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Abstract** 14 

Amazonian forests play a key role in the dynamics of global ecosystem services. Human-15 

modified forests, which already cover more than one million km2 in the region, generate 16 

still uncertain threats to the carbon cycle, such as the influence on wood decomposition 17 

rates. Understanding the factors regulating deadwood decomposition is critical for 18 

improving carbon flux predictions in tropical forests. Using a one-year standardized field 19 

experiment in easter Amazon considering 15 native tree species, this study evaluated how 20 

forest disturbance, microclimate, wood traits and decomposers activity affect wood 21 

decomposition processes. Quarterly, wood decomposition increased gradually, reaching 22 

0.21 ± 0.29 proportional mass loss after 12 months. Wood density played a crucial role 23 

confirming it as a fundamental predictor of decay rates, with lower density woods 24 

showing higher decomposition rates. Despite the absence of significant differences in 25 



decomposition rates among forest disturbance classes, structural equation models 26 

revealed significant indirect pathways, where anthropogenic canopy openness altered 27 

microclimatic conditions which in turn suppressed decomposer activity, such as termites, 28 

a key biotic driver of decomposition. Our findings provide novel experimental evidence 29 

that forest structure and microclimate mediate the role of decomposers in carbon cycling, 30 

emphasizing the need to incorporate functional wood traits and indirect disturbance 31 

effects into carbon models to better predict ecosystem responses under increasing forest 32 

degradation and climate change. 33 

Keywords: Amazon, wood decomposition, selective logging, forest fires, termites, fungi, 34 

microclimate. 35 

** The abstract in Portuguese is available in the Supplementary Material 36 

 37 

Highlights  38 

• Wood decay was not affected by broad forest degradation classes 39 

• Structural models effectively untangled direct and indirect drivers of wood decay  40 

• Canopy openness and microclimate indirectly affect decomposition via 41 

decomposers 42 

• Termites and wood density shaped decomposition across forest disturbance 43 

gradients 44 

 45 

 46 

 47 

 48 



1. Introduction 49 

Tropical rainforests are important to global carbon dynamics (Pan et al., 2011). 50 

These ecosystems take up only 12% of the Earth's surface, yet they account for ~40% of 51 

terrestrial net primary production, holding 25% of the world's carbon stocks (Townsend 52 

et al., 2011). While growth is important for defining live biomass, necromass also 53 

represents a major carbon pool. In tropical forests, around 8% of total carbon stocks and 54 

14-19% of the annual CO2 flux ties up forest necromass (Palace et al., 2008; Pan et al., 55 

2011), which is defined as dead woody plant material, including trunks, branches, leaves, 56 

roots and dead standing or fallen logs (Harmon et al., 1986). The fate of necromass, 57 

through decomposition, is a crucial yet understudied process governing carbon 58 

persistence or release in forest ecosystems (Giardina, 2019). 59 

Within tropical forests, previous research has identified three major factors that 60 

influence dead wood decomposition rates. First, wood characteristics directly influence 61 

decomposition rates, with species with lower wood density being more rapidly 62 

decomposed than those with high wood density levels (Chambers et al., 2000; Mori et al., 63 

2014; Dossa et al., 2020). Second, the presence of termites is important, and leads to 64 

significant increases in decomposition rates (Dossa et al., 2020; Seibold et al., 2021) - for 65 

example, in Malaysian forests termites were responsible for 58-64% of wood 66 

decomposition, while microbes contributed between 36-42% (Griffiths et al., 2021). 67 

Third, climate plays an important role by regulating decomposer activity (Bradford et al., 68 

2014; Ewers et al., 2015). For example, Wijas et al. (2024) showed that microclimate 69 

limits decomposition by microbes in dry periods, while termite activity remained stable 70 

throughout the year in Australian forests.  71 

However, these decomposition drivers are dynamic and influenced by 72 

anthropogenic disturbance. Human activities such as logging, fire and their interactions 73 



degrade tropical forest structure, often resulting in hotter and drier understory and forest 74 

floor environments (Hardwick et al., 2015; Jucker et al., 2018; Marsh et al., 2022). 75 

Additionally, anthropogenic disturbance in tropical forests frequently shifts tree species 76 

composition toward early-successional or pioneer species, which tend to have lower wood 77 

density (Berenguer et al., 2018; Pinho et al., 2024). This compositional shift alters the 78 

quality of the necromass pool, potentially accelerating decomposition due to the 79 

prevalence of more labile substrates. These changes may also influence decomposer 80 

efficiency via the “home field advantage” (HFA) mechanism, in which decomposers are 81 

more effective at processing wood types that are locally abundant and familiar (Wu et al 82 

2024). 83 

Despite recent advances in understanding decomposition processes in forest 84 

ecosystems (Harmon et al., 2020; Russel et al., 2015), mechanistic frameworks linking 85 

forest disturbance to decomposition dynamics - particularly through direct and indirect 86 

pathways - remain scarce, mainly for tropical forest. While a few such approaches have 87 

been applied in temperate and subtropical ecosystems (Risch et al., 2022; Wu et al., 2021), 88 

they are even rarer in studies addressing degraded or human-modified tropical forests 89 

(Harmon et al., 2020). This gap is particularly concerning in the Amazon, where over 1 90 

million km² of Amazonian forests are human modified (Lapola et al., 2023), a figure that 91 

will continue to increase. Climate predictions also show that extreme droughts and 92 

subsequent forest fires will become more frequent (Duffy et al., 2015; Fonseca et al., 93 

2019), which may further accelerate carbon loss from necromass. Understanding how 94 

disturbance alters deadwood turnover is thus crucial for anticipating changes in regional 95 

and global carbon dynamics (Martin et al., 2021; Seibold et al., 2021). 96 

In order to enhance our understanding of wood decomposition in human-modified 97 

tropical forests, we conducted a year-long decomposition experiment to investigate how 98 



forest disturbance affects wood decomposition in the eastern Amazon. We assessed 99 

microclimatic, biotic, and site-specific variables to investigate the decomposition rates of 100 

15 Amazonian tree species, selected to represent a gradient of wood densities from 101 

pioneers to old-growth species. We use the experimental approach to answer four specific 102 

research questions: (Q1) How do rates of wood decomposition differ across forest 103 

disturbance classes, species, and over time? (Q2) How do the microclimatic changes 104 

resulting from forest disturbance affect wood decomposition, and is there an interaction 105 

with species wood density?  (Q3) Is the prevalence of observed termite attack and fungal 106 

proliferation explained by structural (wood density), site-specific (canopy openness) and 107 

microclimatic variables? Finally, we combine all data to ask: (Q4) What are the direct 108 

and indirect controls on rates of wood decomposition in human-modified tropical forests? 109 

2. Methods 110 

2.1. Study area 111 

The study was carried out in the municipalities of Santarém, Belterra and Mojuí 112 

dos Campos (hereafter, Santarém region), located in the eastern Brazilian Amazon (Fig. 113 

SM 1). The region holds a heterogeneous mix of undisturbed and disturbed forests that 114 

have suffered from selective logging and forest fires in the past (Berenguer et al., 2021; 115 

Gardner et al., 2013) and is representative of other regions of the Amazon (Berenguer et 116 

al., 2014; Bullock et al., 2020). The regional climate is warm and humid, with an annual 117 

mean temperature of 27.12°C between the years 2000 and 2023 (Alvares et al., 2013; 118 

INMET, 2025) and receives an average rainfall of 2000 mm per year, with a marked dry 119 

season usually occurring between July and November (Andrade and Corrêa, 2014; 120 

Restrepo-Coupe et al., 2013).  121 

 122 



2.2. Species selection and preparation 123 

We selected 15 broad-leaved Amazonian tree species distributed along a gradient 124 

of wood density, from pioneers (0.36 g.cm-3) to old-growth species (1.15 g.cm-3 – Table 125 

SM 1). We used a local sawmill to cut 216 individual uniform blocks of bark-free wood 126 

for each species, with blocks measuring 10 x 3 x 3 cm. Blocks were mostly from the 127 

heartwood of the main trunk, although we controlled for variation between blocks by 128 

measuring the wood density of each individual piece (n = 3240 measurements). To do 129 

this, each block was first oven dried at 80 °C until it reached a constant weight. Each 130 

species had a different time to confirm constant weight (Table SM 2).  After weighing, 131 

the volume of each block was calculated using the gravimetric water displacement 132 

method (ASTM, 2008). The wood density for each block was then calculated by dividing 133 

the mass by the volume displaced. As opposed to the basic method of estimating wood 134 

density (Fearnside, 1997; Nogueira et al., 2005), we measured the volume of each piece 135 

of wood after oven drying; this was necessary as the samples came from the local sawmill, 136 

and it was not possible to standardize their initial moisture content. As such, the density 137 

values were likely to overestimate the true density compared to global datasets based on 138 

green volumes (Zanne et al., 2009) but were internally consistent within this study and 139 

were highly correlated with global dataset (r=0.9734; t=15.343; df=13, P<0.001 – Fig. 140 

SM 2). Finally, we used a wire to group the blocks on collars, each containing one block 141 

from each species (Fig. SM 3). Blocks were placed in a random order to avoid any 142 

consistent ‘neighbour’ effects, which would influence decomposition rates of adjacent 143 

blocks if any one species was more attractive to decomposers.  144 

 145 

 146 



2.3. Measuring decomposition in the forest  147 

We established 18 transects that were 300 m long, distributed along a gradient of 148 

pre-El Niño forest disturbance, including: undisturbed (UF), selectively logged (Logged) 149 

and logged-and-burned (LBF) forests. During the 2015-2016 El Niño, nine transects were 150 

only affected by drought (EN-drought, hereafter), while the other nine were also affected 151 

by fires, burning between the last week of November 2015 and the first of January 2016. 152 

We used the term “EN-fire” for these plots but recognize that they suffered both drought 153 

and fire effects. Thus, our study encompassed three UFENdrought (n = 3), three LogENdrought 154 

(n = 3), three UFENfire (n = 3), three LBFENdrought (n = 3) and six LBFENfire (n = 6) transects 155 

(Fig. SM 1). Transects were located in terra firme forests, at least 100 meters from the 156 

forest edge, and with a minimum distance of 1500 meters between each other. The same 157 

transects formed the basis of other work in the region, including Berenguer et al. (2021). 158 

In January 2023, during the onset of the wet season, collars were placed on the 159 

forest soil surface in each transect. We established three sampling points at 0, 150 and 160 

300 m. In each sampling point, we installed four collars located at 1 - 2 m distance from 161 

each other (Fig. 1). In total, we installed 216 collars (i.e. 18 transects with 3 sampling 162 

points and 4 collars per sampling point). One collar was removed from each sampling 163 

point at four-time intervals: three, six, nine and twelve months after the start of the 164 

experiment. After being removed from the field, the blocks were oven-dried until they 165 

reached a constant weight for each species (Table SM 2). Prior to drying, any external 166 

soil adhering to the blocks was removed. Data from two LBFENfire transects in the last 167 

removal period (after twelve months) were excluded from the analyses, as these transects 168 

burned again during this experiment, leading to the loss of the collars. 169 

 170 

 171 



2.4 Environmental predictors of decomposition  172 

Microclimatic, biotic and site-specific variables were recorded monthly along the 173 

studied transects during the experiment. For microclimate, we recorded air temperature 174 

(°C) and relative humidity (%) at each sampling point with a Kestrel DROP D2 data 175 

logger (accuracy of 0.5° and 2%, respectively). Loggers were placed five centimeters 176 

aboveground and among the four collars present at each sampling point (Fig. 1), recording 177 

microclimate data every 10 minutes. Every month, we gathered data from the loggers and 178 

removed any leaf litter that obstructed them. For each logger, we calculated four 179 

variables: average air temperature of the hottest period (11 - 17h); average air temperature 180 

during the coldest period (00 - 06h), hereafter max day and min night temperature, 181 

respectively; average temperature range and average relative humidity. Min night and 182 

max day temperatures were calculated by filtering raw data, computing daily averages for 183 

each transect, then deriving monthly means. For temperature range, we followed the same 184 

method but subtracted the max day and min night averages for the entire daily period. The 185 

average relative humidity per forest class was also quantified using the daily data, then 186 

deriving monthly means. 187 

For forest structure, we measured canopy openness (%), which represents the 188 

fraction of the angular area of the sky that is not obstructed by vegetation when viewed 189 

from a given point (Gonsamo et al., 2013). We estimated it by taking one hemispherical 190 

photograph per sample point every month (Fig. 1), using a standardized exposure 191 

configuration. All hemispherical photographs were taken with a Nikon CoolPix 4500 192 

digital camera (4 megapixels). A Nikon LC-ER1 fisheye lens with a 180º field of view 193 

was attached to the camera for hemispherical photo acquisition (Hardwick et al., 2015). 194 

The camera was mounted on a tripod one meter from the ground and pointing North. At 195 

each sample point, all palm leaves, vines or branches ≤ 2m from the camera were 196 



removed. Photographs were taken always ensuring suitable sky conditions to prevent 197 

overexposure and maintain the accuracy of canopy openness calculations. Digital image 198 

processing was carried out using Hemisfer software (Schleppi et al., 2007). 199 

To track the association between biotic factors and wood decomposition 200 

throughout the whole experimental period, the presence of fungi and termites were 201 

evaluated visually, assessing each wood block during each monthly field visit, and again 202 

before oven-drying for reweighing. The visual assessment of termites involved searching 203 

for the presence of galleries with or without fecal material or individual termites in the 204 

damaged wood blocks. The presence of fungi was determined by the visual presence of 205 

hyphae growth or fruiting bodies, representative of successful colonization and 206 

reproduction (Dambros et al., 2020; Dawson et al., 2019; Irbe et al., 2010). 207 

2.5. Statistical analysis 208 

For each wooden block we calculated their proportional loss of mass by using the 209 

equation PML = (im - fm)/im, where PML is proportional mass loss; im is initial mass (g); 210 

and fm = final mass (g). PML is a dimensionless measurement (from 0 to 1) and expresses 211 

the mass loss fraction during an exposure period. 212 

To evaluate differences in decomposition across forest classes (Q1), we applied 213 

Kruskal-Wallis test, as PML did not show a normal distribution even with data 214 

transformations. These comparisons were also conducted across species, for each of the 215 

four removal periods (3, 6, 9, and 12 months) and microclimate among forest disturbance 216 

classes.  217 

To assess the direct pathways, we used generalized linear mixed models 218 

(GLMMs). We repeated analysis of cumulative mass loss for each of the four removal 219 

periods (after 3, 6, 9 and 12 months); although latter periods included some of the 220 

decomposition that occurred in earlier periods, we were interested in assessing if the 221 



variables predicting total loss were consistent over time (Oberle et al., 2019). The 222 

quarterly averages were appropriate for each predictor variable in the models. For these 223 

tests, the Z transformation was used to standardize all predictors. In all models, transect 224 

identity (ID) was included as a random factor, accounting for spatial autocorrelation.  225 

To test whether microclimatic variation (max day and min night air temperature, 226 

average temperature range and average relative humidity) affects PML (Q2), GLMMs 227 

with a lognormal distribution were used (glmmTBM package; Brooks et al., 2017). The 228 

inclusion of the interaction term aimed to test whether species with different wood 229 

densities respond differently to microclimatic conditions, thereby assessing potential 230 

evidence for a “home field advantage” dynamic. GLMMs with binomial distributions 231 

were used to test whether the prevalence of observed termite attack or fungal proliferation 232 

was explained by microclimate (Q3). Stepwise backward selection was used to assess the 233 

direct pathways of explanatory variables on wood decomposition. 234 

For the GLMMs, variables were removed based on AIC until the best-fit model 235 

was reached. In lognormal models, all variables in any period were retained for 236 

comparability purposes, while non-significant variables in binomial models could not be 237 

compared due to model inadequacies. Model diagnostics were conducted using the 238 

package DHARMa (Hartig, 2016). To ensure the absence of collinearity, the variance 239 

inflation factor values for each model were checked (< 5). The plot_models function on 240 

the sjPlot package (Lüdecke, 2013) was used to plot effect sizes and odd ratios of the 241 

models. 242 

To investigate the direct and indirect pathways by which our variables may affect 243 

wood decomposition (Q4), we constructed piecewise Structural Equation Models (SEM) 244 

using the piecewiseSEM package (Lefcheck, 2016) based on a priori path diagram (Fig. 245 

SM 4), in which a structured set of linear models is fitted individually. This approach 246 



allowed us to consider all the models generated in our previous questions, including 247 

random factors (Transect ID). Given potential biotic interactions (Bradford et al., 2021), 248 

we included a correlated error path between termite and fungal presence (Wu et al., 2021). 249 

Shipley's d-separation test was used to assess the fit of the model using Fisher's C-statistic 250 

(Shipley, 2013). For the results, the standardized coefficients (estimates) scaled by the 251 

significant interval were used because the parameter estimates of models with a log-252 

normal distribution could not be standardized by variances (Grace et al., 2012). We 253 

refined the original models for each block removal, eliminating non-significant links, 254 

starting with the least significant, and continuing gradually until the change in AICc 255 

associated with a step was less than 2 units. Since the effects of predictors on wood mass 256 

loss are more accurate in the longer-term (Oberle et al., 2019), we carried out the SEM 257 

only on our last removal, after twelve months. All statistical analyses were conducted in 258 

R version 4.4.0 (R Core Team, 2024). 259 

3. Results 260 

Decomposition of all species, assessed as the average proportional mass loss, 261 

increased significantly throughout the year (χ2 = 422.87, df = 3, p < 0.001; Fig. 2A), from 262 

0.03 ± 0.08 (mean ± SD) after three months, 0.09 ± 0.16 after six months, 0.15 ± 0.24 263 

after nine months to finally 0.21 ± 0.29 after 12 months. There was a high degree of 264 

variation in interspecific decomposition (χ2 = 2337.5, df = 14, p < 0.001; Fig. 2B). The 265 

species with the lowest decomposition rate, over the course of the experiment, was 266 

Handroanthus serratifolius (0.0065 ± 0.0211), while the highest decomposition rate 267 

(0.3939 ± 0.3253) was observed in Jacaranda copaia. No significant variation in wood 268 

decomposition was observed between forest classes (χ2 = 4.3402, df = 4, p = 0.36; Fig. 269 

2C) throughout 12 months. 270 



3.1.The effects of woody density, microclimate and canopy openness on wood 271 

decomposition 272 

Wood density had a strong negative relationship with wood decomposition 273 

throughout the experiment (Fig. 3, Table SM 3). Effect sizes for other variables were 274 

small in comparison, and not consistent across time periods. After twelve months of 275 

decomposition, max day temperature showed a negative relationship with wood 276 

decomposition, while a greater temperature range enhanced decomposition. The effects 277 

of min night temperature, relative humidity and canopy openness were not significant, 278 

and none of the variables considered had a significant interaction with wood density. 279 

These results therefore did not support the existence of a significant “home field 280 

advantage” in any of the removal periods, matching the lack of an obvious link between 281 

decomposition rates of different wood densities and the forest disturbance class (Fig. SM 282 

5). 283 

3.2. The effects of microclimate and biophysical variables on the presence of 284 

decomposers 285 

The significance of the predictor variables varied over time (Table SM 4; Table 286 

SM 5). Microclimate variables showed effects in the initial and middle months of the 287 

experiment (Fig. 4). The presence of termites showed a positive association with max day 288 

temperature, while higher relative humidity favored the appearance of fungi. Temperature 289 

range had negative effects in the last two removals only for termites. Wood density was 290 

the only variable that showed significance throughout the experimental period, with the 291 

presence of termites and fungi mainly observed on low density woods. The odds of 292 

finding termites in the experimental blocks were negatively related to the presence of 293 



fungi, and vice versa, indicating negative interactive effects between termites and fungi 294 

(Table SM 6).  295 

3.3. Direct and indirect drivers of wood decomposition 296 

Wood decomposition was accelerated by the presence of termites, while higher 297 

wood densities and the interaction of termites and fungi slowed it down (Fig. 5A and 298 

Table SM 6). The inclusion of termites and fungi presence in the model did not alter the 299 

minimal influence of microclimatic variables on wood decomposition. Despite the clear 300 

microclimatic differences between forest classes (Table SM 7), the only microclimate 301 

variable to show a significant effect was the average temperature range after twelve 302 

months, but the effect size remained small compared to other variables (Fig. 5B). Canopy 303 

openness was also significant only in the last removal, but with a negative effect. 304 

The structural equation models (SEM) showed that direct and indirect drivers   305 

explained 70% (conditional R2) of the variation in decomposition across the 18 forest 306 

transects over 12 months (Table SM 8). Wood decomposition was directly influenced by 307 

average temperature range (positive), average canopy openness (negative), termite 308 

presence (positive), presence of both termites and fungi (negative) and wood density 309 

(negative). Wood decomposition was indirectly influenced by factors that determine the 310 

presence of termites and fungi, such as average canopy openness, average temperature 311 

range and wood density (Fig. 5B). 312 

4. Discussion 313 

Our standardized decomposition experiment in eastern Amazon showed that wood 314 

decomposition rates were most strongly determined by wood density. Although forest 315 

disturbance class did not have additional direct controls on decomposition rates, the 316 

structural equation model suggested that anthropogenic disturbance can influence wood 317 



decomposition indirectly via shifts in forest structure that influence microclimate and the 318 

indirect effect of microclimate on the presence of decomposers such as termites. These 319 

findings highlight the complexity of the interrelations between biotic and abiotic factors 320 

in the regulation of wood decomposition and the importance of considering both 321 

structural and functional pathways through which disturbed forests alter carbon cycling 322 

processes in tropical ecosystems. 323 

4.1. Wood density as a strong predictor of decomposition rates 324 

The inverse relationship (e.g. higher wood density corresponds to slower mass 325 

loss) is well established in tropical forests (Chave et al., 2009; Mori et al., 2014) and was 326 

clearly supported by our dataset. Importantly, this pattern remained consistent across all 327 

forest classes, indicating that intrinsic wood properties were far more important than the 328 

effects of forest disturbance (Fig. SM 4). The strong role of wood density is unsurprising 329 

given the wide range of wood densities assessed (0.36 - 1.15 g.cm⁻³), which  represents a 330 

gradient from old growth species such as Swartzia grandifolia and Handroanthus 331 

serratifolius which are all known for highly recalcitrant wood (Angyalossy-Alfonso and 332 

Miller, 2002; Segoloni and Di Maria, 2018) to pioneer species like Bixa arborea and 333 

Jacaranda copaia with woods containing more labile substrates (Reis et al., 2019).  334 

Despite initial expectations, we found no evidence to support a “home field 335 

advantage” (HFA). For example, more degraded forests did not show consistently faster 336 

decomposition, despite being dominated by communities containing lower-density 337 

species (Slik et al., 2008; Berenguer et al., 2018). The lack of a HFA suggests that 338 

community composition and species turnover rates could be used to model deadwood 339 

input and subsequent decomposition at scale. This is further supported by the same 340 

inverse correlation with wood density found elsewhere in the biome (Aryal et al., 2022; 341 

Chambers et al., 2000; Mori et al., 2014) and a global study showing that variation in 342 



wood decomposition is mostly explained directly by wood characteristics, with half of 343 

wood decomposition explained by its intrinsic characteristics and only a fifth by climatic 344 

variables (Hu et al. 2018). 345 

4.2. Wood decomposition rates: temporal trends and species effects across forest 346 

classes 347 

Although no direct effect of disturbance was detected, results suggest it influences 348 

decomposition indirectly via changes in microclimate that affect decomposer activity. 349 

Furthermore, it may be that there is a trade-off interaction between biotic and abiotic 350 

factors that regulate decomposition. We demonstrated higher max day temperatures and 351 

lower relative humidities in degraded forests compared to undisturbed forests (Table SM 352 

7). In more degraded areas, although microclimatic conditions such as maximum 353 

temperature, and greater decomposer attack (Senior et al., 2017) can theoretically 354 

accelerate decomposition, lower relative humidity and greater temperature range can 355 

counteract this effect, restricting certain decomposer species (Bradford et al., 2014; Gora 356 

et al., 2019; Zhan et al., 2021). Despite this possibility, such processes would require 357 

more studies to elucidate the factors that could mask differences in disturbance gradients.  358 

4.3. Wood decomposition of Amazonian species over time 359 

Decomposition increased progressively over the year, reflecting gradual structural 360 

and chemical changes that facilitate colonization. The colonization of decomposers may 361 

initially be slow due to physical and chemical barriers, such as high wood density, 362 

compounds toxic to decomposers, or recalcitrant substrates (e.g., lignin) (Law et al., 2023; 363 

Scharf, 2020). Over longer periods than the one year of our study, climatic conditions, 364 

such as variations in humidity and temperature, could cause structural changes in the 365 

wood, including microcracks, water absorption, and cycles of expansion and contraction, 366 



making it gradually more vulnerable to the action of decomposers (Jankowska et al., 367 

2020).  368 

Comparing our findings from other experiments, the values fell within the range 369 

reported for other tropical forests (Law et al., 2019; Wijas et al., 2024), although 370 

somewhat lower than values in Malaysia and Southeast Asia (Griffiths et al., 2020; Wu 371 

et al., 2021). All these studies took place over one year, suggesting that study duration 372 

alone does not explain the variation. Differences in decomposition rate of the same tree 373 

species can emerge even in the same region with a similar climatic regime (Law et al., 374 

2019; Wijas et al., 2024), with changes in decomposer communities or microclimate 375 

patterns affecting the path of decomposition (Gottschall et al., 2019; Wu et al., 2023). 376 

4.4. Termite activity as a strong driver of wood decomposition 377 

Overall, termites and fungi colonized approximately 33% and 52%, respectively, 378 

of the dead wood among the forest classes by the end of the study, with highest 379 

percentages after nine months of the experiment (Fig. SM 6), highlighting the 380 

decomposition potential of these organisms (Aryal et al., 2022; Njoroge et al., 2025; 381 

Seibold et al., 2021; Ulyshen, 2016). The presence of termites was strongly associated 382 

with decomposition rates, and it was closely linked to the density of the wood, with lower 383 

density blocks showing higher colonization frequencies corroborating previous studies 384 

(Guo et al., 2021; Oberst et al., 2018). Dense plant species reduce foraging intensity, 385 

possibly due to greater mechanical resistance, which can hinder both termites chewing 386 

and the penetration of decomposing fungi (Liu et al., 2015; Oberst et al., 2018, Guo et al., 387 

2024). Notably, all wood blocks in our experiment were bark free.  This may have 388 

contributed to the strong role of termites as a recent global meta-analysis has shown that 389 

wood without bark is often more readily colonized by wood-feeding termites, particularly 390 



in tropical environments where these organisms are more abundant and active (Njoroge 391 

et al., 2025).  392 

4.5. Microclimate and canopy openness as indirect pathways 393 

Microclimatic variation played a secondary but detectable role, with temperature 394 

range and maximum daytime temperature affecting decomposition mainly after 12 395 

months. This suggests that microclimate becomes more relevant at later stages, once 396 

intrinsic barriers are weakened (Oberle et al., 2019). However, long-term experiments 397 

would be needed to confirm or reject this possibility. Termite activity declined with wider 398 

temperature ranges and min night, indicating that these ectothermic beings strongly 399 

depend on thermal conditions to optimize their foraging activity (Wu et al., 2021). 400 

Climatic seasonality in tropical forests, marked by wet and dry periods, also significantly 401 

influences the population dynamics of these decomposers, as observed in our studies (Fig. 402 

SM 5). Higher temperatures can stimulate termite activity (Zanne et al., 2022) but can 403 

also reduce their efficiency in environments with high minimums (Wu et al., 2021), again 404 

emphasizing the complexity of the interactions between microclimate and termite 405 

decomposition. The stronger link between fungi and relative humidity reflects their 406 

dependence on moist conditions (Gora et al., 2019). In addition, humidity close to the soil 407 

may be more relevant to fungal activity than large-scale climatic conditions (Bradford et 408 

al., 2014). However, these results on fungi only relate to their visible appearance of 409 

fruiting bodies and visible hyphae, and more detailed assessments would be needed to 410 

assess fungal activity (Charya, 2015). 411 

5. Conclusion 412 

We conducted a standardized experiment to examine the biotic and abiotic factors 413 

that determine wood decomposition rates in modified Amazonian rainforests. Although 414 



wood decomposition did not respond directly to forest disturbance classes, it is strongly 415 

modulated by intrinsic wood characteristics, especially density. In addition, our results 416 

provide some of the first evidence of indirect pathways, with changes in microclimate 417 

resulting from forest disturbance influencing the role of decomposers. This demonstrates 418 

that human-induced forest canopy openness may slow deadwood turnover by amplifying 419 

temperature ranges that suppress decomposer activity, such as termite activity, a key on 420 

decomposition. A longer-term and mechanistic understanding of these processes will help 421 

improve our understanding of ecosystem processes in tropical forests facing high levels 422 

of forest disturbance (Lapola et al. 2023) and temperature increases resulting from global 423 

climate change (IPCC, 2023). 424 
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Figures 826 

 827 

Fig. 1. Experimental sampling design. In each of the 18 sampled transects, we established three 828 

sampling points, located at 0, 150 and 300 m. In each sampling point we installed four collars 829 

(brown squares) and a microclimate data logger, which registered both temperature and relative 830 

humidity (blue square). Hemispherical photographs were taken monthly at each sample point to 831 

quantify canopy openness (green squares). 832 



 833 

Fig. 2. Proportional mass loss of wood blocks across removal periods for the whole experiment 834 

(A), wood species (B) and forest classes (C) after 12 months. The 15 tree species are ordered 835 

according to wood density, ranging from the most (bottom) to least dense (top). Filled red dots 836 

indicate the average values. UFENdrought = Undisturbed Forest; UFENfire = Burned primary forests; 837 

LBFENdrought = Forests logged and burned before the 2015-16 El Niño; LBFENfire = Forests logged 838 

before but burned during the 2015-16 El Niño; LogENdrought = Forests with selective logging. 839 



 840 

Fig. 3. Estimates of regression coefficients with confidence intervals for the proportional mass 841 

loss of wood blocks affected by microclimatic and wood density (Q2). The symbols represent the 842 

significance level of the explanatory variable, with those to the left of the central vertical line 843 

indicating negative trends and those to the right indicating positive relationships with the response 844 

variable. Hollow symbols represent non-significant variables (p > 0.05). Significance of each 845 

symbol: ■ = p < 0.001; ▲ = p < 0.01; ● = p < 0.05. 846 



 847 

Fig. 4. Odd ratios with confidence intervals for termite (A) and fungi (B) visible presence as 848 

affected by microclimatic factors, wood density and canopy openness (Q3). The symbols 849 

represent the significance level of the explanatory variable, with those to the left of the central 850 

vertical line indicating negative trends and those to the right indicating positive relationships with 851 

the response variable. Hollow symbols represent non-significant variables (p > 0.05). Variable 852 

significance of each symbol: ■ = p < 0.001; ▲ = p < 0.01; ● = p < 0.05. 853 



 854 

Fig. 5. Estimates of regression coefficients with confidence intervals for the proportional mass 855 

loss of wood blocks affected by microclimatic, forest structure and biotic factors (A) and 856 

Structural equation model (SEM) reduced over twelve months of study (B). Double-headed 857 

arrows signify the correlated error path between the variables concerned. Blue arrows denote 858 



significant positive relationships, while red lines represent significant negative relationships. The 859 

standardized coefficients are shown next to each arrow. The fit of the model, including Fisher's 860 

C-statistic, the p-value and the corrected AICc value, is shown inside the yellow box. P-value > 861 

0.05 represents that the SEM model fits the data, i.e. the covariance matrix of the model does not 862 

differ significantly from the observed matrix. Significance of each linear model: *p < 0.05; **p 863 

< 0.01; ***p < 0.001. 864 
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Supplementary material 881 

**Resumo em português 882 

As florestas amazônicas desempenham um papel fundamental na dinâmica dos serviços 883 

ecossistêmicos globais. Florestas modificadas pelo homem, que já cobrem mais de um 884 

milhão de km² na região, geram ameaças ainda incertas ao ciclo do carbono, como a 885 

influência nas taxas de decomposição da madeira. Compreender os fatores que regulam 886 

a decomposição da madeira morta é fundamental para melhorar as previsões do fluxo de 887 

carbono em florestas tropicais. Utilizando um experimento de campo padronizado de um 888 

ano na Amazônia oriental, considerando 15 espécies de árvores nativas, este estudo 889 

avaliou como a perturbação florestal, o microclima, as características da madeira e a 890 

atividade de decompositores afetam os processos de decomposição da madeira. 891 

Trimestralmente, a decomposição da madeira aumentou gradualmente, atingindo 0,21 ± 892 

0,29 de perda proporcional de massa após 12 meses. A densidade da madeira 893 

desempenhou um papel crucial, confirmando-a como um preditor fundamental das taxas 894 

de decomposição, com madeiras de menor densidade apresentando maiores taxas de 895 

decomposição. Apesar da ausência de diferenças significativas nas taxas de 896 

decomposição entre as classes de perturbação florestal, os modelos de equações 897 

estruturais revelaram vias indiretas significativas, nas quais a abertura antropogênica do 898 

dossel alterou as condições microclimáticas, o que, por sua vez, suprimiu a atividade de 899 

decompositores, como cupins, um importante fator biótico da decomposição. Nossas 900 

descobertas fornecem novas evidências experimentais de que a estrutura florestal e o 901 

microclima mediam o papel dos decompositores na ciclagem do carbono, enfatizando a 902 

necessidade de incorporar características funcionais da madeira e efeitos indiretos de 903 

perturbação em modelos de carbono para melhor prever as respostas dos ecossistemas 904 

sob a crescente degradação florestal e às mudanças climáticas. 905 



Palavras-chave: Amazônia, decomposição de madeira, extração seletiva, incêndios 906 

florestais, cupins, fungos, microclima. 907 

Table SM 1. Tree species used for the proportional mass loss standard experiment with wood 908 

blocks (n = 3240) in the Santarém region. The wood density avarage and their respective standard 909 

deviations (SD) were obtained by drying to constant mass and calculating the volume by 910 

gravimetric water displacement method. 911 

Family Species Wood density (g.cm-3) SD (g.cm-3) 

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 

 912 

 913 

 914 

 915 

 916 

 917 

 918 

 919 

 920 



Table SM 2. Time length of each tree species remained in the oven until they reached constant 921 

mass. 922 

Specie 
Oven 

entrance 

Oven 

removal 

Days to reach constant 

mass 

Bixa arborea 01/11/2022 07/11/2022 6 

Jacaranda copaia 27/10/2022 11/11/2022 15 

Didymopanax 

morototoni 
02/11/2022 14/11/2022 12 

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 

serratifolius 
28/10/2022 16/11/2022 19 

Swartzia grandifolia 06/11/2022 22/11/2022 16 

Table SM 3. Results of the generalized linear mixed models to test whether microclimatic, wood 923 

density and canopy openness variables explain wood decomposition (Q2). WD = wood density 924 

(g.cm-3); Temp Range = Average temperature range (°C); Max day = Average maximal 925 

temperature (°C). 926 

  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         

σ2 0.13 0.18 0.37 0.38 

τ00 0.00 plot 0.02 plot 0.02 plot 0.03 plot 

ICC 0 0.09 0.06 0.06 

Observations 807 810 807 723 

R2
m/ R2

c 0.873 / 0.874 0.536 / 0.579 0.494 / 0.525 0.613 / 0.637 

 927 

 928 

 929 



Table SM 4. Results of the generalized linear mixed models to test whether the prevalence of 930 

observed termite attack is explained by structural, site-specific and microclimatic variables (Q3). 931 

WD = wood density (g.cm-3); Temp Range = Average temperature range (°C); Fungi = visible [1] 932 

presence of fungi; Max day = Average maximal temperature (°C); Min night = Average minimal 933 

temperature (°C); Rel humid = Average relative humidity (%). 934 

  3 months 6 months 9 months 12 months 

Predictors 
Odds 

Ratios 
p 

Odds 

Ratios 
p 

Odds 

Ratios 
p 

Odds 

Ratios 
p 

(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 

σ2 3.29 3.29 3.29 3.29 

τ00 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 

R2
m/ R2

c 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 935 

observed fungal proliferation is explained by structural, site-specific and microclimatic variables 936 

(Q3). Min night = Average minimal temperature (°C); Rel humid = Average relative humidity 937 

(%); WD = wood density (g.cm-3); Termites = visible [1] presence of termites; CO = Average 938 

canopy openness (%). 939 

  3 months 6 months 9 months 12 months 

Predictors 
Odds 

Ratios 
p 

Odds 

Ratios 
p 

Odds 

Ratios 
p 

Odds 

Ratios 
p 

(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 0.918 

Random Effects 

σ2 3.29 3.29 3.29 3.29 

τ00 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 

R2
m/ R2

c 0.253 / 0.259 0.170 / 0.256 0.093 / 0.250 0.032 / 0.174 



Table SM 6. Results of the generalized linear mixed models to test whether microclimatic, wood 940 

density, canopy openness and biotic variables explain wood decomposition (Q4). Fungi = visible 941 

[1] presence of fungi; WD = wood density (g.cm-3); Termites = visible [1] presence of termites; 942 

CO = Average canopy openness (%); Temp Range = Average temperature range (°C). 943 

  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 

CO 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 

σ2 0.13 0.16 0.31 0.33 

τ00 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 

R2
m/ R2

c 0.872 / 0.874 0.682 / 0.687 0.602 / 0.616 0.686 / 0.695 

 944 

 945 

 946 

 947 

 948 

 949 

 950 

 951 

 952 



Table SM 7. Kruskall–Wallis tests comparing the microclimate variables in a gradient of 953 

disturbed forests in Santarém region. UFENdrought = Undisturbed Forest; UFENfire = Burned 954 

primary forests; LBFENdrought = Forests logged and burned before the 2015-16 El Niño; LBFENfire 955 

= Forests logged before but burned during the 2015-16 El Niño; LogENdrought = Forests with 956 

selective logging. 957 

Forest Class 
Three months Six months 

Max Temp Min Temp Temp range 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 

χ2 577.08 338.14 404.13 45.24 552.37 317.24 343.62 188.87 

Forest Class 
Nine months Twelve months 

Max Temp Min Temp Temp range 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 

χ2 385.62 273.96 452.79 235.3 357.75 266.77 330.14 228.44 

 958 

 959 

 960 

 961 

 962 



Table SM 8. Summary of piecewiseSEM results (fourth block removal – after 12 months) in a 963 

gradient of disturbed forests in Santarém region. Significant (p < 0.05) relationships are printed 964 

in bold. Max day = Average maximal temperature (°C); Rel humid = Average relative humidity 965 

(%); CO = Average canopy openness (%); Termites = visible presence of termites; Fungi = visible 966 

presence of fungi; WD = wood density (g.cm-3); Temp Range = Average temperature range (°C); 967 

Proportional Mass Loss = PML. 968 

Fisher’s C = 20.9; p = 0.83; AICc = 2381.89 969 

Response 

variable 

Predictor 

variable Estimate SE P 

Max day CO 0.088 0.0225 < 0.001 

Rel Humid CO -0.2101 0.0276 < 0.001 

CO CO 0.1818 0.0228 < 0.001 

CO Max day 0.1533 - < 0.001 

CO 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 CO -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 

 970 

Response variable R2 

PML 0.70 

 971 

 972 



  973 

Fig. SM 1. Santarém region. Study area consists of 18 transects distributed along a post-El Niño 974 

gradient of forest disturbance. UFENdrought = Undisturbed Forest; UFENfire = Burned primary 975 

forests; LBFENdrought = Forests logged and burned before the 2015-16 El Niño; LBFENfire = 976 

Forests logged before but burned during the 2015-16 El Niño; LogENdrought = Forests with 977 

selective logging. 978 

 979 



Fig. SM 2. Pearson's correlation of wood densities and global wood density database (Zanne et 980 

al., 2009) of the 15 Amazonian species studied. Shaded area represents the 95% confidence 981 

interval of the regression line. 982 

 983 

Fig. SM 3. Design of the collars used in the experiment. In each of the 18 sampled transects, we 984 

established three sampling points, located at 0, 150 and 300 m. In each sampling point we installed 985 

four collars. 986 

 987 



Fig. SM 4. Conceptual framework of the relationships among forest disturbance, microclimate, 988 

wood traits and decomposers activity with wood decomposition. Direction of single arrows refers 989 

to the hypothesized causal relationships. Double-arrowed dashed lines refer to a correlative 990 

relationship. 991 

 992 

Fig. SM 5. Relationship between proportional mass loss (PML) and wood density (g.cm⁻³) across 993 

four removal periods (3, 6, 9, and 12 months) in each disturbed forest classes in the eastern 994 

Amazon. Lines show the trends with 95% confidence intervals (shaded areas). Kruskal–Wallis 995 

tests were performed using PML as the response variable and forest class as the grouping factor. 996 

UFENdrought = Undisturbed Forest; UFENfire = Burned primary forests; LBFENdrought = Forests 997 

logged and burned before the 2015-16 El Niño; LBFENfire = Forests logged before but burned 998 

during the 2015-16 El Niño; LogENdrought = Forests with selective logging. 999 



 1000 

Fig. SM 6. Percentage of termite (orange) and fungi (peach) infestation throughout the experiment 1001 

in the Santarém region. The dashed lines represent the infestation average of the experiment. 1002 

 1003 


