 0.6234 0.0452
Vochysiaceae  Qualea dinizii 0.6396 0.0404
Lecythidaceae  Cariniana micrantha 0.6462 0.0467
Lauraceae Mezilaurus itauba 0.8595 0.0177
Caryocaraceae  Caryocar glabrum 0.8630 0.0893
Anacardiaceae  Astronium lecointei 0.8710 0.0575
Goupiaceae Goupia Glabra 0.9539 0.0755
Sapotaceae Manilkara paraensis 1.0181 0.0880
Bignoniaceae  Handroanthus serratifolius 1.0545 0.0459
Fabaceae Swartzia grandifolia 1.1518 0.0644




921  Table SM 2. Time length of each tree species remained in the oven until they reached constant
922  mass.
. Oven Oven Days to reach constant
Specie
entrance removal mass
Bixa arborea 01/11/2022 07/11/2022 6
Jacaranda copaia 27/10/2022 11/11/2022 15
Didymopanax 02/11/2022  14/11/2022 12
morototoni
Cedrela odorata 26/10/2022 10/11/2022 15
Couratari guianensis 29/10/2022 11/11/2022 13
Cordia goeldiana 27/10/2022 15/11/2022 19
Qualea dinizii 02/11/2022  22/11/2022 20
Cariniana micrantha 31/10/2022 16/11/2022 16
Mezilaurus itauba 28/10/2022 14/11/2022 17
Caryocar glabrum 24/10/2022 12/11/2022 19
Astronium lecointei 25/10/2022 15/11/2022 21
Goupia glabra 29/10/2022 10/11/2022 12
Manilkara paraensis 31/10/2022  02/12/2022 32
Handroanthus 28/10/2022  16/11/2022 19
serratifolius
Swartzia grandifolia 06/11/2022  22/11/2022 16
923  Table SM 3. Results of the generalized linear mixed models to test whether microclimatic, wood
924  density and canopy openness variables explain wood decomposition (Q2). WD = wood density
925  (g.cm?); Temp Range = Average temperature range (°C); Max day = Average maximal
926  temperature (°C).
3 months 6 months 9 months 12 months
Predictors Estimates p Estimates p Estimates p Estimates p
(Intercept) 0.03 <0.001 0.09 <0.001 0.15 <0.001 0.18 <0.001
WD 0.39 <0.001 0.62 <0.001 0.54 <0.001 0.45 <0.001
Temp Range 1.03 0.908 1.04 0.54 1.01 0.848 1.15 0.004
Max day 1.08 0.61 0.93 0.535 0.98 0.735 0.9 0.039
Random Effects
c? 0.13 0.18 0.37 0.38
T00 0.00 piot 0.02 piot 0.02 plot 0.03 piot
ICC 0 0.09 0.06 0.06
Observations 807 810 807 723
RZ%w/ R2% 0.873/0.874 0.536/0.579 0.494/0.525 0.613/0.637
927
928

929
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Table SM 4. Results of the generalized linear mixed models to test whether the prevalence of

observed termite attack is explained by structural, site-specific and microclimatic variables (Q3).

WD = wood density (g.cm™); Temp Range = Average temperature range (°C); Fungi = visible [1]

presence of fungi; Max day = Average maximal temperature (°C); Min night = Average minimal

temperature (°C); Rel humid = Average relative humidity (%).

3 months 6 months 9 months 12 months
Predictors Odds Odds Odds Odds
Ratios Ratios Ratios Ratios
(Intercept) 0.01 <0.001 0.15 <0.001 2.81 0.001 1.13 0.654
WD 0.27 <0.001 0.22 <0.001 0.24 <0.001 0.26 <0.001
Temp range 0.12 0.068 0.55 0.05 0.63 0.024
Fungi [1] 0.5 0.015 0.37 <0.001 0.58 0.006
Max day 2.82 0.014 1.86 0.037
Min night 0.66 0.049 0.77 0.153
Rel Humid 2.92 0.029
Random Effects
o2 3.29 3.29 3.29 3.29
Too 0.62 plot 0.37 plot 0.36 plot 0.68 plot
ICC 0.16 0.1 0.1 0.17
Observations 807 810 807 723
R%/ R% 0.291/0.404 0.406 / 0.465 0.373/0.435 0.335/0.448

Table SM 5. Results of the generalized linear mixed models to test whether the prevalence of

observed fungal proliferation is explained by structural, site-specific and microclimatic variables

(Q3). Min night = Average minimal temperature (°C); Rel humid = Average relative humidity

(%); WD = wood density (g.cm™); Termites = visible [1] presence of termites; CO = Average

canopy openness (%).

3 months 6 months 9 months 12 months
Predictors Odds Odds Odds Odds
Ratios Ratios Ratios Ratios
(Intercept) 0.04 <0.001 0.95 0.873 2.86 <0.001 1.99 0.012
Min Night 0.56 <0.001 1.94 0.001 1.05 0.761 0.84 0.236
Rel Humid 14.97 0.005 2.14 0.035 0.88 0.323 0.95 0.746
WD 0.39 <0.001 0.47 <0.001 0.59 <0.001 0.71 <0.001
Termites [1] 0.53 0.019 0.88 0.528 0.38 <0.001 0.59 0.008
CO 0.9 0.236 0.81 0.053 0.68 0.001 1.01 0918
Random Effects
o’ 3.29 3.29 3.29 3.29
Too 0.03 plot 0.38 plot 0.69 plot 0.56 plot
ICC 0.01 0.1 0.17 0.15
Observations 807 810 807 723
R%/ R% 0.253/0.259 0.170/0.256 0.093/0.250 0.032/0.174
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Table SM 6. Results of the generalized linear mixed models to test whether microclimatic, wood

density, canopy openness and biotic variables explain wood decomposition (Q4). Fungi = visible

[1] presence of fungi; WD = wood density (g.cm™); Termites = visible [1] presence of termites;

CO = Average canopy openness (%); Temp Range = Average temperature range (°C).

3 months 6 months 9 months 12 months

Predictors Estimates P Estimates p Estimates p Estimates p

(Intercept) 0.03 <0.001 0.06 <0.001 0.08 <0.001 0.11 <0.001

Fungi [1] 1.34 <0.001 1.38 <0.001 1.35 0.002 1.13 0.114

WD 0.43 <0.001 0.71 <0.001 0.63 <0.001 0.52 <0.001

Termites [1] 2.34 <0.001 2.23 <0.001 2.32 <0.001 2.22 <0.001

CcO 1.01 0.795 0.99 0.612 0.97 0.247 0.89 <0.001

Temp range 1.29 0.111 0.94 0.161 1.01 0.865 1.21 <0.001
Fungi [1] : Termites [1] 0.5 <0.001 0.75 0.001 0.75 0.007 0.7 <0.001
Random Effects

o2 0.13 0.16 0.31 0.33

T00 0.00 plot 0.00 plot 0.01 plot 0.01 plot

ICC 0.01 0.02 0.03 0.03

Observations 807 810 807 723

R%n/ R2 0.872/0.874 0.682/0.687 0.602/0.616 0.686 / 0.695
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Table SM 7. Kruskall-Wallis tests comparing the microclimate variables in a gradient of

disturbed forests in Santarém region. UFEgNdrought = Undisturbed Forest; UFenfire = Burned

primary forests; LBFENdrought = Forests logged and burned before the 2015-16 El Nifio; LBFENfire

= Forests logged before but burned during the 2015-16 El Nifio; LogeNdrought = Forests with

selective logging.

Three months Six months
Forest Class
Max Temp Min Temp Temprange RH Max Temp Min Temp Temp range RH
UFENdrought 25.64 23.22 3.98 99.42 26.06 23.21 5.16 99.13
UFENfire 25.73 23.23 4.07 99.99 26.53 23.23 6.42 99.21
LBFENdrought 25.97 23.43 4.08 99.79 26.34 23.50 4.66 99.49
LBFeNfire 26.16 23.45 4.49 99.99 26.70 23.46 6.19 99.24
LogeNdrought 25.60 23.39 3.76 99.99 26.01 23.46 4.71 99.61
KW p-value  <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
x2 577.08 338.14 404.13 45.24 552.37 317.24 343.62 188.87
Nine months Twelve months
Forest Class
Max Temp Min Temp Temprange RH Max Temp Min Temp Temp range RH

UFENdrought 27.08 23.43 7.51 94.78 27.39 23.58 6.30 96.05
UFeNfire 28.13 23.53 10.35 90.96 28.54 23.68 8.49 93.46
LBFENdrought 27.54 23.79 8.50 91.23 27.89 24.07 7.19 92.98
LBFeNfire 28.07 23.68 10.03 89.49 28.59 23.90 9.44 89.49
LogeNdrought 27.26 23.81 7.44 94.53 27.84 24.02 7.42 94.48
KW p-value  <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
x2 385.62 273.96 452.79 2353 357.75 266.77 330.14 228.44
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Table SM 8. Summary of piecewiseSEM results (fourth block removal — after 12 months) in a
gradient of disturbed forests in Santarém region. Significant (p < 0.05) relationships are printed
in bold. Max day = Average maximal temperature (°C); Rel humid = Average relative humidity
(%); CO = Average canopy openness (%); Termites = visible presence of termites; Fungi = visible
presence of fungi; WD = wood density (g.cm-3); Temp Range = Average temperature range (°C);

Proportional Mass Loss = PML.

Fisher’s C =20.9; p = 0.83; AICc = 2381.89

Response Predictor

variable variable Estimate SE P
Max day CcO 0.088 0.0225  <0.001
Rel Humid CcoO -0.2101  0.0276  <0.001
CO CO 0.1818  0.0228  <0.001
CO Max day 0.1533 - <0.001
CcoO Rel Humid -0.3627 - <0.001
Termites WD -1.3145  0.1114  <0.001
Termites Temp range -0.4708 0.202 0.0198
Fungi WD -0.2166  0.0815 0.0079
PML WD -0.6728  0.0299  <0.001
PML Termites 0.7177  0.0586  <0.001
PML Cco -0.1125  0.0302  <0.001
PML Temp range 0.1962 0.0408 <0.001
PML Termites:Fungi  -0.237 0.0571 <0.001
Termites Fungi -0.1029 - 0.0028

Response variable R?

PML 0.70
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973
974  Fig. SM 1. Santarém region. Study area consists of 18 transects distributed along a post-El Nifio
975  gradient of forest disturbance. UFENdrought = Undisturbed Forest; UFgnfie = Burned primary
976  forests; LBFENdrought = Forests logged and burned before the 2015-16 El Nifio; LBFenfire =
977  Forests logged before but burned during the 2015-16 El Nifio; LogeNdrought = Forests with

978  selective logging.
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980  Fig. SM 2. Pearson's correlation of wood densities and global wood density database (Zanne et
981 al., 2009) of the 15 Amazonian species studied. Shaded area represents the 95% confidence

982  interval of the regression line.

983

984  Fig. SM 3. Design of the collars used in the experiment. In each of the 18 sampled transects, we
985  established three sampling points, located at 0, 150 and 300 m. In each sampling point we installed

986 four collars.
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Fig. SM 4. Conceptual framework of the relationships among forest disturbance, microclimate,
wood traits and decomposers activity with wood decomposition. Direction of single arrows refers

to the hypothesized causal relationships. Double-arrowed dashed lines refer to a correlative

relationship.
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Fig. SM 5. Relationship between proportional mass loss (PML) and wood density (g.cm™) across
four removal periods (3, 6, 9, and 12 months) in each disturbed forest classes in the eastern
Amazon. Lines show the trends with 95% confidence intervals (shaded areas). Kruskal-Wallis
tests were performed using PML as the response variable and forest class as the grouping factor.
UFENdrought = Undisturbed Forest; UFgnfire = Burned primary forests; LBFENdrought = Forests

logged and burned before the 2015-16 El Nino; LBFenfire = Forests logged before but burned

during the 2015-16 El Nifio; LogeNdrought = Forests with selective logging.
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Fig. SM 6. Percentage of termite (orange) and fungi (peach) infestation throughout the experiment

in the Santarém region. The dashed lines represent the infestation average of the experiment.



