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Abstract

The availability of nitrogen (N) and phosphorus (P) controls the flow of carbon (C) among 

plants, soils, and the atmosphere, thereby shaping terrestrial ecosystem responses to global change. 

Soil C, N, and P cycles are linked by drivers operating at multiple spatial and temporal scales: 

landscape-level variation in macroclimate and soil geochemistry; stand-scale heterogeneity in forest 

composition; and microbial community dynamics at the soil pore scale. Yet in many biomes, we do 

not know at which scales most of the biogeochemical variation emerges, nor which processes drive 

cross-scale feedbacks. Here, we examined the drivers and spatial/temporal scales of variation in soil 

biogeochemistry across four tropical dry forests spanning steep environmental gradients. To do so, we 

quantified soil C, N, and P pools, extracellular enzyme activities, and microbial community structure 

across wet and dry seasons in sixteen plots located in Colombia, Costa Rica, Mexico, and Puerto 

Rico. 

Soil biogeochemistry exhibited marked heterogeneity across the sixteen plots, with total organic 

C, N, and P pools varying four-fold, and inorganic nutrient pools by an order of magnitude. Most soil 

characteristics changed more across space (i.e., among sites and plots) than over time (between dry 

and wet season samplings). We observed stoichiometric decoupling among C, N, and P cycles, which 

may reflect their divergent biogeochemical drivers. Organic C and N pool sizes were positively 

correlated with the relative abundance of ectomycorrhizal trees and legumes. By contrast, the 

distribution of soil P pools was driven by soil geochemistry, with larger inorganic P pools in soils 

with P-rich parent material. 

Most earth system models assume that soils within a texture class operate similarly, and ignore 

sub-grid cell variation in soil properties. Here we reveal that soil nutrient pools and fluxes exhibit as 

much variation among four Neotropical dry forests as is observed across terrestrial ecosystems at the 

global scale. Soil biogeochemical patterns are driven not only by regional differences in soil parent 

material and climate, but also by local-scale variation in plant and microbial communities. Thus, the 

biogeochemical patterns we observed across the Neotropical dry forest biome challenge 

representation of soil processes in ecosystem models.
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1. Introduction

Interactions among carbon (C), nitrogen (N), and phosphorus (P) cycles govern terrestrial 

ecosystem responses to global change. The size of the plant C sink is constrained by the availability of 

nutrients to support growth (Wieder et al 2015). Nutrients also influence soil microbes, which regulate 

the size of the soil C pool through their dual roles in soil organic matter formation and loss (Liang et 

al. 2017). Because nutrients simultaneously stimulate ecosystem C gain (photosynthesis) and loss 

(decomposition), changes in nutrient supply rates may have non-linear effects on the size of the 

terrestrial C sink (Sistla and Schimel 2012).  Moreover, nutrients interact with other global change 

drivers, including elevated CO2 (Terrer et al. 2019), warming (Peñuelas et al. 2017), and altered 

precipitation (Rentería and Jaramillo 2011; Waring et al 2019), to control C uptake and turnover 
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within plants and soil. Therefore, to predict carbon-climate feedbacks, we require a mechanistic 

understanding of carbon-nutrient interactions in soils.  

Predicted changes in the size of plant and soil C sinks are extremely sensitive to the ways in which 

nutrient limitation is represented in terrestrial ecosystem models (Zhu et al. 2016, Friedlingstein et al. 

2014). To accurately predict belowground responses to climate change, models must capture the 

relationships between soil biogeochemical cycles and their primary environmental drivers: variation 

in climate, soil physical and chemical properties, and plant community composition. Studying C, N, 

and P cycles along single-factor gradients (e.g. the Long Substrate Age Gradient in Hawaii) has been 

fundamental to our understanding of these relationships. Yet while such gradients are a powerful 

experimental tool to identify the mechanisms by which individual ecosystem state factors affect C, N, 

and P cycling, they cannot reveal the relative importance of the multiple environmental drivers that 

structure ecosystems – information which is critical to large-scale modeling efforts. Moreover, 

influence of these factors on biogeochemical processes may vary depending upon the scale at which 

they are examined (Bradford et al. 2014). Empiricists have long recognized that soil processes, 

properties, and dynamics vary across a range of spatial scales, from a few centimeters to continental 

scales (Robertson et al. 1997; Ettema and Wardle, 2002; Zinke 1962), as well as over time. However, 

representing biogeochemical processes across multiple spatial scales remains a primary challenge for 

terrestrial ecosystem models (Campbell and Paustian 2015). 

1.A Biogeochemical processes across scales: tropical dry forests as a case study

The challenges of predicting biogeochemical pattern and process across scales are exemplified by 

the climatically variable, geologically complex, and biodiverse tropical dry forest (TDF) biome. 

TDFs, which once occupied over 40% of forested tropical ecosystems, are characterized by warm 

temperatures and strongly seasonal precipitation, with at least two to three very dry months (Murphy 

and Lugo 1986). They also exhibit high taxonomic and functional plant diversity; TDF tree species 

vary in leaf habit, leaf and wood economic spectrum traits, and mycorrhizal association (Eamus 1999, 

Banda et al. 2016, Allen et al. 2017). Although soil nutrient cycling in TDF is under-studied in 

comparison with both temperate forests and their wet and moist tropical forest counterparts (Gei and 

Powers 2014), seasonal tropical forests play a major role in regulating global biogeochemical cycles A
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and their feedbacks to global change. Tropical forests dominate terrestrial C exchange with the 

atmosphere (Cleveland et al. 2011) and are global hotspots of biological N fixation and export (Bai et 

al. 2012). In seasonally dry tropical forests, these ecosystem processes are highly sensitive to ongoing 

changes in rainfall patterns across the biome (Allen et al. 2017), with unknown consequences for the 

global terrestrial C sink. 

The biogeochemical heterogeneity of TDF exemplifies within-biome variation in ecosystem 

processes across multiple spatial and temporal scales. Although TDFs all exhibit warm temperatures, 

they exhibit broad variation in mean annual precipitation (from 250 to 2000 mm; Murphy and Lugo 

1986) and the intensity of wet-dry season transitions (Allen et al 2017).  Some TDFs have higher 

mean annual precipitation than evergreen moist forests, but experience months-long dry seasons 

without any rainfall; meanwhile, other TDFs are characterized by low annual rainfall that is more 

evenly spread throughout the year. Few studies have explicitly quantified this within-biome climatic 

variability and its effects on belowground processes. However, evidence suggests that the relative 

availability of N and P is sensitive to gradients of MAP, with ‘leakier’ soil N cycles intensifying N 

limitation in the drier TDFs (Campo 2016). Moreover, the intensity and duration of dry seasons 

strongly shapes intra-annual variability in nutrient cycling, which in turn may affect ecosystem-scale 

nutrient retention and loss. Dry-wet season transitions are accompanied by pulses of soil respiration 

(Verduzco et al. 2015) and nutrient mineralization (Singh et al. 1989; Calvo-Rodriguez et al, 2020). 

The size of these pulses is sensitive to the magnitude of change in soil moisture (Lado-Monserrat et 

al. 2014); however, no studies have investigated the magnitude of seasonal changes in TDF 

biogeochemistry and whether these patterns are consistent across spatial scales. 

Like their wet tropical forest counterparts, TDFs also exhibit pronounced fine-scale heterogeneity 

in edaphic properties (Townsend et al. 2007, Waring et al. 2016). TDFs capture enormous variability 

in the composition of soil parent material, ranging from volcanic tuff to limestone to granite (e.g. 

Lugo et al. 2006, Cotler and Ortega-Larrocea 2006, Powers et al. 2009a). The geology of a site 

strongly influences ecosystem biogeochemistry by determining the supply of mineral-derived 

nutrients that are essential for plant and microbial growth (Anderson 1988). The relative availabilities 

of these elements may be further influenced by the extent of soil weathering, which in turn is sensitive 

to topography (Weintraub et al. 2015), climate (West et al. 2005), and geologic time (Chadwick et al, A
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1999). As soils weather and age, the bioavailability of rock-derived cations such as P tend to decrease 

as they are lost via leaching or occlusion; meanwhile, N availability accumulates over time via 

biological fixation (Walker and Syers 1976). Thus, the relative intensity of N vs. P limitation in TDF 

is likely sensitive to multiple interacting factors: soil parent material, the degree of rainfall-related 

leaching, topographic variation in weathering intensity, and the sources of ecosystem nutrient inputs 

(Campo 2016). Together, these drivers can generate large biogeochemical heterogeneity at relatively 

fine spatial scales in TDF (Pulla et al. 2016).

Although parent material is the ultimate source of rock-derived nutrients, a forest’s biota mediates 

the biological fixation of C and N, and shapes internal cycling of macro- and micronutrients. The 

quantity and chemical quality of organic matter inputs to soils hinges on the composition and 

functional trait distributions of local tree communities. Plant communities in TDF are highly diverse 

(Murphy and Lugo 1986), exhibiting pronounced interspecific variation in tissue nutrient 

concentrations (Powers and Tiffin 2010), nutrient uptake and use efficiencies (Waring et al. 2015), 

and leaf and root functional traits and morphology (Hulshof and Swenson 2010, Smith-Martin et al 

2019). Patterns of C and nutrient cycling may be particularly sensitive to the relative abundance of 

two important plant functional groups in TDFs: legumes and ectomycorrhizal trees.  Many species in 

the superfamily Leguminosae associate with nitrogen-fixing rhizobial bacteria, and symbiotic 

nitrogen fixation represents a major ecosystem N input in tropical forests (Sullivan et al 2014). Soil N 

cycling is also strongly affected by trees that associate with ectomycorrhizal fungi, which provide 

their plant hosts with nutrients in exchange for photosynthate. Unlike the arbuscular mycorrhizal 

fungi that tend to dominate in many lowland Neotropical forests, ectomycorrhizae have some 

saprophytic capacity and can acquire nitrogen in organic forms (Shah et al. 2016). By competing with 

free-living saprotrophs, ectomycorrhizae tend to suppress rates of decomposition and slow soil 

nitrogen cycling (Orwin et al. 2011, Averill and Hawkes 2016, Fernandez and Kennedy 2016). Thus, 

the distribution of plant functional groups can create a small-scale mosaic of nutrient cycling hotspots 

and cold spots within a forest stand (Waring et al. 2015). 

Free-living soil microbial communities also play a dominant role in driving soil 

biogeochemical cycles, as the stoichiometry of the microbial biomass determines relative rates of soil 

C, N, and P cycling (Camenzind et al. 2018). Limiting nutrients are immobilized in the microbial A
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biomass, whereas elements supplied in excess of demand are mineralized and potentially lost from the 

ecosystem via CO2 respiration, leaching, or denitrification. C:N:P ratios of the microbial biomass are 

relatively constrained when compared to the degree of stoichiometric variation in plant litter and soil 

organic matter (Cleveland and Liptzin 2007). One way that soil microorganisms can maintain 

stoichiometric homeostasis is by altering investment in the different extracellular enzymes that 

liberate C, N, and P from organic matter (Sinsabaugh and Follstad Shah 2012). However, the 

microbial biomass can also exhibit stoichiometric plasticity, which is likely mediated by shifts in 

community composition. For example, fungi tend to have higher biomass C:N than bacteria; thus, 

shifts in the fungal to bacterial ratio (F:B) are often observed along gradients of soil N availability 

(Waring et al. 2013). Microbial biomass C:P may reflect the relative abundance of fast-growing 

copiotrophic organisms vs. slow-growing oligotrophs, as the former tend to build more P-rich 

ribosomes (Elser et al. 1996, Hartman and Richardson 2013). Because microbial community structure 

and abundance vary within the soil pore space and with proximity to plant roots, ‘hot spots’ and ‘hot 

moments’ of biogeochemical cycling emerge at fine spatial scales (Kuzyakov and Blagodatskaya 

2015).  

Soil biogeochemical patterns are highly heterogeneous across seasonally dry tropical forests 

because they can exhibit variation in each of the major soil forming-factors at relatively fine spatial 

grains. Our understanding of belowground nutrient cycling in TDF is further complicated by cross-

scale interactions among these drivers. For instance, a regional climate envelope may encompass 

landscape-scale geological gradients of soil parent materials with different elemental composition and 

patterns of weathering (Hulshof and Powers, 2019). In turn, these edaphic gradients may select for 

plant communities with distinct taxonomic composition and therefore different functional traits. For 

example, in the TDFs of northwestern Costa Rica, oak-dominated forests growing on shallow, rocky, 

nutrient-poor pumice-derived soils occur in close proximity to more diverse, deciduous tree 

communities on richer, deeper soils (Powers et al. 2009a). The dominance of ectomycorrhizal oaks 

further modifies soil biogeochemistry, slowing rates of decomposition (Schilling et al. 2016) and soil 

nitrogen cycling (Waring et al. 2016). As a result, forests experiencing identical climate regimes can 

exhibit dramatically different patterns of soil biogeochemistry (Waring et al. 2016). Such observations 

challenge the core assumptions of Earth system models, which presume that individual ecosystems A
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belonging to the same biome operate in similar ways. However, as the examples above illustrate, 

complex interactions among climate, soil parent material, plants, and microbial communities generate 

a broad spectrum of variation in soil biogeochemical properties at local to regional scales. Capturing 

this sub-gridcell heterogeneity and its drivers remains a major challenge for ecosystem models 

(Medvigy et al. 2019).

1.B Experimental aims and overview

In this paper, we quantify variation in soil biogeochemistry across the Neotropical TDF biome as a 

case study in the drivers of C, N, and P cycling across scales. We sampled soils from sixteen forest 

dynamics plots in Colombia, Costa Rica, Mexico, and Puerto Rico to capture regional variation in 

climate regime, soil parent material, and plant community structure. Rather than seeking to isolate a 

single biogeochemical driver (e.g. rainfall) while holding others constant, our approach embraces the 

pronounced climatic, edaphic, and biotic heterogeneity that characterizes Neotropical dry forest, 

allowing us to assess the relative importance of these different factors. To examine local variation in 

soil biogeochemistry through space and time, we employed a hierarchical sampling design, replicating 

our measurements across multiple sampling points within plots, multiple plots within each site, and 

between wet and dry seasons. This sampling design allowed us to compare the magnitude of 

biogeochemical variation at continental (103 km), landscape (101 km), and local (10-2 km) scales, as 

well as assess the relative extent of spatial vs. temporal variation. 

Our analysis was structured to target three specific research aims. The first goal (Aim 1) was 

to identify the spatial scales over which different soil biogeochemical parameters exhibit the greatest 

degree of variation, and to compare the magnitudes of spatial and temporal variation. The second 

objective (Aim 2) was to identify the degree to which C, N, and P cycles are linked vs. decoupled 

across space and time. The final goal (Aim 3) was to identify the drivers of the biogeochemical 

patterns documented in Aims 1 and 2, quantifying the relative importance of soil elemental 

composition, climatic regime, and biota in shaping soil biogeochemical patterns within and across the 

Neotropical dry forest biome. Taken together, we expect these analyses to illuminate the magnitude of 

biogeochemical heterogeneity within the TDF biome, the spatial scale over which this variability 

manifests, and the drivers of cross-scale variation in C, N, and P cycles.  A
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2. Methods

2.A Study sites

Soils were sampled from four sites in Colombia (5.06° N, 74.83° W), Costa Rica (10.72 N, 85.59 W), 

Mexico (21.02° N, 89.59° W), and Puerto Rico (17.97° N, 66.87° W) (Table 1), with four replicate 

plots established within each site. The 16 plots capture dramatic gradients of mean annual 

precipitation, dry season length, plant community structure, and soil properties that are characteristic 

of the Neotropical TDF biome. Each of the four sites represents a distinct dry forest floristic group 

identified by Banda et al. (2016). While forest age varies among sites and plots (Table 1), all forests 

are intermediate to mature secondary forests recovering from some form of managed land use. Slopes 

of all plots were fairly level and plots were located within 4 km of each other or closer at all sites. 

Within each plot, all stems ≥2.5 cm in diameter breast height (DBH) were measured and identified to 

species. To situate our sites within the context of other Neotropical dry forests, we accessed a global 

geographic database of soil properties, ISRIC SoilGrids (https://soilgrids.org/) (Appendix S1: Figure 

S1). ISRIC grids for soil texture variables (sand, silt, and clay), pH, and cation exchange capacity 

(CEC) were downloaded at 0.1 degree resolution and masked the extent of all Neotropical TDF, 

defined as tropical and subtropical dry broadleaf forests in Olson et al. (2001). We then compared 

these values to values measured at our sites. Because we did not measure CEC from our soil samples, 

we extracted the values at our sites from the Soilgrids database.

Within each plot, we established sampling points every 5 m along a 20 m transect down the 

plot midline. At each 5 m marker, we collected 4 to 6 soil cores from the top 10 cm of mineral soil 

using a 2.5 cm diameter soil sampler and composited them. Thus, we analyzed five unique soil 

samples within each plot. Samplings were repeated twice in each plot: once in the wetter portion of 

the year (October 2016) and once in the drier portion (February 2017). With five cores per plot 

obtained in each season, we analyzed 160 independent soil samples in total. All soils were processed 

for the biogeochemical measurements described below within a week of collection. For some of the 

more dynamic soil properties that we measured (e.g. NO3 concentrations), it is desirable to measure 

these within hours of extracting soil cores. However, this was not possible given the logistics of where 

our study sites are located. Thus, even though all samples were treated identically and quickly once A
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they arrived in the lab, we acknowledge that this may affect some of our results. Sequential P 

fractionations were performed only for samples collected in the dry season, whereas soil pH, texture, 

total C and N pools, and ammonium oxalate and citrate dithionate-extractable nutrient pools were 

quantified for soils collected in the wet season only. All other variables were measured on samples 

collected in both seasons. 

2.B Biogeochemical analyses

2.B.1. Soil physicochemical properties

Soil pH for mineral samples was determined in slurries of air-dried soil and water (pHH2O) 

with a 1:2.5 soil to solution ratio (Soil Survey Staff, 2014). Samples for textural analysis were air-

dried, passed through a 2-mm sieve, and hand homogenized prior to subsampling. We then obtained 

three 0.5 g subsamples which were shaken overnight in 0.5% sodium hexametaphosphate and 0.5% 

sodium hypochlorite prior to standard analysis on a Malvern Mastersizer 3000 (Miller and Schaetzl, 

2012). We ran extensive in-house validation on known size fractions of sand, silt and clay to optimize 

our laser particle size data for comparison with the more traditional hydrometer method (Konert and 

Vandenberghe, 1997). We did not pre-treat samples to remove iron oxides, and data should therefore 

be interpreted as ‘effective’ particle size distribution.

 Total elemental concentrations of Al, Ca, Fe, K, P, S, and Si were quantified by X-Ray 

Fluorescence (XRF), using an Olympus Delta P4000EX portable XRF (pXRF) instrument (Olympus, 

Inc) equipped with a silicon drift detector. During analysis, the instrument was mounted in a Innov-X 

System Stand for stability and operated remotely through a computer console. We operated the 

instrument in the “mining” mode, which uses the fundamental parameters approach to correct the 

measured X-rays for a variety of physical phenomena (e.g., absorption and fluorescence, attenuation 

from incoherent scattering and the photoelectric effect, and differences in characteristic X-ray 

intensities). Measuring the elements of interest used three proprietary, built-in X-ray filters. The 

detection limit for these analyses is ~500 µg g-1 mg total P, with a resolution of approximately 10 µg 

g-1, which may constrain our ability to quantify low P soils. However, previous work has shown that P 

measured by pXRF instruments is well correlated with wet chemical extractions (Frahm et al., 2016).
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Pools of Al, Mn, and P associated with the total “free” iron (iron not contained in the crystal 

structures of soil minerals, but as amorphous or crystalline iron oxyhydroxides) and pools of P 

associated with organic molecules, amorphous or paracrystalline minerals and nano-crystalline Al, Fe, 

and Mn (pedogenically active iron) were determined by selective dissolutions using citrate dithionite 

(CD; Jackson et al., 1986) and ammonium oxalate (Soil Survey Staff, 2014, Schwertmann and Taylor, 

1989). The CD extraction utilized 0.5 g of soil extracted for 12 hours in 0.4 g sodium dithionite, 

0.57M sodium citrate, and deionized water (Soil Survey Staff, 2014), while the ammonium oxalate 

extraction utilized 0.5 g of soil extracted under dark conditions for 12 hours in 0.2M ammonium 

oxalate (Soil Survey Staff, 2014).  

2.B.2. C, N, and P pools

Following inorganic carbon removal with sulfurous acid, total organic carbon and nitrogen 

were quantified on each sample with a Costech Elemental Analyzer. Sequential fractionation based on 

Hedley et al (1982) as modified by Margenot et al. (2017) was used to quantify seven pools of soil 

phosphorus. There are a number of methods to quantify “available” soil P, the choice of which 

depends on soil characteristics like pH. However, these metrics are agronomic predictors of crop 

response to P inputs. Thus, we employed sequential fractionation to all our soils, rather than tailor the 

extractions to each soil, to facilitate comparisons among sites. This procedure isolated four inorganic 

P pools: anion-exchange membrane P (Pi-AEM), an index of-bioavailable P; weakly surface-sorbed 

inorganic P extracted with sodium bicarbonate (Pi-NaHCO3); strongly surface-sorbed (Fe- and Al-bound) 

inorganic P extracted with sodium hydroxide (Pi-NaOH); and calcium P, often interpreted as apatite but 

also inclusive of secondary calcium phosphates (Gu et al., 2020), extracted with hydrochloric acid (Pi-

HCl) (Cross and Schlesinger 1995). Three organic P pools were also quantified: water-extractable 

organic P (Po-H2O); sodium bicarbonate-extractable organic P (Po-NaHCO3), and sodium hydroxide-

extractable organic P (Po-NaOH). From these data, we estimated a labile P index (Plabile) by summing Pi-

AEM and Pi-NaHCO3; we also calculated organic P (Porg) as the sum of Po-H2O, Po-NaHCO3, and Po-NaOH.

Pools of inorganic N were measured via extraction with 2 M KCl (Keeney and Nelson 1987), 

and NH4 and NO3 in these extracts were determined colorimetrically with standard methods described 

in Waring et al. (2016). Inorganic N was quantified for field-fresh samples and again after a two-week 

incubation in the laboratory to determine rates of net N mineralization. For these incubations, ~10 to A
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25 g field moist soils were placed in jars, covered with cling wrap, and incubated at ambient lab 

temperatures (~24 °C) in the dark. Over the course of the 2 weeks, every 3-4 days the jars were 

weighed and soils were brought back up to ambient soil moisture at time of collection by adding 

deionized water with a pipette.  Finally, pools of C, N, and P in the microbial biomass were quantified 

via chloroform fumigation and direct extraction, using 0.5 M K2SO4 as the extractant for microbial 

biomass C and N (Brookes et al. 1985) and 0.5 M NaHCO3 as the extractant for microbial biomass P 

(Brookes et al. 1982). C and N concentrations in the microbial biomass extracts were quantified on 

Shimadzu TOC/TN analyzer, and PO4 content was determined colorimetrically using the ascorbic 

acid protocol (Murphy and Riley 1962). Organic C, organic N, and PO4 contents of the unfumigated 

microbial biomass extracts were interpreted as a measure of dissolved organic carbon, nitrogen, and 

phosphorus availability (Waring and Powers 2016).

2.B.3. Microbial community structure and activity

Microbial community composition was examined using a modified hybrid phospholipid fatty 

acid (PLFA)/fatty acid methyl ester analysis (FAME) analysis (Balser et al, 2019). Briefly, 3 g of 

freeze-dried soil was extracted three times with chloroform, methanol, and citric acid buffer (1:2:0.9 

v:v:v ratios). The chloroform liquid phase was then saponified followed by acid methylation to 

convert fatty-acids to fatty-acid methyl esters (FAME) before analysis on an Agilent 7890 gas 

chromatograph.  Individual lipids were used as biomarkers to indicate broad groups within the 

microbial community: 16:1 ω5c for arbuscular mycorrhizal fungi; 18:1 ω9c and 18:2 ω6,9c for 

general fungi excluding AMF (Balser et al. 2005, Gutknecht et al. 2012); 16:1 ω7c for Gram-negative 

bacteria; and 15:0 iso and 17:0 iso for Gram-positive bacteria. Lipid biomass (nmol g soil-1) was 

calculated by summing the abundance of all fatty acids less than or equal to 20 carbons in length. Soil 

fungal:bacterial ratios (F:B) were determined by summing the abundances of fungal PLFAs and 

dividing by the sum of bacterial PLFAs. 

Finally, activities of five microbial extracellular enzymes were quantified following Saiya-

Cork et al. (2002). These analyses targeted three hydrolytic enzymes: -glucosidase (BG), which 

degrades cellulose; N-acetyl-glucosaminidase (NAG), which releases C and N from organic matter; 

and acid phosphatase (AP), which liberates inorganic P from organic matter. Log-transformed ratios 

of BG:NAG, BG:AP, NAG:AP were calculated to quantify relative microbial allocation towards the A
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acquisition of C:N, C:P, and N:P, respectively. Additionally, activities of two oxidative enzymes – 

polyphenol oxidase (PPO) and peroxidase (PER) – were measured. PPO and PER are produced by the 

microbial biomass to degrade recalcitrant organic matter (e.g. lignin).  

2.C Statistical analyses

All statistical analyses were conducted in R version 3.3.1. To quantify how soil properties varied 

through space and time (Aim 1), we conducted nested ANOVAs to evaluate the influence of site, plot, 

and season (where applicable) on all biogeochemical response variables, with plot as a random factor, 

and modeling an interaction between site and season. These models were subject to variance 

partitioning to quantify the proportion of variance explained by each predictor. An analogous analysis 

(permutational ANOVA) was performed on the matrix of PLFA abundances using the vegan package 

(Oksanen et al. 2019), followed by a redundancy analysis to partition variation explained by climate, 

soil composition and weathering indices (described below), and plant community variables. Response 

variables were transformed as appropriate to meet assumptions of normality and heteroscedasticity. 

Statistical outliers were removed if Bonferroni-corrected P values for studentized residuals were < 

0.05. 

To assess linkages among C, N, and P cycles (Aim 2),  we used Spearman’s correlation 

analysis to examine relationships among 15 core response variables: pools of C (total organic C and 

microbial biomass C), N (total N, microbial biomass N, initial NH4, and NO3), and P (microbial 

biomass P, Plabile and Porganic), as well as enzyme activities and fungal:bacterial ratios. Similar 

correlation analyses were conducted to examine correspondence among C:N, C:P, and N:P ratios of 

soil organic matter, the microbial biomass, and enzyme activities (i.e. log-transformed ratios of 

BG:NAG, BG:AP, and NAG:AP). Next, the 15 core variables described above were centered and 

scaled prior to running a principal component analysis (PCA) to examine relationships among C, N, 

and P pools and fluxes.  

Our final goal (Aim 3) was to identify the climatic, edaphic, and biotic drivers of soil 

biogeochemistry across scales. For these analyses, sample scores on the first and second axes of the 

above-mentioned PCA were interpreted as indices of C, N, and P cycling, as described further in 

Results. These response variables were analyzed in a multiple regression framework with the same set A
cc

ep
te

d 
A

rt
ic

le



This article is protected by copyright. All rights reserved

of predictors: mean annual rainfall; indices of soil elemental composition and weathering; and metrics 

of plant community composition, productivity, and functional group composition (Table 2). To 

generate indices of soil chemical properties and weathering status, we conducted a second PCA on 

total elemental concentrations of Al, Ca, Fe, K, P, S, and Si in each sample, as well as the ratio of 

citrate-dithionite extractable Fe to total Fe (FeCD:Fe), which is correlated with weathering extent 

(Arduino et al 1986). In this analysis, the first principal component captured variation in the elemental 

composition of soils, spanning a gradient from limestone-derived soils rich in Ca and S to those with 

higher concentrations of Fe and Al (Appendix S1: Figure S2). The second principal component 

reflected the intensity of soil weathering. Scores on this axis were positively correlated with K, P, and 

Si concentrations (which are more abundant in less intensively weathered minerals) and negatively 

correlated with FeCD:Fe (higher values of FeCD:Fe indicate more weathering has taken place). 

Therefore, samples with higher scores on PC2 are likely less weathered. To summarize the effects of 

plant community structure on soil biogeochemistry, we included scores from the second axis of a non-

metric multidimensional scaling (NMDS) analysis performed on a Bray-Curtis dissimilarity matrix of 

plant community composition (k=2, stress=0.00009). We also included plot-level basal area and the 

relative abundance of legumes and ectomycorrhizal trees. Rainfall seasonality and plant community 

NMDS scores along the first axis were not included in multiple regression models due to variance 

inflation factors > 11 (i.e. collinearity with other predictors). 

Finally, we used path analysis to examine interrelationships among climate, soil composition, 

plant communities, and soil biogeochemistry. Our models considered the direct effects of soil parent 

material/weathering and plant productivity/community structure on the C, N, and P cycling indices. 

We also included paths linking soil characteristics with tree community composition, functional group 

abundance, and basal area. Climatic variables were not represented in these analyses as their inclusion 

decreased model fit, likely due to collinearity with other predictors. We conducted these path analyses 

with the lavaan R package (Rosseel 2012). 

3. Results

3.A. Variation in climate, soil composition, and plant communities across sites
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We sampled sixteen plots arrayed across four sites, which capture much of the climatic, edaphic, and 

floristic diversity of the Neotropical TDF biome (Appendix S1: Figure S1). These plots exhibited 

strong variation in climate and soil properties tied to parent material and weathering status (Table 1). 

Both the Colombian and Costa Rican sites experience relatively high MAP; however, rainfall 

seasonality is much more pronounced in Costa Rica, where plots receive almost no rain for half the 

year. Similarly, although both the Mexican and Puerto Rican sites are characterized by low MAP, the 

latter are more aseasonal, as the dry season lasts for the majority of the year. These climatic 

differences influenced soil water content and its variability across seasons.  Despite high rainfall, 

Colombian soils tended to have the lowest gravimetric soil moisture in both dry and wet seasons, 

potentially reflecting the sandy soil texture at the site (Table 3; Table 5) and the fact that we sampled 

during a wet season with unusually low rainfall (Pizano, pers. obs).  By contrast, soils in Costa Rica 

and Mexico were clay rich, had a higher dry season moisture content, and showed greater temporal 

variability in soil moisture (which increased over 2-fold in the wet season at both sites). Soils at the 

Puerto Rican site had intermediate clay content, and soil moisture was highly variable within and 

among plots (Table 3; Table 5).    

The four sites also capture substantial variation in soil elemental composition and weathering 

status. Reflecting their recent inter-Andean origins, total concentrations of soil K and Si in the 

Colombian plots were 2 to 4-fold greater than those at other sites, and Colombian soils tended to be 

higher in total P as well. However, within-plot variability in soil P was extremely high, and therefore 

total P did not vary significantly among sites. Meanwhile, limestone-derived soils at the Puerto Rican 

sites had 8-fold greater concentrations of Ca vs. the other sites, and were the only soils to contain 

detectable quantities of S. These soils also exhibited a much more alkaline pH than soils at other sites 

(Table 3; Table 4). Finally, concentrations of Fe and Al were approximately twofold greater in the 

clay-rich Costa Rican and Mexican soils vs. the sandier Colombian and Puerto Rican soils. Although 

Al, Ca, Fe, K, Si, and S differed dramatically among sites, 2-14% of the variation in these element 

concentrations was observed at the plot scale, and 4-15% within a plot. 

 3.B. Aim 1: Quantifying variation in soil C, N, and P pools across sites and seasons

3.B.1. Spatial variation in soil biogeochemistryA
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For most of the soil parameters studied, over half of the observed variation occurred at the regional 

(103 km) scale, although there was also pronounced heterogeneity among and within plots. Site 

identity accounted for the majority of variance in total organic C, microbial biomass C, and dissolved 

organic C (DOC). Total organic C concentrations were four-fold higher at the Puerto Rican sites vs. 

the Colombian and Costa Rican sites, with intermediate values in Mexico; microbial biomass C and 

DOC pools showed a similar pattern (Figure 1, Table 3, Table 5, Appendix S1: Figure S3).  

Paralleling trends observed for C pools, total organic N concentrations and microbial biomass N pools 

exhibited most variation across sites, and were four to five times larger in Puerto Rico site vs. 

Colombia and Costa Rica (Figure 1, Table 3, Table 4, Table 5, Appendix S1: Figure S3). By 

contrast, dissolved organic N, NO3 and NH4 pools exhibited as much or more variation at the plot 

scale than the site scale (Figure 2).  The ratio of NH4:NO3 was four times greater in Puerto Rico and 

Mexico vs. Colombia and Costa Rica (Figure 1, Table 5). 

We also observed large differences among sites in dry-season P pools.  Organic P pools were 

40% larger in Costa Rica and Puerto Rico vs. the other sites (Figure 1, Table 3, Table 4). However, 

most of the variation in this pool occurred at the plot scale (Figure 2), and its composition varied 

greatly among sites (Appendix S1: Figure S4). Water-extractable P pools (Po-H2O) were four-fold 

greater in Colombia and Costa Rica vs. Mexico and Puerto Rico. By contrast, Po-NaHCO3 pools were 3 

to 4-fold higher in Puerto Rico vs. the other sites. Residual organic P (Po-NaOH) did not vary among 

sites. Microbial biomass P pools were four-fold larger in Colombia and Puerto Rico vs. the other sites 

(Figure 1, Table 3, Table 5, Appendix S1: Figure S3). Labile P pools (i.e., the sum of Pi-AEM and Pi-

NaHCO3) were nearly nine-fold larger in Colombia vs. the other sites (Figure 1, Table 3, Table 4); 

thus, site accounted for the majority of the variance in Plabile (Figure 2). The apatite P pool (Pi-HCl) was 

also 2 to 8-fold larger in Colombia relative to the other sites, whereas the occluded P pool (Pi-NaOH) 

was 50% smaller in Puerto Rico vs. elsewhere. Bicarbonate-extractable PO4 (quantified in 

unfumigated microbial biomass P extracts) was significantly higher in Puerto Rico than all other sites 

(Table 3; Table 5).

Indices of microbial community structure and function exhibited quite strong spatial patterns. 

The total abundance of fungal PLFAs varied most across sites, and was 2.5 to 6-fold greater in 

Mexico and Puerto Rico than in Costa Rica and Colombia (Figure 3A), with a nearly identical pattern A
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observed for F:B. The composition of bacterial and fungal communities varied significantly among 

sites and plots (Figure 3B, Appendix S1: Table S1). By contrast, most of the variation in microbial 

extracellular enzyme activities was observed within plots (Figure 2). However, NAG activity was 3-

fold greater in Mexico and Puerto Rico vs. Colombia and Costa Rica, and oxidative enzyme activities 

tended to be higher in Costa Rica and Puerto Rico than the other two sites (Appendix S1: Figure S5). 

3.B.2. Temporal variation in soil biogeochemistry

Season of sampling and the interaction between season and site explained a fairly small 

fraction of the variance in all measured biogeochemical variables (<1 – 16% and <1-12%, 

respectively), as temporal changes in biogeochemistry were relatively modest. The one exception to 

this pattern was soil moisture, which increased dramatically in the wet season in every site but 

Colombia. Total elemental concentrations of Al, Ca, Fe, K, P, and Si were essentially unchanged 

between dry and wet seasons, but pools of organic C, N, and P were comparatively more dynamic 

across seasons. The size of the microbial biomass carbon pool did not vary consistently through time, 

increasing in the wet season in Colombia and Mexico, but decreasing in Costa Rica. However, DOC 

pools were approximately 20% higher in the dry vs. wet season across all sites (Appendix S1: Figure 

S3). Moreover, all labile N pools, including microbial biomass N, increased in the wet season, 

although the magnitude of change differed by site (Appendix S1: Figure S3). Net N mineralization 

rates increased in the wet season everywhere except Colombia, where rates declined three-fold. Both 

microbial biomass P pools and bicarbonate-extractable PO4 pools were also three times larger in the 

wet vs. dry season. Seasonality had very little effect on microbial community structure, as season of 

sampling explained only 1.3% of the variance in PLFA abundance. The fungal:bacterial ratio 

decreased at some sites and increased in others during the wet season (Appendix S1: Figure S3).  

NAG and PPO activities generally increased in the wet season (although again, the magnitude of 

response differed among sites), but other enzyme activities did not vary seasonally.

3.C Aim 2: Quantifying coupling of C, N, and P cycles

Total organic C and N were strongly positively correlated to each other and to microbial biomass C, 

N, and P pools (Appendix S1: Table S2a), and the extracellular enzyme NAG. Meanwhile, 

relationships of these variables with organic and inorganic P pools were much weaker or absent. A
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Despite the strong correlations between C and N pool sizes, the stoichiometry of soil organic matter 

varied considerably across the four sites.  Soil C:N was lowest in Mexico (10.5  0.5) and highest in 

Puerto Rico (14.5  0.8), with intermediate values observed in the other two sites (Appendix S1: 

Figure S6). Soil C:N ratios were unrelated to variation in microbial biomass C:N or enzyme C:N 

(Appendix S1: Table S2b). A similar decoupling among the C:P ratios of soil, microbial biomass, 

and enzyme activities was observed (Appendix S1: Table S2b), despite 3.5-fold variation in soil 

C:Porg ratios across sites (ranging from 231  15 in Costa Rica to 825  52 in Puerto Rico). Soil N:Porg 

also varied among sites (Appendix S1: Figure S6), was unrelated to microbial biomass N:P, and only 

weakly correlated to enzyme N:P (Appendix S1: Table S2b).

A PCA conducted on a core dataset of soil biogeochemical variables revealed that indices of C 

and N cycling were closely coupled with one another, and orthogonal to variation in P cycling 

(Figure 4). The variables that loaded most strongly onto the first principal component, which 

explained 39% of the variance in soil biogeochemistry, were total organic C and N, microbial biomass 

C and N, and NAG activity. Thus, scores along the first principal component axis are interpreted as an 

integrative index of organic C and N cycling. The second principal component, which captured 12% 

of the total variance, was defined by labile and microbial biomass P pools and the fungal:bacterial 

ratio. Plabile and F:B were negatively correlated ( = -0.53, P < 0.001). Scores along this axis therefore 

capture differences in soil P cycling among samples, along with variation in microbial community 

structure. 

3.D. Aim 3: Identifying climatic, edaphic, and biotic drivers of soil biogeochemistry

Our index of C and N cycling (PC1, Figure 4, Table 2) was significantly related to MAP ( = 

-1.37, P = 0.002) and the abundance of both ectomycorrhizal trees ( = 1.10, P < 0.001) and legumes 

( = 0.45, P = 0.030) in a multiple linear regression (R2 = 0.668, Appendix S1: Figure S7). Path 

analysis (Figure 5A, Appendix S1: Table S3) confirmed that ectomycorrhizae and legumes shaped 

soil C and N cycling. This analysis also suggested that soil elemental composition and weathering 

affected biogeochemistry both directly and indirectly through their influence on plant community 

structure. Stand-level basal area had no influence on soil C and N cycling in the multiple regression or 

path analyses. A
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In a multiple regression model (R2 =0.512), the P cycling index (PC2, Figure 4, Table 2) was 

significantly correlated with our index of soil parent material ( = -0.37, P = 0.024) and weathering 

status ( = 0.76, P = 0.005) (Appendix S1: Figure S8). A path analysis also highlighted the 

importance of soil weathering (Figure 5B, Appendix S1: Table S3), whereas plant community 

structure and stand basal area were unrelated to P cycling characteristics. 

Controls on microbial community structure (as assessed via PLFAs) were somewhat different 

than those observed for C, N, and P pools. Variance partitioning conducted following a redundancy 

analysis suggested that MAP was the most important driver of microbial community structure (R2
adj = 

0.254), followed by soil chemical composition and weathering (R2
adj = 0.197) and the relative 

abundance of legume and ectomycorrhizal trees (R2
adj = 0.169). 

4. Discussion

By quantifying a broad suite of biogeochemical processes at hierarchical spatial scales, we 

developed an unprecedentedly detailed picture of soil C, N, and P cycles in seasonally dry tropical 

forests. Our study captured the extreme biogeochemical heterogeneity that is characteristic of tropical 

forests (Townsend et al. 2008), with dramatic variation in C, N, and P pools and fluxes observed both 

within and among sites. Although seasonal dynamics in soil biogeochemistry were more subtle than 

differences observed across forests, cross-site differences in rainfall regime have likely shaped soil 

properties indirectly by influencing plant community structure and soil weathering. 

Our findings echo broad biogeochemical patterns quantified in other seasonally dry tropical 

forests. As observed elsewhere (Solis and Campo 2004), the microbial biomass represents a major N 

and P sink, and is two to eight-fold larger than the plant-available N and P pools (except in Colombia, 

where the labile P pool is extremely large due to the geological context of this site). Moreover, 

microbial biomass nutrient pools are seasonally dynamic, suggesting that plant-microbe competition 

for nutrients is sensitive to the timing of rainfall events (Waring and Powers 2016, Singh et al. 1989). 

Additionally, the pronounced variation in the relative availability of N and P across sites is consistent 

with other studies that identify shifts in nutrient limitation across gradients of rainfall and stand age 

(Gamboa et al. 2010, Campo 2016). Below, we expand on these insights to discuss drivers of 
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biogeochemical patterns in tropical dry forests as a case study in the scale dependence of C, N, and P 

cycling.

4.1 Scale of variation in soil biogeochemical properties

Our first overall objective (Aim 1) was to quantify the dominant spatial scales of variation in a suite 

of biogeochemical pools and fluxes, including any seasonal patterns. We found that organic C and N 

pools tend to vary most at regional (site) scales, whereas inorganic nutrient pools exhibit substantial 

variability at finer spatial grains (i.e., among or within plots). Interestingly, patterns of spatial 

variation in soil P pools were the opposite of those observed for C and N: labile P pools vary most at 

the site scale, whereas organic P pools vary most among or within plots. The extremely distinctive 

geochemistry of the soils at the Colombian site (i.e., the very large apatite and inorganic P pools) 

likely account for the strong signature of site identity on Plabile. 

In comparison with the dramatic spatial variation in soil biogeochemistry observed across 

plots, we found very modest temporal variation in C, N, and P cycling between seasons.  In our study, 

the season of sampling had clear effects on soil moisture, which was higher in all sites during the wet 

season compared to the dry season. However, this did not translate into dramatic seasonal differences 

in biogeochemistry: although nutrient pools varied significantly between wet and dry periods in many 

cases, the magnitude of variation explained by season was generally quite small. Activities of NAG 

and PPO increased in the wet season, alongside microbial biomass N and P and inorganic N and P 

pools, suggesting that rainfall triggers an acceleration of microbial nutrient uptake and soil N and P 

cycling (Waring and Powers 2016). These patterns echo biogeochemical shifts observed in a 

seasonally dry tropical forest in India, where nutrients were immobilized by microbial biomass pools 

during the dry season and released in the wet season (Singh et al, 1989).  

In general, the sign (if not the magnitude) of seasonal biogeochemical responses was 

consistent across sites, but there were a few exceptions to this pattern.  Over the transition from wet to 

dry seasons, the size of the microbial biomass, the ratio of fungi to bacteria, and rates of net N 

mineralization responded in opposite directions across sites.  However, these divergent responses 

were not related in any consistent way to rainfall regime. Other studies have shown that tree species 

identity influences seasonal patterns of microbial immobilization or release of nutrients (Galicia and A
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Garcia-Oliva 2004). Clearly, the factors regulating seasonal shifts in soil biogeochemistry are 

complex and difficult to generalize across forests. Thus, understanding how both long-term rainfall 

regimes and intra-annual variation in rainfall affect microbial dynamics and biogeochemical processes 

in dry forests is a high priority for future research (Calvo-Rodriguez et al 2020).

 

4.2 Coupling among C, N, and P cycles

Our second goal (Aim 2) was to examine how the distinct responses of C, N, and P cycles to climatic, 

edaphic, and biotic drivers link or decouple soil biogeochemical processes. Theory predicts that 

microbial biomass stoichiometry should be relatively homeostatic across broad environmental 

gradients, producing predictable linkages among C, N, and P cycles (Cleveland and Liptzin 2007, 

Sinsabaugh and Follstad Shah 2012), and this assumption is often embedded in ecosystem models 

(Achat et al. 2016). However, in our study, no stoichiometric relationships apply across the broad 

range of sites examined. Instead, the unique resource environment characteristic to each site shapes 

both microbial biomass stoichiometry and enzymatic allocation towards carbon and nutrient 

acquisition. 

Soils in the Puerto Rico and Mexican forests are characterized by high enzymatic investment 

in N acquisition and elevated fungal:bacterial and NH4:NO3 ratios, patterns which are consistent with 

a conservative N cycle and (potentially) microbial N limitation. However, other N cycling parameters 

diverge dramatically between the two forests. Despite exhibiting the highest soil C:N ratios, the 

microbial biomass in the Puerto Rican plots had a lower C:N than observed anywhere else. The N-

rich microbial biomass may reflect the presence of ectomycorrhizal fungi in Puerto Rican plots, where 

ectomycorrhizal trees were most abundant. Ectomycorrhizae can comprise up to 30% of the total 

microbial biomass in a typical soil (Hogberg and Hogberg 2002) and have lower biomass C:N relative 

to free-living decomposers (Zhang and Elser 2017). By contrast, Mexican soils showed the reverse 

pattern: the microbial biomass is relatively N-poor despite the low C:N ratio of soil organic matter. 

This could indicate a microbial biomass dominated by saprotrophic fungi, which generally have a 

higher biomass C:N ratio than bacteria (Waring et al. 2013, Strickland and Rousk 2010) or symbiotic 

fungi (Zhang and Elser 2017). 
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Similarly, although soils in both Costa Rica and Colombia are rich in P relative to the other 

sites, the sources and biogeochemical consequences of high phosphorus availability differed between 

them. In Colombia, apatite appears to be the dominant soil P pool, and the labile inorganic 

phosphorus pool is extremely large. As a result, the microbial biomass is P enriched despite a trend 

towards lower soil phosphatase activity than observed in any other forest. Meanwhile, organic P 

represents the largest phosphorus pool in Costa Rican soils. At that site, acid phosphatase and 

oxidative enzyme activities are elevated and biomass C:P ratios are high, suggesting microbes are 

allocating extracellular enzymes to counteract P limitation.

4.3 The role of ecosystem state factors in shaping soil biogeochemistry 

Our final objective (Aim 3) was to assess the relative importance of climate, soil composition, and 

organisms for relative rates of C, N, and P cycling. Whereas P cycling appears to be largely dictated 

by soil weathering status, C and N cycling are much more sensitive to the community structure of 

plants and their associated root symbionts. These edaphic and biotic properties, in turn, are shaped by 

variation in precipitation regime across tropical dry forests.  

We found that soil P pools responded most strongly to variation in soil elemental composition 

and weathering extent, which can influence P cycling in multiple ways. First, because soil parent 

material is the ultimate source of ecosystem P inputs, the geochemistry of bedrock sets an upper limit 

on soil P availability. Among the four sites studied here, the geologically young soils of the 

Colombian forest (Jungerius 1976) have the highest concentrations of total and apatite P, which are 

linked to larger pools of labile inorganic P. Second, as soils weather in humid climates, they become 

more enriched in Al and Fe oxides, which can bind P and render it unavailable for uptake (Wilson et 

al. 2017). This explains the relatively large recalcitrant P pools in the Fe and Al-rich soils of the Costa 

Rican and Mexican sites, where stronger seasonal variation in rainfall and older soil ages may 

promote soil weathering. By contrast, the highly organic surface soils in the Puerto Rican forest have 

abundant organic P, and have little Al and Fe to occlude available phosphorus (although Ca may 

render P less bioavailable in alkaline soils). As a result of these patterns, P concentrations in the 

microbial biomass are greater in Colombia and Puerto Rico than elsewhere, reflecting higher 

bioavailability. A
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In contrast with rock-derived nutrients like phosphorus, organisms drive ecosystem inputs of 

carbon and nitrogen; thus, patterns of C and N cycling were much more sensitive to plant community 

structure at each site. However, soil parent material and weathering status also play a role in shaping 

these cycles through both direct and indirect mechanisms. Direct impacts are likely mediated by 

mineralogical characteristics of the soil: the dominant types of clay minerals, the presence of iron and 

aluminum oxides, and base cations can all influence the strength of organo-mineral bonds that protect 

organic C and N from decomposition (Rasmussen et al. 2018). Soil texture and elemental composition 

also influence organic matter cycling indirectly by shaping plant community structure (Werden et al. 

2018, John et al. 2007, Jha and Singh 1990). The diversity and taxonomic composition of plant 

assemblages at a particular site will dictate the chemistry of senescent leaf, wood, and root tissues, 

which in turn affects the belowground fate of plant-derived organic matter (Cotrufo et al. 2013). Due 

to the greater metabolic costs associated with decomposition of chemically complex substrates, 

microbial growth yields are lower on more recalcitrant plant tissues (Frey et al. 2013). Additionally, 

microbial C use efficiency (the proportion of C uptake that is retained in the biomass vs. respired) 

should be maximized under conditions of C limitation (Sinsabaugh et al. 2013), whereas N use 

efficiency is enhanced when N is in low supply (Mooshammer et al. 2014). Consequently, the 

stoichiometry and recalcitrance of organic matter inputs affects retention of C and N belowground.  

Plant interactions with their microbial symbionts also exert strong control over ecosystem C 

and N cycling. In contrast to many other Neotropical forests where ectomycorrhizal trees form 

monodominant stands (Corrales et al. 2018), ectomycorrhizal trees generally occupied < 10% of basal 

area across these Neotropical sites. However, among the sixteen plots studied here, the highest soil 

organic C and N concentrations were observed in the forests where > 20% of stand basal area was 

occupied by ectomycorrhizal trees. Ectomycorrhizal fungi have the capacity to degrade organic 

matter, thereby competing directly with free-living decomposers (Shah et al. 2016). As a result, 

ectomycorrhizae tend to suppress rates of organic matter decomposition (Averill and Hawkes 2016, 

Schilling et al. 2016, McGuire et al. 2010), potentially leading to accumulation of soil C. The 

presence of ectomycorrhizae also shapes patterns of N cycling, leading to a more conservative 

nutrient economy where N cycles mostly in organic form (Phillips et al. 2013, Corrales et al. 2016). 
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Although they had a weaker imprint on soil biogeochemistry than did ectomycorrhizal trees, 

N-fixing legumes also influence C and N cycling across the four sites, likely through a variety of 

complementary mechanisms. First, the presence of legumes can directly affect soil nitrogen 

availability via symbiotic biological N fixation. However, the relationship between N fixer abundance 

and ecosystem N inputs is complex and difficult to predict. Tropical forest legumes can exhibit 

substantial interspecific variation in nodulation and fixation rates (Gei and Powers 2015, Wurzburger 

and Hedin 2016), and many species exhibit a facultative fixation strategy (Sheffer et al. 2015, Barron 

et al. 2011).  In general, however, legumes have greater tissue concentrations of nitrogen than co-

occurring plant species (Adams et al. 2016). As described above, the stoichiometry of organic matter 

inputs to soils influences microbial growth efficiency and patterns of nutrient immobilization. 

Moreover, in younger tropical forests recovering from disturbance, symbiotic N fixation can 

accelerate tree growth at the stand scale (Batterman et al. 2013), which affects the quantity of organic 

matter inputs to soil. This last mechanism may be of limited importance in these tropical dry forests, 

as we found no evidence that variation in stand-level basal area (a surrogate for plant productivity) 

influenced C, N, or P cycling. However, there is increasing evidence that the majority of soil organic 

matter is formed from roots rather than aboveground inputs (Rasse et al. 2005, Jackson et al. 2017). 

There are few data to constrain the spatial or temporal dynamics of belowground plant C allocation 

across tropical forests, although the ratio of above- to belowground biomass tends to decrease with 

mean annual rainfall (Waring and Powers 2017). 

Each of the ecosystem state factors described above – soil weathering, plant community 

structure, and functional group abundance – is sensitive to climate.  With only four sites, we have 

limited power to tease apart variation in both amount and seasonality of rainfall. Moreover, the 

relationship between precipitation regime and biogeochemistry is mediated by ecosystem properties 

which exhibit strong variation within and among sites. For example, the moisture environment 

experienced by soil microbes is influenced not only by rainfall, but also by soil texture, which 

strongly shapes the relationship between soil water content and soil water potential. Precipitation also 

causes nutrient leaching, although among the four sites studied here, the wettest forest happened to be 

situated on young, relatively unweathered soils with high total P content (Jungerius 1976), and thus a 

negative correlation between rainfall and P availability was not observed. Additionally, precipitation A
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regime influences the composition and functional trait distribution of tree communities in TDF, 

thereby exerting a strong indirect influence on C, N, and P cycling (Vargas et al, unpublished 

manuscript). 

Finally, humans exert a strong influence over biogeochemical processes in all terrestrial 

ecosystems, especially those that are recuperating from land use change. In our study, all forests in 

Colombia, Costa Rica, and Mexico were regenerating from agricultural abandonment, whereas plots 

in Puerto Rico have been under continuous tree cover for at least a century. We do not have enough 

information about site histories to assess how this variability in prior land use may have impacted the 

soil properties measured here. However, since previous land use varies at the scale of the individual 

forest plot, we can use our variance decomposition to make inferences about the contribution of site 

history to contemporary biogeochemical patterns. Total organic C, N, and P pools exhibited 25-50% 

of total variance at the plot scale, suggesting that land use change impacts are potentially substantial. 

This is consistent with previous studies showing that land use change strongly impacts soil organic 

matter stocks in the tropics, although the direction and magnitude of these changes is dependent on 

climate and soil mineralogy (Powers et al. 2011).   

4.4 Synthesis and implications for predicting the future of the tropical dry forest biome

Our analyses not only revealed tremendous heterogeneity in soil biogeochemistry across the 

Neotropical dry forest biome, but also uncovered relationships among ecosystem state factors that can 

predict this variation over space and through time. We found that C, N, and P concentrations in soil 

organic matter and the microbial biomass are tightly coupled to variation in soil parent material and 

plant community structure, factors which vary most at the site level. By contrast, inorganic nutrient 

pools and enzyme activities exhibit substantial variability within individual plots, likely reflecting the 

fine-scale heterogeneity in the microbial processes that drive nutrient mineralization. Marked 

variation in C, N, and P cycling observed within and among plots suggests that the effects of regional 

variation in climate and soil parent material are mediated through ecological processes occurring at 

finer spatial grains. 

Moreover, our analyses show that C, N, and P cycles clearly respond to different 

environmental drivers, which may decouple their responses to environmental change. The cycling of 

rock-derived nutrients like phosphorus is closely tied to soil weathering and elemental composition, A
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whereas carbon and nitrogen are much more responsive to variation in plant community structure. C 

and N cycles are more closely intertwined with one another than with the P cycle, reflecting 

biochemical controls on decomposition: C and N atoms in organic matter are directly bonded to one 

another and are therefore mineralized together, whereas organic P is indirectly ester-bonded to C and 

can be biochemically mineralized separately (McGill and Cole 1981). These observations have 

important implications for our ability to predict ecosystem process rates under global change: if N and 

P cycles exhibit divergent responses to elevated CO2 and altered climates, they will need to be 

modeled independently (Reed et al. 2015). 

Interactions among C, N, and P cycles are increasingly represented in soil biogeochemical 

models (Yu et al. 2019), land surface models (Goll et al. 2017, Thum et al. 2019, Yang et al. 2019), 

and even earth system models (Zhu et al. 2019). Representing nutrient limitation of plant and 

microbial processes can change the direction and magnitude of terrestrial C sink responses to elevated 

CO2 and other global change drivers (Wieder et al. 2015). However, model representations of N and P 

cycling processes vary considerably, and assumptions about mechanisms of plant nutrient uptake 

strongly influence predicted changes in the strength of tropical forest C sinks (Fleischer et al. 2019). 

Moreover, most earth system models represent vegetation dynamics in tropical forests with just a 

handful of plant functional types, neglecting variation in ecosystem function across gradients of 

seasonality (Oleson et al. 2013). The biogeochemical patterns and processes we observed across 

forests can therefore provide valuable insights on the ways in which C, N, and P cycles should be 

represented in earth system models - within tropical dry forests specifically and across terrestrial 

ecosystems more generally.  

Ecosystem model predictions appear to be extremely sensitive to the flexibility of C:N:P ratios 

in plant and microbial biomass, and the factors that control labile P fluxes among plants and microbes 

(Achat et al. 2016, Fleischer et al. 2019). We observed that C:N:P ratios of the soil organic matter, 

microbial biomass, and extracellular enzymes were largely uncorrelated within and among sites, 

potentially reflecting adaptations of site-specific biota to nutrient supply rates. This suggests that 

modelers should not extrapolate stoichiometric ratios measured at a handful of sites to represent 

nutrient cycling patterns across the tropical forest biome. Moreover, given the close links between soil 

mineral composition and P cycling observed here, it is important to consider how plants, microbes, A
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and mineral surfaces might compete for labile phosphorus (Zhu et al. 2016, Yu et al. 2019). Soil 

parent material and weathering status play an important dual role in mediating the bioavailability of 

phosphorus, determining not only the magnitude of ecosystem P inputs, but also the degree to which 

labile P is occluded from biological uptake.  

Additionally, it is evident that plant symbionts, including mycorrhizal fungi and N-fixing 

bacteria, play a large role in driving belowground C and N cycles. Yet these plant-microbe 

interactions are not usually explicitly represented in ecosystem models, even those that consider 

variation in plant community composition within and among biomes. Generally, plant functional 

types are defined by plant morphology, leaf phenology, or ‘lifestyle’ (e.g. woody vs. herbaceous, 

annual vs. perennial, or evergreen vs. deciduous groups), or by traits that directly affect 

photosynthetic capacity (Wullschleger et al. 2013, van Bodegom et al. 2012, Bonan et al. 2002). 

However, including plant-microbe symbioses in functional type definitions may be particularly 

critical to accurately predict ecosystem-scale biogeochemical patterns (Allen et al. 2020). This is 

because plant interactions with their microbial symbionts not only affect patterns of soil nutrient 

cycling, but also whole-plant physiology. For example, N-fixing legumes have higher leaf nitrogen 

content and water-use efficiency in comparison with non-fixing plants (Adams et al. 2016). 

Ectomycorrhizal plants appear to have slower growth rates and more conservative nutrient use 

strategies than arbuscular mycorrhizal species (Averill et al. 2019, Cornelissen et al. 2001). To date, 

efforts to incorporate N-fixing and mycorrhizal plant functional types into ecosystem models have 

been fairly limited. However, including N-fixing legumes in vegetation models can improve their 

representation of plant-soil interactions and successional dynamics in tropical forests (Medvigy et al. 

2019, Levy-Varon et al. 2019). Similarly, models which explicitly represent ecological interactions 

between ectomycorrhizal fungi, their plant hosts, and free-living saprotrophs alter predictions of 

ecosystem C storage (Moore et al. 2015, Orwin et al. 2011, Sulman et al. 2017).

Finally, we observed substantial variation in C, N, and P pools and fluxes over fine spatial 

scales, and biogeochemical cycles often responded to cross-scale interactions among climate, plant 

community composition, and soil geochemistry. Models often struggle to capture relationships among 

ecosystem processes that are measured at different scales, from the soil pore to the forest stand 

(Manzoni and Porporato 2009). Most ecosystem models represent regional variation in climate as the A
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dominant driver of ecosystem processes, ignoring sub-grid variation in soils and plant communities 

which may mediate climatic effects on soil biogeochemistry (Bradford et al. 2014, Medvigy et al. 

2019). Our results strongly suggest that such simplistic representations are unlikely to capture realistic 

variation in C, N, and P cycling through space and time. 

4.5 Conclusions

The state factor model of soil development, which has influenced ecosystem ecologists for nearly 

eight decades, holds that “ecosystems can be defined as those portions of the earth’s terrestrial surface 

whose properties vary in response to variations in the state factors,” namely climate, soil parent 

material, topography, time, and biota (Amundsen and Jenny 1997, Jenny 1941). Our study reveals that 

all of these drivers exhibit substantial variation within a biome, generating significant biogeochemical 

heterogeneity at pedon to regional scales.  In fact, across the four forests studied here, pools of C, N, 

and P in the soil organic matter and microbial biomass exhibit a similar magnitude of variation to that 

observed globally (Cleveland and Liptzin 2007). This variation poses a significant challenge for 

ecosystem models, many of which seek to reduce complexity by defining internally cohesive biomes 

with similar soil properties and plant functional type distributions. However, accurately capturing 

ecosystem responses to rising atmospheric CO2, nutrient deposition, or warming will likely require 

explicit consideration of the ecological relationships among plant communities, soil microbes, and the 

biogeochemical processes they mediate, and how these relationships manifest over multiple spatial 

and temporal scales.  
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Table 1. Climatic profiles and plant community characteristics for each of the 16 study plots arrayed 

across four tropical dry forest sampling sites. Abbreviations: mean annual temperature (MAT); mean 

annual precipitation (MAP); seasonality index (SI); ectomycorrhizal tree species (ECM). 

Site and soil 

type

MAT 

(C) 

MAP 

(mm)

SI* No. 

dry 

mos

Plot Stand 

age 

(y)

Dominant species** % 

legume 

basal 

area† 

  

% ECM 

basal 

area†

CO_A ~50 Trichilia acuminata

Coccoloba obtusifolia

Machaerium capote

6.4 7.5

CO_B ~50 Trichilia acuminata

Eugenia procera

Astronium graveolens

1.2 0.4

CO_C ~50 Trichilia acuminata

Oxandra espintana

Coccoloba obtusifolia

0.2 14.1

Colombia 

(CO); 

Recent 

alluvial 

sediments 

that cover 

tuff

28 1833 0.17 4.3

CO_D ~50 Trichilia acuminata

Machaerium capote

Astronium graveolens

12.2 0.2

CR_D ~30 Hymenaea courbaril

Albizia saman

Guazuma ulmifolia

53.4 4.9

CR_E ~30 Enterolobium cyclocarpum

Guazuma ulmifolia

Cupania guatemalensis

50.0 8.7

CR_I ~30 Guazuma ulmifolia

Cupania guatemalensis

Cedrela odorata

4.8 10.1

Costa Rica 

(CR); 

Inceptisol 

(Andic/ 

Typic 

Haplustept)

25 1761 0.52 6.6

CR_P ~30 Guazuma ulmifolia

Hymenaea courbaril

Allophylus racemosus

17.4 3.6

Mexico 

(MX); 

27 1204 0.38 7.7 MX_A 16 Caesalpinia gaumeri

Diphysa carthagenensis

64.5 1.9
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* Seasonality index calculated following Feng et al. (2013) as S = DR/Rmax, where R and Rmax are 

observed and maximum annual rainfall, and D is concentration of rainfall in the wet season (higher 

values of S indicate greater seasonality)
** Based on percentage basal area of each species
† Dominance of legume and ectomycorrhizal (ECM) tree species, as a percentage of total basal area of 

stems ≥ 5 cm diameter at breast height. Ectomycorrhizal hosts were identified from Frioni et al. 

(1999), Wang and Qiu (2006), and Brundrett (2009).

Neomillspaughia emarginata

MX_B 23 Mimosa bahamensis

Neomillspaughia emarginata

Bauhinia ungulata

58.4 0.8

MX_C 33 Bursera simaruba

Mimosa bahamensis

Cochlospermum vitifolium

22.8 4.6

Mollisol 

(Lithic 

Haplustoll)

MX_D 80 Bursera simaruba

Neomillspaughia emarginata

Diospyros anisandra

16.8 10.2

PR_HH 80 Swietenia mahagoni

Amyris elemifera

Coccoloba diversifolia

6.4 6.1

PR_LL >100 Gymnanthes lucida

Bursera simaruba

Pisonia albida

12.3 21.0

PR_M1 >100 Pictetia aculeata

Gymnanthes lucida

Bourreria baccata

15.8 8.6

Puerto Rico 

(PR); 

Mollisol 

(Aridic/ 

Typic 

Calciustoll)

25 825 0.29 10.4

PR_M2 >100 Gymnanthes lucida

Coccoloba microstachya

Pisonia albida

4.0 33.5
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Table 2. Derived variables included in multiple regression and path analyses to explore climatic, 

edaphic, and ecological controls on C, N, and P cycling.

Derived variable Constituent variables Method of derivation

C and N cycling total organic C and N, 

microbial biomass C and N, 

NAG activity

First axis of PCA on core 

dataset*

P cycling Plabile, microbial biomass P, 

F:B 

Second axis of PCA on core 

dataset*

MAP Total annual rainfall at each 

site 

Soil elemental composition Total concentrations of Al, 

Ca, Fe, S 

First axis of PCA on soil 

element concentrations 

measured with pXRF

Soil weathering status Total concentrations of K, P, 

Si; ratio of FeCD:Fe

Second axis of PCA on soil 

element concentrations 

measured with pXRF

Plant community structure presence/absence of plant 

species across plots

Second axis** of NMDS on 

Bray-Curtis dissimilarity 

matrix

Plant aboveground biomass tree basal area per ha of plot 

area

Relative abundance of plant 

functional groups

percent basal area comprised 

by legumes or 

ectomycorrhizal trees

* The core dataset consists of: total organic nutrients (TOC, TN, Porganic); microbial biomass C, N, and 

P; inorganic nutrients (NH4, NO3, Plabile); enzymes (BG, NAG, AP, PPO, PER); F:B. 
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** First NMDS axis not included in subsequent analyses due to high collinearity with other predictor 

variables (VIF > 11)
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Table 3. Plot-level means and standard errors for pH, soil moisture (SM), soil clay content (Clay), and C, N, and P pools. Abbreviations: 

total organic C (TOC); total nitrogen (TN); organic and labile P pools (Porg, Plabile); soil moisture (SM); microbial biomass C, N, and P 

(MBC, MBN, MBP); dissolved organic N (DON). Plots are labeled by two letter site codes first, followed by site-specific plot identifiers.
Plot pH Clay (%) TOC (%) TN (%) Porg

g g-1

Plabile

g g-1

Sea-

son

SM (%) MBC g g-

1

MBN g 

g-1

MBP g 

g-1

DON

g g-1

PO4

g g-1

dry 9  1 813  75 23  5 10  2 17.6  3.7 1.5  0.5CO A 6.3  0.2 23.7  1.3 3.5  0.3 0.28  0.04 116  12 34.4  3.6

wet 13  1 902  59 48  3 17  3 16.1  2.9 4.3  0.7

dry 6  1 567  11 19  4 5  3 19.7  3.4 4.1  1.3CO B 5.4  0.2 21.8  0.3 3.5  0.3 0.27  0.03 153  23 47.9  4.9

wet 9  1 748  29 38  3 22  10 24.2  4.3 13.2  1.6

dry 9  1 746  95 21  6 13  4 13.5  2.0 3.0  0.6CO C 6.0  0.2 22.8  1.6 2.9  0.2 0.27  0.03 134  12 49.6  2.8

wet 13  1 1053  96 56  7 19  9 15.0  3.2 8.7  1.6

dry 10  1 815  64 14  3 5  3 9.0  1.8 4.5  1.4CO D 5.9  0.1 20.5  1.3 3.1  0.4 0.29  0.04 90  7 44.4  2.6

wet 12  1 1251  73 38  4 40  6 9.0  1.2 8.4  2.0

dry 17  1 817  71 27  4 1  1 13.0  1.0 1.5  0.1CR D 5.8  0.1 57.5  0.7 2.8  0.2 0.22  0.01 94  6 5.4  1.0

wet 34  1 110  16 32  4 3  1 16.6  1.5 1.2  0.2

dry 21  1 937  94 32  8 4  2 17.0  1.0 1.2  0.3CR E 6.0  0.1 44.7  0.7 3.1  0.2 0.27  0.02 141  13 3.0  0.7

wet 37  1 715  212 76  17 4  2 27.2  2.1 2.3  0.6

dry 19  1 859  54 28  7 4  1 16.4  0.9 0.6  0.0CR I 6.3  0.1 52.2  1.1 3.8  0.1 0.33  0.01 169  5 3.7  0.3

wet 36  1 568  60 75  10 12  2 30.1  2.4 2.4  0.8

dry 16  1 940  70 40  6 8  3 11.3  1.1 1.5  0.9CR P 5.9  0.1 45.3  1.8 3.1  0.2 0.27  0.02 194  23 8.1  0.5

wet 38  4 362  35 43  6 6  1 16.9  0.8 2.3  0.1

dry 9  2 1181  59 25  3 3  1 21.7  2.6 0.5  0.1MX A 6.6  0.1 57.7  2.1 4.8  0.4 0.50  0.02 154  15 3.7  1.1

wet 29  1 1651  136 105  8 16  11 19.3  1.2 1.9  0.9
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dry 14  4 937  102 30  8 2  1 20.2  3.5 0.3  0.1MX B 6.2  0.1 53.0  1.5 4.4  0.5 0.36  0.02 76  3 1.3  0.1

wet 30  1 1278  65 102  7 2  1 21.8  1.2 2.1  0.6

dry 11  1 1135  225 52  15 3  2 30.7  7.1 0.4  0.1MX C 5.7  0.1 47.2  1.9 5.3  0.4 0.49  0.03 92  2 1.6  0.1

wet 29  1 1600  166 122  16 0  0 24.6  2.7 4.0  0.3

dry 10  1 1196  220 54  14 3  2 41.2  13.7 1.2  0.8MX D 6.5  0.1 46.3  3.0 4.8  0.6 0.51  0.06 80  4 2.2  0.4

wet 31  2 1600  80 114  11 4  1 42.1  9.5 1.6  0.6

dry 14  1 1591  103 81  7 15  6 21.9  2.0 3.3  0.4PR HH 7.3  0.1 44.8  0.9 8.1  0.4 0.44  0.02 150  10 12.0  3.2

wet 19  1 1960  91 138  4 4  1 18.1  1.7 10.0  1.9

dry 31  5 4455  821 280  55 31  10 233.0  49.7 29.8  5.2PR LL 7.2  0.1 23.1  4.3 22.1  3.2 2.08  0.27 204  15 13.0  2.1

wet 50  6 3855  455 373  30 111  30 138.6  20.1 133.5  40.0

dry 9  1 1298  152 81  13 3  3 19.6  2.0 2.8  0.4PR M1 7.2  0.1 23.6  1.2 8.5  0.5 0.51  0.02 101  3 2.2  0.3

wet 19  1 2230  200 168  24 45  8 28.2  2.5 6.5  1.2

dry 28  2 4063  452 250  18 9  2 123.2  22.1 19.6  5.6PR M2 7.1  0.1 24.8  1.5 17.6  0.9 1.47  0.05 162  13 6.7   1.7

wet 46  2 3800  533 348  45 56  21 108.9   16.8 42.5  9.9
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Table 4. F statistics for analyses of variance performed on biogeochemical variables measured at a 

single timepoint. Significant F values are shown in bold. Abbreviations: total organic C (TOC); total 

nitrogen (TN).

pH Clay Silt Sand TOC TN Pi-

AEM

Po-

H2O

Pi-

bicarb

Po-

bicarb

Pi-

NaOH

Po-

NaOH

Pi-

HCl

Porg Plabile

Site 16.26 19.31 4.98 26.16 11.01 8.52 34.62 216.8 39.03 10.67 10.25 0.99 26.14 1.97 27.97

Plot 6.50 13.07 13.68 7.77 18.36 16.53 9.44 14.86 3.28 10.20 3.84 7.03 23.76 9.78 8.33
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Table 5. F statistics for analyses of variance performed on biogeochemical variables measured in both 

wet and dry seasons. Significant F values are shown in bold. Abbreviations: soil moisture (SM); 

microbial biomass C, N, and P (MBC, MBN, MBP); dissolved organic C and N (DOC, DON); net N 

mineralization rate (Nmin); fungal:bacterial ratio (F:B).

SM MBC DOC MBN Nmin DON PO4 MBP BG NAG AP PPO PER F:B

Site 5.4 8.9 16.4 23.3 11.4 2.6 15.0 7.9 1.0 8.9 1.4 6.6 13.3 65.0

Plot 24.2 15.6 16.1 6.1 2.8 23.6 8.3 1.6 3.8 6.4 2.2 1.2 1.0 6.0

Season 347.2 0.9 8.7 128.4 1.7 10.5 95.4 14.4 0.3 5.0 0.5 6.4 2.3 2.8

Site x 

Season

24.5 4.6 0.4 6.0 5.4 2.8 2.9 2.3 2.0 5.6 2.6 7.7 1.7 6.0
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Figure Legends

Figure 1. Site-level means, averaged across seasons, for total organic C (TOC); microbial biomass C 

(MBC); dissolved organic C (DOC); total organic N (TN); microbial biomass N (MBN); the ratio of 

initial NH4 to NO3; total organic P (Porg); microbial biomass P (MBP); and labile P. Error bars are SE.   

Figure 2. Proportion of variance explained by site, plot, season (where applicable), and the interaction 

between site and season. Results are presented for biogeochemical variables measured A) at one 

timepoint only vs. B) in both wet and dry seasons. ‘Within-plot’ variance is equal to residual variance. 

Abbreviations: TOC (total organic carbon); TN (total nitrogen); Porg (organic P); SM (soil moisture); 

fungi (abundance of fungal PLFAs); MBC, N, P (microbial biomass C, N, P); DOC, N (dissolved 

organic C and N).

Figure 3A) Abundance of fungal PLFAs across sites. B) Results of an NMDS analysis on soil PLFA 

profiles

Figure 4. Principal components analysis performed on soil biogeochemical variables. Only variables 

with loadings > 0.3 on at least one axis are shown: total organic C and N (TOC and TN); microbial 

biomass C, N, and P (MBC, MBN, MBP); labile inorganic P (Plabile) and the fungal:bacterial ratio 

(F:B).  Note that a vector for NAG is not shown because it almost perfectly overlaps that of TN. 

Figure 5. Path diagrams showing relationships between ecosystem state factors and A) an integrative 

C and N cycling index and B) a P cycling index. Only significant paths are shown. For path 

coefficients corresponding to each numbered arrow, see Appendix S1: Table S4. Confirmatory Fit 

Indices (CFI) and Root Mean Square Error of Approximation (RMSEA) are shown for each path 

model.
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