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ABSTRACT 
 

Understanding the temporal and depth-related spatial controls on microbial functional 
redundancy and community interactions remains a central issue in microbial ecology and Critical 
Zone science. Microorganisms are influenced by and influence biogeochemical reactions in the 
soil profile, interacting with soil, water, air, and rock throughout the Critical Zone. Snowmelt 
driven pulses of water and nutrients structure microbial communities, influencing rates of 
microbial nutrient cycling and fluctuations of greenhouse gases in forest soils. Wildfires shape 
the biogeochemistry of a landscape, and burn history is prevalent in US Southwestern mixed-
conifer forests. Fire disturbance impacts soil and microbial communities both directly and 
indirectly. Fire can impact soil functioning and structure through removal of organic matter, 
alteration of soil structure and porosity, loss of carbon, erosion, and marked alteration of 
microbial community through surface burning. Indirect effects include alterations to the soil 
physicochemical environment and vegetation cover, impacting regional watershed functions 
directly immediately after fire and indirectly through changes in landscape and nutrient loadings. 
Subsoils hold a substantial amount of carbon that exists in both organic and inorganic forms and 
are sensitive to changes in temperature, moisture and disturbance regimes. Subsoils are 
understudied reservoirs of microbial activity and understanding the integrated interactions of 
microorganisms throughout the soil profile with the soil physical, chemical environment is a key 
component of this research.  
 

The contributions of moisture, substrate, topographic, depth and temperature controls on 
microbial nutrient cycling throughout the soil profile in a high elevation forest were assessed in a 
zero-order basin (ZOB, approximately 16 ha) located in the Jemez River Basin Critical Zone 
Observatory (JRB-CZO) in northern New Mexico that experienced a mixed-severity burn in 
2013. Integrated and co-located measurements of bulk soil, soil gas, soil porewater and stream 
water chemistry measurements were taken from 2013-2017 to assess the influence of burn status, 
ecosystem recovery, and seasonal snowmelt dynamics and subsoil biogeochemical processes.  
 

To determine the immediate post-fire disturbance impacts on microbial functionality 22 
soil pits were excavated to 40 cm and measured potential activities of seven hydrolytic enzymes 
involved in carbon (C), nitrogen (N), phosphorus (P) acquisition. Fire resulted in decreased 
activity for select carbon and nitrogen degrading enzymes in surface (0-2 cm) soils and altered N 
and P acquisition strategies with depth suggesting potential nutrient scavenging or increased 
internal microbial cycling with depth as a response to fire. Digital soil mapping demonstrated 
consistently higher potential enzyme activities in the convergent zones of the catchment, which 
were primarily correlated with higher soil moisture, clay content, and vegetative cover as 
quantified through normalized difference vegetation index (NDVI). Controls over enzyme 
activity differed in surface vs. subsurface soils where physical interactions with clay and 
moisture became more important in deeper soils. 

 
Seasonal pulses in water and solutes create selective pressures on resident microbiota, 

affecting nutrient cycling and CZ processes. The goal of the second study was to understand the 
relative contributions of moisture, substrate, topographic, depth, and temperature controls on 
microbial nutrient cycling throughout the soil profile in a high elevation forested watershed with 
respect to seasonality. To this end, samples were collected from two depths (0-10 cm and 30-40 
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cm) at 4 time points - during snowmelt, before-, during- and after the monsoon season - over 
multiple years across an instrumented watershed. The dissolved organic C and N pools, 
microbial biomass, microbial exoenzyme activities involved in C, N, and P cycling were 
measured to understand microbial contribution to water-driven pulses influence changes in 
microbial ecological traits through time and the resulting influence of watershed biogeochemical 
signals. Concentrations of dissolved nitrogen peaked during the spring snowmelt event. CO2  

respiration peaked during the growing season but was evident under snowpack and at deeper 
depths. Dissolved organic carbon, nitrogen and bulk DNA concentrations increased during the 
summer growing season. Increase in specific enzyme activities of carbon- and nitrogen-acquiring 
enzymes peaked during the fall senescence period and spring snowmelt event. It was 
hypothesized that there would be a seasonal trade-off between growth and resource acquisition. 
Indeed, a key finding from this study was a positive correlation between microbial biomass 
carbon and dissolved organic carbon and a negative correlation between specific enzyme activity 
and dissolved organic carbon that varied as a function of seasonality and depth, providing further 
evidence for the yield-acquisition-stress trait trade-off framework. As increase in plant available 
labile carbon compounds increased in the growing season, so too did microbial biomass and, 
conversely, up regulation of enzymes involved in C and N acquisition increased as available 
carbon decreased. This study demonstrates how seasonality and snowmelt influence trade off of 
microbial ecological traits through time that impact distribution and response of mobile solute 
fluxes (e.g. nitrogen). These responses are important for understanding community level 
functional ecological dynamics in high-elevation forested catchments. 

 
The mechanisms that underly soil respiration vs. weathering were determined by 

analyzing soil gas CO2 and O2 ratios from soil for four years post fire recovery and with respect 
to seasonality. Snowmelt is an important contributor to water storage and nutrient cycling, and 
drives subsurface weathering dynamics. Measurements of soil CO2 and O2 were used to 
determine biogeochemical processes in soil in order to calculate the apparent respiratory quotient 
(ARQ). Deviations from ARQ=1 indicate when other processes besides aerobic respiration and 
diffusion control gas concentrations. When ARQ < 1, CO2 and O2 consumptive processes 
dominate and when ARQ >1, processes that result in CO2 release govern. A key finding from 
this study revealed evidence for increased respiration in subsurface soils immediately following 
wildfire disturbance. This was consistent with the elevated enzyme activities observed in the 
previous study and potential for nutrient scavenging in subsurface soils as organic matter is 
volatilized in surface soil and mineral soil layer becomes exposed. As the ecosystem began to 
recover, and plants began to establish, the fluorescence indices of organic matter (FI) and 
humification degree (HIX) increased, propagating downward driving the subsurface snowmelt 
driven chemical weathering front.  
 

Overall, the interactions of surface vs subsurface CZ processes and their responses is not 
well understood, and key insights were revealed through this research showing the dynamic 
interactions between microbes and the soil physical and chemical environment in an ecosystem 
undergoing post-fire recover. This research demonstrates how fire impacts nutrient cycling in the 
subsurface, how seasonality and snowmelt influence tradeoffs in microbial ecological traits 
through time, and how processes that govern soil carbon storage, release and transport are altered 
as a function of fire disturbance, seasonality, and vegetation recovery. Collectively, these results 
lead to a greater understanding of the dynamic and interacting feedbacks between surface and 
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subsurface soil properties that influence the distribution and responses of carbon throughout the 
soil profile, impacting critical zone structure and function. As a variety of global change stressors 
continue to escalate, understanding how the subsoil responds will become increasingly important 
in understanding ecosystem carbon balance. 
 
 
Keywords: Soil Microbes, Fire Disturbance, Snowmelt, Critical Zone Science  
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1. INTRODUCTION 

1.1 Relationship between terrestrial microbiology and its importance in critical zone structure 
and function in subsoils 
 

The Critical Zone (CZ) is the region on the Earth’s terrestrial surface that extends from 
bedrock to the tops of trees and is open to mass and energy inputs that drive the transformation 
of nutrients, provides clean air and water, and releases dissipative products (Chorover et al., 
2011, 2007; Lin, 2010). The Critical Zone is the transboundary layer where co-occurring Earth 
System spheres interact and operate, including the biosphere, lithosphere and atmosphere. Fluxes 
of water and carbon flow through the CZ boundary layer, facilitating weathering of bedrock 
material. Critical zone processes occur over large gradients in temporal and spatial scales 
coupling geological, chemical, and biological processes from e.g. small aggregates, to the pedon, 
to the regional or catchment scale and occurs over timescales from seconds to eons (Brantley et 
al., 2007). These life-sustaining processes are sensitive to changes in climate and land-
atmospheric feedbacks and understanding and predicting the magnitude, sustainability, and 
direction of these responses in a predictable and synthesized framework is the principle goal of 
establishing a worldwide CZ observatory network (Brantley et al., 2007). Spatial and temporal 
variation of vegetation, moisture, and energy influence the structure and function of the CZ and 
are linked across geologic and short-term time scales (Chorover et al., 2011). Solar radiation 
inputs and timing of precipitation drives the energy flux of water and carbon into the CZ and 
varies seasonally. Surface inputs of carbon, water and energy drive the chemical weathering 
front, facilitating the transformation of nutrients and minerals, and soil horizon formation and are 
exported through chemical and physical denudation (Chorover et al., 2011). Short-term 
biogeochemical consequences of these surface inputs of water, carbon and energy influence the 
transformation and flow of energy, regolith depth and ultimately CZ structure and function 
(Chorover et al., 2011). 
 

Microorganisms exist throughout the Critical Zone impacting nutrient cycling and 
weathering of bedrock. Historically, microbial studies have been concentrated in the top 10 
centimeters of the soil horizon, however, conditions in lower subsurface soils are known to vary 
considerably in terms of habitat and growth strategies. Soil horizons show distinct properties 
with depth and microbes interact with the soil physicochemical environment. Subsoils are 
understudied reservoirs of microbial activity and represent a vital knowledge gap in 
understanding soil health, biogeochemical cycling, and carbon storage in the face of ongoing 
climate change stressors. Subsoil microbial communities are taxonomically distinct from their 
surface soil neighbors, with adaptations that allow them to survive in nutrient-poor 
environments. Emerging research is beginning to understand how subsoil microbes differ across 
climate gradients and their impacts on Earth’s biogeochemical cycling. As a number of global 
change stressors begin to escalate, understanding how the subsoil responds will become 
increasingly important.  
 
 
 DIC dynamics are influenced by biological activities in soils. Weathering reactions 
consume CO2 and O2 as the gases diffuse into the subsurface. Biological weathering can proceed 
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indirectly through production of carbonic acid produced by CO2 respired by plants and 
microorganisms, generating acidity with water through the following reaction: 
 

𝐻!𝐶𝑂" 	↔ 𝐻𝐶𝑂"#	 +	𝐻% ↔ 	𝐶𝑂"!# +	𝐻% 
 
Carbonic acid is an important contributor to soil acidification and soil CO2 concentrations in 
deep horizons can be quite high, driving this reaction forward (Kim et al., 2017; Liebensteiner et 
al., 2014). Organic acids can also be produced by microbes and roots and contribute to mineral 
weathering through production of a hydrogen proton, demonstrated by the reaction of oxalic 
acid: 
 

𝐶!𝑂&𝐻! 	↔ 𝐶!𝑂&𝐻# +	𝐻% ↔	𝐶!𝑂&!# +	2𝐻% 
 
 
Organic acids are important for mineral nutrient release and the formation of these acids can 
occur deep within the soil profile (Billings et al., 2018; Richter et al., 2016; Tveit et al., 2019).  
Downward propagation of weathering reaction fronts can be promoted by root and microbially-
derived acids. Understanding the spatiotemporal interactions that influence CO2 and O2 under 
different disturbance regimes and land surface influences of seasonality and changes in moisture 
inputs over time is important for understanding ecosystem carbon balance. 
 

1.2 Pulses in water, carbon, energy and disturbance influence microbial structure and function 
throughout the critical zone, impacting CZ processes 
 

Changes in temperature, precipitation, disturbance (e.g. fire), can influence CZ structure 
and functioning and activities of resident microbes that dictate the transformation of nutrients in 
soils throughout the soil profile. Understanding the changes in microbial life history strategies 
based on an organism’s (or community of organisms) phenotypic characteristics, or traits, is 
important for understanding soil carbon cycling under environmental change. Microbial growth 
and survival are impacted by multiple traits that determine responses to varying resource 
availability and fluctuating abiotic conditions. This research examines microbial functional 
response to changing environmental conditions with consideration of depth throughout the 
profile. The first chapters integrate research from the Jemez River Basin Critical Zone 
Observatory (JRB-CZO) where we present data from soil, water, and gas flux measurements 
integrated across time and space to better understand microbial functional responses in the CZ 
with respect to fire disturbance, shifts in moisture and surface derived carbon, water and energy 
inputs, and with depth. These ecosystems are sensitive to changes in temperature, moisture, and 
disturbance such as wildfire and understanding their feedbacks in the context of climate change 
studies is an important effort in integrating microbial responses to ecosystem processes. Most 
microbial studies have been concentrated in the upper 0-10 cm horizon. We have documented 
shifts in microbial functional responses through time in a method that is temporally and spatially 
dense to understand how microbes influence regional watershed cycling in this western, forested 
ecosystem. This research takes an integrated and transdisciplinary approach to understanding the 
functional role of microbes throughout the soil profile in the Critical Zone in a high elevation 
forested watershed in northern New Mexico. 
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1.3 Site description and background 
 
 The JRB-CZO is located in the Valles caldera National Preserve (VCNP) within the 
Jemez Mountains in northern New Mexico. The underlying geology of the site is dominated by 
Pleistocene Bandelier Tuff, rhyolite, and andesitic rocks intermixed with collapsed breccias 
(Hulen and Nielson, 1991). The caldera that surrounds the JRB-CZO is 21 km wide and was 
formed by the collapse of a magma chamber approximately 1.25 Ma (Bailey et al. 1969., Self et 
al. 1986). Several resurgent lava domes are located throughout the caldera from more recent 
volcano activity (Wolff et al., 2011), of which Redondo peak is the tallest (3,432 meters above 
sea level). The primary study site is located in a mixed-conifer catchment on Redondo dome. 
The area is situated within the transition zone of the North American Monsoon (NAM) 
dominated deserts of the American Southwest and the snow dominated Rocky Mountains 
(Broxton et al., 2009), and experiences sub-humid to semi-arid climate. The 30-year average 
mean annual temperature is 4°C, with average winter (October-April) and summer (May-
September) temperatures of approximately -1°C and 11°C, respectively (Broxton et al. 2009). 
Mean annual precipitation in the catchment is 777 mm yr-1 and is characterized by a bimodal 
precipitation pattern, with approximately half of annual precipitation falling as snow between 
late October and April, and the other half falling as rain during the summer monsoon between 
July and September. The soils are classified as Vitrandic Argiustolls. Vegetation cover consists 
of mixed conifer forest stands of Douglas fir (Pseudotsuga menziesii), white fir (Abies concolor), 
blue spruce (Picea pungens), corkbark fir (Abies lasiocarpa var. arizonica) and Englemann’s 
spruce (Picea englemannii; Muldavin and Tonne, 2003; Muldavin et al., 2006; Coop and 
Givnish, 2007;).  
 
 Several studies have investigated the soil microbiological and hydrogeochemical 
responses of the JRB-CZO catchment studied in this dissertation. In a community level 
microbiological survey, Weber et al. (2014) found that microbial communities shift to similar 
composition when burned in the near surface soil regardless of origin of forest type. Other 
studies have examined hydrogeochemical responses to determine sources and processes dictating 
water flow. Perdrial et al. (2014) observed soil water signatures in groundwater using carbon 
content measurements. The groundwater contributes to streamflow in the Upper Jaramillo and 
LaJara catchments year-round. The dissolved inorganic carbon (DIC) signature and the dissolved 
organic carbon (DOC) signature with a stronger microbial fluorescence was sourced from 
groundwater and the DOC with a terrestrial fluorescence signature and high humification index 
originated from lateral water flow through near surface soils (Perdrial et al. 2014). Subsurface 
flow via infiltration through soils is the primary contributor to streamflow with little overland 
flow evidenced through end member mixing analysis with major ion chemistry (Liu et al., 2008), 
examination of carbon content (Perdrial et al., 2014), and rare earth elements and yttrium 
(Vazquez-Ortega et al., 2015) of springs, soil water and surface water. Olshansky et al. (2018) 
identified the hydrochemical processes that influence transport and behavior of five distinct 
solute groups and found that solutes released to groundwater through weathering is the result of 
the transport of soil water, particularly soil carbon, to groundwater, and subsequently to 
streamflow in the ZOB and greater LaJara catchment.  
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1.4 Enzyme activity measurements, resource investment and life history strategies 
 

Microbes produce extracellular enzymes to break apart complex organic polymers into 
simple monomers that can be taken up into the cell to meet microbial growth and energy 
requirements or be used for synthesis of biosynthetic precursors. Enzyme degradation constitutes 
the rate-limiting step of decomposition and nutrient mineralization. Investment in enzyme 
production represents an ecological trait trade-off toward resource acquisition at the expense of 
traits that optimize stress tolerance and growth (Schimel et al. 2007; Malik et al., 2018; Zhalnia 
et al. 2018). Cellular maintenance activities (those that do not produce growth) include 
production of extracellular enzymes to degrade and acquire resources, stress response proteins, 
defense, cell signaling and motility, maintenance of cellular integrity, and repair (Burns et al., 
2013; Schimel et al., 2007; Sinsabaugh et al., 2002). In soils where resource distribution is 
temporally and spatially variable, and stressful abiotic conditions exist such as shifts in moisture, 
temperature, pH and salinity, microbial investment into maintenance activities would be 
theoretically generally high. Selective pressures on microbial allocation to maintenance rather 
than growth traits could impact soil carbon cycling. Thus, information on microbial traits and 
their trade-off through time and space is useful in linking microbial processes with ecosystem 
carbon fluxes. 

 
In Appendix A, the spatial and depth related controls on soil microbial enzyme activity 

following wildfire (Fairbanks et al. 2020) were explained. Shifts in microbial nutrient acquisition 
strategies with depth in response to fire disturbance were observed and these responses were 
integrated across the landscape using remote sensing derived data and digital soil mapping 
techniques and the drivers of activity using partial least squares regression analyses (Appendix 
A). We integrated remote sensing derived measures of topography with the identification of 
drivers of microbial C, N and P cycling to help inform how microbial processes influence and 
feedback to patterns at the landscape scale. We found that fire altered phosphorus acquisition 
strategies with depth and found evidence for microbial nutrient scavenging with depth as a 
response to fire. In addition, we showed differential drivers for surface enzyme activities vs 
subsurface, where clay and mineral interactions likely dictate the distribution and response of 
enzymes in subsoils. Digital soil mapping showed higher enzyme activities in the convergent 
zones of the landscape. Collectively, these results demonstrate a shift in enzyme responses with 
depth with respect to fire and show how spatial interpolation can better improve predictions of 
microbial functional responses with respect to disturbance. 

 
In Appendix B we determine the ecological functional trade-off of traits through time 

with consideration to depth and aspect in response to snowmelt disturbance (Fairbanks et al. in 
prep). We examined the impact of snowmelt and seasonality on microbial activities creating 
selective ecological pressure, allowing us to test hypotheses on ecological trade-offs of traits. We 
examined (1) how microbial community and functional diversity change along soil depths (0-10 
cm and 30-40 cm) and through time during episodic moisture pulse events and (2) the underlying 
mechanisms, revealed by random forest machine learning models, that dictate spatial and depth-
related functional and community level controls through time. We find there is a trade-off in 
ecological traits through time from growth vs resource acquisition impacting regional 
biogeochemical cycling (Appendix B, Fig. 6). We provide a conceptual framework to capture 
these predicted trait trade-offs through time with respect to snowmelt.  
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1.5 ARQ, CO2, O2 and DOM characteristics and their utility in functional biogeochemistry 
 

Cycling of pCO2 and pO2 are coupled during some processes (such as respiration) and 
become uncoupled during others (e.g. silicate weathering, chemolithoautotrophic respiration, 
carbonate precipitation). The apparent respiratory quotient (ARQ) is used to interpret soil 
biogeochemical processes that affect the concentrations of pCO2 and pO2. Soil pCO2 and pO2 can 
be used to infer respiration vs. weathering and is important for understanding ecosystem carbon 
balance where up to 2/3 of soil respired can be consumed through biotic and abiotic processes. 
Subsurface soils hold a substantial amount of carbon, much of which is stored as DIC (including 
dissolved CO2, carbonic acid, bicarbonate and carbonate) in the aqueous filled pore spaces. 
Deviations from ARQ=1, where respiration and diffusion dominate, provide information on 
carbon loss or uptake pathways in soils. Few studies have measured the continuous 
concentrations of pCO2 and pO2 to determine soil biogeochemical processes that influence 
carbon balance in ecosystems in response to differing surface influences of changing moisture 
and disturbance regimes. Here, we present simultaneous measurements of pCO2 and pO2 to 
determine processes that lead to consumption or release of soil pCO2 throughout the soil profile 
with time since fire and over 4 years of seasonality.  

 
Fluorescence excitation-emission matrices of DOC provide information on the origin and 

processes dictating DOC composition. The partitioning of net carbon uptake into biomass or 
dissolved organic or inorganic species impacts CZ functions such as weathering and ecosystem 
carbon balance. The fluorescence index (FI) provides information on the measure of microbial 
vs. plant-derived components (McKnight et al. 2001) and the humification index (HIX) provides 
a measure of the apparent humification degree (Zsolnay, 2003). Values of FI > 1.4 are consistent 
with significant microbial contributions to DOC and FI values < 1.4 are consistent with plant-
derived sources. Higher HIX values are consistent with higher humification degree. The 
dissolved organic carbon pool represents the portion that is water-soluble and not bound into 
micro-aggregates or mineral surfaces where it would be protected from microbial activity. It is 
part of the pool most available to microbes as a nutrient or energy source. Thus, the chemical 
state of the organic matter is a measure of the function of the microbial community in the study 
area, and not purely a measure of its structure or population, providing a snapshot into functional 
biogeochemistry at the time of sampling.     

 
In Appendix C we show how time since wildfire shifts both ratios of CO2:O2 and subsoil 

chemical indices over a multi-year scale. We found loss of deep soil carbon in subsurface soils 
immediately following wildfire disturbance. We determined shifts in the dissolved organic 
matter fluorescence indices through time in response to ecosystem recovery and seasonality with 
respect to soil depth. As the ecosystem began to recover, we saw an increase in plant and 
microbial fluorescence indices, propagating into the subsurface, driving the snowmelt driven 
weathering signal through time.  
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1.6 Creating reproducible digital workflows and coordinating efforts to synthesize 
understanding of microbiology across spatial and temporal scales 
 
 Recent efforts to understand ecosystem and microbial responses to environmental change 
through coordinated sampling and integrated multi-million-dollar data driven investments has 
created a need for tools to improve various methods for data integration and analysis. 
Observational networks such as NSF’s LTER, CZO and NEON have begun to systematically 
sample the soil microbiome. New DNA sequencing technologies allow the rapid characterization 
of microbial communities, sampling thousands of different species, providing a window into the 
diverse soil communities and their ecological traits. There is no scientific consensus on the best 
way to integrate data on biogeochemical process rates with microbial community analysis. This 
creates a need for researchers to train and collaborate with data scientists to create a data-capable 
community that allows for enhanced reproducibility and workflows. Researchers now require 
both the skills to handle large and complex data sets and the ecological and environmental 
science domain knowledge to understand and interpret them.  
 

The final chapters of this dissertation represent collaborative and ongoing efforts derived 
from various working groups dedicated to understanding microbial structure, functions, and 
drivers using integrated data-driven network approaches. This research represents a coordinated 
effort to better understand the role of microbes across time and space and to create infrastructure 
and data processing pipelines to better cross-compare among sites. In Appendix D, coordinated 
sampling efforts with other CZO networks allowed better understanding of the role of subsoil 
enzymes as a reservoir of microbial activity with important consequences for carbon and nutrient 
storage (Dove et al., 2020). In Appendix E, we conducted a coordinated metagenomic survey 
across national CZO sites and identified a novel, ubiquitous, oligotrophic organism capable of 
surviving in nutrient poor environments in subsurface soils (Brewer et al. 2020). In Appendix F, 
we developed a neonMicrobe R package- including a suite of downloading, pre-processing, 
dataset assembly, and sensitivity analysis tools - for NEON’s newly published 16S and ITS 
amplicon sequencing data products which characterize soil bacterial and fungal communities, 
respectively (Qin et al., 2020). Finally, in Appendix G we outline opportunities for the next 10 
years of NEON data operations in emergent science themes, open science best practices, 
education and training, and community building (Nagy et al., 2020) 
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DISSERTATION FORMAT 
 
 This dissertation presents seven research studies with the overall goal of understanding 
microbial and subsurface carbon responses throughout the Critical Zone with respect to depth, 
topography, changes in meteoric moisture inputs, and fire disturbance. Appendices A, D, E, F 
and G have been published. Appendices B and C have been prepared for submission in peer-
reviewed scientific journals.  
 
 
APPENDIX A: DEPTH AND TOPOGRAPHIC CONTROLS IN A RECENTLY BURNED 
SUB-ALPINE CATCHMENT IN THE JEMEZ RIVER CRITICAL ZONE 
 
APPENDIX B: SNOWMELT AND SEASONALITY INFLUENCE TRADE-OFF OF 
MICROBIAL FUNCTIONAL TRAITS IN FOREST SOILS 
 
APPENDIX C:  TIME SINCE FIRE DISTURBANCE RESULTS IN SHIFTS IN CO2:O2 
RATIOS IN SUBSURFACE SOILS REVEALING LOSS OF DEEP SOIL CARBON AND 
SNOWMELT DRIVEN WEATHERING PULSE AS ECOSYSTEMS RECOVERS 
 
APPENDIX D: CONTINENTAL SCALE PATTERNS OF EXTRACELLULAR ENZYME 
ACTIVITY IN THE SUBSOIL: AN OVERLOOKED RESERVOIR OF MICROBIAL 
ACTIVITY 
 
APPENDIX E: ECOLOGICAL AND GENOMIC ATTRIBUTES OF NOVEL BACTERIAL 
TAXA THAT THRIVE IN SUBSURFACE SOIL HORIZONS 
 
APPENDIX F: FROM DNA SEQUENCES TO MICROBIAL ECOLOGY: WRANGLING 
NEON SOIL MICROBE DATA WITH THE NEONMICROBE R PACKAGE 
 
APPENDIX G: HARNESSING THE NEON DATA REVOLUTION TO ADVANCE OPEN 
ENVIORNMENTAL SCIENCE WITH A DIVERSE AND DATA-CAPABLE COMMUNITY 
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ABSTRACT 
 
Microbial communities influence and are influenced by environmental conditions that, together 
with the extracellular enzymes produced by soil microorganisms, control the rate of 
decomposition of organic matter in soil. Here, we aim to characterize the interaction of landscape 
position and depth on potential enzyme activities in a recently burned forest catchment. To 
accomplish this, we first characterized the heterogeneity of environmental properties, including 
topography, depth, and soil geochemistry, in order to delineate landscape position and depth 
controls on potential enzyme activities. To account for the impact of recent wildfire on 
extracellular enzyme activities (EEA), we delineated surface (0-5 cm) and deeper (5-40 cm) soils 
to understand how fire (which disproportionally impacts the surface) alters the relationship 
between EEA and the environmental covariates. We excavated 22 soil pits to 40 cm and 
measured potential activities of seven hydrolytic enzymes involved in carbon (C) (α-glucosidase 
[AG], β-1,4-glucosidase [BG], β–D-cellobiohydrolase, [CB] and β-xylosidase [XYL]), nitrogen 
(N) (β-1,4,N-acetylglucosaminidase, [NAG] and leucine-aminopeptidase [LAP]) and phosphorus 
(P) acquisition (acid phosphatase [PHOS]) across a subalpine catchment. Fire resulted in 
decreased BG, CB and NAG activity in surface (0-2 cm) soils. Fire altered N and P acquisition 
strategies with depth suggesting potential nutrient scavenging or increased internal microbial 
cycling with depth as a response to fire. Digital soil mapping demonstrated consistently higher 
potential enzyme activities in the convergent zones of the catchment, which were primarily 
correlated with higher soil moisture, clay content, and vegetative cover as quantified through 
normalized difference vegetation index (NDVI). Integrating remotely sensed measures of 
topography with the identification of drivers of microbial C, N, and P cycling can help inform 
how millimeter-scale processes influence and feedback to patterns at a catchment scale.  
 
Keywords: Soil Microbes; Critical Zone; Extracellular Enzyme Activity (EEA); Forest Soil; Fire 
Disturbance; Stoichiometry; 
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1. INTRODUCTION 
 

Recent work has highlighted the need to integrate microbial ecology into ecosystem-scale 
models, such that non-linear variation in microbe-mediated decomposition rates (e.g., across 
temperature or moisture gradients) might be used to improve model predictions (Allison et al., 
2010; Li et al., 2014; Martiny et al., 2017; Shao et al., 2013; Wieder et al., 2013). However, this 
integration has been hampered by the challenges of scaling (Šnajdr et al., 2008) and adequate 
representation of the complexity of microbial processes (Schimel, 2016). Extracellular enzyme 
activities (EEA) of soil microorganisms can act as important proxies for nutrient limitation and 
turnover in soil and provide insight into the biochemical requirements of microbes in terrestrial 
ecosystems (Burns et al., 2013). Across a landscape, areas with greater water and substrate 
availability correlate with increased biogeochemical cycling (e.g., Bernhardt et al., 2017; Lohse 
et al., 2009; McClain et al., 2003). Thus, understanding the environmental controls on microbial 
activities and identifying relevant proxies that are widely available through open-source 
remotely-sensed data and standard soil measurements are important steps toward accurately 
incorporating microbial carbon and nitrogen dynamics into ecosystem-scale terrestrial 
biogeochemical cycling models. Recent work has examined the integration of topographically-
derived variables to understand how disturbance alters drivers of enzyme activity across a 
landscape (Lybrand et al. 2018). In this study, we measured EEA in a high-elevation mixed 
conifer forest in the Southwestern U.S. to explore the interactive controls of topography, 
vegetation, and soil chemical and physical factors on microbial dynamics in a recently burned 
landscape. 

 
Topographic variation in soil morphology and geochemistry exerts first-order control on 

hydrologic processes and associated biogeochemical and ecological dynamics across spatial and 
temporal scales. Topography regulates vertical and lateral redistributions of water and solutes 
leading to variation in vegetation type and cover, rates of biogeochemical processing (reviewed 
in McClain et al. 2003; Bernhardt et al. 2017), soil morphology (Lybrand and Rasmussen, 2015), 
and soil physical and chemical properties (Holleran et al., 2015). In water-limited systems, 
redistribution of water and nutrients from planar landscape positions to convergent landscape 
positions corresponds with observed intensified rates of microbial C and N cycling (Austin et al., 
2004; Doetterl et al., 2016; Lohse et al., 2013). Areas of increased water and nutrient availability 
have been recognized as ‘hot spots’ of intensified biogeochemical cycling relative to the 
surrounding landscape where landscape position controls size, duration, and timing of hot spot 
activity (Bergstrom et al., 1998; Bernhardt et al., 2017; Hook and Burke, 2000; McClain et al., 
2003; Ohrui et al., 1999). More recently, the discussion of ‘ecosystem control points’ has 
expanded on the hot-spot concept to identify areas of distinct and intensified biogeochemical 
cycling relative to the surrounding matrix (Bernhardt et al. 2017). Previous work suggests that 
topography exerts strong spatial and temporal controls on landscape-scale hot spots (McClain et 
al., 2003; Lohse et al., 2009; Lohse and Dietrich, 2005), but may be less important than 
geochemical controls in disturbed ecosystems (Lybrand et al. 2018). Scaling microbial activities 
and identifying drivers of ecosystem controls is important to understanding where correlations 
between landscape position and microbial activities are sustained, or break down, in response to 
disturbances such as wildfires. 
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Changes in soil organic matter with depth through the soil profile dictate the abundance 
and diversity of microbes and their activities and are also influenced by topography. In forest 
soils, strong vertical differentiation of microbial community composition and function is evident 
from the greater phylogenetic richness and microbial biomass in surface soil horizons compared 
to soil horizons at >30 cm depth (Eilers et al., 2012; Fierer et al., 2003; Huang et al., 2014; Stone 
et al., 2014, Brewer et al. 2019). Extracellular enzyme activities are sensitive to changes in 
nutrient availability and composition, temperature, moisture, pH, redox status, texture and 
mineral composition or mineral assemblage (Allison et al., 2007; Burns, 1982), all of which can 
vary significantly with depth in the soil profile and landscape position (Bergstrom et al., 1998; 
McClain et al., 2003; Gabor et al., 2014; Lybrand and Rasmussen, 2015; Bernhardt et al. 2017). 
Therefore, the predominant explanatory variables of microbial activities could be expected to 
differ between surface and subsurface soils and may be influenced by disturbance regimes.   
Wildfires shape the biogeochemistry of a landscape, and burn history is prevalent in US 
Southwestern mixed-conifer forests (Swetnam and Betancourt, 1983). Novel, high-severity 
wildfires can have lasting, decadal impacts on regional soil biogeochemistry in mixed-conifer 
forests (Dove et al. 2020). Differences in fire severity often create a mosaic landscape with 
variations in vegetation survival, substrate type, and C and N availability that influence microbial 
community structure and function (Barros et al., 2012). Wildfire is shaped by topography, 
tending to move upslope leading to higher-severity burn in elevated areas (Barros et al., 2012; 
Debano, 2000; Linn et al., 2007). This can amplify topographic patterns of microbial activities 
by exacerbating soil biogeochemical differences in convergent versus planar areas (Dillon et al., 
2011). Fire also shows differential vertical effects throughout the soil profile through removal of 
surface organic matter, deterioration of soil structure and porosity, loss of carbon, nitrogen and 
other nutrients through volatilization, leaching, erosion, and marked alteration of microbial 
communities that result from direct (surface-burning) and indirect fire impacts (alterations to soil 
physicochemical environment and vegetation cover). (Bento-Gonçalves et al., 2012; Ferrenberg 
et al., 2013; Jiménez Esquilín et al., 2007; Weber et al., 2014). These soil fire effects are often 
most significant in the 0-5 cm layer that generally contains high OM content, but the impacts of 
fire extend into the soil profile in a manner dependent on the site and fire characteristics, i.e. soil 
type, topographic position, vegetation cover. (Dooley and Treseder, 2012; Holden and Treseder, 
2013; Jiménez Esquilín et al., 2007). Further, the magnitude of fire effects on soil properties 
correlate directly with burn severity (Certini, 2005; Knelman et al., 2015; Murphy et al., 2006, 
Lybrand et al., 2018), and can dampen the typical surface-to-depth trends in microbial abundance 
and richness (Jiménez-Esquelín et al. 2007; Dooley and Treseder 2012; Holden and Treseder 
2014). Fire studies in the southwestern U.S. typically tend to focus on the dynamics of the 
surface 15 cm soil (e.g. Esquelin et al. 2007; Weber et al. 2014; Knelman et al. 2015), omitting 
immediate post-burn effects in deeper soils. 
 

In this study, we examined potential EEAs in relation to landscape position and depth 
after a wildfire to investigate the relative importance of vegetative, topographic, and geochemical 
controls on microbial-driven soil nutrient cycling. The need for spatial relationships of EEA 
based on independently-derived environmental factors has been highlighted in the literature 
(Forman and Godron, 1981; Risser and Karr, 1983). Past attempts to spatially quantify enzyme 
activities have focused primarily on N-mineralizing enzymes, were limited in spatial scale, or did 
not account for catchment-scale drivers such as topographic controls on hydrologic flowpaths or 
ecosystem control locations (e.g. Du et al., 2015; Florinsky et al., 2004). Our study site is located 
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in a sub-alpine mixed conifer forest in the Southwestern United States. Such ecosystems are 
important to regional C cycling and are currently threatened by disturbances such as climate 
extremes, insect outbreaks, and changes in fire regime (Allen et al., 2010; Bentz et al., 2010; 
Westerling, 2006). We investigated the following environmental controls: topography, 
vegetation, depth in the soil profile, and solute geochemistry on EEA to explain variability in C, 
N, and P mineralization in a burned forested catchment. We predicted that convergent areas of 
the catchment would correlate with higher vegetation cover, soil moisture, and soluble ions that 
would increase potential enzyme activities. We predicted higher EEA in surface soils to 
correspond with greater substrate availability and for the fire effect to be most pronounced in the 
surficial soils. 

2. METHODS 

2.1 Study Site 
 

This study was conducted in a mixed conifer catchment located in the Jemez River Basin 
watershed in north-central New Mexico (106°33’23”W, 35°52’19”N) in the Valles Caldera 
National Preserve, part of the Santa Catalina Mountains - Jemez River Basin Critical Zone 
Observatory (CJCZO, Chorover et al., 2011). The catchment is located on Redondo Dome, a 
resurgent lava dome that sits at the southernmost extent of the Rocky Mountains (Fig. 1). The 
parent material is dominated by rhyolitic volcaniclastics (Goff et al. 2006). The 30-year average 
mean annual temperature is 4°C, with average winter (October-April) and summer (May-
September) temperatures of approximately -1°C and 11°C, respectively (Broxton et al. 2009). 
The soils are classified as Vitrandic Argiustolls. Mean annual precipitation in the catchment is 
777 mm yr-1 and is characterized by a bimodal precipitation pattern, with approximately half of 
annual precipitation falling as snow between late October and April, and the other half falling as 
rain during the summer monsoon between July and September. Vegetation cover consists of 
mixed conifer forest stands of Douglas fir (Pseudotsuga menziesii), white fir (Abies concolor), 
blue spruce (Picea pungens), corkbark fir (Abies lasiocarpa var. arizonica) and Englemann’s 
spruce (Picea englemannii; Muldavin and Tonne, 2003; Muldavin et al., 2006; Coop and 
Givnish, 2007; Table 1.).  
 

2.2 Sample Collection 
 

Soil samples were collected 18 days after containment of the Thompson Ridge Fire 
(which began May 31, 2013 and was contained July 1, 2013, burning 1,906 acres) on July 19, 
2013, to capture post-fire microbial activity across the landscape. Three control unburned 
samples were taken from a nearby ridge in July 15, 2015 in an identical manner to the burned 
samples (106°33’23”W, 35°52’19”N).  We expect that the fire signal trumps the inter-annual 
variation that occurred between sample points. Gutknecht et al. (2010) found that the fire signal 
on extracellular enzyme activity persisted for 3 years following wildfire. Given the similar 
vegetation, site and soil characteristics these sites provide analogous unburned comparisons to 
our burned samples. The overall burn severity of the catchment ranged from moderate to severe 
(USDA Forest Service, https://fsapps.nwcg.gov/afm/baer/download.php).  
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Twenty-two soil pits were excavated and soil samples collected to a depth of 40 cm using 
a spade, sampling at depth intervals of 0-2, 2-5, 5-10, 10-20, 20-30, and 30-40 cm (Table 1). 
Samples were collected from the up-slope wall of each soil pit. Collected samples were placed in 
coolers with ice, transferred to refrigerators, then transported on ice to the University of Arizona, 
where they were maintained at 4°C. They were sieved to 2 mm within two weeks of collection, 
with care taken to remove any residual visible plant material, sealed in plastic bags, and stored at 
4°C. Assays for potential enzyme activity and chemical analyses were performed within four 
months of sample collection per the standard accepted timeframe (Saiya-Cork et al. 2002).  

2.3 Soil Properties 
 

Select soil physical and chemical properties that relate to soil enzymatic activities were 
characterized. Soil gravimetric water content was determined by drying a subsample at 105°C for 
24 hours. Soil pH was measured in distilled water with a 1:2 soil-to-solution mass ratio using a 
VWR SympHony multimeter with Ross semi-micro combination pH probe and VWR electrical 
conductivity probe. To measure SOC and total N content, samples were dried at 60°C, finely 
ground, and organic C and total N content were determined using a Shimadzu total organic C 
analyzer with total N module equipped (Shimadzu Scientific Instruments, Inc., Columbia, MD, 
U.S.A.). Anion data were collected on a water extract using a 1:5 solid:liquid ratio for organic 
horizons and 1:1 for mineral horizons on a Dionex ICS-1000 ion chromatography system with 
AG22 + AS 22 anion exchange columns and carbonate eluent (EPA Method 300.0). Cations, 
trace metals, metalloids and rare earth elements were measured on a water extract via 
inductively-coupled plasma mass spectrometer on an Agilent 7700x with a collision cell using 
He mode (US EPA Methods 6020 and 200.8). Particle size was determined by laser diffraction 
using a Beckman Coulter LS 13 320 Laser Diffraction Particle Size Analyzer. Before particle 
size analysis, samples were pretreated to remove organics using NaOCl adjusted to pH 9.5, and 
carbonates using Na-acetate adjusted to pH 5.0, roughly 0.2 and 0.1 g of sample were weighed 
into tubes and mixed for 24 hours with 5 ml of deionized water using a Thermo Scientific 
Labquake® shaker/rotator, followed by the addition of 5 ml of 5% sodium hexametaphosphate 
solution for an additional 24 hours to ensure dispersion of soil particles.  Laser particle size data 
were converted to the equivalent of USDA particle size classification. 
 

2.4 Extracellular Enzyme Activity Analysis 
 

The potential activities of seven hydrolytic enzymes involved in C, N and P acquisition 
were analyzed according to a modified protocol using a fluorimetric deep-well microplate 
technique (Saiya-Cork et al. 2002; Gebhardt et al. 2017; described briefly below). Carbon 
acquisition was assayed by α-glucosidase (AG), β-1,4-glucosidase (BG), β–D-cellobiohydrolase, 
(CB) and β-xylosidase (XYL); N acquisition was assayed by β-1,4,N-acetylglucosaminidase, 
(NAG) and leucine-aminopeptidase (LAP); and P acquisition was assayed by acid phosphatase 
(PHOS). The specific functions of these enzymes are listed in Supplemental Table S1. Briefly, 
2.75 g of field-moist, refrigerated soil were homogenized in 91 ml of sodium acetate buffer using 
a Waring Laboratory blender with stainless steel blade for 1 min. The pH of the sodium acetate 
buffer was adjusted to approximate that of the specific soils being assayed, ranging from 5.3-7.2. 
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200μL of 200 μM fluorimetric substrate proxies specific to each enzyme was added to 800 μL of 
each soil slurry. Assays were run with two internal standards: dilution series (0-100 μM) of 4-
methylumbelliferone (MUB) or 7-amino-4methylcoumarin (MUC), each mixed with soil 
homogenate. Plates were incubated at 15°C for 4 hours in the dark, based on optimized durations 
determined in pilot studies for these soils. After the incubation period, plates were centrifuged 
for 3 min at 2900 g, after which 250 μl of soil slurry were transferred from each well into a black 
Greiner flat-bottomed 96-well plate and then fluorescence was measured using a fluorometer 
(Biotek Synergy 4, Winooski, VT, USA) set at 360 nm excitation and 450 nm emission. 
Incubation time was adjusted for samples with activity higher than the detection limit. Total 
enzyme activity was calculated from fluorescence values as the rate of substrate converted in 
nmol h-1 g-1 soil (German et al. 2011).  
 

2.5 Environmental covariates 
 

Potential enzyme activities were compared with topographic variables derived from a 
digital elevation model (DEM), and aerial imagery from the National Agriculture Imagery 
Program (NAIP) collected 2014-06-09, approximately 1-year post-burn. All data were projected 
to a common coordinate system, NAD 83 UTM Zone 13N, prior to analyses. We used a 1 m 
resolution LiDAR-derived DEM generated in 2010 (snow-off conditions; Guo et al., 2010) to 
calculate topographic variables including plan and profile curvature, wetness index, and 
catchment slope and area, using the System for Geoscientific Analyses (SAGA, v. 2.0.8, 2011). 
We used a parallel processing algorithm (v. 2.0.8) with multiple flow paths to calculate 
catchment aspect, slope and area (Freeman et al., 1991). The calculated catchment slope and area 
were used to calculate the SAGA Wetness Index (SAGAWI; Boehner et al., 2002), and the 
modified catchment area from the SAGAWI calculation was used to calculate the slope length 
factor (Moore et al., 1991). Additionally, we included normalized difference vegetation index 
(NDVI, Tucker et al., 1979), calculated from the NAIP imagery (rgis.unm.edu/getdata, USDA-
FSA-APFO Aerial Photography Field Office, 2015) using ArcGIS 10.1 (ESRI, Redlands, CA). 
We resampled the 1 m DEM to 2, 5, and 10 m pixel resolution in order to identify the most 
appropriate scale for comparison with enzyme activity. The same topographic variables were 
calculated at each spatial resolution, and a correlation matrix between EEA at each sampled 
depth and the topographic variables at each sample resolution was calculated. From the 
correlation matrix, the spatial resolution with the highest number of correlations > +0.4 or < -0.4 
between EEA and the topographic variable was determined to be 10 m (Table S4), and this data 
was used to model enzyme activity. 

Interpolated maps of select depth-weighted EEA and geochemical variables were 
generated using optimized inverse distance weighting (IDWopt) in ArcGIS 10.1. We analyzed 
EEA surface (0-5 cm) and deep (5-40 cm) values and calculated a single depth-weighted mean 
across the total sampled depth of each soil profile. Due to missing values, depth-weighted EEA 
and geochemical variables were calculated using only the available data, e.g., if the 20-30 cm 
layer BG value was missing, a depth-weighted mean was calculated using the data from the 0-2, 
2-5, 5-10, 10-20, and 30-40 cm layers only and applying a total depth of 30 cm. To generate the 
interpolated maps, we followed the IDWopt procedure of Molotch et al. (2005). We could not 
perform kriging due to the limited number of sites sampled. Using IDWopt, we adjusted the 
power of the IDW function, search radius, search sectors, and number of neighbors to minimize 
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the root mean square error (RMSE) and the mean error of prediction of the interpolated maps. 
We adjusted the search radius from 75 to 250 m, in 25 m increments, and we aimed for 
interpolated maps where the RMSE approached one, and the mean error of prediction 
approached zero. 

 
2.6 Statistical Analysis 
 

All statistics were performed using R (v. 3.1.1, www.r-project.org). The Shapiro-Wilk 
test of normality and Levene’s test of equal variances was performed in R using R ‘stats’ and 
‘car’ packages, respectively (Fox & Weisbert, 2011), to assess whether any univariate parameter 
distributions among enzyme groups deviated significantly from normal. Following Box-Cox 
transformations using the R: MASS package, we selected log data transformations to improve 
the assumption of normality for subsequent statistical analyses and log transformed data are 
presented in the figures. Two-way analysis of variance (ANOVAs) was used to test for the 
effects of burn status (i.e. control vs. burned) and depth  on enzyme activity treated as fixed 
factors and site location was used as a random effect to account for differences in horizons 
between depth increments (Fig. 2 and 3, see supplement for ANOVA model output). When 
ANOVA models indicated a significant treatment effect, a post-hoc Tukey’s honestly significant 
difference (HSD) test was conducted using the ‘car’ package to determine differences between 
treatment means. Due to the uneven sample sizes among treatments a non-parametric Kruskal-
Wallis test was used to confirm ANOVA results. A significance level of p<0.05 was used to 
assess statistical significance of differences between enzyme groups assayed. Microbial C:N, C:P 
and N:P acquisition (C:Nenz, C:Penz, N:Penz) were calculated using the following formulas 
(Sinsabaugh et al. 2008). 
 

𝐶:𝑁'() =𝑙𝑛 𝑙𝑛	(𝐵𝐺 + 𝐶𝐵 + 𝐴𝐺 + 𝑋𝑌𝐿)	/𝑙𝑛	(𝑁𝐴𝐺 + 𝐿𝐴𝑃) (1) 
𝐶: 𝑃'() =𝑙𝑛 𝑙𝑛	(𝐵𝐺 + 𝐶𝐵 + 𝐴𝐺 + 𝑋𝑌𝐿)	/𝑙𝑛	(𝑃𝐻𝑂𝑆) (2) 

𝑁:𝑃'() =𝑙𝑛 𝑙𝑛	(𝑁𝐴𝐺 + 𝐿𝐴𝑃)	/𝑙𝑛	(𝑃𝐻𝑂𝑆)  (3) 
 

We performed separate principal component analyses (PCA) on the geochemical and 
EEA variables. PCAs were calculated using the function “prcomp” from the “stats” package in R 
(v. 3.1.1). PCA was used to determine the differences among the observed EEA and 
geochemistry variables among all sites and all sampled depths. Only complete observations were 
used to calculate the PCAs. Extracellular enzyme activity values were natural log transformed 
and all values were z-scored prior to performing the PCA. We used the covariance matrix to 
calculate the principal components and loadings, and the PCA loadings were used to generate 
biplots. 

 
We performed partial least squares regression (PSLR) to determine the relative 

contributions of the geochemical and topographic variables to variability in the EEA variables. 
All PLSRs were calculated in R (v. 3.1.1) using the “pls” package (Mevik and Wehrens, 2007). 
PLSRs were calculated using natural log-transformed and z-scored EEA values as response 
variables. Only complete sets of enzyme, geochemical, and topographic variables were used to 
calculate the PLSRs. We performed separate PLSRs using all enzyme variables, and only N-
mineralizing enzymes, C-mineralizing enzymes, and P-mineralizing enzymes as response 
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variables. We used midpoint depth, TIC, TOC, TN, clay%, electrical conductivity (EC), pH, and 
total solid phase concentrations of Na, Mg, Ca, K, P, NO3, SO4, Cr, Mn, Fe, Co, Ni, Cu, and Zn 
as geochemical explanatory variables, and used elevation, NDVI, catchment aspect, profile 
curvature, plan curvature, SAGA wetness index, catchment slope, and slope length factor as 
topographic explanatory variables. All explanatory variables were z-scored prior to calculating 
the PLSRs. All PLSRs were performed using leave-one-out-cross-validation (LOOCV) and the 
kernel partial least squares algorithm (kernelPLS), which is analogous to the nonlinear iterative 
partial least squares algorithm (NIPALS). We allowed a maximum of 10 components, and used 
the minimum root mean square error of prediction (RMSEP) and maximum coefficient of 
multiple determination (R2) to determine the optimum number of components to include in each 
PLSR. We used both the explanatory and response variables loadings to determine the relative 
interaction between the geochemical and topographic variables.  

 
We separated surface (0-5 cm; n=20) and deep (5-40 cm; n=76) EEA measurements to 

account for the well-established biological and physical differences between organic horizon and 
mineral soil samples. We performed separate PLSRs between the EEA variables and 
environmental covariates to isolate the potential impact of fire disturbance on EEA and to 
understand how fire potentially alters the relationships between EEA and the environmental 
covariates. We hypothesized that surface horizons were more impacted immediately by fire 
disturbance, and that fire disturbance minimally impacted deeper soil horizons at the time 
samples were taken (i.e. before significant soil wetting occurred post-fire). Deeper soil horizons 
are protected from extreme increases in temperature, and due to the timing of sampling would 
not have experienced significant infiltration of fire byproducts. PLSRs for the surface and deep 
measurements were performed similarly as the full EEA and C-, N- and P-mineralizing enzyme 
PLSRs, as described above. 

 
3. RESULTS 

3.1 Interactive effects of fire disturbance and depth on extracellular enzyme activity 
 

Fire resulted in decreased enzymatic activity in the surface (0-2 cm) soils for BG, CB, 
and NAG involved in C and N cycling (Fig. 2; p < 0.05). Enzyme activities decreased with depth 
in unburned sites for all enzymes assayed (Fig. 2; p < 0.05). Declines in enzyme activity with 
depth were observed for all enzymes in the burned soils with the exception of NAG and PHOS 
that showed no significant variance between the means in surface vs. subsoils (Fig 2; p < 0.05). 
Significant interaction effects were observed between burn status and depth for enzymes BG, 
CB, NAG, and PHOS (Fig. 2, Table S7; p < 0.01). Higher LAP activity was observed in the 
burned soils relative to the unburned soils across all depths with no interactive effects between 
burn status and depth (Fig. 2, Table S7, p < 0.001).  
 

Fire altered nutrient acquisition strategies with depth. Ratios of enzymatic C:P and N:P 
activities showed significant decreases with depth in burned soils and were lower in the burned 
soils (Fig. 3, Table S8, p<0.05). Higher enzyme C:N ratios were observed in the burned soils 
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relative to the unburned control with no interactive effects observed between burn status and 
depth (Fig. 3).  
 

Fire effects were most pronounced in surface (0-2cm) soils (Fig.2, Table 3). Statistically 
significant declines in soil TOC, TN, P, pH, GWC, EC were observed in both burned and 
unburned soils (Table 2, Table S9, p < 0.05). Fire resulted in decreased surface (0-2cm) 
concentrations of soil TOC, TN, and extractable P (Table 2, Table S9, p <0.05). Interactive 
effects between burn status and depth were observed in TOC, TN, P, and pH. Soil C:N, C:P, and 
N:P ratios increased with depth and in burned and unburned soils. Significantly higher soil C:P 
and N:P ratios were observed in unburned vs. burned soils (Table 2, Table S9, p < 0.01).   
 

3.2 Correlations among EEA, geochemistry, and topography in burned samples 
 
 Principal component analysis (PCA) of EEA indicated that all enzymes (BG, CB, AG, 
XYL, NAG, and PHOS) except LAP behaved similarly (Fig. 4a). LAP was ordinated along a 
different axis compared to the remaining enzymes, with a PC2 eigen vector of 0.922 (Table S1). 
The PCA of the geochemical variables showed that all geochemical indicators behaved similarly, 
with all variables ordinated in the same direction in the biplot (Fig. 4b, Table S2). 
 
 The partial least squares regression (PLSR), using all enzymes as response variables, 
indicated BG, CB, XYL, AG, NAG, and PHOS responded positively to NDVI, SAGA WI, and 
clay content, but responded negatively to elevation. LAP responded differently than all other 
enzymes: it responded positively to total nitrogen (TN) and negatively to soil depth (Fig. 4c). 
Generally, the enzymes were unresponsive to most geochemical variables, except for Zn and 
NO3. Using two components, the RMSEP of the PLSR was minimized, and the R2 of prediction 
was maximized (Table S3). Using two components, the PLSR accounted for 49.2% of the 
variance in the explanatory variables, and the two components explained 18.1% to 35.6% of the 
variance in the enzyme variables (see supplement for full model results, coefficients, and 
loadings). 
 

The separate C-mineralizing enzymes (BG, CB, XYL, AG) and P-mineralizing enzyme 
(PHOS) PLSRs behaved similarly to the full enzyme PCA. Using 2 components for both C 
enzymes and PHOS PLSRs, the RMSEP was minimized and the R2 was maximized (Table S4). 
The C enzyme PLSR, using 2 components, accounted for 50.6% of the variance in the 
explanatory variables, and percent variance explained in the C enzymes ranged from 27.2% to 
38.1%. The PHOS PLSR, using 2 components, accounted for 46.1% of the variance in the 
explanatory variables, and 32.9% of the variance in PHOS enzyme activity. The C enzymes 
again responded positively to NDVI, SAGA WI, and clay content, along with Zn and NO3, but 
negatively to elevation (Fig. 4d). The PHOS PLSR indicated PHOS responded positively to 
NDVI, SAGA WI, and clay content, and negatively to elevation (Fig. 4e). 

 
The separate N-mineralizing enzyme (NAG and LAP) PLSR indicated that NAG and 

LAP were each responding to different environmental variables within the catchment (Fig. 4f). 
NAG behaved similarly to the C- and P-mineralizing enzymes, in responding positively to 
SAGA WI and NDVI, and negatively to elevation, whereas LAP behaved differently than all 
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other enzymes, responding positively to NO3, TN, and Zn, and negatively to soil depth (as 
indicated by midpoint horizon depth). The N enzyme PLSR, using four components, accounted 
for 59.0% of the variance in the explanatory variables, and accounted for 36.2% of the variance 
in NAG and 58.3% of the variance in LAP. Using four components, the RMSEP and R2 for NAG 
were 1.11 and 0.011, respectively, and the RMSEP and R2 for LAP were 0.92 and 0.45, 
respectively. 

 
Surface and deep EEA PLSRs reflected varying relationships between enzyme activities 

and the environmental covariates. The surface EEA PLSR indicated that all the EEA variables 
coordinated along the same axis (Fig 4g); similar to the full EEA PLSR (Fig 4c), the deep EEA 
PLSR indicated that all EEA variables, except LAP, coordinated along the same axis, LAP 
coordinated perpendicular to the other EEA variables (Fig 4h). The surface EEA PLSR indicated 
that enzyme activities positively respond to NDVI, clay%, and SAGAWI, and NO3, Zn, and TN 
concentrations (Fig 4g). The deep EEA PLSR indicated that enzyme activities positively 
responded to NDVI, clay%, and SAGAWI, and a large number of geochemical factors (Fig 4h). 
Regardless of the shifting relationships between the EEA variables and the geochemical factors, 
SAGAWI, NDVI, and clay% were consistently and positively related to enzyme activity at both 
surface and deep soil horizons.  
 

3.3 Spatial distribution of potential EEA 
 

All IDWopt maps of enzyme activities and geochemical factors used 22 maximum and 10 
minimum neighbors, and had powers of 1, except NO3 with a power of 2.45 (Table S3). Mean 
errors approached zero for all, except BG and NO3, with errors of 1.14 nmol hr-1 g-1 and -5.68 ug 
g-1; RMSE varied for each map, with a minimum of 0.02 ug g-1 for Zn and 111.36 ug g-1 for NO3 
concentration. For the IDW maps, we focused on BG and LAP activity, as BG represented the 
behavior of CB, XYL, AG, NAG, and PHOS, and LAP responded to different environmental 
variables compared to the other measured enzymes based on the PLSR results. The spatial 
patterns of EEA as suggested by IDW interpolation showed highest activity in convergent areas 
(Fig. 5). BG activity was highest in the convergent zone and at the catchment outlet (Fig. 5a), 
and was greatest throughout the lowest elevations of the catchment. Coincident with BG activity, 
SAGA WI (Fig. 5c) and NDVI (Fig. 5d) and clay content (Fig. 5e) were all highest throughout 
the convergent zone. LAP activity was highest in the convergent zone, but the greatest LAP 
activity was found at mid elevation sites in the convergent zone, and centered on sites Q, O, and 
H (Fig. 5b). LAP activity was spatially coincident with multiple geochemical factors, including 
TN (Fig. 5f), NO3 (Fig. 5g) and Zn (Fig. 5h) concentration in the soil. TN and NO3 were highest 
at sites Q and O, and D; Zn was highest at site O and throughout the western facing side of the 
catchment.  

 

4. DISCUSSION 
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4.1 What influences EEA? 
 

We found positive correlations between C, N and P extracellular activities and SAGA WI 
in the burned sites. Topography exerts strong influence over microbial enzyme activities, with 
the highest C-, P- and N- enzyme activities in convergent areas of the landscape (Fig. 3; Du et 
al., 2015; Lybrand et al., 2018; Moore et al., 2004). Landscape position has been shown to be a 
strong driver of microbial biomass and community composition due to its control over variations 
in water and nutrient flow from planar to convergent zones (Brockett et al., 2012; Du et al., 
2015; Liu et al., 2009; Nemergut et al., 2005). We did not see appreciable differences in nutrient 
loadings or moisture content in convergent, depositional zones (Table 2.), but still found strong 
correlations between these environmental drivers in the PLSR analysis (Fig. 4). Higher activities 
could be the result of decreased substrate limitation driven by plant inputs and water availability 
(Fig 4c-f; Fig. 5a-c). While we did not directly measure microbial biomass, other studies have 
shown that the increase in substrate availability in convergent zones supports higher microbial 
biomass and altered community composition, which may explain the higher enzyme activities 
(Liu et al., 2009; Du et al., 2015).  

 
Extracellular enzyme activities correlated more strongly with broad topographic variables 

such as SAGA WI and NDVI, and with soil physical properties such as % clay content, than with 
soil solute geochemistry (Figs. 4 and 5). We found that all enzymes assayed, with the exception 
of LAP, were similarly correlated with one another and responded primarily to % clay content, 
NDVI and SAGA WI (Fig. 5c) at both surface (0-5 cm) and deep (5-40 cm) soil intervals (Fig. 
4g, 4h). NDVI co-varies with soil wetness index, where higher potential soil water content 
promotes greater above-ground and below-ground productivity and enzyme activities (Wang et 
al. 2007). We found a positive correlation between % clay content and potential EEA (Fig. 4 c-
h). Greater clay content can increase water holding capacity through greater surface area and 
pore volume and may act to stabilize enzymes due electrostatic and van der Waals forces, 
hydrogen bonding, and physical entrapment (Schimel et al., 2017; Taylor et al., 2002; van 
Loosdrecht et al., 1990). Leucine-aminopeptidase (LAP), an N-mineralizing enzyme, responded 
differently than other enzymes and was more positively correlated with TN and Zn (Fig. 5c). The 
co-occurrence of Zn as a correlate of enzyme activity for the C- and N-mineralizing enzymes 
assayed was initially surprising; however, Zn increases enzyme efficiency (Chapin and Eviner, 
2013) and is central to the molecular structure of the enzyme LAP (Burley et al., 1990). Aside 
from Zn and NO3 (Fig. 4), solute geochemistry was not a strong correlate of surface EEA.  
 

4.2 EEA differences from surface to deeper soils  
 

Vertical distribution of C, N, and P enzyme activities has been reported in several forest 
soils ranging from tropical forests, to Mediterranean evergreen forests and temperate forests, to 
boreal ecosystems (Andersson et al., 2004; Prietzel, 2001; Stone et al., 2014; Trasar-Cepeda et 
al., 2000; Wittmann et al., 2004). In this sub-alpine mixed conifer forest, fire altered the nutrient 
acquisition strategies with depth (Fig. 3). Many soil properties vary as a function of depth, with a 
general decrease in substrate availability, changes in substrate stoichiometry, and lower 
microbial biomass in deeper soils (Fierer et al., 2003; Šnajdr et al., 2008). As a result, biological 
activity in soil is most pronounced and largely concentrated in the topsoil (Ekschmitt et al., 
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2008a; Rumpel and Kögel-Knabner, 2010; Spielvogel et al., 2008; Stone et al., 2014). In this 
study, enzyme activities declined with depth in burned sites for all of the enzymes assayed with 
the exception of NAG and PHOS (Fig. 2, p < 0.05). The variation among specific enzyme 
activities at different soil depths reflects multiple factors, including the concentration of plant 
and microbe-derived compounds, the abundance and functional capacity of microorganisms, as 
well as preferential stabilization of microbial C by soil minerals (Ekschmitt et al., 2008a, 2008b; 
Šnajdr et al., 2008; Stone et al., 2014).  

C:P and N:P enzyme activity ratios decreased with depth in the burned soils (Fig. 3). 
Phosphorus-mineralizing (PHOS) enzymes are produced by bacteria, fungi and plant roots and 
transform complex organic P into assimilable phosphate by the cleavage of a phosphate group 
(Burns et al. 1982) and is regulated by the nutrient demand of plants and microbes (Antibus et 
al., 1992, Sinsabaugh et al., 1993). PHOS activity typically depends on P demand from plants 
and microbes, organic P substrate availability, and P limitation in soil. Previous work from 
mixed conifer forests in the Colorado Rocky Mountains, U.S. shows that PHOS in surface soil 
declines with increasing fire severity and the loss of vegetation (Knelman et al. 2015). Fire 
effects on P availability vary where some studies show increased P availability (e.g. Dyrness et 
al., 1989; Hauer and Spencer, 1989; Saa et al. 1993; Romanyà et al. 1994), others show 
decreased P availability (Carreira et al. 1996) or dependence on burn severity (Ketterings and 
Bigham, 2000). Fire can cause a release in inorganic P due to release of orthophosphates from 
organic matter. Availability can be decreased by adsorption to newly exposed or created Fe and 
Al hydrous oxide surfaces or precipitation with Ca. On the other hand, P availability could be 
increased by increases in pH, causing desorption from Fe and Al hydrous oxide surfaces. Shifts 
in enzyme C:P ratios with depth suggest higher potential P acquisition in deeper layers following 
wildfire (Fig 3, p < 0.05). NAG (an enzyme involved in mining key nutrients of microbial cell 
walls) and PHOS did not decrease with soil depth in response to fire (Fig. 2, p < 0.05). The shifts 
in enzyme C:P and N:P acquisition strategies with depth (Fig. 2, p < 0.05) suggest potential 
nutrient scavenging or increased internal microbial cycling with depth as a response to fire. 

 
We observed increased enzyme C:N ratios post-wildfire in contrast with reference soils 

(Fig. 2). These differences in C:N ratios have been used as an indicator for the allocation of 
resources toward C or N acquisition, demonstrating an overall shift in strategy toward N 
acquisition in burned soils (Sinsabaugh et al., 2009). We expected that microbes responding to 
fire disturbance in early succession may be co-limited by both C and other macronutrients such 
as N (e.g Knelman et al. 2015). Our results indicate that even shortly following fire disturbance, 
enzyme changes alongside rapid shifts in nutrient availability characteristic of post-fire 
succession and respond, not just in surface soils, but effects can be seen in deeper (5-40 cm) 
soils. Previous studies have found that in high-severity forest fire soils that enzyme C:N activity 
values increased (Knelman et al. 2015). Fire causes selective heat induced mortality to fungal 
communities, altering the ratio of bacteria:fungi. These trends could reflect a shift in the ratio of 
fungi to bacteria as a response to fire (DeBano et al. 1998), with potentially higher fungal 
biomass - in deeper soils (Smithwick et al., 2012). We argue that shifts in the ratios of C, N, and 
P EEA indicate a shift in microbial nutrient allocation patterns with depth soon after fire, and 
reflects intensified nutrient recycling in burned, deep soils in response to fire. 

 
At depth, TOC and a large number of geochemical factors including Na, Zn, Ni, Cr, Cu, 

Fe, Mn and Co become more important in terms of explanatory variables of EEA.  This may be 
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due to differential controls on enzyme efficiencies, upregulation of enzymes in response to 
limited nutrient availability, substrate binding, and enzyme immobilization that may differ from 
surface to deeper profile (Burns 1982, Burns et al. 2013). The differential drivers between 
surface and deep enzyme activities may be coincident with release of N after wildfire, consistent 
with surface fire effects typically seen in forested soils (Dooley and Treseder 2012; Holden and 
Treseder 2014; Knelman et al. 2015). Indeed, LAP activity coincided most strongly with N 
availability (Fig. 4e). We expected fire effects to be most apparent in surface soils, and in fact, 
surface BG activity decreased. Despite shifts in explanatory geochemical variables with depth, at 
the scale of the burned catchment NDVI, % clay content, and SAGA WI remained the primary 
explanatory variables describing enzyme activities, indicating that these variables exert 
fundamental landscape-scale control of biogeochemical cycling, even with widespread and high-
severity disturbance. 

 
Inverse distance weighting revealed spatial co-occurrence of these peak activity levels 

with increased SAGA WI, NDVI, TN and NO3 concentrations (Fig. 5). Landscape position in 
this watershed was important for shaping the C-, N- and P- acquiring activities of microbial 
communities, where soil wetness stands out as a key factor (Figs 4 and 5).  This is consistent 
with prior investigations revealing soil moisture controls on microbial biomass and soil 
respiration (Bowden et al., 1998; Jauhiainen et al. 2008; Wang et al., 2013).  Interestingly, Zn 
was found to spatially co-occur with enzyme activity (Fig 5a, b and h).  While TOC did not have 
a significant effect on determining the spatial distribution of enzyme activities throughout the 
watershed (Fig. 3; Fig 5.), TOC was found to be a significant correlate at depth (Fig 4h). This 
discrepancy between surface and deep correlates of enzyme activities may be a result of 
differential and stronger effects of fire at the soil surface. 

5. CONCLUSIONS 
 

We characterized the activities of seven hydrolytic enzymes involved in key nutrient 
transformation steps in order to identify spatial heterogeneity and environmental determinants of 
microbe-mediated biogeochemical cycling in a post-fire sub-alpine forest watershed.  The 
application of spatial interpolation techniques, which enabled integration of point-scale 
functional measurements of microbial activities with landscape topography, revealed topographic 
controls on enzyme activities at the landscape scale. Direct fire burn effects were most 
pronounced for the enzyme BG at the surface and resulted in a shift in nutrient acquisition ratios 
at depth for C:P and N:P, indicating that fire effects on nutrient allocation strategies and 
microbial communities are not limited to surface soils. The analysis also indicated superimposed 
soil chemical influences (e.g., Zn effects) that should be considered in future studies. Further 
integration of soil science, ecosystem ecology, and microbiology through modeling, which 
requires this kind of explicit up-scaling from point measurements, is essential for building a 
predictive framework of terrestrial biogeochemical cycling in the face of ongoing anthropogenic 
change.  
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     FIGURES AND TABLES 
 

 
Figure 1. Location of soil sampling sites in mixed-conifer forest. Panel A) shows the location of 
the study catchment within the Valles Caldera National Preserve, and relative positioning at the 
base of Redondo Dome. Panel B) indicates the catchment perimeter and soil pit locations. 
Convergent sites are designated as 2,B,C,E,F,G,H,I,L,M,O (n=11)  planar sites are 
1,3,4,5,6,A,D,J,K,P,Q (n=11). 
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Site 
Nam
e 

Area 
(km2)
a 

Locationa Elevatio
n (m)a 

Aspect
a 

Slopea 
(degrees) 

MAT°
C 

MAP 
(mm 
yr-1) 

Parent Materiala 

Fractional 
contribution 
 

Soil texture 
(%Sand,%Silt, 
%Clay) 

LA
Ib 

Vegetation
c 

Rhyoda
cite 

Bandeli
er Tuff 

Jeme
z 
River 
Basin 
ZOB 

0.15 
106°33’23”
W, 
35°52’19”N 

3027 15.46 9.0 (0.0-
35.1)d 4.69 650-

940 0.47 0.53 41, 25, 34 

1.2 
+ 
0.0
1 

Mixed 
Conifer 

a Vasquez-Ortega et al. 2013 
b Stielstra 2012 
c Muldavin and Tonne, 2003 
d Average values are followed by range values in parenthesis 
 
 
Table 1. Catchment characteristics for the Jemez River Basin 2013 burned zero order basin. 
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Figure 2.  Enzymatic activity with depth for enzymes assayed at 15°C involved in carbon (α-
glucosidase [AG], β-1,4-glucosidase [BG], β–D-cellobiohydrolase, [CB] and β-xylosidase 
[XYL]), nitrogen (β-1,4,N-acetylglucosaminidase, [NAG] and leucine-aminopeptidase [LAP]) 
and phosphorus acquisition (acid phosphatase [PHOS]). The results of the two-way ANOVA 
examining the effects of burn status (B), depth (D) and their interaction (B:D) are also presented 
in the figure. The symbols “*”, “**”, and “***” represent the significant levels of p<0.05, 
p<0.05 and p<0.001, respectively. Full ANOVA results can be found in Supplementary Table 7. 
Data points represent log-transformed activity data across burn (n=22) vs unburned (n=3). Error 
bars represent mean + the standard error. 
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Figure 3. Enzyme nutrient stoichiometric ratios as a function of depth and burn status assayed at 
15°C. Observations are ratios of carbon (BG+CB+AG+XYL), nitrogen (NAG+LAP) and 
phosphorus (PHOS) acquiring enzymes. The results of the two-way ANOVA examining the 
effects of burn status (B), depth (D) and their interaction (B:D) are also presented in the figure. 
The symbols “*”, “**”, and “***” represent the significant levels of p<0.05, p<0.05 and 
p<0.001, respectively. Full ANOVA results can be found in Supplementary Table 8. Data points 
represent log-transformed activity data across burn (n=22) vs unburned (n=3). Error bars 
represent mean + the standard error.  
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Table 2. Soil properties as a function of depth from burned (n=22) and unburned sites (n=3). 
Values are mean + standard error of the mean. Letters indicate TukeyHSD post hoc significance 
test results (p<0.05) among treatments. Values are mean + standard error of the mean. Letters 
indicate TukeyHSD post hoc significance test results (p<0.05). Letters indicate TukeyHSD post 
hoc significance test results (p<0.05) among treatments within each variable. Full ANOVA 
results can be found in Supplementary Table 9. 
 
 

De
pth 

Burn 
Statu
s 

n 

TOC TN Total 
P TIC C:N C:P N:P pH EC GWC 

ug/g 
dry 
soil 

ug/g 
dry 
soil 

ug/g 
dry 
soil 

ug/g 
dry 
soil 

    uS.cm % 

0-2 
cm 

Burne
d 22 

477.5
3 + 
85.44b 

136.6
8 + 
23.17b

c 

14.92 
+ 
2.92b 

309.7
5 + 
39.16a 

1.26 + 
0.04b 

2.67 + 
0.24a 

2.18 + 
0.23b 

7.75 + 
0.11a 

978.7
6 + 
148.8
1a 

54.01 
+ 
7.40a 

Unbur
ned 3 

3541.
32 + 
1845.
81a 

354.1
3 + 
184.5
8a 

43.85 
+ 
10.95a 

301.8 
+ 
45.70a

b 

1.41 + 
0.04ab 

2.25 + 
0.44a 

1.61 + 
0.36ab 

7.31 + 
0.10ab 

387.1
5 + 
228.1
9abc 

27.3 + 
12.77a

b 

2-5 
cm 

Burne
d 22 

922.2
4 + 
335.9
1b 

179.2
0 + 
35.18a

b 

10.55
6 + 
3.13b 

111.2
5 + 
28.57b

c 

1.26 + 
0.05b 

10.54 
+ 
4.79a 

8.58 + 
4.20a
b 

6.78 + 
0.12b 

409.4
3 + 
66.87b 

26.49 
+ 
5.34a 

Unbur
ned 3 

733.2
14 + 
377.3
0ab 

73.32 
+ 
37.73b

cd 

2.64 + 
2.16bc 

71.31 
+ 
33.36b

cd 

1.59 + 
0.08ab 

32.76 
+ 
26.85a 

20.66 
+ 
17.03a

b 

6.97 + 
0.04ab

cd 

199.3
0 + 
61.07b

c 

17.62 
+ 
4.33ab 

5-
10 
cm 

Burne
d 22 

488.2
4 + 
382.8
8b 

27.23 
+ 
7.08d 

1.246 
+ 
0.53c 

6.31 + 
2.17d 

1.61 + 
0.17ab 

83.49 
+ 
49.84a 

42.29 
+ 
13.56a

b 

5.74 + 
0.18cd

e 

298.1
1 + 
61.16b

c 

15.68 
+ 
1.76b 

Unbur
ned 3 

121.4
3 + 
54.51b 

12.14 
+ 
5.45bc

d 

0.12 + 
0.10bc 

4.57 + 
1.88cd 

2.03 + 
0.23ab 

158.5
3 + 
75.11a 

75.73 
+ 
33.46a

b 

6.99 + 
0.11ab

c 

148.5
7 + 
56.48b

c 

10.46 
+ 2.3b 

10-
20 
cm 

Burne
d 22 

20.26 
+ 
4.59b 

6.38 + 
1.66d 

0.17 + 
0.06c 

1.75 + 
0.34d 

2.19 + 
0.33ab 

75.20 
+ 
23.97a 

42.13 
+ 
11.85a

b 

5.59 + 
0.17de 

130.5
3 + 
26.40b

c 

15.11 
+ 
2.09b 

Unbur
ned 3 

107.9
2 + 
45.16b 

10.79 
+ 
4.52bc

d 

0.04 + 
0.03bc 

3.18 + 
0.66cd 

2.16 + 
0.35ab 

328.4
7 + 
158.6
4a 

141.4
8 + 
57.82a

b 

6.99 + 
0.03ab

c 

85.57 
+ 
20.22a

bc 

9.28 + 
2.62b 

20-
30 
cm 

Burne
d 22 

10.72 
+ 
1.30b 

2.88 + 
0.38d 

0.07 + 
1.12c 

0.93 + 
0.10d 

2.33 + 
0.32a 

148.9
3 + 
59.38a 

67.47 
+ 
28.33a

b 

5.54 + 
0.16e 

75.57 
+ 
9.47b
c 

13.33 
+ 
1.79b 

Unbur
ned 3 

85.12 
+ 
25.26b 

8.512 
+ 2.52 
cd 

0.04 + 
0.02bc 

2.58 + 
0.28cd 

2.04 + 
0.13ab 

289.2
5 + 
210.7
7a 

152.1
0 + 
115.8
6a 

6.42 + 
0.33ab

cde 

45.83 
+ 
6.48b
c 

9.15 + 
2.35b 
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30-
40 
cm 

Burne
d 22 9.02 + 

0.90b 
2.57 + 
0.32d 

0.07 + 
0.01c 

0.80 + 
0.11d 

2.08 + 
0.16ab 

91.27 
+ 
24.09a 

43.85 
+ 
10.99a

b 

5.50 + 
0.14e 

70.23 
+ 
8.36c 

12.53 
+ 
1.03b 

Unbur
ned 3 

85.12 
+ 
16.96b 

3.961 
+ 1.7 
cd 

0.03 + 
0.02bc 

1.74 + 
0.47cd 

2.46 + 
0.22ab 

284.3
9 + 
207.4
0a 

111.4
1 + 
77.93a

b 

6.02 + 
0.33bc

de 

56.23 
+ 
3.78bc 

10.55 
+ 
2.24b 
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Figure 4. Principal component analysis (PCA) and partial least squares regression (PLSR) biplot 
results, see Table 3 and supplemental tables S2 and S3 for summary results. A) EEA PCA biplot, 
PC1 explained 70.3% of the variance in the EEA dataset, and PC2 explained 14.5% of the 
variance. All enzymes aligned along the same axis, except LAP. B) Geochemical PCA biplot, 
PC1 explained 49.6% of the variance and PC2 explained 13.5% of the variance in the 
geochemical dataset, all variables aligned along the same axis. C) EEA PLSR, including all 
measured enzyme activities; the enzymes were positively related to NDVI, SAGA wetness 
index, clay content, and Zn, except LAP, which was most responsive to total nitrogen (TN). D) C 
EEA PLSR, included only the C-mineralizing enzymes; the C-mineralizing enzymes exhibited 
similar responses as in part C. D) N EEA PLSR, included only the N-mineralizing enzymes; 
NAG behaved similarly to the C-mineralizing enzymes. LAP was most responsive to Zn and 
total nitrogen (TN).  F) PHOS EEA PLSR, included only the P-mineralizing enzymes; PHOS 
responded to the same variables as the C-mineralizing enzymes. G) EEA Surface (0-5 cm). After 
fire, all enzyme activity aligned along the same axis, and was positively related to NDVI, SAGA 
wetness index, and clay.  PLSR H) EEA Deep (5-40 cm) PLSR. All C- and P-mineralizing, and 
NAG enzymes responded positively to NDVI, SAGA wetness index, and clay content, as well as 
a suite of geochemical variables. LAP aligned along a different axis and was most positively 
related to suite of geochemical and topographic variables. 
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Table 3. Partial least squares regression (PLSR) result summary table for each of the presented 
PLSR biplots presented in Fig 4c-h. The root mean square error of prediction (RMSEP) indicates 
the relative error in the PLSR for each variable, and the coefficient of determination (R2) 
indicates the ability of the PLSR to explain the variability for each enzyme. The % variance 
explained represents the proportion of the variation that the included components, generated 
from the explanatory variables, explain for each of the included enzymes. 
 

PLSRa No. of 
Components Variables RMSEPb R2c % Variance 

Explained 

All EEA 2 

Xd - - 49.37 
BG 0.94 0.25 36.88 
CB 1.20 0.18 31.17 
XYL 1.07 0.20 33.38 
AG 1.21 0.06 20.62 
NAG 1.03 0.13 25.74 
LAP 1.07 0.25 34.84 
PHOS 0.86 0.19 32.41 

Carbon EEA 2 

Xd - - 51.05 
BG 0.93 0.32 42.04 
CB 1.20 0.27 38.15 
XYL 1.06 0.27 38.83 
AG 1.21 0.16 29.16 

Nitrogen EEA 4 
Xd - - 62.35 
NAG 1.05 0.11 37.56 
LAP 0.89 0.48 58.27 

Phosphorus EEA 2 Xd - - 46.18 
PHOS 0.84 0.29 39.06 

Surface EEA 3 

Xd - - 64.86 
BG 0.84 -0.02 56.22 
CB 1.25 0.05 58.23 
XYL 1.48 -0.57 44.97 
AG 1.33 -0.19 62.16 
NAG 1.08 0.05 44.68 
LAP 0.66 0.03 54.25 
PHOS 0.99 -0.04 52.73 

Deep EEA 2 

Xd - - 35.23 
BG 0.97 0.07 38.58 
CB 1.22 0.04 31.81 
XYL 1.08 0.04 41.33 
AG 1.17 0.00 29.9 
NAG 1.03 0.03 31.22 
LAP 1.06 0.09 28.46 
PHOS 0.89 0.03 36.94 

aPartial Least Squares Regression    
bRoot mean square error of prediction    
cCoefficient of determination     
dExplanatory variables in the partial least squares regression  
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Figure 5. Inverse distance weighting (IDW) maps for A) BG and B) LAP. C) Calculated SAGA 
Wetness index for the MC ZOB, using the 10m DEM. D) Measured NDVI for the MC ZOB 
using NAIP imagery. E) IDW map for clay content. F) IDW map for total nitrogen (TN). G) 
IDW map for nitrate (NO3) concentration. H) IDW map for zinc (Zn) concentration.  
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Energy Source Enzyme Abbreviation Substrate Function 

Carbon-acquisition 

b-Glucosidase BG 4-MUB-b-D-
glucopyranoside 

Sugar Degradation: Releases 
glucose from cellulose 

b-D-
Cellobiohydrolase 

CB 4-MUB-b-D-cellobioside Cellulose Degradation: Releases 
disaccharides from cellulose 

a-Glucosidase AG 4-MUB-a-D-
glucopyranoside 

Sugar Degradation: Releases 
glucose from soluble saccharides 

Xylosidase XYL 4-MUB-b-D-
xylopyranoside 

Hemicellulose Degradation: 
Degrade hemi-cellulose 

Nitrogen-acquisition 

N-acetyl-b-
glucosaminidase 

NAG 4-MUB-N-acetyl-b-D-
glucosaminide 

Chitin Degradation 

Leucine 
aminopeptidase 

LAP L-leucine-7-amino-4-
MUC-hydrochloride 

Protein Degradation: Degrades 
protein into amino acids 

Phosphorus-
acquisition 

Phosphatase PHOS 4-MUB-phosphate Phosphorus Mineralization: 
Releases phosphate ions from 
phosphate group 

 
Supplementary Table 1. Characteristics of enzymes assayed in this study.  
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Eigen Vectors PC1 PC2 PC3 PC4 PC5 PC6 PC7 
BG.ln -0.422 0.193 -0.159 0.015 0.127 0.105 0.855 
CB.ln -0.398 0.062 -0.603 -0.421 0.390 -0.129 -0.357
XYL.ln -0.407 -0.141 0.363 -0.007 -0.098 -0.820 0.015
AG.ln -0.403 -0.105 0.328 -0.576 -0.452 0.420 -0.088
NAG.ln -0.400 -0.111 -0.403 0.583 -0.529 0.093 -0.191
LAP.ln -0.149 0.922 0.228 0.130 -0.023 0.014 -0.240
PHOS.ln -0.392 -0.255 0.397 0.366 0.581 0.337 -0.196
Eigen Values 4.920 1.014 0.346 0.246 0.200 0.176 0.099 
Pct. Variance 70.3 14.5 4.9 3.5 2.9 2.5 1.4 
Cumulative Pct. 
Variance 70.3 84.8 89.7 93.2 96.1 98.6 100.0 

Supplementary Table 2. EEA PCA Results with the eigen vectors and values, and the variance 
explained by each principal component in the EEA dataset. 



Eigen 

Vectors 
PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10 PC11 PC12 PC13 PC14 PC15 PC16 PC17 PC18 PC19 PC20 

TIC -0.276 0.158 -0.152 0.153 -0.214 0.082 -0.081 0.005 -0.248 0.215 -0.072 0.085 -0.124 0.063 -0.045 0.099 -0.065 -0.481 -0.628 -0.106

TOC -0.271 -0.223 -0.174 -0.116 -0.002 0.095 -0.153 0.119 -0.003 -0.005 0.158 -0.037 -0.271 0.297 -0.361 0.084 0.114 0.609 -0.248 -0.124

TN -0.257 -0.024 0.325 -0.022 0.161 0.154 -0.062 0.114 -0.097 -0.194 0.345 -0.008 0.008 0.301 0.372 0.557 0.056 -0.156 0.145 -0.083

Clay -0.019 0.007 0.295 -0.537 -0.587 0.141 -0.055 -0.483 0.052 0.040 0.083 -0.085 -0.064 -0.009 -0.008 -0.003 0.000 -0.011 0.021 0.008

EC -0.265 0.243 -0.029 -0.137 0.157 -0.232 -0.164 -0.089 -0.044 -0.042 -0.206 -0.122 -0.040 0.024 -0.420 0.220 -0.570 -0.097 0.324 -0.105

Na -0.260 0.114 0.162 -0.060 0.047 0.126 0.482 -0.027 0.195 -0.172 0.043 0.484 0.424 -0.135 -0.309 0.088 0.003 0.075 -0.165 -0.013

Mg -0.281 0.214 -0.092 -0.050 -0.081 -0.092 0.161 0.105 -0.095 0.251 0.183 0.128 -0.118 -0.141 0.187 -0.287 0.128 0.051 0.311 -0.651

Ca -0.291 0.182 -0.054 -0.039 -0.024 -0.029 0.124 0.098 -0.196 0.275 0.168 0.141 -0.235 0.033 -0.136 -0.075 0.236 -0.075 0.305 0.674

K -0.284 0.196 0.018 0.055 -0.217 -0.059 0.000 0.195 0.065 -0.079 0.045 -0.085 0.151 0.055 0.463 -0.251 -0.507 0.341 -0.168 0.254

P -0.217 0.080 0.020 0.310 -0.440 0.047 -0.452 0.182 0.098 -0.300 -0.315 0.120 0.139 -0.139 -0.071 0.077 0.316 0.035 0.231 -0.010

NO3 -0.097 0.119 0.433 -0.268 0.409 -0.250 -0.461 -0.040 -0.174 0.047 -0.105 0.202 0.094 -0.090 0.055 -0.265 0.190 0.072 -0.239 0.022

SO4 -0.198 0.277 -0.235 -0.203 0.087 -0.377 0.250 -0.110 0.177 -0.363 -0.134 -0.395 -0.099 -0.063 0.137 0.112 0.381 -0.027 -0.184 0.038

pH -0.209 0.056 0.005 0.497 0.138 -0.066 -0.169 -0.602 0.362 0.225 0.279 -0.098 0.107 0.057 -0.007 -0.045 0.058 0.052 0.005 0.020

Cr -0.167 -0.468 0.033 0.016 -0.023 -0.275 -0.043 0.016 0.204 -0.161 0.183 0.237 -0.425 -0.521 0.079 0.072 -0.181 -0.115 -0.060 0.060

Mn -0.207 -0.202 -0.322 -0.095 0.185 0.256 0.037 -0.389 -0.170 0.056 -0.502 0.277 -0.035 -0.005 0.365 0.127 -0.012 0.159 0.111 0.043

Fe -0.075 -0.408 0.111 0.162 -0.237 -0.591 0.209 -0.115 -0.420 0.032 -0.065 -0.008 0.279 0.241 -0.030 0.028 0.045 0.049 0.039 -0.022

Co -0.201 -0.310 -0.291 -0.263 0.058 0.022 -0.147 0.070 0.271 -0.185 0.093 0.072 0.213 0.392 -0.018 -0.417 0.001 -0.417 0.099 0.009

Ni -0.251 -0.271 -0.076 -0.177 0.061 0.143 -0.071 0.195 -0.002 0.386 0.023 -0.446 0.446 -0.426 -0.022 0.157 0.068 -0.012 -0.012 0.041

Cu -0.232 -0.124 0.231 0.215 0.126 0.367 0.158 -0.143 -0.378 -0.401 -0.001 -0.341 -0.127 -0.145 -0.146 -0.388 -0.023 -0.063 0.030 -0.020

Zn -0.171 -0.152 0.459 0.081 0.022 0.022 0.238 0.187 0.412 0.297 -0.481 -0.134 -0.254 0.233 0.014 -0.063 0.035 -0.067 0.005 -0.040
Eigen 

Values 
9.918 2.704 2.143 1.191 1.009 0.799 0.660 0.413 0.308 0.258 0.223 0.110 0.077 0.067 0.050 0.030 0.015 0.013 0.008 0.004 

Pct. 

Variance 
49.6 13.5 10.7 6.0 5.0 4.0 3.3 2.1 1.5 1.3 1.1 0.6 0.4 0.3 0.3 0.1 0.1 0.1 0.0 0.0 

Cumulati

ve Pct. 

Variance 

49.6 63.1 73.8 79.8 84.8 88.8 92.1 94.2 95.7 97.0 98.1 98.7 99.1 99.4 99.6 99.8 99.9 99.9 100.0 100.0 

Supplementary Table 3. Geochemical PCA results with the eigen vectors and values, and the variance explained by each principal 

component explained in the EEA dataset. 
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Variable Power Sector Search Radius (m) 
Mean 
Error RMSE 

BG (nmol/hr/g) 6.0 1 100 -1.14 9.23 
LAP 
(nmol/hr/g) 1.0 1 150 -0.09 7.25 
TN (μg/g) 1.0 1 150 -1.04 15.53 
Clay (%) 3.8 1 200 0.50 6.85 
NO3 (μg/g) 2.5 1 100 -5.49 103.89 
Zn (μg/g) 1.1 1 125 0.00 0.02 

Supplementary Table 5. IDW Results associated with Fig 5a, 5b, 5e-h, respectively. Included 
are: the power used in the IDW, the number of sectors in the search area, the radii of the search 
areas, and the mean error and the root mean square error of the interpolated surface at each of the 
measured pedons. 
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Depth Treatment BG CB AG XYL NAG LAP PHOS C:N C:P N:P 
0-2 cm Unburned 211.01 + 

49.22a 
51.15 + 
25.16ba 

19.23 + 
8.08ab 

28.62 + 
6.84a 

47.50 + 
16.00a 

15.11 + 
0.76abcd 

134.40 + 
26.59a 

3.11 + 
1.25 

5.12 + 
0.77ab 

2.37 + 
0.50ab 

Burned 40.66 + 
11.83b 

21.72 + 
8.67b 

12.84 + 
4.33ab 

16.88 + 
5.75ab 

21.38 + 
7.80b 

49.14 + 
15.83a 

37.08 + 
8.02ab 

0.97 + 
0.07 

1.49 + 
0.18a 

1.43 + 
0.21a 

2-5 cm Unburned 44.27 + 
14.61abcd 

5.02 + 
1.38abc 

2.16 + 
0.33abc 

3.74 + 
0.60ab 

18.48 + 
7.49ab 

4.96 + 
0.35abcde 

67.75 + 
8.67ab 

4.01 + 
1.32 

2.44 + 
0.24abc 

0.78 + 
0.18abc 

Burned 39.07 + 
10.70bc 

16.69 + 
6.09b 

5.19 + 
1.61ab 

7.63 + 
3.06ab 

17.23 + 
4.74ab 

34.06 + 
8.99ab 

55.27 + 
17.60ab 

2.31 + 
1.13 

1.93 + 
0.71a 

1.49 + 
0.29a 

5-10 cm Unburned 10.81 + 
1.91bcdef 

1.19 + 
6.09bc 

1.23 + 
0.46abc 

3.90 + 
1.84ab 

3.64 + 
1.03b 

3.20 + 
0.49bcde 

20.27 + 
2.90ab 

2.37 + 
0.21 

2.50 + 
0.10abc 

0.88 + 
0.21abc 

Burned 26.13 + 
5.18bcde 

5.92 + 
1.32bc 

4.46 + 
1.40ab 

6.03 + 
1.25ab 

19.41 + 
5.10ab 

12.84 + 
2.66bc 

61.67 + 
12.73ab 

1.31 + 
0.17 

0.74 + 
0.08abc 

0.77 + 
0.15abc 

10-20 
cm 

Unburned 6.55 + 
2.32bcdef 

1.08 + 
0.55bc 

0.68 + 
0.27abc 

1.92 + 
0.36ab 

3.86 + 
2.17b 

1.48 + 
0.76bcde 

17.85 + 
7.22ab 

3.51 + 
1.30 

3.22 + 
1.46abc 

0.77 + 
0.25abc 

Burned 17.90 + 
4.07bcdef 

5.62 + 
1.68bc 

3.20 + 
0.75ab 

7.75 + 
2.55ab 

14.17 + 
3.63b 

8.05 + 
1.82cde 

68.01 + 
14.41ab 

1.53 + 
0.21 

0.48 + 
0.04bc 

0.44 + 
0.07bc 

20-30 
cm 

Unburned 2.21 + 
0.35cdef 

0.75 + 
0.26bc 

0.35 + 
0.11bc 

2.05 + 
0.67ab 

1.42 + 
0.69b 

3.04 + 
2.62cde 

12.11 + 
5.46ab 

2.30 + 
1.31 

2.31 + 
1.30abc 

0.67 + 
0.28abc 

Burned 10.54 + 
2.18def 

2.51 + 
0.63c 

2.29 + 
0.44ab 

5.13 + 
1.29ab 

8.68 + 
1.91b 

4.88 + 
0.72cde 

49.26 + 
12.60ab 

1.47 + 
0.16 

0.48 + 
0.06bc 

0.43 + 
0.08bc 

30-40 
cm 

Unburned 2.91 + 
1.12ef 

0.74 + 
0.28bc 

0.41 + 
0.16bc 

1.14 + 
0.35ab 

0.99 + 
0.64b 

0.64 + 
0.48e 

7.75 + 
2.77b 

2.43 + 
1.00 

2.32 + 
1.05a 

0.98 + 
0.44a 

Burned 8.54 + 
2.40f 

1.83 + 
0.41c 

2.34 + 
0.54ac 

2.91 + 
0.59b 

1.35 + 
3.18b 

3.18 + 
0.50de 

39.31 + 
6.75ab 

1.78 + 
0.28 

0.43 + 
0.06c 

0.41 + 
0.09c 

 
Supplementary Table 6. Mean activity values for enzymes at each depth interval sampled with 
standard error of the mean. Values are mean + standard error of the mean. Letters indicate 
TukeyHSD post hoc significance test results (p<0.05). Letters indicate TukeyHSD post hoc 
significance test results (p<0.05) among treatments within each variable. 
 
 
 
 
 
 
 
 
 
 
 



 

 60 

 
 

Parameter BG.ln CB.ln AG.ln XYL.ln NAG.ln LAP.ln PHOS.ln 

Burn Status 0.99375 0.616 0.11699 0.71002 0.48067 01.63 E-
15 *** 

0.11272 

Depth 2.22E-11 
*** 

1.17E-07 
*** 

0.000126 
*** 

0.00342 
** 

0.00798 
** 

5.40 E -5 
*** 

0.35386 

Burn Status x Depth 0.00162 
** 

0.00805 
 ** 

0.105131 0.2345 0.00142 
** 

0.978 0.00146 
** 

 
Supplementary Table 7. Summary of p-values resulting from mixed-effects analysis of variance 
(ANOVA) of enzyme activities relative to the respective controls. 
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Parameter (BG+CB+AG+XYL): 
(NAG+LAP) 

(BG+CB+AG+XYL): 
PHOS 

(NAG+LAP):PHOS 

Burn Status 5.4E -06 *** 0.0144 * 0.00632 ** 
Depth 0.475 2.04E-08 *** 5.98 E -10 *** 
Burn Status x Depth 0.579 0.02464 * 0.35306 

 
 
Supplementary Table 8. Summary of p-values resulting from mixed-effects analysis of variance 
(ANOVA) of enzyme nutrient acquisition ratios relative to the respective controls. 
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Parameter TOC TN P EC pH C:N C:P N:P 

Burned 
0.2563 0.93622 0.114 0.2733 0.000291 

*** 
0.438 0.00558 

** 
0.00456 
** 

Depth 
0.00167 
** 

2E-16 
*** 

9.80E-16 
*** 

5.52E-16 
*** 

2E-16 *** 9.45E-
05*** 

0.00920 
** 

0.00369 
** 

Burn x Depth 
0.00629 
** 

0.00567 
** 

1.78E-05 
*** 

0.0617 0.019753 * 0.954 0.54452 0.59932 

 
 
Supplementary Table 9.  Summary of p-values resulting from mixed-effects analysis of variance 
(ANOVA) of soil chemical properties activities relative to the respective controls 
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ABSTRACT 
As seasonal precipitation and snowmelt patterns change in the 21st century, the detailed 
interactions of hydrologic flow structure, disturbance regime, and nutrient cycling are key to 
understanding ecosystem climate feedbacks (such as carbon storage and greenhouse gas 
emissions). Microbial communities mediate these feedbacks, and experience trade-offs in 
resource allocation and life history strategies in response to changing conditions. A 
consequential ecosystem for studying these trade-offs is high elevation forests, which are 
important carbon sinks in the Western United States, yet face decreasing snowpack. The 
productivity and disturbance regimes of these water-limited forest ecosystems are largely driven 
by bimodal soil moisture patterns, caused by inflow from snowmelt and summer monsoon. 
These pulses in water and solutes create selective pressures on resident microbiota, representing 
a trade-off in ecological traits through time. The goal of this study was to understand the shifting 
relative contributions of moisture, substrate, topographic, depth, and temperature controls on 
microbial nutrient cycling throughout the soil profile in a high elevation forested watershed over 
seasons. To this end, we sampled two depths (0-10 cm and 30-40 cm) at 4 time points - during 
snowmelt, before-, during- and after the monsoon season - over multiple years across an 
instrumented watershed. We measured the dissolved organic C and N pools, microbial biomass, 
microbial exoenzyme activities involved in C, N, and P cycling to understand microbial 
contribution to water-driven pulses influence changes in microbial ecological traits through time 
and the resulting influence of watershed biogeochemical signals. . We found strong seasonal 
variations in microbes, chemistry, and implicated processes and controls. Concentrations of 
dissolved nitrogen peaked during the spring snowmelt event. CO2 respiration peaked during the 
growing season but was evident under snowpack and at deeper depths. Dissolved organic carbon, 
nitrogen and bulk DNA concentrations increased during the summer growing season. Increase in 
specific enzyme activities of carbon- and nitrogen-acquiring enzymes peaked during the fall 
senescence period and spring snowmelt event. We found evidence for accumulation of enzyme 
products and release during the snowmelt event. Additionally—through random forest machine 
learning models—we reveal the underlying mechanisms that dictate spatial- and depth-related 
functional and community- level controls through time. Reduction in growth was associated with 
increase in microbial resource acquisition strategies according to ecological trait-based theory. 
This study demonstrates how seasonality and snowmelt influence trade off of microbial 
ecological traits through time that impact distribution and response of mobile solute fluxes (e.g. 
nitrogen). These responses are important for understanding community level functional 
ecological dynamics in high-elevation forested catchments. 
Keywords: seasonal forest dynamics; snowmelt; watershed; extracellular enzyme activity; 
mixed-conifer forest, microbe-soil feedback; DOM; carbon source 
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1. INTRODUCTION     
    

1.1 High elevation forests, snowmelt and investigating microbial life history strategies 
 

High-elevation forests are important carbon sinks in the western United states whose 
responses to changing moisture, disturbances such as fire, and temperature regimes hold 
consequences for fluxes of carbon and nutrient dynamics.  Soils hold the largest carbon pool in 
the terrestrial biosphere mediating the transfer of nutrients, storage and cycling of water (Allen et 
al., 2009; Riesenfeld et al., 2004; Stokes & Gillings, 2011). Seasonal moisture availability 
dictates the flow of carbon, facilitating mineral weathering, nutrient cycling, and the exchange of 
water and gas throughout the soil profile and deeper into the critical zone. Understanding 
connections between environmental perturbations and shifts in ecosystem processes such as 
nutrient cycling is vital to predicting ecosystem responses to climate change scenarios. Snowmelt 
events play a significant role in flushing solutes and contaminants, impacting regional net carbon 
balance, nutrient cycling, redox dynamics, and weathering reactions. Rising air temperatures 
have led to a reduction in winter snowpack and earlier snowmelt dates that have altered growing 
season lengths (e.g. Lipson et al., 2000). Understanding the controls of biogeochemical cycling 
in these high elevation forested catchments is crucial for determining the consequences of shifts 
in temperature and moisture regimes in these regions. 

The trade-off of community ecological traits through time holds consequences for soil 
carbon storage and release dictated by intracellular activities of microorganisms that drive global 
biogeochemical cycles. Understanding the changes in microbial life history strategies based on 
an organism’s (or community of organisms) phenotypic characteristics, or traits, is important for 
understanding soil carbon cycling under environmental change. Multiple traits determine 
responses to varying resource availability and fluctuating abiotic conditions that determine 
survival and growth of microorganisms. Soils are complex habitats, where resource distribution 
is temporally and spatially variable, and stressful abiotic conditions exist such as shifts in 
moisture, temperature and pH. Economic theories of microbial enzyme production predict higher 
production levels when complex, rather than simple, forms of the target substrate or nutrient are 
present (Allison & Vitousek, 2005), however, water limitation can constrain enzyme production 
(Allison et al., 2014). Resource limitation can reduce growth yield, by increasing the investment 
into metabolic machinery to degrade and take up complex substrates (Allison, 2014, Lipson 
2015). Enzyme activity measurements are used as an indicator of cellular metabolism 
specifically regulated by resource availability in the environment. Selective pressure on 
microbial communities that impacts growth vs. maintenance activities could impact soil carbon 
cycling. Information on microbial traits and their trade-offs through time is useful in linking 
microbial processes with ecosystem carbon fluxes. 

Snowmelt and seasonality exert selective ecological pressure on microbial communities, 
influencing biogeochemical cycling. During winter, snowpack insulates soil from freeze-thaw 
cycles, resulting in increased soil microbial biomass production, immobilizing nitrogen (Brooks 
et al., 1998). During snowmelt, the microbial biomass pool abruptly collapses resulting in a 
release of N due to a number of proposed mechanisms including: a) hypothesized cell lysis 
during soil freeze-thaw, b) sudden changes in osmotic environment with snowmelt, c) grazing by 
protozoa or mesofauna, d) or mortality and replacement of winter-adapted psychrophiles by 
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summer-adapted mesophiles (Sorensen et al. 2020). The size of the microbial biomass pool not 
only shifts across seasons but is known to differ taxonomically and functionally in winter 
compared to summer. In a community survey, Sorensen et al (2020), found that shifts in 
microbial life history strategies (i.e., winter-adapted, snowmelt-specialist, and spring-adapted) 
were phylogenetically clustered and shared similar trophic modes, and a few select taxa 
contributed disproportionately to the abundance responses.  However, few studies have 
integrated the temporal- and depth- related controls on functional trait trade-offs through time 
and with respect to snowmelt. Here, we examine seasonal exoenzyme activity responses to 
determine the relative importance of dynamic moisture regimes influencing soil carbon and 
nutrient fluctuations and their contributions to soil nutrient cycling and watershed dynamics by 
investigating the controls over growth vs. resource acquisition.  

We hypothesized a seasonal trade-off in microbial functional traits between growth, 
resource acquisition, and stress response that dictate biogeochemical processes. Understanding 
the drivers of microbial functional responses in these ecosystems is important for understanding 
N dynamics and overall landscape level selection of microbial ecologically relevant traits. To 
this end, we examined (i) the seasonal controls over soil microbial carbon and nutrient cycling in 
sub-alpine ecosystems (ii) how functional diversity changes along soil depths (0-10 cm and 30-
40 cm) and through time during episodic moisture pulse events and (iii) the underlying 
mechanisms, revealed by random forest machine learning models, that dictate spatial- and depth-
related functional- and community- level controls through time. 
 

2. METHODS 
 

2.1 Site description and sample collection 
 

Soils were collected from the Jemez River Basin in the mixed conifer forest of Valles 
Caldera National Preserve in northern New Mexico, United States of America. The parent rock 
material consists of Rhyolite and Rhyodacite bedrock.  Soils are broadly classified as Vitric 
argiustolls. The site has recently experienced a mixed-severity burn occurring in 2013 with the 
Thompson Ridge Fire. Samples were taken from a total 12 plots seasonally from two adjacent 
watersheds (six sites from the north-facing and six taken from the south-facing slopes) (Figure 
1A). Samples were collected from similar slope and aspect characteristics derived from GIS data. 
Soil pits were excavated from each site location and samples were taken at the surface (0-10 cm) 
and deep (30-40 cm) depths. Sampling events occurred four times during 2017 during spring 
snowmelt (April 2), before the start of the monsoon season (June 12) and during the monsoon 
season (September 15), and after the monsoon season (October 17). Samples were collected and 
kept on ice until they were refrigerated and shipped to the laboratory for processing. 
 

2.2 Sample processing 
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Field-moist soils were homogenized using 2mm Tyler Standard sieves with roots and 
visible plant material removed manually. A 1:2 mixture of field-moist soil to deionized water 
was used to measure soil pH w(Nicol, Leininger, Schleper, & Prosser, 2008) with a saturated 
KCL solution glass body probe (VWR SympHony™). The gravimetric water content was 
determined by measuring the mass lost from a field-moist soil after drying at 70°C for 48 hours. 
5.0g of oven-dried sample is then transferred to a muffle furnace (Barnstead Thermolyne 30400) 
for determination of soil organic matter content via a mass loss on ignition protocol. The samples 
are heated to 500°C for 4 hours and allowed to cool in the closed furnace overnight. The 
difference in mass is attributed to organic compound oxidation (Hoogsteen et al., 2018). 

2.3 Microbial biomass and soil nutrient measurements 
Water extractable organic carbon (WEOC) and water extractable nitrogen (WEN) 

concentrations were determined following established extraction procedures adapted for use with 
ultrapure water to replace K2SO4 (Lybrand et al., 2018; Moore et al., 2013). In short, 25 mL of 
ultrapure water was added to 5.0 g homogenized sample in a 250 mL Erlenmeyer flask and 
mixed for one hour at 190 rpm on an orbital shaker and vacuum filtered through a 1 μm glass 
fiber filter (Pall Corporation A/E Glass Fiber Filter). A second 5.0 g portion of each sample is 
fumigated with 2 mL ethanol-free chloroform for 24 hours for determination of the microbial 
biomass carbon and nitrogen. After fumigation, the samples are vented for one to two hours until 
dry and extracted with ultrapure water following the same procedure as the WEOC extraction. 
Water blanks are collected for each set of samples run, including a chloroform fumigated water 
blank. Five milliliters of extracted samples were diluted with 15 mL deionized water were 
analyzed for WEOC and WEN concentrations on a Shimadzu total organic carbon (TOC) and 
nitrogen analyzer (Shimadzu 5000). Twenty milliliters of deionized water for each dilution set 
was also analyzed as a blank. WEOC and WEN concentrations were corrected for by subtracting 
the concentrations of each set’s respective water blank. Microbial biomass C was calculated as 
the difference between the fumigated and non-fumigated samples (Lybrand et al., 2018; 
Weintraub et al., 2007) . No extraction efficiency factor was applied in the determination of 
microbial biomass C. 

 
Nitrogen nitrate (N-NO3-) concentrations in the soil were determined using a protocol 

adapted for use in a 96 well plate (Doane and Horwáth, 2003). (Doane & Horwáth, 2003). One 
hundred microliters of water extracted from the WEOC protocol described above were added to 
a 96-well plate in triplicates. A high (0 to 5-ppm) and low (0 to 2-ppm) potassium nitrate (KNO3) 
standard curve were present in triplicate on every third plate run, with check standards of 0.40, 
0.70, 1.00, and 2.00 ppm were present in triplicate on every plate. Check standards should return 
a value close to the same concentration on the standard curve. One hundred microliters of a 2:1:1 
ratio solution of vanadium chloride (VCL3), 2% weight by volume sulfanilamide and HCl 
solution (SULF), and 0.1% weight by volume N-(1-napthyl)-ethylenediamine dihydrochloride 
(NEDD) solution was added to each well, gently shaken to mix, and incubated at room 
temperature (~21˚C) for three hours. The addition of the VCl3/SULF/NEDD reagent caused the 
samples to turn pink in color according to the concentration of nitrate in the sample. The change 
in color was measured on a microplate reader (Biotek Synergy 4, Winooski, VT, USA) at 540 
nm absorbance. 
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Ammonium (NH4+) concentrations were also determined colorimetrically using a 
Berthelot reaction protocol described by Rhine et al. (Rhine et al., 1998) with the samples from 
the WEOC extraction protocol. Similar to the nitrate measurement described above, 70 μL of 
sample and standard curves were pipetted in triplicates with a check standard on each plate. A 
high (0 to 5.00 mg NH4-N L-1) and low (0 to 2.00 mg NH4-N L-1) standard curve of ammonium 
sulfate ((NH4)2SO4) were used, with the check standards being 0.50, 0.75, 1.00, and 2.00 mg 
NH4-N L-1. Fifty microliters of citrate reagent were added to each well and allowed to incubate 
for one minute, followed by the addition of 50 μL PPS-nitroprusside reagent and 25 μL buffered 
hypochlorite reagent which turned the samples a light blue color. Fifty microliters of ultrapure 
water topped off each well and plates were incubated for two hours at room temperature. After 
incubation, plates were read at 650 nm absorbance. 
Inorganic phosphorus (P) concentrations were likewise measured colorimetrically based on a 
protocol utilizing Malachite Green Oxalate (D’Angelo et al., 2001). (D’Angelo, Crutchfield, & 
Vandiviere, 2001). One hundred fifty microliters of non-fumigated water extracted sample were 
added in triplicate alongside a standard curve of sodium phosphate (Na3PO4) ranging from 0 to 
0.75 ppm-P on each 96-well microplate. Check standards of 0.10 and 0.25 ppm-P were also 
placed in triplicate on each plate. Thirty microliters of ammonium paramolybdate solution was 
added to each well and allowed to incubate for ten minutes. Thirty microliters of malachite green 
reagent were reverse pipetted into each well, the plate gently shaken by tapping on the sides, 
allowed to incubate for 30 minutes, and read in the Biotek at 630 nm absorbance. 

2.4 Extracellular enzyme activities 
 

We analyzed the potential activities of seven hydrolytic enzymes responsible for the 
acquisition of C, N, and P using a modified fluorometric protocol in a 96-well plate (Gebhardt et 
al., 2017; German et al., 2011; Saiya-Cork et al., 2002). Four enzymes are involved in C 
acquisition (α-glucosidase (AG), β-1,4-glucosidase (BG), β–D-cellobiohydrolase (CB) and β-
xylosidase (XYL)), two enzymes in N acquisition (β-1,4,N-acetylglucosaminidase, (NAG) and 
leucine-aminopeptidase (LAP)), and one involved in P acquisition (acid phosphatase (PHOS)). 
In short, 2.75 g field-moist sample is homogenized in a stainless-steel Waring blender for one 
minute with 91 mL sodium acetate buffer solution. The buffer solution’s pH was adjusted with 
acetic acid to the average pH of the set of soils being assayed; pH values range from 5.3 – 7.2. 
Eight hundred microliters of homogenate were pipetted into each well in a column on three 
plates per incubation temperature. Two hundred microliters of the fluorescent substrate proxies 
(Table 1) were transferred to each corresponding row on one plate with the eighth row receiving 
deionized water instead of a substrate. The remaining two plates act as internal standards, 
receiving 800 μL of the homogenate and 200 μL of the appropriate concentration (0 – 100 μM) 
of 4-methylumbelliferone (MUB) or 7-amino-4methylcoumarin (MUC). Each plate was shaken 
and incubated at 4˚C for 24 hours, 15 ˚C for four hours, 25 ˚C or 35 ˚C for one hour. Plates were 
centrifuged at 2900 G for three minutes post-incubation. After centrifugation, 250 μL of the soil 
slurries were transferred into a black Greiner flat-bottomed 96-well plate. The fluorescence of 
the plates was measured on the Biotek set at 365 nm excitation and 450 nm emission. The 
measured fluorescence values were used to calculate total enzymatic activity as the rate 
of substrate converted in nmol h-1 g-1 soil (German et al., 2011). 
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2.5 Statistical analyses 
 

All statistical analyses were performed in R v. 4.0.2. Repeated measure analysis of 
variance (ANOVA) was used to assess the effects of depth, site location and sampling time on 
soil water content, nutrient availability, and enzyme activities (Table . If the interactive effects of 
sample time and depth were significant, the effects were tested using a post hoc Tukey pairwise 
comparison test. Two-way ANOVA was used to test the effects of depth and aspect. We used 
QQ plots and scale-location plots to inspect normality and homoscedasticity, respectively. 
Because many of the mixed-effects models failed to meet parametric assumptions, enzyme 
activity, soil stoichiometry, and EE stoichiometry were natural log-transformed and re-analyzed. 
The resulting models, along with the ANOVAs, met the assumptions of parametric tests. 
Visualized data are untransformed unless otherwise stated. 
Random forest machine learning modeling was conducted to assess the relative contributions of 
abiotic and biotic factors driving EEA through time. A significance level of 0.05 was used for all 
analyses. Models included both continuous and categorical variables simultaneously. Each model 
was built on 5000 trees and the square root of the total number of predictor variables was used to 
determine the variables randomly sampled as candidates at each split. This analysis was 
conducted with the randomForest R package. Each tree in the random forest analysis was built 
on ¾ of the data and tested on the remaining ¼. The importance of each predictor variable was 
determined by the average decrease in prediction accuracy across all trees, or the average 
increase in mean square error (MSE) between the data the tree was built on and the remaining ¼ 
of the data the tree was tested on. Significance of each predictor variable was determined with 
the rfPermute R package. Models were run across all of the data and split by date and depth to 
understand relative contributions of variable importance across time and with respect to soil 
depth. 

3. RESULTS 

3.1 Water and snow dynamics 
 

The water and snowmelt dynamics are described in detail in Olshansky et al (2018). 
Briefly, snowmelt began in the upper La Jara (LJ) station March 1, 2017 as average air 
temperature increased above 0°C. Snow depth dropped from 930 to 440 mm during the first 
three weeks (March 1 to March 22). A drop in air temperature resulted in a decreased rate of 
snowmelt accompanied by further snow accumulation during precipitation events that lasted 
from March 22 to April 4. Air temperature increased again and snowmelt resumed until 
completion on April 21. Air temperature measured at the lower LJ climate station was 2.5 + 0.42 
degrees and most of the snowpack at this location had melted by mid-March. Following 
snowmelt, mean VWC in the ZOB averaged across the six instrumented pedons (Figure 1B) 
increased, reflecting infiltration in the near surface soil layers. Elevated VWC increased with soil 
depth that occurred between mid-March and early April. Subsurface layers maintained increased 
water content into early May. Increased soil saturation resulted in decreased oxygen availability 
through time with similar depth-dependent trends where sustained oxygen depletion occurred 
beginning the first weeks in April in the surface soils and through April in subsurface horizons. 
The hydrograph of the ZOB stream exhibited two pronounced peaks during spring snowmelt on 
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March 20 and April 16, 2017 (Figure 1B). Stream water and soil porewater chemistry data 
showed increase in NO3 and water extractable nitrogen (WEN) co-occurring with the onset of 
snowmelt, peaking mid-April and decreased throughout the growing season (Figure 1B). 
As temperatures increased, volumetric water content decreased, resulting in a slight soil 
respiration increase. Soil respiration peaked in the mid-growing season in July and September 
where higher CO2 respiration was observed in the deeper subsoil layers. Oxygen concentrations 
stabilized. Summer monsoon increased slightly soil moisture concentrations in September 
resulting in a slight discharge event and a late season storm resulted in increased moisture 
concentrations again in October. Stream water soil chemistry data showed increased nitrate-
nitrogen concentrations coinciding with discharge in both the LaJara and MCZOB catchment. 
Inverse DIC concentrations were observed and this biologically induced weathering pulse was 
further explored in Olshansky et al. (2018). 

3.2 Soil nutrient dynamics 
 

Water extractable organic carbon seasonal dynamics varied in the subsoils relative to the 
surface soils. Surface soil water extractable organic carbon concentrations showed a >53% 
increase in September during the summer monsoon relative to the April, June, and October 
sampling times (p<0.001, Figure 2). Higher values were observed in April relative to the other 
sample dates showing a >344% increase in the subsoils during the snowmelt event (p<0.05, 
Figure 2). Higher water extractable organic carbon values were observed in the surface soils 
during the growing season in September (p<0.0001, Figure 2). Water extractable organic 
nitrogen increased in the growing season relative to October in the surface soils (p<0.05, Figure 
2). Water extractable inorganic nitrogen varied seasonally with higher values in the surface soils 
during snowmelt and in September during the growing season (p<0.01, Figure 2). Water 
extractable inorganic nitrogen concentration responses increased during the snowmelt in the 
subsurface soils compared to the other growing seasons (p<0.0001, Figure 2). Total surface 
dissolved nitrogen concentrations were highest in April and September during the snowmelt and 
peak monsoon events showing a greater than 40% increase in concentration relative to the June 
and October sampling events (p<0.001, Figure S1). 
 

Soil N-NO3- concentrations peaked with the snowmelt event in April for both surface and 
subsoils (p < 0.05, Figure S1) with a greater than 70% increase in surface soils and >64% 
increase in subsoils. Surface soil ammonia concentration increased by >74% in October and June 
relative to the spring snowmelt event (p<0.001, Figure S1). In contrast, subsoil ammonia 
concentrations peaked in April and October showing a >49% increase relative to the June and 
September sampling dates. Subsoil ammonia concentrations were 89% and 49% higher than 
surface soils in April and October, respectively (p<0.05, Figure S1). PO4- concentrations did not 
vary in the surface soils but did show seasonal trends in the subsoils with peak concentrations 
occurring in April and October representing a >50% increase in concentration relative to June 
and September (p<0.05, Figure S1). 

3.3 Seasonal soil microbial dynamics 
            Enzyme activities declined with depth for all enzymes assayed (p<0.05, Figure 1, Table 
S2). Carbon enzyme activities peaked in October showing a 47% and 55% increase from June in 
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surface and subsoils, respectively. Nitrogen enzyme activities showed seasonal trends in surface 
soils and were similarly highest in October showing a >43.9% increase in October relative to 
June and September. Specific carbon enzyme activities showed similar seasonal trends to bulk 
carbon and nitrogen activities where activities peaked in October relative to June and April 
(p<0.05, Figure 3D). Enzyme C:N ratios varied with depth (Table S2) but not with time. Enzyme 
C:P and N:P stoichiometric ratios did not vary with depth, date, or site location (Table S1). DNA 
concentrations showed seasonal trends with lowest concentrations observed in April (Figure 
3E).  Microbial biomass carbon showed increased concentrations in September and October 
relative to April and June (Figure 3F). Ratios of microbial biomass carbon to nitrogen showed 
reverse trends where concentrations were highest in subsurface soils and peaked in June (Figure 
3G). No change in microbial biomass carbon to total organic was observed. Greater microbial 
biomass carbon to water extractable carbon (Cmic:WEOC) was observed in October relative to 
April, June or July (Figure 3I). 

3.4 Drivers of soil functionality through time 
            Random forest modeling was used to explain the variation in soil functioning through 
time (Figure 5). TOC, pH, GWC and concentrations of extracted DNA emerged as significant 
predictors of carbon and nitrogen enzyme activities whose importance varied throughout the 
season (Figure 5). Biomass emerged as a significant predictor only in April and October for both 
carbon and nitrogen degrading enzymes. Model performance was highest for the nitrogen 
degrading enzymes with R2 consistently exceeding 0.400. Model performance was highest for 
the carbon degrading enzymes for sample dates that occurred in June, September and October 
where R2 values were above 0.58 and were highest September and October. The April model 
subset for carbon degradation had a model performance of 0.2 with TOC and temperature 
emerging as significant predictors. 
            Microbial biomass carbon was linked to the WEOC pool, TOC, soil moisture content, 
DNA concentrations, WEON, NO3 and fluorescence index values in the WEOC pool in October 
(Figure 5). Models had R2 values above 0.4 for sample dates that occurred in April and October 
and 0.19 and 0.29 for June and September, respectively (Figure 5). Water extractable organic 
nitrogen was predicted by microbial biomass carbon, NO3-, WEOC, and fluorescence index 
values from the WEOC pool. WEOC was predicted by the microbial biomass carbon pool, TOC, 
NO3-, and clay content in September with an R2 of 0.46. Model performance decreased for 
WEOC in April and October with values of 0.12 and 0.11 respectively. Microbial biomass 
carbon was positively predicted by TOC, GWC. 

4. DISCUSSION 

4.1 Snowmelt induced cell death results in regional shifts in watershed biogeochemistry 
 
            Seasonal changes in substrate, moisture and temperature variability influence microbial 
population dynamics that alter soil biogeochemical processes and dictate the transfer and flow of 
material through Earth’s critical zone. Importantly, these interactive controls that influence 
microbial populations represent a tradeoff of traits from growth, survival and energy production, 
a framework recently put forth for microbial populations in Malik et al., (2020) and classically 
described for plant communities by Grimes (1977). Terrestrial carbon dynamics depend on the 
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cellular level allocation of resources that dictate greenhouse gas production and movement of 
nutrients and solutes throughout the landscape, influencing Critical Zone evolution and soil 
formation. Presumably, microbial populations can exist at various physiological states, although 
pulse events in water, temperature and nutrient availability (or depletion) can create selective 
ecological pressure on bulk microbial population dynamics, representing a population level 
trade-off in traits from growth production to stress response or resource acquisition. In our study, 
we found evidence for trade-offs in ecological traits from growth production and resource 
acquisition dependent on the growing season that influenced catchment level nutrient responses. 
            Overall we found that (1) soil respiration was evident beneath the winter snowpack, with 
higher fluxes observed in the subsurface soils, and respiration rapidly decreased as a result of 
snowmelt infiltration (Figure 1), (2) the snowmelt event coincided with a significant pulse of N-
NO3- that persisted in the stream water signature (Figure 1), (3) water extractable organic carbon, 
nitrogen and DNA concentrations increased during the spring and mid growing season (Figure 2) 
(4) enzyme activities increased for carbon and nitrogen degrading enzymes in October and 
during snowmelt at both depths measured (Figure 3), (5) significant positive correlations were 
found between microbial biomass production and extractable organic carbon and negative 
relationship between specific enzyme activity and extractable carbon that depended on growing 
season, and finally (6) random forest machine learning algorithms provided insight into the 
drivers predictor variable importance of microbial functional traits through time and the 
independent environmental drivers (Figures 4 and 5). 

4.2 Increase in nitrogen availability during snowmelt, evidence for microbial population crash, 
turnover and enzyme production 
 

During snowmelt, volumetric water content of the soil profile reached its maximum value 
during the season, resulting in a subsequent decrease in soil oxygen concentration. The overall 
catchment showed a strong nitrogen pulse co-occurring with the onset of snowmelt in bulk soil 
extracts, porewater, and stream water from both the MCZOB and larger La Jara. Pulses in 
nitrogen availability have been observed in similar ecosystems and attributed to microbial 
population crash and turnover (Lipson et al., 2000, 1999; Sorensen and Shade, 2020). In 
alignment with this observation, we observed low DNA and biomass concentrations in April 
during the Spring snowmelt and evidence for selective pressure on microbial communities. 
These conditions resulted in stress response and population turnover creating a biologically 
produced catchment pulse response in available nitrogen that was recorded in the stream water 
data. In agreement with this observation, principal component analysis revealed greater 
variability in the environmental covariates measured in the bulk soil during the spring snowmelt 
(Figure S4). 

 
The higher potential and specific enzyme activities we saw in April during the snowmelt 

are indicative of increased enzyme pools accumulating during the winter and potential greater 
enzyme production rates. We expected microbial activity to persist beneath the snowpack 
following e.g. Brooks et al. (1996), and here we found evidence for subsoil respiration occurring 
beneath the winter snowpack (Figure 1B). Enzyme pools may increase through the winter due to 
low turnover rates of microbial communities and they may become more susceptible to 
degradation as soils thaw, resulting in our observed pattern of high potential activity during 
snowmelt. It is also possible that enzymes are more stable and less subject to proteolysis in 
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frozen soils. Previous work by Sorensen and Shade (2020) showed distinct populations of 
microorganisms dependent on the growing season where winter, snowmelt, and spring-adapted 
specialists were defined. Specific enzyme activity levels were negatively correlated with the 
WEOC pool during the snowmelt period in the deeper soils (Figure 6).  

4.3 Peak microbial biomass, WEOC, WEON, soil CO2 flux, and DNA concentrations in the 
summer growing season 
 

During the growing season, we postulated that microbial traits would represent an 
investment in growth requirements. Within this sub-alpine catchment, the chemical character of 
soluble organic matter showed much greater variation during the growing season resulting in 
increased CO2 production (enhanced in subsurface soils), biomass accumulation, and increased 
WEOC. The various functional assays that we conducted, represents a measure of the functional 
biogeochemistry of the microbial community, and not merely its structure or population. The 
increase in microbial biomass was significantly predicted by WEOC, WEON, TOC, and DNA 
concentrations (Figure 5). 

4.4 Post-monsoon: Peak specific and total enzyme activity. Evidence for microbial trade-off of 
traits through time. 
            The total and specific enzyme activity values peaked in the spring and at the end of the 
growing season during plant senescence (Fig 3). Higher specific carbon, nitrogen and 
phosphorus enzyme activities values represent an increase in resource acquisition traits. The 
availability of nitrogen during the growing season cannot fully account for the decrease in 
enzyme activities. Extracellular enzyme activities can be interpreted both as an indicator of 
microbial activity and substrate availability or complexity. The differential response of 
cellobiosidase and xylosidase (Figure S6) could be indicative of greater resource acquisition of 
more complex carbon substrates. Greater variability in enzyme activities was observed in 
October (Figure 6B) relative to June.  

4.5 Developing an ecological framework for high yield- resource acquisition- stress tolerance 
life history strategies through time 
 

In summary, we propose a schematic model (Figure 5) to conceptualize the details of the 
interaction of trade-off in microbial trait dynamics as they affect Critical Zone processes, 
building off of Grimes (1977) and recently put forth by Malik et al. (2018a). The purpose of this 
is to conceptualize and provide support for the growth-maintenance tradeoff hypothesis and 
show trait tradeoffs that hold consequences for soil carbon and nutrient dynamics (e.g. nitrogen) 
as they vary throughout the growing season. In line with the empirical trends observed, we 
propose evidence in support of a microbial Y-A-S (high yield-resource acquisition-stress 
tolerance life history framework (Malik et al., 2018a), which suggests that tradeoffs in resource 
allocation among traits linked to high yield, resource acquisition and stress tolerance prevents 
microbes from excelling at multiple strategies such that different strategies are favored under 
different environmental conditions. Here, we are showing trade-offs in strategy with respect to 
seasonality and snowmelt disturbance, which acts as an environmental filter on resident 
microbes, resulting in microbial biomass crash and subsequent pulse in nitrogen (Figure 1, 2). 
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However, more work is required to estimate trait values for stress response and how they trade 
off with microbial growth yield. This can be better resolved using high-throughput genomic 
surveys.  

5. CONCLUSIONS 
 
            We have documented an integrated catchment scale snowmelt-driven pulse response to 
understand trade-offs in microbial functional traits through time. We found evidence for trade-
offs in growth and resource acquisition as they vary throughout the growing season. Snowmelt 
rates have been declining in high elevation regions in recent decades (Musselman et al. 2017; 
Harpold and Brooks, 2018) and alterations in timing and extent of soil saturation during 
snowmelt may promote a larger snowmelt bloom and crash. Alternatively, a more shallow winter 
snowpack can be expected to alter the frequency of sustained soil freezing or greater freeze-thaw 
events during the winter (Hardy et al. 2001; Brown and DeGaetano, 2011, Kreyling and Henry, 
2011), which would most likely reduce the magnitude of the microbial biomass bloom, biomass 
collapse, and pulse of N after snowmelt (Brooks t al., 19998; Buckeridge et al. 2010; Ueda et al. 
2013). Understanding the future environmental conditions that will sustain winter microbial 
bloom warrants further study due to the microbial biomass nutrient flush following snowmelt 
and its impact on soil N, contributing to the largest annual N pulse in some high-elevation 
ecosystems (Grogan and Jonasson, 2003; Schmidt et al. 2007). 
 

Here, we show evidence documenting shifts in changes in soil functionality through time 
during snowmelt and with respect to seasonality and depth. The trade-off in ecological traits 
though time impacts soil nutrient cycling and catchment level nutrient response. We have 
integrated these results into a conceptual framework to be applied to other ecosystem level 
microbial surveys. It is important to apply this ecological framework to biogeochemical cycling 
models to better understand how microbial functionality influences rates and fluxes of nutrient 
cycling in ecosystems. These hypotheses can be further tested using metagenomics and 
metatranscriptomics to quantify traits that contribute to this snowmelt niche, especially in regard 
to understanding microbial stress response and life history strategies during snowmelt and with 
respect to seasonality.  

 
The importance of the timing of precipitation and altered environmental conditions that 

filter microbial communities should be taken into account when evaluating or projecting the 
biogeochemical consequences of climate change.  In addition, understanding the C allocation 
physiology of the microbial cells active during variable soil moisture conditions and the trait 
responses will contribute to the understanding of soil C dynamics under future climate scenarios. 
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FIGURES AND TABLES 

 
 
Figure 1. (A) Study Site Location. Digital elevation model (DEM) of the La Jara catchment 
based on 2010 LiDar flight data. The ZOB represents a sub catchment into the greater La Jara 
catchment. (B) Time series of hydrometeorological data (snow depth is denoted by the blue line) 
and in situ soil temperature, CO2, O2 concentrations over time at surface (0-10 cm) and deep (30-
40 cm) depths across the zero-order basin. Stream dynamics are shown in g and h, with discharge 
indicated by the black line and N-NO3- shown in green. Soil data represents averages between 
pedons, with shaded 95% confidence intervals.  Asterisks (*) indicate soil sample collection 
times, during spring snowmelt (April 2), before the start of the monsoon season (June 12), during 
the monsoon season (September 15), and after the monsoon season (October 17), to capture 
moisture-driven pulse.  
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Figure 2. Seasonal patterns of soil (A) moisture (%) (B) extractable organic carbon (ug/g) (C) 
extractable organic nitrogen (ug/g) (D) DNA concentration (ng/g) and I inorganic nitrogen 
(ug/g). The band in the middle of the box represents the median value, outliers are symbolized as 
open points and whiskers extend to lower and upper quartiles times 1.5 the interquartile range. P-
values of the nested ANOVAs testing for the effect of time of sampling at the specified depth 
interval on the variable of interest are indicated. Unique character designations indicate 
significant Tukey’s HSD differences among sites. 
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Figure 3. Seasonal patterns of soil extracellular enzyme activity for surface (0-10 cm) and deep 
(30-40 cm) profiles in our study across two watersheds for A) carbon 
(Cenz,BG+CB+AG+XYL), (b) nitrogen (Nenz, NAG+LAP), and (c) phosphorus (PHOS) (d) 
microbial biomass carbon I richness in carbon substrate use diversity (f) Shannon (H’) carbon 
substrate use diversity index (g) average well color development (AWCD). The band in the 
middle of the box represents the median value, outliers are symbolized as open points and 
whiskers extend to lower and upper quartiles time 1.5 the interquartile range. P-values of the 
nested ANOVAs testing for the effect of time of sampling at the specified depth interval on the 
variable of interest are indicated. Letters indicate significant Tukey’sHSD differences among 
sites. 
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Figure 4. Correlations between A) microbial biomass carbon (mg/g). water extractable 
organic carbon (mg/g) faceted by depth and color coded by date and B) specific carbon 
enzyme activity (nmol activity/hr/mg Cmic) and water extractable organic carbon (mg/g). 
Linear fit (solid black line) for the entire model are shown with the 95% confidence interval 
(shaded grey box) are shown where models are significant for each data subset (i.e. surface (0-10 
cm) vs. deep (30-40 cm)). Significant correlations are shown for each date subset (i.e. April, 
June, September, October) corresponding to their color code. Symbols are color coded by date. 
R2 values and fit significance (p) are presented for each plot where models were significant. 
Model significance was determed where p < 0.05.   
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Figure 5. Predictor variable importance for individual microbial activity. Graph shows the 
random forest variable importance (% increase in MSE; mean square error) of environmental 
variables and soil enzyme activity for a) carbon enzyme activity (BG+CB+AG+XYL), b) 
nitrogen enzyme activity (NAG+LAP), c) phosphatase enzyme activity (PHOS), d) Water 
Extractable Organic Nitrogen (ug/g), e) Water Extractable Organic Carbon (ug/g) and f) 
Microbial Biomass Carbon (mg/g) subset by sample date. The “*” and “**” indicate significant 
levels (p<0.05 and p <0.01, respectively) of predictor variable importance. Unique color 
designations are given to each predictor environmental variable given in right legend. As in other 
linear models, R2 indicates the proportion of variance explained and appears above every 
response variable in the model.  
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Figure 6. Summary of seasonal trade-off of microbial traits in response to snowmelt 
disturbance and seasonality. Snowmelt results in a selective pressure on microbial 
communities representing a trade-off in ecological traits from growth/biomass production to 
resource acquisition, and stress responses. Larger arrows represent  
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Supplemental Table 1. Enzyme Characteristics 
 
Enzyme Abbreviation Substrate 
C-acquiring   
α-glucosidase AG 4-MUB-α-D-glucoside 
β-1,4-glucosidase BG 4-MUB-β-D-glucoside 
β-D-cellobiohydrolase CB 4-MUB-β-D-cellobioside 
Xylosidase XYL 4-MUB-β-D-xylopryanoside 
N-acquiring   
β-1,4-N-
acetylglucosaminidase 

NAG 4-MUB-Nacetyl-β-D-glucoasaminide 

L-leucine aminopeptidase LAP L-leucine-7-amino-4-methylcoumarin 
P-acquiring PHOS 4-MUB-phosphate 
Acid phosphatase   
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Supplemental Table 2. The results of repeated measure ANOVA examining the effect of 
site, depth, sample time point and their interactions (Date:Depth and Depth:Site) on 
enzyme properties. P- 
 
Cenz DF F p-value  
Date 3 8.469 7.71E-05 *** 
Depth 1 56.551 1.91E-10 *** 
Site 1 2.245 2.18E-02 * 
Date x Depth 3 2.414 0.0744 - 
Depth x Site 11 0.98 0.4729  
Nenz     
Date 3 5.957 0.0012 ** 

Depth 1 
103.95
3 4.89E-15 *** 

Site 11 2.764 5.39E-03 ** 
Date x Depth 3 3.503 0.02031 * 
Depth x Site 11 0.973 0.47978  
Penz     
Date 3 0.533 0.6611  
Depth 1 4.324 4.15E-02 * 
Site 11 0.665 7.66E-01  
Date x Depth 3 1.08 0.3636  
Depth x Site 11 0.871 0.572  
Cenz:Nenz     
Date 3 1.785 0.159  
Depth 1 4.867 3.10E-02 * 
Site 11 0.919 5.28E-01  
Date x Depth 3 1.068 0.369  
Depth x Site 11 0.697 0.737  
Nenz:Penz     
Date 3 2.454 0.0712 - 
Depth 1 2.802 0.099 - 
Site 11 1.205 0.3023  
Date x Depth 3 0.744 0.5299  
Depth x Site 11 1.7 0.0935 - 
Cenz:Penz     
Date 3 2.172 0.0996  
Depth 1 1.56 0.216  
Site 11 0.846 0.5954  
Date x Depth 3 0.557 0.6456  
Depth x Site 11 1.141 0.3449  
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Supplementary Figure 1. Seasonal Soil nutrient responses. Graph shows the seasonal 
responses of soil nutrients assayed over the growing season subset by depth (surface; 0-10 cm 
and deep; 30-40 cm). The band in the middle of the box represents the median value, outliers are 
symbolized as open points and whiskers extend to lower and upper quartiles time 1.5 the 
interquartile range. P-values of the nested ANOVAs testing for the effect of time of sampling at 
the specified depth interval on the variable of interest are indicated. Letters indicate significant 
Tukey’sHSD differences among sites. 
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Supplementary Figure 2. Seasonal responses for each enzyme assayed. Graph shows the 
seasonal responses of individual enzyme assayed over the growing season subset by depth 
(surface; 0-10 cm and deep; 30-40 cm). Boxes represent the 75th (upper portion) and 25th (bottom 
portion) percentiles of enzyme activities (nmol activity / g/ dry soil) of a) β-1,4-glucosidase 
(BG), b) β-D-cellobiohydrolase (CB); c) α-glucosidase (AG); d) Xylosidase (XYL); e) β-1,4-N-
acetylglucosaminidase (NAG); f) L-leucine aminopeptidase (LAP); and g) Acid phosphatase 
(PHOS). The band in the middle of the box represents the median value, outliers are symbolized 
as open points and whiskers extend to lower and upper quartiles time 1.5 the interquartile range. 
P-values of the nested ANOVAs testing for the effect of time of sampling at the specified depth 
interval on the variable of interest are indicated. Letters indicate significant Tukey’sHSD 
differences among sites. 
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Supplementary Figure 3. Seasonal responses for the specific activity values for each 
enzyme assayed. Graph shows the seasonal responses of individual enzyme assayed over the 
growing season subset by depth (surface; 0-10 cm and deep; 30-40 cm). Boxes represent the 75th 
(upper portion) and 25th (bottom portion) percentiles of enzyme activities normalized to 
microbial biomass a) β-1,4-glucosidase (BG), b) β-D-cellobiohydrolase (CB); c) α-glucosidase 
(AG); d) Xylosidase (XYL); e) β-1,4-N-acetylglucosaminidase (NAG); f) L-leucine 
aminopeptidase (LAP); and g) Acid phosphatase (PHOS). The band in the middle of the box 
represents the median value, outliers are symbolized as open points and whiskers extend to lower 
and upper quartiles time 1.5 the interquartile range. P-values of the nested ANOVAs testing for 
the effect of time of sampling at the specified depth interval on the variable of interest are 
indicated. Letters indicate significant Tukey’sHSD differences among sites. 
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Supplemental Figure 4. Principal component analysis biplo results for A) environmental 
covariates and B) enzyme activities  
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Supplementary Table. 3 Principal Component Analysis (Figure SX) 
 
 

  PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 
PC1
0 

PC1
1 

pH.ln 
-
0.24 -0.16 0.37 

-
0.56 0.19 

-
0.35 0.42 

-
0.20 

-
0.24 

-
0.16 

-
0.09 

GWC.ln 
-
0.44 0.00 

-
0.05 

-
0.03 

-
0.55 0.03 

-
0.06 

-
0.18 0.36 

-
0.21 

-
0.55 

TOC.ln 
-
0.21 -0.13 0.61 0.40 

-
0.40 

-
0.17 

-
0.18 0.14 

-
0.31 

-
0.01 0.25 

WEOC.ln 
-
0.01 0.43 0.43 0.31 0.27 0.29 0.19 

-
0.53 0.26 

-
0.06 0.04 

WEON.ln 
-
0.39 -0.13 0.09 0.21 0.57 0.02 

-
0.31 0.16 

-
0.12 0.28 

-
0.48 

NH4.ln 0.04 0.59 
-
0.07 

-
0.20 

-
0.06 0.10 

-
0.36 

-
0.06 

-
0.59 

-
0.30 

-
0.16 

NO3.ln 
-
0.46 -0.13 

-
0.18 0.01 0.27 0.09 

-
0.21 0.06 0.15 

-
0.61 0.46 

PO4.ln 
-
0.16 0.47 0.24 

-
0.40 0.01 

-
0.20 

-
0.24 0.35 0.43 0.29 0.20 

CO2.ln 0.10 -0.33 0.33 
-
0.41 

-
0.07 0.75 

-
0.20 0.05 0.00 0.04 0.01 

O2.ln 0.32 -0.25 0.08 
-
0.11 0.06 

-
0.37 

-
0.62 

-
0.51 0.17 

-
0.03 0.01 

Temp.ln 0.44 0.00 0.30 0.10 0.14 
-
0.11 0.04 0.46 0.22 

-
0.55 

-
0.34 

Standard 
deviation 1.85 1.46 1.09 1.00 0.89 0.85 0.81 0.71 0.52 0.44 0.35 
Proportion 
of Variance 0.31 0.19 0.11 0.09 0.07 0.07 0.06 0.05 0.03 0.02 0.01 
Cumulative 
Proportion 0.31 0.50 0.61 0.70 0.78 0.84 0.90 0.95 0.97 0.99 1.00 
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Supplemental Figure 5. Predictor variable importance for individual soil nutrients and 
functionality. Graph shows the random forest variable importance (% increase in MSE; mean 
square error) of environmental variables and soil enzyme activity for a) carbon enzyme activity 
(BG+CB+AG+XYL), b) nitrogen enzyme activity (NAG+LAP), c) phosphatase enzyme activity 
(PHOS), d) CO2 (ppm), e) MBC (microbial biomass carbon, ug/g), f) WEON (water extractable 
organic nitrogen, ug/g), g) WEOC (water extractable organic carbon, ug/g). The “*” ,“**” , and 
”***” indicate significant levels (p<0.05, p <0.01, and p<0.001 respectively) of predictor 
variable importance.  
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Supplemental Figure 6. Predictor variable importance for carbon, nitrogen, and 
phosphorus degrading enzymes subset by depth. Graph shows the random forest variable 
importance (% increase in MSE; mean square error) of soil enzyme activity for a) carbon 
enzyme activity (BG+CB+AG+XYL), b) nitrogen enzyme activity (NAG+LAP), c) phosphatase 
enzyme activity (PHOS) for surface (0-10 cm, top panel) and deep (30-40 cm, bottom panel) 
samples. The “*” and “**” indicate significant levels (p<0.05 and p <0.01, respectively) of 
predictor variable importance.  
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Supplemental Table 2. Pearson’s correlation coefficients between variables included in the 
random forest regression model. Significant correlations (p<0.05) are in bold. Variables 
include the natural log transformed values of C EEA (BG+CB+AG+XYL), N EEA (NAG 
+LAP), P EEA (PHOS, CN enz (BG+CB+AG+XYL)/(NAG+LAP), C:P enz 
(BG+CB+AG+XYL/PHOS), N:P enz (NAG+LAP/PHOS), pH, GWC, TOC, WEOC, WEON, 
NH4, NO3-, PO4, CO2, O2, Temperature, Mic C, DNA.  
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Supplemental Figure 7. Predictor variable importance for individual soil nutrients and 
functionality. Graph shows the random forest variable importance (% increase in MSE; mean 
square error) of environmental variables and soil enzyme activity for a) carbon enzyme activity 
(BG+CB+AG+XYL), b) nitrogen enzyme activity (NAG+LAP), c) phosphatase enzyme activity 
(PHOS), d) CO2 (ppm), e) MBC (microbial biomass carbon, ug/g), f) WEON (water extractable 
organic nitrogen, ug/g), g) WEOC (water extractable organic carbon, ug/g). The “*” and “**” 
indicate significant levels (p<0.05 and p <0.01, respectively) of predictor variable importance.  
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Supplemental Figure 8. Predictor variable importance for individual enzymes through 
time. Graph shows the random forest variable importance (% increase in MSE; mean square 
error) of environmental variables and soil enzyme activity for individual enzymes assayed. A) β-
1,4-glucosidase (BG), B) β-D-cellobiohydrolase (CB); C) α-glucosidase (AG); D) Xylosidase 
(XYL); E) β-1,4-N-acetylglucosaminidase (NAG); F) L-leucine aminopeptidase (LAP); and G) 
Acid phosphatase (PHOS). Models were run for each sample time point (April, June, September, 
October). The “*” and “**” indicate significant levels (p<0.05 and p <0.01, respectively) of 
predictor variable importance 
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APPENDIX C:  TIME SINCE FIRE DISTURBANCE RESULTS IN SHIFTS IN CO2:O2 
RATIOS IN SUBSURFACE SOILS REVEALING LOSS OF DEEP SOIL CARBON AND 

SNOWMELT DRIVEN WEATHERING PULSE AS ECOSYSTEMS RECOVERS 
 

Dawson Fairbanks, Chance Muscarella, Craig Rasmussen, Jon Chorover, Virginia Rich,  
Rachel E. Gallery 
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ABSTRACT 
 
Changes in moisture and disturbance regimes stand to influence soil carbon uptake and release. 
Measurements of soil CO2 and O2 can be used to determine biogeochemical processes in soil in 
order to calculate the apparent respiratory quotient (ARQ). Deviations from ARQ=1 indicate 
when other processes besides aerobic respiration and diffusion control gas concentrations. When 
ARQ < 1, CO2 and O2 consumptive processes dominate and when ARQ >1, processes that result 
in CO2 release govern.  Snowmelt driven pulses of water and nutrients influence rates of 
weathering and fluctuations of greenhouse gases in forest soils. Subsoil responsiveness to 
environmental change stressors is relatively understudied and can be important reservoirs of 
microbial activity. Here we report continuous and simultaneous in situ soil gas measurements of 
CO2 and O2 to better understand the chemical transformations dictating respiration and 
weathering in subsurface soils in a post-fire disturbed ecosystem undergoing recovery. We 
tracked changes over time in soil CO2, O2, ARQ and dissolved organic matter (DOM) 
fluorescence indices to determine the relative contributions of respiration vs. weathering in 
subsurface soil dynamics. We found evidence for increased respiration in subsurface soils 
immediately following wildfire disturbance. As the ecosystem began to recover, and plants 
began to establish, the fluorescence indices of organic matter (FI) and humification degree (HIX) 
increased, propagating downward driving the subsurface snowmelt driven chemical weathering 
front. These results lead to a greater understanding of the dynamic and interacting feedbacks 
between surface and subsurface soil properties that influence the distribution and responses of 
carbon throughout the soil profile, impacting critical zone structure and function. As a variety of 
global change stressors continue to escalate, understanding how the subsoil responds will 
become increasingly important in understanding ecosystem carbon balance. 
 
 
Keywords: Seasonal watershed dynamics, soil microbes, fire disturbance, subsoil, 
biogeochemical cycling 
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1. INTRODUCTION 
 

1.1 CO2 and O2 ratios can be used to infer biogeochemical transformations in soils affecting 
ecosystem carbon balance 
 
 Recent work has highlighted the utility of using the ratios of CO2 and O2, e.g. the 
apparent respiratory quotient (ARQ), in determining processes that influence subsurface soil 
carbon losses or consumption resulting from a number of different, yet co-occurring, properties 
(Angert et al. 2015, Hodges et al., 2019; Olshansky et al., 2019; Sánchez-Cañete et al., 2018). 
Soil CO2 and O2 can be used to infer respiration vs weathering (Angert et al., 2015; Hilman et 
al., 2021; Hodges et al., 2019; Jarecke et al., 2016; Olshansky et al., 2019; Sánchez-Cañete et al., 
2018), and is important for understanding ecosystem carbon balance where up to 2/3 of soil 
respired can be consumed through both biotic and abiotic processes (Sánchez-Cañete et al., 
2018). Previous work has investigated soil CO2 efflux across spatiotemporal scales (Stielstra et 
al., 2015), with respect to landscape position (Hasenmueller et al., 2015; Holleran et al., 2015), 
vegetative cover (Hanson et al., 1993), and with respect to fire disturbance (Dore et al., 2014; 
Köster et al., 2016). However, studies that describe the effect of soil CO2 production and flux 
from soils to the atmosphere oversimplify our understanding of soil respiration by failing to 
include the transformations of CO2 within the system. Deviations from ARQ=1 where respiration 
and diffusion dominate provide information on carbon loss or uptake pathways in soils (Hodges 
et al., 2019). Few studies have measured the continuous concentrations of CO2 and O2 to 
determine carbon balance in response to differing surface influences on carbon loss pathways. 
Understanding deviations from ARQ in response to disturbance and changing moisture regimes 
helps to inform where carbon is consumed vs lost to the atmosphere, playing an important role in 
understanding soil carbon balance.  
 
 Soil CO2 efflux (Fsoil) is the rate of CO2 lost to the atmosphere resulting from CO2 
produced by plants and microbes through heterotrophic and autotrophic respiration (Rsoil). In 
areas with sufficient water supply, temperature is the dominant driver of Fsoil, whereas in more 
water-limited ecosystems, Fsoil is driven by precipitation and variations in soil moisture. 
Measurements of Fsoil can be made through capture of CO2 from the soil surface to the 
atmosphere or by the gradient method through measures of soil CO2 at multiple depths. Failing 
to account for losses of CO2 through soil chemical transformations such as dissolution into 
dissolved inorganic carbon (DIC, including dissolved CO2, carbonic acid, bicarbonate and 
carbonate) in the aqueous filled pore spaces introduces error into our estimates of soil CO2 
responses, especially with respect to disturbance and moisture driven pulses. DIC can be lost 
through leaching and losses can be greater during periods of increased moisture. O2 does not 
form additional species through chemical dissolution of water and can be used to constrain soil 
CO2 production. Consideration of these carbon loss pathways under varying precipitation and 
disturbance regimes and the drivers of subsurface biogeochemistry and the potential for carbon 
exports from hydrologic transport is important to consider in ecosystems undergoing 
anthropogenic change.  
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1.2 Subsurface C dynamics are responsive to surface inputs 
 
 Subsurface soils hold a substantial amount of carbon and understanding soil carbon 
responses with depth is important for understanding ecosystem response to climate change. 
Subsoils are dynamic and vary in response to precipitation and carbon inputs (Sánchez-Cañete et 
al., 2018), show marked shifts in microbial community structure and function (e.g. Eilers et al., 
2012; Brewer et al., 2019; Fairbanks et al., 2020); can be sensitive to changes in temperature 
(Rumpel and Kögel-Knabner, 2010; Sun et al., 2021; Yan et al., 2017); and hold a substantial 
amount of soil organic carbon (Jobbágy and Jackson, 2000). Surface impacts of disturbance 
driven alterations in vegetation, water, carbon and nutrients influence subsoil responses over 
time and is important for understanding vulnerability and fate of subsoil carbon. 
In terms of ecosystem responses to climate change, variations in the processes that dictate the 
transformation of organic carbon in subsoils is important for understanding ecosystem responses 
to climate change. In addition, interactions between the subsurface physical, chemical and biotic 
environment influence carbon uptake and release (Chorover et al., 2011; Hodges et al., 2019; 
Puente-Sánchez et al., 2014). Understanding the biotic and abiotic controls on subsurface soil 
carbon is important in ecosystems responding to environmental change.  
 

1.3 Fire impacts soil physical, chemical and biotic environment 
 
 Fire disturbance impacts soil physical and chemical properties, impacting ecosystem 
carbon balance and can have differential impacts on surface vs subsurface soil properties. 
Disturbance influences composition, function and forest structure formation. Fires and their 
long-term recovery are important for regional carbon storage. Carbon is lost during fire, making 
a substantial difference in regional C budgets, resulting in aboveground biomass loss and soil 
carbon losses during combustion. Fire also impacts soil biological, physical, and chemical 
structure and has differential impacts on surface soils. Few studies have looked at fire impacts on 
subsurface soil properties, where most effects are thought to be concentrated in the surface 0-10 
cm. However, fire can impact subsurface soil functioning through changes in flow paths, 
alterations in soil physical structure, movement of organic matter, erosion, and has been shown 
to alter soil microbial nutrient acquisition strategies with depth (Fairbanks and Shepherd et al, 
2020). Recent recognition that deep soil carbon pools can respond to annual timescales to 
environmental change has focused attention on understanding the reactivity of carbon in deep 
soils.  
 

1.4 DIC dynamics are influenced by biological properties 
 
 DIC dynamics are influenced by biological activities in soils. Weathering reactions 
consume CO2 and O2 as the gases diffuse into the subsurface. Biological weathering can proceed 
indirectly through production of carbonic acid produced by CO2 respired by plants and 
microorganisms, generating acidity with water through the following reaction: 
 
𝐻!𝐶𝑂" 	↔ 𝐻𝐶𝑂"#	 +	𝐻% ↔ 	𝐶𝑂"!# +	𝐻% 
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Carbonic acid is an important contributor to soil acidification and soil CO2 concentrations in 
deep horizons can be quite high, driving this reaction forward (Kim et al., 2017; Liebensteiner et 
al., 2014). Organic acids can also be produced by microbes and roots and contribute to mineral 
weathering through production of a hydrogen proton, demonstrated by the reaction of oxalic 
acid: 
 
𝐶!𝑂&𝐻! 	↔ 𝐶!𝑂&𝐻# +	𝐻% ↔	𝐶!𝑂&!# +	2𝐻% 
 
 
Organic acids are important for mineral nutrient release and the formation of these acids can 
occur deep within the soil profile (Billings et al., 2018; Richter et al., 2016; Tveit et al., 2019).  
Downward propagation of weathering reaction fronts can be promoted by root and microbially-
derived acids. Understanding the spatiotemporal interactions that influence CO2 and O2 under 
different disturbance regimes and land surface influences of seasonality and changes in moisture 
inputs over time is a key knowledge gap and is important for understanding ecosystem carbon 
balance. 
 

1.5 Introduction to the present study 
 
 We hypothesized that fire disturbance and surface inputs of water and nutrients 
associated with seasonality, ecosystem recovery and snowmelt would impact subsurface 
biogeochemical responses through time, influencing ratios of ARQ. The impact of time since fire 
and snowmelt on an ecosystem undergoing recovery on ARQ has yet to be explored. Here, we 
present continuous measurements of CO2 and O2 fluctuations with time over four years of 
ecosystem recovery with respect to landscape position and depth. We integrated soil pCO2,O2 
and temperature measurements with pore water samplers periodically sampled at distinct depths 
to allow understanding of inputs of moisture from seasonality and snowmelt combined with time 
since fire disturbance to probe the biogeochemical transformations in soil that result from 
wildfire disturbance in an ecosystem undergoing recovery. Fire stands to influence soil carbon 
storage potential (Doerr and Cerdà, 2005), and seasonality, snowmelt, snowpack and moisture 
inputs dictate the chemical transformations of soil affecting carbon storage and release. More 
broadly, the relative importance of differential controls that drive deviations of ARQ are not well 
known and are important to understand in terms of processes that influence carbon uptake and 
release mechanisms in soils. To this end, we investigated (i) CO2 and O2 variations with depth 
with respect to time since fire disturbance, seasonality and moisture inputs and (ii) seasonal 
patterns in ARQ in an ecosystem undergoing recovery to understand the relative controls of 
respiration vs. weathering in dictating ecosystem carbon balance.  
 

2. METHODS 
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2.1 Study site description  
 
Six study sites were analyzed from the Jemez River Basin in the mixed conifer forest of Valles 
Caldera National Preserve in northern New Mexico, United States of America. The parent rock 
material consists of Rhyolite and Rhyodacite bedrock.  Soils are broadly classified as Vitric 
argiustolls. The site has recently experienced a mixed-severity burn occurring in 2013 with the 
Thompson Ridge Fire. Samples were taken from a total 12 plots seasonally from two adjacent 
watersheds (six sites from the north-facing and six taken from the south-facing slopes) (Fig. 1). 
Samples were collected from similar slope and aspect characteristics derived from GIS data. Soil 
pits were excavated from each site location and samples were taken at the surface (0-10cm) and 
deep (30-40cm) depths. Sampling events occurred four times during 2017 during spring 
snowmelt (April 2), before the start of the monsoon season (June 12) and during the monsoon 
season (September 15), and after the monsoon season (October 17). Samples were collected and 
kept on ice until they were refrigerated and shipped to the laboratory for processing. 
 

2.2 Field data and sample collection 
 
 To probe the soil of the CZ, six instrumented pedons were installed in the ZOB. Two 
pedons were located on the south-west facing slope, two were situated on the south-east facing 
slope. And two were placed in the convergent hollow (Figure 1). Soil volumetric water content 
(VWC) was measured continuously at three depths (10, 30, and 60 cm) in each of the six pedons, 
using 5TE sensors (Decagon, Pullman, WA, United States). Soil PCO2 and temperature were 
measured continuously at depths of 2, 10, 30 and 60 cm with GMP222 (Vaisala Inc., Houston, 
TX, United States). Soil water samples were collected from each pedon at four soil horizon 
depths (10-130 cm) using Prenart SuperQuartz soil-water samplers (2 um pore size, Prenart 
Equipment ApS, Frederiksberg, Denmark). A vacuum pump applied constant suction of 40 kPa 
to collect the samples into acid-washed high density polyethylene (HDPE) bottle.  
 

2.3 Aqueous sample processing and analysis 
 
 All water samples were packed on ice and sent overnight to UA to be filtered within 48 h 
of collection using 0.45 um nylon filters. Sample aliquots for dissolved inorganic and organic 
carbon (dissolved inorganic carbon (DIC) and dissolved organic carbon (DOC)) were filtered 
through combusted 0.7 um glass-fiber filters. DIC and DOC were measured using a Shimadzu 
TOC-VCSH analyzer (Shimadzu Scientific Instruments, Columbia,MD, United States). Organic 
carbon molecular characterization was conducted by collecting UV-Vis absorbance spectra 
(190–655 nm) (Shimadzu Scientific Instruments UV-2501PC, Columbia, MD, United States), 
and fluorescence excitation–emission matrices (EEM) (FluoroMax-4). The EEMs were acquired 
by scanning excitation (Ex) from 200 to 450 nm and emission (Em) from 250 to 650 nm in 5 nm 
increments. Spectra were collected with Ex and Em slits at 5 and 2 nm band widths, respectively, 
with an integration time of 100 ms. Ultrapure water blank EEMs were subtracted and 
fluorescence intensities were normalized to the area under the water Raman peak, collected at an 
excitation of 350 nm. Inner-filter correction was performed based on the corresponding UV–Vis 
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scans (Murphy et al., 2013). Details on the described methods, precision, and reproducibility for 
analysis performed in ALEC are reported elsewhere (Perdrial et al., 2014; Vázquez-Ortega et al. 
2015, Trostle et al. 2016, Olshansky et al. 2018).  
 
 Spectroscopic indices were calculated from the UV-vis and fluorescence data, which was 
used to quantify differences in the spectroscopic properties of organic matter representing 
variation in chemical character. Specific ultraviolet absorbance at 254 nm (SUVA254) is a 
measure of the bulk organic matter, with higher values corresponding to a sample with greater 
aromatic character (Weishaar et al., 2003). SUVA254 was calculated by normalizing absorbance 
at 254 nm to the DOC concentration and is repoted in units of L mg-1 m-1. The fluorescence 
index (FI) was calculated as the ratio fo emission intensity at 470 nm to the intensity at 520 nm 
at an escitation wavelength of 370 nm (citation). Lower FI values are indicative of DOM that is 
terrestrial, or plant -dominated, and higher values are indicative of DOM that is from microbial 
sources. The humification index (HIX) is used as an indicator of how humified the organic 
matter is, with a higher value corresponding to lower H:C ratios and a greater degree of 
humification. The HIX was calculated using interpolated values for excitation at 254 nm, as the 
area under the peak from 435 to 480 nm emission divided by the area under the peak from 300 to 
345 nm emission. 
 

2.4 Data processing and statistical analysis 
 
All data processing and statistical analyses were performed using R (R Core Team, 2020) and the 
following packages: nlme, ggplot2, dplyr, tidyverse, and lubridate. ARQ was calculated as  
 
 

𝐴𝑅𝑄 = 	−0.76	 ∆+,!
∆,!

 
 
Where -0.76 is the ratio of CO2 and O2 diffusion coefficients and ∆𝐶𝑂! and ∆𝑂! is the change 
in respective soil gas concentrations relative to atmospheric concentrations. The theoretical 
relationship of CO2 vs. O2 with ARQ= 1 contain a line wit ha slope of -0.76 and an x intercept 
of 20.95 (concentration of O2 in the air) (following Hodges et al. 2021). The absolute value of 
the slope of the regression line reveal estimates of ARQ of the site. Points that fall above -0.76 
have an ARQ >1 and points that fall below the theoretical line have an ARQ <1 (Fig. 2; Hodges 
et al. 2021). Due to a data offset at the time of the publication of this dissertation, a constant 
correction standard of +8 was added to O2 data and will be calibrated for each site upon final 
publication.  
 

3. RESULTS 
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3.1 Time series soil CO2 and gas flux 
  
 Time series of CO2, O2, temperature, precipitation, and NAM begin August 03, 2013, 
shortly after instrumentation of the field site following the 2013 Thompson Ridge Fire. A large 
precipitation event occurred in September 2013, causing a large flood and subsequent soil carbon 
dioxide release. Precipitation varied seasonally where 2015 was the wettest year with 895 mm 
precipitation recorded and 2017 was the driest year with 537 mm precipitation recorded. Soil 
Temperatures varied from 0 to 17.2°C and less fluctuation was observed in the deeper soil layers. 
pCO2 values peaked at 28.2% in the subsurface soils during the post-fire flooding event with a 
simultaneous oxygen draw down where concentrations were recorded at 3.3%. pCO2 values 
increased episodically during snowmelt, with the growing season, and with winter respiration. 
ARQ values varied from 0.62 to 1.3 and varied as a function of seasonality.  
 

3.2 Shifts in ratios of CO2 and O2 
 
 Ratios of CO2 and O2 were coupled at some points during the season and became 
uncoupled as a function of seasonality and changes in soil moisture driven by summer rains and 
snowmelt (Figs 3 and 4). Ratios also showed a shift in the deeper soil layers as a function of time 
since fire recovery, moving from more negative (ARQ >1) to more positive (ARQ < 1) (Figs 3 
and 4). The regressions of the point measurements of pO2 and pCO2 provide statistical 
corroboration of the time series measurements provided in Fig 2 and help visualize timing of 
carbon and oxygen consumption. The regression plots indicate that the highest pCO2 values 
occurred in 2013 following the wildfire disturbance. Higher values were observed in the summer 
growing season in 2014 relative to 2015, 2016, and 2017. Highest pCO2 values were observed in 
2015 during the winter season throughout the soil profile relative to 2015, 2016 and 2017. The 
slopes of the lines varied as a function of season, where generally more negative slopes were 
observed during the growing season, decreased during snowmelt in the later years of recovery 
(2015-2017), and showed variations during winter respiration (ranging from more positive to 
more negative slope as a function of time since recovery and depth) (Fig 3).   
 

3.3 DOM fluorescence signature 
 

The FI and HIX components of the DOM pool indicated increased contribution from 
terrestrial sources as the ecosystem recovered with time, and showed marked variation with 
depth during snowmelt, indicative of downward flushing and hydrologic transport of organic 
matter. Higher HIX values were reported in 2015, 2016 and 2017 (Figs 4 and 5) indicative of 
higher aromaticity and H:C content. Values in 2015 – 2017 showed a marked decrease in in the 
same years, indicative of higher terrestrial plant input. Overall, the fluorescence index (FI) 
terrestrial signature dominates (at 1.4) rather than microbially dominated (at 1.9, Figure 4). 
Signatures do shift to more mixed microbial/terrestrial signatures during snowmelt relative to 
September and October when FI signatures were lowest (Figs 3 and 4). The DOM FI spectra and 
humification signatures were most variable in March and April (Fig 4). We saw a slight increase 
in the DOM FI spectra characterization above 1.4 in March and April indicative of mixed 
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terrestrial and microbial sources to the DOM pool (Figure 4, Weishaar et al., 2003). The co-
occurrence of high FI and humification signatures in the soil porewater leads to the conclusion 
that the system is highly dynamic and is being mobilized to the stream during the snowmelt-
driven flushing event. Previous work by (Burns et al., 2016) documented increased contributions 
from terrestrial sources during flushing events due to increased hydrological connectivity of 
catchment soils to the stream. DOM signatures can be used as a hydrologic tracer, potentially 
providing some insight into a wider range for residence time distributions. Humic-like 
components are associated with humic molecules that are sorbed to soil surfaces. The increase in 
humification signatures during the spring snowmelt indicates that the transport of DOM through 
the soil is changing rapidly.  
 

4. DISCUSSION 
 
 Using in situ and continuous estimates of soil pCO2 and O2,we have documented shifts in 
carbon release and uptake mechanisms associated with snowmelt and time since fire disturbance 
in surface and subsurface soils. Previous work has shown that biology plays an important role in 
weathering subsurface soils, and snowmelt driven pulses of water, carbon and nutrients dictate 
the DIC weathering signal observed at this site (Olshansky et al., 2018). Using these continuous 
measurements, we have determined the contribution of CO2 produced that results in carbon 
losses through diffusion and is not taken up or consumed by other abiotic and biotic processes. 
We found that time since disturbance influences the subsoil biogeochemical transformations 
leading to potential carbon loss in the deeper soil layers. As the ecosystem began to recover, 
dissolved organic matter indices of microbial and plant derived compounds increased, 
proliferating into the subsurface, driving snowmelt induced biological weathering in the 
subsurface soils. Recent work has highlighted the responsiveness of subsoil carbon to changing 
temperatures and moisture (Hicks Pries et al., 2018; Kramer et al., 2013; Rumpel and Kögel-
Knabner, 2010; Yan et al., 2017). Here, we report shifts in the biogeochemical processes that 
dictate soil carbon storage and release in an ecosystem in its initial phases of recovery. 
 
 Our results show that CO2 and O2 ratios varied seasonally and with time since wildfire 
disturbance demonstrating shifts in weathering vs. respiration potential, altering the ARQ ratios 
observed. In these high elevation forests, precipitation and moisture influences seems to be a 
dominant driver of CO2 and O2 concentrations, as has been demonstrated with previous studies 
(Liptzin et al., 2011; Silver et al., 2000). Consistent with aerobic respiration, we see an observed 
draw down of soil O2 over the growing season, coinciding with increased CO2 production (Fig 
2).  
 

4.1 Loss of soil carbon in subsoils immediately following wildfire disturbance 
 
 Subsurface soils at 30 and 60 cm depths showed higher  ARQ ratios in 2013 and 2014 
compared to 2015, 2016 and 2017 (Figs 2, 3 and 4).  Our findings demonstrate potential for 
carbon losses through increased respiration, organic acid mineralization, or anaerobic respiration 
by heterotrophs in the subsurface soil horizons. The increase in ARQ with time since fire could 
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be the result of organic acids supplied by root exudates being consumed in subsurface soil 
horizons. The literature reports RQ values of 1.4 for organic acids (Randerson et al., 2006). 
Through the combustion of surface organic horizons, wildfires reduce thermal insulation in the 
surface horizons, altering the nutrient loading capacity, and increases the active layer depth in 
soil horizons. Burning off of surface soil carbon exposes the mineral soil horizon, altering 
availability and accessibility of mineralizable compounds. Exposure of subsoils has the potential 
to induce soil organic carbon loss. Soil organic carbon dynamics are influenced by temperature, 
and increased soil temperature following fire can potentially stimulate increased decomposition 
rates (Richter et al., 1999). For instance, greater temperature sensitivities of soil CO2 efflux in 
the exposed soil vs. untreated top soils have been observed in both laboratory and field 
experiments (Gao et al., 2020; Wang et al., 2018; Yan et al., 2017). In the present study the 
stability of subsurface organic carbon has the potential to decrease as a function of time since 
fire, resulting in loss of deep soil carbon in subsoils. 
 

We were surprised to see such low ARQ values in the surface (0-10 cm) soil horizons 
beneath winter snowpack in 2014, evidenced by a more negative slope driven by variation in the 
winter season and resulting in apparent oxygen consumption. Processes that may drive such low 
ARQ values include abiotic or chemolithoautotrophic oxidation and lignin or lipid 
mineralization. Wildfire is known to affect the hydrophobicity of bulk soil (Jiménez-Morillo et 
al., 2017), produced from hydrophobic organic compounds, mainly derived from plant leaf 
waxes, decomposing organic matter, and microbial biomass. Hydrophobic organic compounds 
are thought to form a water-repellent coating on soil particle surfaces. This increase in 
hydrophobicity and potential availability of lipid compounds may provide a partial explanation 
for the surface 10 cm ARQ response. Previous studies report ARQ values of 0.73 for lipids 
(Angert et al., 2015). Still, lipids typically are only associated with 10% of the soil carbon pool, 
and thus may not be the primary substrate source accounting for the total respiration observed. 
Low ARQ values in the surface soil during winter snowpack may also be explained by increased 
nitrification since it lowers the RQ by consuming oxygen. Fire is known to impact nitrogen 
cycling dynamics in forest soil (Fultz et al., 2016; Newland and DeLuca, 2000; Wan et al., 2001) 
through direct and indirect effects. Fire N availability is influenced through heating effects on 
soil, ash deposition of N previously contained in vegetation, changes in microbial N 
immobilization resulting from changes in soil C stocks. Increased temperatures typically increase 
the ammonium pool size in burned soils, enhancing N availability after fire.  
 

4.2 Winter soil respiration trends with time since fire 
 
 Differential winter respiration signals were observed with time since fire recovery. It is 
known that heterotrophic respiration can dominate beneath winter snowpack (Brooks et al., 
1996; Stielstra et al., 2015; Wang et al., 2013), and can be enhanced under greater snow 
insulation (Aanderud et al., 2013). Here, we found greater winter respiration in 2015 and 2016 
relative to the other years included in this study (Fig 2). We expected to see a positive correlation 
between winter soil respiration and snow accumulation. The partial pressure of CO2 is known to 
accumulate beneath winter snowpack, where an active heterotrophic microbial community cycles 
organic matter, immobilizing nitrogen, and leads to enhance microbial biomass pool that then 
crashes during winter snowmelt (Brooks et al., 1998; Lipson et al., 2000; Schmidt and Lipson, 
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2004). In 2015, higher concentrations of CO2 were found beneath winter snowpack relative to 
the growing season (Fig. 2), indicative of an active heteorotrophic microbial community and an 
ARQ > 1 during winter season that shifts in response to snowmelt in the 30 cm soil layer (Fig 3). 
High ARQ values are associate with anaerobic respiration by heterotrophs, organic acid 
mineralization, degassing of CO2 rich H2O and potential precipitation of carbonates. We expect 
that the overall ARQ >1 values during winter respiration are due to anaerobic respiration and 
organic acid mineralization, as an active and diverse microbial community has been observed in 
similar field sites (e.g. Aanderud et al., 2013; Lipson and Schmidt, 2004; Nemergut et al., 2005; 
Sorensen et al., 2020, 2018). Alternative abiotic mechanisms may also explain this increased 
pulse of carbon dioxide as the soils are altered by fire disturbance.  
 

4.2 ARQ, CO2 and O2 shift and vary as a function of moisture inputs, driving weathering front 
  

The subsurface showed a marked variation in the 30 cm and 60 cm depth, shifting from 
increased ARQ to decreasing ARQ and potential for carbon and oxygen consumption with depth 
as the ecosystem begins its initial recovery (Figs 3 and 4). The regression slopes differed with 
time since fire disturbance showing an overall steeper slope in subsurface soils in 2013 and 2014 
relative to 2015-2017, where apparent oxygen consumption processes seem to dominate. A 
number of mechanisms may explain these varying, seasonal trends. Low ARQ values can be 
associated with draw down of CO2 through silicate weathering, dissolution of CO2 gas into soil 
water, carbonate weathering or through reduction in O2 through oxidation or lignin or lipid 
mineralization. Iron oxidation has the potential to consume oxygen concentrations in soils but 
does not result in release in CO2. This process may even occur in anoxic microsites within soil 
aggregates where Fe2+ in aggregates when soils are wet. As the soil dries oxygen can diffuse into 
the aggregate. Further, silicate weathering could also be a potential driver of the observed trend. 
Olshansky et al. (2019) found increased silicate weathering during the snowmelt period. We 
suspect that as the snow melts, there is a shift in the microbial community population due to 
potential biotic and abiotic stress as environmental conditions change, leading to a reduction in 
the soil CO2 production.  
 

4.3 Dissolved organic matter characteristics show contributions of plant vs. microbial derived 
compounds in an ecosystem undergoing recovery, and reveal evidence of subsoil flushing during 
snowmelt, driving chemical weathering front. 
 

The DOM characteristics showed contributions of plant and microbial derived 
compounds increasing with time since fire and varied with depth as a function of seasonality and 
snowmelt (Figs 4 and 5). The organic matter analyzed is not the entire portion of the soil organic 
pool but represents the portion that is water soluble and can be leached from the soil. Seasonal 
shifts in DOM fluorescence indices were observed. Results of the present study show marked 
decrease in FI and increased humification degree with time since fire as plants begin to re-
establish (Fig 5). Alterations in the dissolved organic matter fluorescence indices through time 
provide insight into the humification degree and sources of organic matter (either plant or 
microbial derived) as the ecosystem begins to recover. Values of FI decreased to more terrestrial 
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input overall during recovery (Fig 4). New plant growth produces labile litter. The increase in FI 
and humification degree is consistent with changes in the subsurface bioweathering signal (Figs 
3 and 4), and was most variable during snowmelt (Fig 5). Regressing the HIX signal to the FI 
component allowed further resolution into the sources of organic matter propogating into the 
subsurface where both terrestrial sources (higher HIX and low FI values) and microbial (low 
HIX and high FI values) increased during snowmelt. Here, we contend that as new plant growth 
establishes, humification degree increases, microbes begin initial establishment, and these 
organic compounds and respiratory products of (CO2 and DOC with HIX and FI signal) are 
propogated into the subsurface during hydrologic flushing with the snowmelt weathering event, 
driving the weathering signal observed in 2015 -2016. Previous work demonstrates that 
snowmelt-driven biological weathering plays an important role at this site. Olshansky et al. 
(2019) linked the weathering pulse observed to the HIX signal in the snowmelt pulse observed in 
2017. This current study provides further evidence of this biologically induced weathering pulse 
driven by ligand and organic acid production. This response varies as a function of time since 
wildfire disturbance due to surface derived carbon inputs of plant re-establishment. Further, we 
elucidate differential mechanisms driving subsurface biogeochemical signals in response to time 
since wildfire disturbance with respect to seasonality and snowmelt.  
 

5. CONCLUSIONS 
 
 Taken together, the continuous measurements of both pCO2 and pO2 in response to 
wildfire and snowmelt allow for the calculation of the relative importance of reactions that drive 
soil ARQ and lead to either consumption or release of soil carbon. Wildfire disturbance stands to 
impact the oxidation of organic matter in deeper soil layers, leading to loss of soil carbon in the 
subsurface. As the ecosystem begins its initial recovery, the fluorescence indices of dissolved 
organic matter increase with depth, driven by the hydrologic flushing observed during snowmelt, 
leading to a downward weathering pulse. Subsurface soil properties respond at annual timescales 
and surface impacts in changes in moisture and seasonality and disturbance drives the chemical 
transformations and functioning occurring at the subsurface. Downward flushing of labile 
organic carbon derives from plant and microbial derived inputs, driving the chemical weathering 
front in the subsurface soil horizons. Importantly, these responses are variable with time, 
seasonality, and with disturbance impacts. Subsurface soils can either act as a carbon sink or a 
carbon source, and the source sink capacity of subsoils can be altered over relatively short time 
scales, impacting ecosystem and global carbon balance.  
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FIGURES AND TABLES 
 

 
 
Figure 1. Study Site Location. Digital elevation model (DEM) of the La Jara catchment based on 
2010 LiDar flight data. The ZOB represents a sub catchment into the greater La Jara catchment. 
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Figure 2. Time series of daily-averaged values of snow depth, soil temperature (T°C), CO2 
volumetric fraction, O2 volumetric fraction, and apparent respiratory quotient (ARQ) 
plotted as a function of time since 2013 Thompson Ridge Fire. Daily averaged precipitation 
falls down from the top axis.  Gas measurements were collected at 15-minute intervals and 
averaged across 6 pits sampled in the 2013 Jemez River Basin Burned Zero Order Basin at 10 
cm (orange), 30 cm (pink), and 60 cm (blue) depth with a shaded 95% confidence interval value. 
The shaded region marks the timing of snowmelt (15 March through 5 May) and the North 
American Monsoon (NAM; 15 July through 19 September).  
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  Monthly Precipitation (mm)  
Month 2013 2014 2015 2016 2017 
January 75 0 71 46 120 
February 51 21 58 54 30 
March 25 62 51 11 68 
April 67 44 40 0 62 
May 0 39 122 43 0 
June 8 5 63 42 16 
July 81 163 164 59 137 
August 80 55 47 130 53 
September 232 19 26 33 40 
October 45 55 81 17 11 
November 86 35 77 88 1 
December 12 59 95 90 0 
Total 762 557 895 613 537 

 
Table 1. Monthly and yearly cumulative precipitation values collected at Redondo dome. 
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Figure 3. pO2 volumetric fraction vs. pCO2 across the six instrumented pedons in the Jemez 
River Basin 2013 Burned Zero Order Basin. Point color corresponds to the date plotted on a 
continuous scale where dark purple corresponds to January and orange corresponds to 
December. The dash line indicated the theoretical relationship between pO2 and pCO2 (ARQ=1) 
governed by diffusion and aerobic respiration, with a slope of -0.76 and an x-intercept of 21. The 
black line corresponds to the fitted regression of the data. Slopes that fall below the theoretical 
relationship (more shallow) indicate systems depleted in CO2 through carbonate precipitation or 
silicate weathering, or depleted in O2 through oxidation reactions or preferential microbial 
mineralization of lignin or lipid substrates. Slopes that fall above the theoretical relationship 
indicate systems enriched in CO2 through anaerobic respiration or carbonate weathering and off-
gassing or preferential microbial mineralization of organic acid substrates. Note: Due to a data 
offset at the time of the publication of this dissertation, a constant correction standard of +8 was 
added to O2 data and will be calibrated for each site upon final publication. 
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Figure 4. Changes in subsurface CO2 and O2 ratios as a function of time since fire in 
subsurface soils (60 cm depth) calculated hourly averages. Point color corresponds to date 
with pCO2 on the y-axis and pO2 on the x-axis. The dashed red line corresponds to the 
theoretical relationship where aerobic respiration and diffusion dominates with a slope of -0.76 
and an x-intercept of one. The black line corresponds to the observed slope. Slopes above the 
theoretical relationship reveal a system enriched in CO2 through anaerobic respiration or 
carbonate weathering and off-gassing or preferential microbial mineralization of organic acid 
substrates. Slopes that fall below the red line indicate systems depleted in CO2 through 
carbonate precipitation or silicate weathering or depleted in O2 through oxidation reactions or 
preferential microbial mineralization of lignin and lipid substrates. Day-averaged soil gas from 
each year corresponds to the scatter plots given. Note: Due to a data offset at the time of the 
publication of this dissertation, a constant correction standard of +8 was added to O2 data and 
will be calibrated for each site upon final publication. 
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Figure 4. Profile from pits from the MCZOB showing soil pore water chemical and organic 
matter characteristics. Values represent measurements taken from the water extract able 
organic matter pool (WEOM) aggregated at distinct soil depths (0-10 cm, 10-20 cm, 20-40 cm, 
40-60 cm, 60-80 cm, 80-100 cm). Values represent fluorescence indices from the WEOM pool 
including the humification index (HIX), fluorescence index (FI), dissolved inorganic carbon 
(DIC), dissolved organic carbon (DOC) and pH. Panel A represents point values sampled over 
time and panel B represents the same soil points aggregated by sample year. Note: Due to a data 
offset at the time of the publication of this dissertation, a constant correction standard of +8 was 
added to O2 data and will be calibrated for each site upon final publication. 
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Figure 5.  Dissolved organic matter fluorescence indices regressed as a function of time and 
depth. Fluorescence Index (FI) is plotted on the x-axis and the Humification Index (HIX) is 
plotted on the y-axis as determined from fluorescence excitation-emission matrices for the same 
locations. Fluorescence excitation-emission matrices of DOC provide a measure of DOC 
composition and origin where FI provides a measure of microbial vs. plant-derived components 
(values below 1.4 indicate terrestrial dominated, 1.4-1.9 mixed terrestrial microbial derived, and 
above 1.9 indicates microbially dominated), and HIX provides a measure of apparent 
humification degree. Values are color coded by date plotted on a continuous scale where March 
corresponds to dark purple and October corresponds to orange.  
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Supplemental Figure 1. CO2 and O2 concentration values from each individual soil pit.  
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ABSTRACT 
 

Stabilization of microbial-derived products such as extracellular enzymes (EE) has 
gained attention as a possibly important mechanism leading to the persistence of soil organic 
carbon (SOC). While the controls on EE activities and their stabilization in the surface soil are 
reasonably well-understood, how these activities change with soil depth and possibly diverge 
from those at the soil surface due to distinct physical, chemical, and biotic conditions remains 
unclear. We assessed EE activity to a depth of 1 m (10 cm increments) in 19 soil profiles across 
the Critical Zone Observatory Network, which represents a wide range of climates, soil orders, 
and vegetation types. Activities of four carbon (C)-acquiring enzymes (α-glucosidase, β-
glucosidase, β-xylosidase, and cellobiohydrolase), two nitrogen (N)-acquiring enzymes (N-
acetylglucosaminidase and leucine aminopeptidase), and one phosphorus (P)-acquiring enzyme 
(acid phosphatase) were measured fluorometrically along with SOC, total N, Olsen P, pH, clay 
concentration, and phospholipid fatty acids, which we used to characterize the microbial 
community composition and biomass (MB). For all EEs, activities per gram soil correlated 
positively with MB and SOC; all of which decreased logarithmically with depth (p < 0.05). 
Across all sites, over half of the potential soil EE activities per gram soil consistently occurred 
below 20 cm for all measured EEs. Activities per unit MB or SOC were substantially higher at 
depth (soils below 20 cm accounted for 80% of whole-profile EE activity), suggesting an 
accumulation of stabilized (i.e., mineral sorbed) EEs in subsoil horizons. The pronounced 
enzyme stabilization in subsurface horizons was corroborated by mixed-effects models that 
showed a significant, positive relationship between clay concentration and MB-normalized EE 
activities in the subsoil. Furthermore, the negative relationships between soil C, N, and P and C-, 
N-, and P-acquiring EEs found in the surface soil decoupled at 20 cm, which could have also 
been caused by EE stabilization. This suggesting that EEs do not reflect soil nutrient 
availabilities at depth. Taken together, our results suggest that deeper soil horizons hold a 
significant reservoir of EEs, and that the controls of subsoil EEs differ from their surface soil 
counterparts.  
 
Key words: Acid phosphatase, β‐glucosidase, N‐acetylglucosaminidase, critical zone, ecological 
stoichiometry, extracellular enzymes, microbial ecology, phospholipid fatty acids, subsoil 
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1. INTRODUCTION 
 

Globally, soils store approximately 1,500 Pg of soil organic carbon (SOC) in the upper 
meter of the soil profile, with 50-67% of SOC occurring below 20 cm (Jobbágy and Jackson 
2000). The persistence of this C pool is in part controlled by extracellular enzymes (EEs) 
primarily released by soil microorganisms that decompose soil organic matter (Burns et al. 
2013). However, even though the majority of SOC occurs in the subsoil, most studies of soil 
microorganisms and the EEs they secrete focus on the upper soil layers. While the age (and thus 
persistence) of SOC increases with depth (Trumbore et al. 1996, Paul et al. 1997, Rumpel et al. 
2002), recent studies have shown that subsoil (>20 cm depth) C is still vulnerable to 
decomposition. Indeed, subsurface microbial communities have resource demands that rival 
those of surface soils when normalized to a microbial biomass (MB) basis (Jones et al. 2018). 
Understanding subsurface processes is critical in an age of global change because vulnerability 
of SOC to EE attack could be enhanced by increased temperatures or wetting/drying cycles 
(Schimel et al. 2011, Hicks Pries et al. 2017). This means that if subsoils are disturbed (either 
physically or through altered environmental conditions), portions of the soil organic matter pool 
at depth could become accessible to EEs, resulting in the mineralization of significant quantities 
of C and nutrients. Therefore, increased understanding of EE patterns at depth could help 
elucidate the mechanisms of subsoil organic matter decomposition and aid in predicting how 
pools of SOC and nutrients will be affected by ongoing global change factors. 

Because EEs both respond to and influence soil properties, the study of EEs has led to 
greater insights into soil C persistence (Billings and Ballantyne 2013, Birge et al. 2015, Dove et 
al. 2019), nitrogen (N) and phosphorus (P) mineralization (Weintraub and Schimel 2003, Waring 
et al. 2014, Chen et al. 2018), ecosystem development (Olander and Vitousek 2000, Selmants 
and Hart 2010, Turner et al. 2014), and microbial metabolism (Sinsabaugh and Shah 2011, 2012, 
Sinsabaugh et al. 2013). Given that the methods for measuring EE activity in soils are relatively 
high-throughput, inexpensive, and reproducible across laboratories (Dick et al. 2018), it is one of 
the most common soil biogeochemical measurements (‘Soil extracellular enzyme activity’ 
resulted in 2,013 records using Clarivate Analytics Web of Science as of Jan. 28, 2020). 
However, despite the widespread measurement of soil EEs, most studies have focused on EE 
activities in surface horizons, with few studies exploring EE activity patterns in soil horizons 
below 20 cm (but see Taylor et al. 2002, Kramer et al. 2013, Stone et al. 2014, Taş et al. 2014, 
Schnecker et al. 2015, Loeppmann et al. 2016, Jing et al. 2017). 

Numerous soil physical and biogeochemical properties change with depth. As organic 
matter (both SOC and organically bound nutrients) moves into the subsoil, it becomes 
increasingly more microbially processed and sorbed onto charged mineral surfaces (Rumpel and 
Kögel-Knabner 2010), which concomitantly increase with depth. Soil pH may also increase with 
depth in instances where the parent material is enriched in base cations (Brubaker et al. 1993). 
These gradients in soil properties result in subsoil microbial communities that are vastly different 
than their surface soil counterparts (Eilers et al. 2012, Brewer et al. 2019). Soil pH (Sinsabaugh 
et al. 2008, Kivlin and Treseder 2014), substrate availability and demand (Olander and Vitousek 
2000, Dove et al. 2019), and microbial community composition (Schnecker et al. 2015) influence 
EE activities in surface soils. Because these factors change along soil profiles, EE activities 
should also change with soil depth. Two main generalizations have emerged from the few studies 
that have investigated EE activities in subsoils: 1) EE activities decline with depth in association 
with decreases in soil organic matter concentrations and decreases in microbial biomass (Taylor 
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et al. 2002, Stone et al. 2014, Loeppmann et al. 2016), and 2) EE activities at depth are less 
responsive to surface conditions, manipulations, and management practices (Kramer et al. 2013, 
Jing et al. 2017, Yao et al. 2019). However, our ability to quantify the total EE pool and 
elucidate the controls on EEs in subsoils has been hindered by unstandardized ancillary 
measurements, assay parameters, and depths of sampling across studies (Nannipieri et al. 2018).  
Systematic, continental- and global-scale assessments and meta-analyses of EEs in surface soils 
have begun to clarify controls and correlates of EE activity (Sinsabaugh et al. 2008, 2009, Xiao 
et al. 2018). For instance, EE stoichiometry (the ratio of C-, N-, and P-acquiring enzymes), 
which can represent the relative C, N, and P demand (Sinsabaugh and Shah 2012), scales at 1:1:1 
(C:N:P) globally across soil, freshwater, and saltwater ecosystems, suggesting that the plasticity 
of microbial resource demand is somewhat constrained (Sinsabaugh et al. 2008, 2009). These 
large-scale assessments also confirm that pH, substrate availability, and microbial demand 
influence EE activity in surface soils (Sinsabaugh et al. 2008, 2009, Xiao et al. 2018). However, 
it is currently unknown if these controls in surface soils extend into the subsoil. We posit that EE 
activities at depth may follow different patterns than in the surface horizons given that EEs at 
depth are less responsive to environmental perturbations (Jing et al. 2017), subsoils have greater 
heterogeneity of organic substrates than at the surface (Salomé et al. 2010), and the microbial 
communities at depth are dominated by oligotrophic microorganisms (Brewer et al. 2019). 

To quantify EE activities and elucidate their controls throughout the soil profile, we 
sampled the upper meter of mineral soil at 10 cm increments in 19 soil pits across the 10 United 
States National Science Foundation-supported Critical Zone Observatories (CZOs) in the United 
States of America (USA). We hypothesized that EE activities per gram (g) soil would decline 
with depth due to decreased SOC and MB concentrations; however, a significant proportion of 
EE activity in the top meter of soil would occur below 20 cm depth. We also hypothesized that 
the fundamental controls on EE activities would differ between surface and subsoil horizons due 
to shifting biological, chemical, and physical conditions throughout the soil profile. Specifically, 
as organically bound microbial resources decrease with depth, mineral sorption of both 
substrates and EEs will become a more dominant control of potential EE activity. Our overall 
goal was to quantify potential EE activity in the subsoil over a diverse set of soils, ecosystems, 
and climates to elucidate how EE activity mediates subsoil C and limiting nutrient availabilities 
in order to improve predictive understanding. 
 

2. METHODS 

2.1 Site selection and sampling 
 

Samples were collected from the network of 10 Critical Zone Observatories (CZOs, 
http://criticalzone.org) across the USA, which represents a wide range of hydrogeological 
provinces, soil orders, and vegetation types as described in Brewer et al. (2018). Soils were 
collected at peak greenness (as estimated from NASA's MODIS: MODerate-resolution Imaging 
Spectroradiometer) between April 2016 and November 2016, with the exception of the Eel River 
CZO samples, which were collected in May 2017 (also at peak-greenness). At each CZO, we 
excavated two separate soil profiles (“sites”) selected to represent distinct soil types and 
landscape positions (Table 1). Any organic horizon was first removed, and then mineral soils 
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were sampled in 10-cm increments with a sterile hand trowel dug into the face of each soil pit to 
a depth of at least 100 cm or to refusal.  

All soil samples were shipped overnight at 4 °C to the University of California, Riverside 
for processing. A portion of each field sample was sieved (< 2 mm), homogenized, divided into 
subsamples for further analyses, and frozen (−20 °C). For some soils (particularly some wet, 
finely textured depth intervals), sieving was impractical. These samples were homogenized and 
larger root and rock fragments were removed by hand. In addition, as samples from SHAL (70-
100 cm depth; see Table 1 for site abbreviations) consisted almost entirely of medium-sized 
weathered bedrock (Cr material), soil was collected by manually crushing weathered bedrock 
with a ceramic mortar and pestle with this material then passed through a 2-mm sieve.  
 

2.2 Soil physiochemical measurements 
 

Soil pH, gravimetric water content, and clay concentration were measured using modified 
Long-Term Ecological Research (LTER) protocols (Robertson et al. 1999). Briefly, soil pH was 
determined in a 1:1 (weight to volume) solution using 15 g of field-moist soil and 15 ml of Milli-
Q water (Millipore Sigma, Burlington, MA, USA). The solution was measured on a Hannah 
Instruments (HI; Woonsocket, RI, USA) 3220 pH meter equipped with a HI 1053B combination 
glass pH electrode, designed for use with solid suspensions. For determining gravimetric water 
content, approximately 7 g field-moist soil was dried at 105 ºC for a minimum of 24 h. Soil 
texture was measured on oven-dried and sieved soil using the hydrometer method following Gee 
and Bauder (2018). 

Prior to soil total organic C and N analysis, soils were freeze-dried using a Savant 
Novalyphe-NL500 freezer dryer (Savant, Farmingdale, NY, USA) and ground to a fine powder 
using a roller mill. If effervescence occurred when a drop of 1 M HCl was added to a subsample 
of each soil sample, then inorganic C was removed from 2 g of the soil sample by twice-washing 
with 30 mL 0.1 N HCl (allowing the soil slurry to stand for 1 h during each wash), twice-
washing with 30 mL DI, and then freeze-dried. The soil samples were analyzed for total organic 
C and total N by continuous-flow, direct combustion using a Vario Micro Cube elemental 
analyzer (Elementar, Hanau, Germany). 
 Microbially available orthophosphate, referred hereafter as Olsen P, was estimated by 
extracting 1 g of soil with 200 ml of 0.5 M NaHCO3 at pH 8.5 (Olsen et al. 1954). Briefly, 
slurries were shaken for 30 min and filtered through Whatman No. 42 filters. Orthophosphate 
was measured colormetrically using a Lachat AE Flow Injection Auto Analyzer (Method 12-
115-01-1-Q, Lachat Instruments, Inc., Milwaukee, WI, USA).  
 

2.3 Phospholipid Fatty Acid Analysis 
 

We used phospholipid fatty acids (PLFAs) to determine differences in the microbial 
biomass (MB) and the ratios of fungal to bacterial biomass. Briefly, total lipids were extracted 
using 10 ml of methanol, 5 ml chloroform, and 4 ml of a 50 mM phosphate buffer (pH = 7.4) 
from 5 g of lyophilized soil (White et al. 1979, DeForest et al. 2004). To determine analytical 
recovery, phospholipid 19:0 (1,2-dinonadecanoyl-sn-glycero-3-phosphocholine) and 21:0 (1,2-
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diheneicosanoyl-sn-glycero-3-phosphocholine) standards (Avanti Polar Lipids, Inc., Alabaster, 
AL, USA) were added during the extraction phase (DeForest et al. 2012). Polar lipids were 
separated from other lipids using silicic acid solid-phase chromatography columns (500 mg 6 ml-

1; Thermo Scientific, Waltham, MA, USA), and the separated polar lipids were converted to fatty 
acid methyl esters (FAME) through methanolysis (Guckert et al. 1985). The resulting FAMEs 
were separated using a HP GC-FID (HP6890 series, Agilent Technologies, Inc. Santa Clara, CA, 
USA) gas chromatograph, and peaks/biomarkers were identified using the Sherlock System (v. 
6.1, MIDI, Inc., Newark, DE, USA). External FAME standards (K104 FAME mix, Grace, 
Deerfield, IL, USA) were used to determine concentrations. The sum of all detected 14–19 C-
length PLFAs was used to calculate MB because longer PLFAs can be indicators of mosses and 
higher plants (Zelles 1999). Ratios of fungal to bacterial biomass (fungi:bacteria) were calculated 
by dividing the amount (mol) of the fungal biomarker 18:2ω6c by the sum of all other microbial 
biomarkers (i.e., mol 18:2ω6c /(mol MB – mol 18:2ω6c)). 
 

2.4 Extracellular enzyme activity 
 

We measured potential extracellular enzyme activity of α-glucosidase (AG), β-
glucosidase (BG), cellobiohydrolase (CB), β-xylosidase (BX), N-acetylglucosaminidase (NAG), 
leucine aminopeptidase (LAP), and acid phosphatase (AP) fluorometrically following Bell et al. 
(2013). Briefly, an 800 µl soil slurry consisting of 2.75 g of field-moist soil in 91 ml of 50 mM 
sodium acetate buffer (pH = 5.5) was incubated with 200 µl of each of the 100 µM 4-
methylumbelliferone (MUB)-linked or 7-amido-4-methylcoumarin (AMC)-linked substrates 
(only LAP was AMC-linked) in 96-deep well plates. After a 3-h incubation at 20 °C, plates were 
centrifuged, and the supernatant was transferred to black, flat-bottom 96-well plates. 
Fluorescence was measured on a Tecan M200 Pro (Tecan Group Ltd., Männedorf, Switzerland) 
using an excitation wavelength of 365 nm and an emission wavelength of 450 nm. 
The enzymes, AG, BG, BX, and CB are involved in the degradation of organic C, and total C-
acquiring enzyme activity (Csum) was operationally defined as the sum of these four enzyme 
activities. The enzyme, NAG is involved in releasing N-acetylglucosamine from 
aminopolysaccharides such as chitin and peptidoglycan, and LAP catalyzes the hydrolysis of 
leucine residues at the N-terminus of peptides and proteins. Both NAG and LAP are considered 
N-acquiring enzymes and were similarly summed to define the variable Nsum, which we use as a 
proxy for N acquisition by decomposition. Acid phosphatase is involved in releasing phosphate 
from monoester bonds, representing a P-mineralizing enzyme (Burns et al. 2013).  

Extracellular enzyme activities were expressed per soil mass (mmol EE activity kg-1 soil 
h-1), SOC (mmol EE activity kg-1 SOC h-1), and MB (mmol EE activity kg-1 MB h-1). These latter 
two variables are called SOC-normalized and MB-normalized, respectively in this paper.  We 
also measured the ratio of C-, N-, and P-acquiring enzymes. Because EEs mediate nutrient 
acquisition for soil microorganisms, they can be used to determine relative nutrient demand  
(Olander and Vitousek 2000, Sinsabaugh and Shah 2012). Hence, we used Csum:Nsum, Csum:AP, 
and Nsum:AP as proxies for C:N, C:P, and N:P relative demand ratios, respectively. 
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2.5 Statistical analysis 
 
 All statistical tests and visualizations were conducted in R (R Development Core Team 
2008) using the lme4 (Bates et al. 2015) and MuMin (Barton 2018) packages. We used mixed-
effects models with site as a random effect to examine the relationship between depth, SOC, MB, 
clay, and fungi:bacteria and EE activity (expressed on soil mass, SOC, and MB bases). We 
similarly used mixed-effects models with site as a random effect to examine the effect of soil 
stoichiometry (using ratios of SOC, total N, and available P) on enzyme stoichiometry. These 
models were conducted on the complete dataset, the surface soil dataset (depth < 20 cm), and the 
subsoil dataset (depth > 20 cm) to determine differences in the controls of EE activities between 
the surface and subsoils. Because we did not characterize the horizonation of the sampling pits, 
we a priori chose 20 cm to represent the subsoil because most EE studies do not sample below 
this depth. However, we also conducted our analysis using a 30 cm threshold, and statistical 
significance and overall interpretation remained unchanged. Therefore, for clarity, we report 
results using only the 20 cm threshold for the subsoil. To report the variance explained by the 
model, we report the marginal R2 value, which expresses the increase in explained variance by 
including the fixed effect(s) (Nakagawa and Schielzeth 2013). We also used analysis of variance 
(ANOVA) to determine if the fraction of EE activity below 20 cm differed by soil order. We 
assessed significance at the α = 0.05 level and marginal significance at α = 0.10. If significant 
differences were detected, we used Tukey's Test of Honest Significant Differences to determine 
which soil orders were significantly different. 

We used qq-plots and scale‐location plots to inspect normality and homoscedasticity, 
respectively. Because many of the mixed-effects models failed to meet parametric assumptions, 
all dependent and independent continuous variables were natural log-transformed and re-
analyzed. The resulting models, along with the ANOVAs, met the assumptions of parametric 
tests. For visualization purposes, data are left untransformed unless otherwise stated. 
  

3. RESULTS 

3.1 Whole profile soil properties among sites 
 
 Soil organic C, total N, available P, and fungi:bacteria decreased while clay percentage 
increased with depth across the CZO network (all: p < 0.001, Figure S1A-E). Across all sites, 
soil pH was relatively constant throughout the depth profile (p = 0.236, Figure S1F). However, 
some individual sites showed decreases (e.g., SCST: p = 0.036) or increases (e.g., HARD: p = 
0.040, PROV: p = 0.003) in pH with depth.  
 

3.2 Distribution of extracellular enzyme activity is related to microbial biomass and organic 
carbon throughout the top meter of soil 
 
 For all assayed EEs, EE activity per mass of soil declined logarithmically with depth (p < 
0.001, Figure 1 and S2), but about 50% of the total-profile EE activity kg-1 soil in the top meter 
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occurred below 20 cm (Figure 2A). However, the proportion of the EE activity below 20 cm 
differed by the soil order for many of the assayed EEs (Table S1). Mollisols had about a 1.5 
times greater percentage of the sum of C- and N-acquiring EE activity kg-1 soil below 20 cm than 
Inceptisols or Ultisols (p < 0.050 for all comparisons, Figure 2B). For AP, the 39% higher 
proportion in the subsoil for Mollisols compared to Inceptisols was only marginally significant 
(p = 0.063). 
There were also differences in the percentage of MB and SOC in the subsoil among soil orders 
(MB: p < 0.001, SOC: p = 0.013), with Mollisols having an almost two times greater proportion 
of MB and SOC below 20 cm than Inceptisols (MB: p = 0.006, SOC: p = 0.013; Figure 2B). 
While the proportion of MB below 20 cm was significantly higher in Mollisols compared to 
Ultisols (about 1.5 times greater, p = 0.001), the difference in the proportion of SOC below 20 
cm between Mollisols and Ultisols was only marginally significant (p = 0.057).  
Microbial biomass-normalized EE activity increased with depth for all enzymes (Figure S3; all: 
p < 0.05). The strongest increases were for LAP and AP, which increased six- and seven-fold, 
respectively, while NAG and BG increased by 85% and 103%, respectively. Throughout the top 
meter, over 80% of MB-normalized EE activity occurred below 20 cm (Figure S4A). However, 
because the proportion of MB below 20 cm also varied among soil orders, the proportion of MB-
normalized EE activity below 20 cm was consistent among soil orders for most assayed EEs 
(AG: p = 0.333, BG: p = 0.175, CB: p = 0.278, BX: p = 0.211, NAG: p = 0.027, LAP: p = 0.537, 
AP: p = 0.048; Figure S4A). Nevertheless, the proportion of MB-normalized NAG activity 
below 20 cm was 15% greater in Ultisols compared to Inceptisols (p = 0.025), and the proportion 
of MB-normalized AP activity below 20 cm was 17% greater in Ultisols compared to Mollisols 
(p = 0.042). 
There were inconsistent patterns of EE activity normalized by SOC with depth. N-
acetylglucosaminidase normalized by SOC decreased with depth (p = 0.004); AG, LAP, and AP 
increased with depth (AG: p = 0.016, LAP: p = 0.002, AP: p < 0.001), and BG, CB, and BX did 
not change with depth (BG: p = 0.322, CB: p = 0.344, BX: p = 0.198; Figure S5). Similar to the 
proportion of MB-normalized EE activity below 20 cm, the proportion of EE normalized by 
SOC below 20 cm averaged about 80% and did not differ among soil orders (all: p > 0.1; Figure 
S6). 
 

3.3 Controls on extracellular enzyme activity throughout the top meter of soil 
 
 Consistently, MB, SOC, and fungi:bacteria were better predictors of EE activities per 
mass of soil than pH or clay concentrations (Table S2). This was generally consistent among 
surface soil- and subsoil-only datasets except for fungi:bacteria, which was only a strong 
predictor in the surface soil (Table S3).  
Normalized by SOC or MB, soil pH was generally not a significant predictor of the assayed EE 
activities. The exception was LAP kg-1 SOC, which correlated positively with pH (p = 0.037; all 
other EEs: p > 0.05; Table S4), a pattern that was consistent among surface soil- and subsoil-only 
datasets (Table 2). In contrast, when EE activities were normalized per unit MB, clay 
concentrations and fungi:bacteria were generally correlated positively with EE activities (Table 
S4). When surface and subsoil EE data were analyzed separately, the effect of clay 
concentrations and fungi:bacteria on MB-normalized EE activities was more often significant in 
the subsoil (Table 2).  
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3.4 Relating soil and extracellular enzyme stoichiometries throughout the top meter of soil 
 
 When considering soils from all depth increments, only soilC:N and EEC:N were correlated 
(C:N: p = 0.013, C:P: p = 0.292, N:P: p = 0.276), but this negative correlation between soilC:N 
and EEC:N was relatively weak (marginal R2 = 0.038; Figure S7). However, using the surface 
soil-only dataset, all soil and EE stoichiometries were negatively correlated (C:N: p = 0.003, 
marginal R2 = 0.268; C:P: p = 0.002, marginal R2 = 0.193; N:P: p = 0.004, marginal R2 = 0.260; 
Figure 3). In the subsoil, these correlations decoupled such that none of the stoichiometries were 
significantly correlated (C:N: p = 0.288, C:P: p = 0.358, N:P: p = 0.282; Figure 3). 
 

4. DISCUSSION 
 
 Our continental-scale sampling efforts show that microbial activity at depth is non-
negligible, and the relative proportion of EE activity (g-1 soil) at depth depends predominately on 
soil development (i.e., soil order; Figure 2B). This is likely due to changes in the vertical 
distribution of substrate (organic C) and MB among these soil orders (Batjes 1996, Figure 2B), 
which strongly correlate with EE activity (Sinsabaugh et al. 2008, Table S2). Hence, we show 
that SOC and MB are the strongest controls of EE activities throughout the soil profile. 
Increases in the MB-normalized EE activities at depth suggest an accumulation of stabilized EEs. 
While MB-normalized EE activity is often related to the relative activity of the microbial 
community or differences in metabolic strategies among microbial taxa (Boerner et al. 2005), we 
alternatively hypothesize that the increase in MB-normalized EE activity is due to EE 
stabilization, namely the sorption of the EEs onto clay or organic matter particles that impedes 
EE degradation (Sarkar et al. 1989, Burns et al. 2013). Because EE activities are often measured 
in a salt-buffered soil slurry that disrupts the stabilization of EEs (as is the case in our study), EE 
activity assays generally measure both active and stabilized EEs (Burns et al. 2013). We 
hypothesize that higher subsoil MB-normalized EE activities with depth is primarily a product of 
EE stabilization instead of differences in the metabolic qualities of the microbial community for 
three reasons. First of all, MB-normalized respiration (i.e., microbial metabolic quotient), which 
is another measure of the relative activity of the microbial community, generally does not 
increase with depth (Dominy and Haynes 2002, Fang and Moncrieff 2005, but see Lavahun et al. 
1996). Secondly, the relative abundance of fungi, which produce more EEs per unit MB than 
bacteria (Romaní et al. 2006), decreased with depth. Finally, the decoupling of soil stoichiometry 
and EE stoichiometry at depth suggests that EE activities are not responsive to altered nutrient 
availabilities. Taken together, these results suggest that the physiochemical process of EE 
stabilization, a largely abiotic process, is the major control of EE activity in the subsoil.  

Extracellular enzyme stabilization as a major mechanism in the subsoil is corroborated by 
our finding that the influence of clay concentration on MB-normalized EE activity is higher in 
the subsoil than the surface soil (Table 2). Furthermore, we may have underestimated EE activity 
in high clay soils because clay can increase the pH optima of EEs 1-2 pH units (McLaren and 
Estermann 1957, Ramírez-Martínez and McLaren 1966). Whereas many EEs have native pH 
optima between 4-6.5 (Parham and Deng 2000, Niemi and Vepsäläinen 2005, Turner 2010, Min 
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et al. 2014), an increase of two pH units would be significantly higher than the pH of our assay 
buffer (pH = 5.5). Therefore, we conclude that EE stabilization is a major process when 
microbial activity is relatively low and clay concentrations are relatively high, which is often the 
case in subsurface soil layers. 

Extracellular enzyme stabilization could be partially responsible for the muted treatment 
effects on subsoil EE activity commonly found throughout the literature (e.g., Kramer et al. 
2013, Jing et al. 2017, Yao et al. 2019). When the stabilized EE pool is significantly greater than 
the active EE pool, the ability to detect changes in the active pool is decreased. For example, if 
we assume that there is negligible EE stabilization in the surface soil and that the actualized MB-
normalized EE activity in situ is constant throughout the soil profile, our results show that across 
our study sites at least 29-71% of the assayed MB-normalized EE activity at depth can be 
attributed to stabilized EEs, depending on the EE (Equation 1). 

 
Z = ((Y – X)/Y) *100 

X = Average MB-normalized EE activity in surface soil 
Y = Average MB-normalized EE activity in subsoil 

Z = Percent MB-normalized EE activity in subsoil attributed to stabilized EEs 
 

This calculation likely represents the lower bound of the estimated stabilized MB-
normalized EE activity because any stabilization in the surface soil (X), would increase Z, and 
the relative proportion of fungal biomass, which release comparatively more EEs than bacteria 
per unit MB (Romaní et al. 2006), decreased with depth. Nevertheless, this implies that if the 
stabilized EE pool is resistant to treatment effects in experiments (e.g., Kramer et al. 2013, Jing 
et al. 2017, Yao et al. 2019), the ability to detect significant changes in microbial activity at 
depth using EE assays at depth is also reduced by at least 29-71%. In instances where the 
magnitude of the treatment effect is modest, it is unlikely that a significant change in subsoil EE 
activity will be detected. However, this should not necessarily be interpreted as a lack of 
microbial response, and caution should be exercised in interpreting the effect of a surface 
manipulation or treatment on subsoil EE activity. 

The discrepancy between soil and EE stoichiometry at depth may also be caused by the 
increased discontinuity of substrates in the subsoil and the reduced ability of the microbial 
community to respond to changes in resource availability (Allison et al. 2007). This would 
prevent subsoil microorganisms altering their EE stoichiometry to different nutrient conditions. 
Resource availability is typically higher in surface soils than in subsoils (Salomé et al. 2010). 
Recent work in soil enzymography show that C-degrading EE activities are enriched only 0.5-2 
mm from C-rich rhizodeposits (Ma et al. 2018). The EE assays that we and most others 
employed disrupt the spatial arrangement of EEs and substrates such that our results express bulk 
EE activities and bulk resource concentrations, which may not be representative of smaller, more 
localized heterogeneity in resources.  
 In contrast to earlier work (Sinsabaugh et al. 2008), we generally did not find pH to be 
well-correlated with EE activity (on a soil mass-, MB- , or SOC-basis) at any depth (Table 2, S2-
S4). We attribute this discrepancy to differences in methodologies that measure different aspects 
of the EE pool. Fluorometric measurements in the commonly used microplate EE activity assay 
are impacted by slurry pH (Burns et al. 2013). Therefore, slurries are generally buffered either by 
a consistent pH (as in our case) or by a pH characteristic of the native soil (as in Sinsabaugh et 
al. 2008). When buffered by a constant pH (near pH optima), EE activities better reflect the size 
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of the EE pool, whereas EE activity assays buffered by a pH corresponding to the native soil 
better reflect in situ rates of EE activity (Burns et al. 2013). Sinsabaugh et al. (2008) buffered 
soil slurries from alkaline soils at pH 8 and found that BG, CB, NAG, and AP activity kg-1 SOC 
decreased with soil pH, while LAP kg-1 C increased. However, across multiple biomes, BG, CB, 
and NAG have acidic pH optima (4-6.5; Parham and Deng 2000, Niemi and Vepsäläinen 2005, 
Turner 2010, Min et al. 2014). Thus, the decrease in BG, CB, and NAG activity kg-1 C with 
greater soil pH in Sinsabaugh et al. (2008) could be caused by a buffer pH for alkaline soils that 
is higher than the pH optima of the EEs. Because this buffer pH was chosen to reflect in situ 
conditions (Burns et al. 2013), we conclude that across ecosystems, in situ rates of BG, CB, and 
NAG activity are likely lower in alkaline soils because of discrepancies between EE pH optima 
and in situ soil pH. Soil pH can affect EE concentrations through its impact on the microbial 
communities (e.g., Acosta-Martínez and Tabatabai 2000, Ekenler and Tabatabai 2003, Stark et 
al. 2014); however, we find little evidence for an effect of soil pH on the size of the EE pool 
across the wide range of soil types studied here. 

Taken together, our results suggest that the relative importance of the different controls 
on EE activities change with depth. We summarize this in a conceptual model, where the active 
EE pool is controlled by microbial EE production (proximately influenced by MB and resource 
demand), and the stabilized EE pool is primarily influenced by EE stabilization onto clay 
particles (Figure 4). Because MB and resource demand decrease with depth as C becomes more 
limiting and clay concentrations increase, the subsoil total EE pool is maintained because of the 
relatively large proportion of stabilized (sorbed on soil colloids) EEs that decay slower than 
unstabilized (present in the bulk soil solution) EEs. Understanding how soil texture affects EE 
stabilization and decay dynamics is a critical knowledge gap in enzyme-explicit microbial 
models (e.g., Schimel and Weintraub 2003, Manzoni et al. 2016, Abramoff et al. 2017, Sulman 
et al. 2018). For instance, Schimel et al. (2017) estimated EE decay dynamics in multiple soils by 
measuring EE activities for weeks after sterilization. While these soils varied in texture, there did 
not appear to be a consistent pattern between soil texture and EE decay, possibly because of 
changes in other edaphic factors (i.e., moisture, substrate, etc.). Future work should 
systematically study EE decay and its relation to multiple edaphic factors including clay 
concentration to test our proposed conceptual model. 

Overall, our results imply that the vast majority of EE studies are missing a large portion 
of the total EE activity in soils, and that the unmeasured subsoil EE activity varies in its response 
to environmental conditions. Therefore, one cannot simply extrapolate surface soil EE values 
into the subsoil. As numerous other experiments have shown (Blume et al. 2002, Taş et al. 2014, 
Hicks Pries et al. 2017), ignoring subsoils and exclusively focusing on surface soils can limit our 
ability to understand whole-profile EE-dynamics and soil C storage. 
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FIGURES AND TABLES 
Table 1: Marginal R2 values for mixed-effects models with soil clay concentration, pH, or 
fungi:bacteria as the sole fixed effect, and soil pit as a random effect on EE activity normalized 
by microbial biomass (MB) or soil organic carbon (SOC) concentration in top- (< 20 cm) and 
sub-soils (> 20 cm). Key: α-glucosidase (AG), β-glucosidase (BG), cellobiohydrolase (CB), β-
xylosidase (BX), N-acetylglucosamine (NAG), leucine aminopeptidase (LAP), and acid 
phosphatase (AP) activity. Bolded values represent a significant (α = 0.05) effect and +/- 
signifies the direction of the effect (surface soil: n = 29, subsoil: n = 114). 

MB-normalized1 SOC-normalized2

Enzyme Clay pH fungi:bacteria Clay pH fungi:bacteria 
Surface soil 

AG < 0.001   0.020 0.016 0.002 0.003   0.016 
BG < 0.001   0.068 0.013 0.001 0.095   0.008 
CB   0.003   0.067 0.052 0.002 0.129   0.002 
BX   0.004   0.024 0.011 < 0.001 0.017 -0.095
NAG   0.067   0.009 +0.298 0.011 0.067 +0.146
LAP   0.004   0.002 0.007 +0.020 0.002   0.039 
AP   0.004   0.025 < 0.001 +0.102 0.001 -0.226

Subsoil 
AG +0.097   0.006 0.019 0.019 0.006   0.005 
BG   0.063   0.025 +0.171 0.001 +0.075   0.014
CB   0.043   0.034 +0.037 < 0.001 0.010   0.001 
BX +0.094   0.002 +0.146 0.002 0.034   0.001 
NAG   0.020   0.022 +0.080 0.032 0.015   0.006 
LAP   0.001 < 0.001 0.001 0.009 0.017 < 0.001 
AP +0.142   0.025 0.002 0.210 0.005   0.002 

1 Enzyme activity per unit microbial biomass 
2 Enzyme activity per unit soil organic carbon 



TABLES 

Table 1: Characteristics of the 19 study sites across ten Critical Zone Observatories (CZOs). 

Site CZO Latitude Longitude pH1:1(water)1 Elevation (m) MAP (mm) MAT (°C) Parent Material Soil Order Vegetation 

AGRI Christina 39.8622 -75.7834 4.57 - 7.03 105 1145 12 fluvium Inceptisol Forest 
BSLT Reynolds Creek 43.1171 -116.7258 7.69 - 9.40 1917 479 6.3 basalt Mollisol Shrubland 
CTNA Catalina-Jemez 32.4293 -110.7610 4.62 - 5.87 2100 840 12 granite Entisol Forest 
FLUD Christina 39.8625 -75.7830 5.86 - 6.33 113 1145 12 quartzite Ultisol Forest 
GARN Shale Hills 40.6949 -77.9199 3.34 - 4.99 554 1050 9.5 sandstone Inceptisol Forest 
GOOS IML 40.4374 -88.5552 7.79 - 8.34 250 1000 11 fluvium Mollisol Cropland 
GRNT Reynolds Creek 43.1927 -116.8105 8.91 - 9.29 1565 616 7 granite Mollisol Shrubland 
HARD Calhoun 34.6064 -81.7234 7.96 - 8.79 183 1250 16 gneiss Ultisol Forest 
ICAC Luquillo 18.2814 -65.7909 4.21 - 4.67 690 5000 19 quartzite Inceptisol Forest 
LVRD Luquillo 18.3237 -65.8185 4.23 - 5.64 343 3456 23 volcaniclastic Oxisol Forest 
MEAD Boulder Creek 40.0210 -105.4796 6.56 - 7.75 2642 519 5.1 gneiss Mollisol Grassland 
NSLP Boulder Creek 40.0125 -105.4690 6.36 - 9.81 2521 519 5.1 gneiss Inceptisol Forest 
PINE Calhoun 34.6074 -81.7228 -- 184 1250 16 gneiss Ultisol Forest 
PRAR IML 40.4275 -88.6032 7.19 - 7.67 250 1000 11 loess Mollisol Cropland 
PROV Southern Sierra 37.0675 -119.1950 6.46 - 8.09 2016 1200 8 granite Inceptisol Shrubland 
SCST Catalina-Jemez 32.4263 -110.7612 6.11 - 6.83 2100 840 12 schist Entisol Forest 
SHAL Shale Hills 40.6640 -77.9064 4.24 - 4.99 282 1050 9.5 shale Ultisol Forest 
SJER Southern Sierra 37.1088 -119.7314 5.90 - 6.25 405 513 16.4 granite Alfisol Grassland 
MDRN Eel River 39.7294 -123.6419 -- 487 1500 12 sandstone Alfisol Forest 

1pH was not measured on PINE and MDRN soils because of limited soil collected. 
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Figure 1: Distribution of activity of α-glucosidase (AG), β-glucosidase (BG), β-xylosidase (BX), 
cellobiohydrolase (CB), N-acetylglucosaminidase (NAG), leucine aminopeptidase (LAP), and 
acid phosphatase (AP) per soil mass as a function of depth throughout the top meter of soil 
across sites. See Table 1 for site abbreviations. 
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Figure 2: Percentage of α-glucosidase (AG), β-glucosidase (BG), cellobiohydrolase (CB), β-xylosidase 
(BX), N-acetylglucosamine (NAG), leucine aminopeptidase (LAP), and acid phosphatase (AP) activity 
below 20 cm in the top meter (A); and proportion of soil organic carbon (SOC), microbial biomass (MB), 
sum of C-degrading enzymes (Csum = AG + BG + CB + BX), sum of nitrogen-mineralizing enzymes (Nsum 
= NAG + LAP), and acid phosphatase (AP) below 20 cm in the top meter of soil among soil orders (B). 
Error bars show ± one standard error of the mean (Figure panel A: n = 19; Figure panel B: Inceptisol: n = 
4, Mollisol: n = 5, Ultisol: n = 3). 
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Figure 3: Correlations between soil and extracellular enzyme (EE) stoichiometry of carbon (C), 
nitrogen (N), and phosphorus (P) in surface (< 20 cm depth) and subsoils (> 20 cm depth). Blue 
lines show significant (α = 0.05) mixed-effects models of the relationship between soil and EE 
stoichiometry (site was used as a random effect; lines were not drawn where correlations were 
not significant). Gray ribbons show the standard error of the model. Data points represent 
individual soil samples (depths within each pit). Note the scales of the axes differ among plots. 
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Figure 4: Conceptual model of changing controls 
on extracellular enzyme activity (EEA) between 
surface soil and subsoil. Solid lines represent 
fluxes and dashed lines represent moderating 
controls. Boxes represent pools or concentrations, 
and other shapes represent moderating variables. 
Blue parameters represent microbial parameters, 
and green boxes represent edaphic variables such 
as substrate (including carbon [C] and nutrients) 
and clay concentrations. The differences in the 
size of boxes between the surface and subsoil 
represent the relative size of the pool, and 
differences in the thickness of arrows between the 
surface and subsoil represent the hypothesized 
relative magnitude of the flux or control. A 
portion of the substrate pool is available to 
microbial biomass (MB) and is moderated by clay 
concentration and active EEA. Substrate 
availability moderates substrate demand. Bacterial 
biomass, fungal biomass, and substrate demand 
influence active EEA. Additionally, our 
conceptual model incorporates stabilized EEA 
(i.e., EEs sorbed onto clay particles), which is 
primarily influenced by clay concentrations. At 
depth, the impact of clay on substrate availability 
and stabilized EEA increases, while the absolute 
impact of substrates and microbial properties (i.e., 
microbial biomass and substrate demand) decreases.  
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Table S1: Proportion (and standard error, n = 19) of extracellular enzyme activity (kg-1 soil) 
below 20 cm across the three main soil orders represented in the study. Different superscript 
letters represent significant differences among soil orders for each enzyme (α = 0.05). Key: AG = 
α-glucosidase, BG = β-glucosidase, CB = cellobiohydrolase, XYL = β-xylosidase, LAP = 
leucine aminopeptidase, NAG = N-acetylglucosamine, AP = acid phosphatase. 

Enzyme Inceptisols Mollisols Ultisols 
AG 33.6% (9.6) 59.5% (8.4) 62.3% (8.3) 
BG 40.9% (4.8)a 65.1% (5.8)b 46.6% (1.2)ab 
CB 41.0% (9.7) 58.8% (7.6) 36.0% (4.7) 
BX 32.2% (4.7)a 63.7% (3.1)b 51.8% (6.6)b 

NAG 31.8% (8.1)b 65.3% (4.9)a 39.6% (2.8)b 

LAP 53.2% (3.1)ab 71.9% (6.8)b 49.0% (5.2)a 
AP 47.0% (6.4) 65.4% (3.7) 56.6% (5.1) 
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Table S2: Marginal R2 values for mixed-effects models with soil microbial biomass (MB), soil 
organic carbon (SOC) concentration, clay concentration, pH, or fungi:bacteria as the sole fixed 
effect, and soil pit as a random effect on EE activities (kg-1 soil). Key: α-glucosidase (AG), β-
glucosidase (BG), cellobiohydrolase (CB), β-xylosidase (BX), N-acetylglucosamine (NAG), 
leucine aminopeptidase (LAP), acid phosphatase (AP), sum of C-degrading enzymes (Csum = AG 
+ BG + CB + BX), and sum of nitrogen-mineralizing enzymes (Nsum = NAG + LAP). Bolded 
values represent a significant (α = 0.05) effect and +/- signifies the direction of the effect (MB, 
SOC, fungi:bacteria: n = 178, clay and pH: n = 143). 

Enzyme MB (mol PLFA) SOC (%) Clay (%) pH (1:1 w/v H2O) fungi:bacteria 
Csum +0.383 +0.341 -0.253 0.002 +0.046 
AG +0.182 +0.281 -0.120 0.003 +0.067 
BG +0.433 +0.340 -0.224 0.006 +0.051 
CB +0.271 +0.293 -0.150 0.006 +0.043 
BX +0.458 +0.424 -0.231 0.009 +0.032 
Nsum +0.537 +0.531 -0.280 0.040 +0.106 
NAG +0.472 +0.448 -0.239 0.012 +0.105 
LAP +0.241 +0.283 -0.246 0.002 +0.029 
AP +0.497 +0.517 -0.294 0.008 +0.062 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table S3: Marginal r2 values for mixed-effects models with soil microbial biomass (MB), soil 
organic carbon (SOC) concentration, clay concentration, pH, or fungi:bacteria as the sole fixed 
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effect, and soil pit as a random effect on EE activities (kg-1 soil) in surface (< 20 cm) and 
subsoils (> 20 cm). Key: α-glucosidase (AG), β-glucosidase (BG), cellobiohydrolase (CB), β-
xylosidase (BX), N-acetylglucosamine (NAG), leucine aminopeptidase (LAP), acid phosphatase 
(AP), sum of C-degrading enzymes (Csum = AG + BG + CB + BX), and sum of nitrogen-
mineralizing enzymes (Nsum = NAG + LAP). Bolded values represent a significant (α = 0.05) 
effect and +/- signifies the direction of the effect (surface soil MB, SOC, fungi:bacteria: n = 38, 
subsoil MB, SOC, fungi:bacteria: n = 140, surface soil clay & pH: n = 29, subsoil clay and pH: n 
= 114).  

Enzyme MB (mol PLFA) SOC (%) Clay (%) pH (1:1 w/v H2O) fungi:bacteria 
Surface soil 

 
 

   
  

Csum +0.196 +0.301 -0.200    0.026 +0.251  
AG +0.186 +0.320  0.073    0.002 +0.293  
BG +0.158 +0.280 -0.218    0.036 +0.254  
CB +0.231 +0.277  0.102    0.015 +0.219  
BX +0.197 +0.240 -0.158 < 0.001 +0.117  
Nsum +0.356 +0.557 -0.205    0.004 +0.536  
NAG +0.367 +0.555 -0.167 < 0.001 +0.531  
LAP +0.108 +0.139 -0.196 < 0.001 +0.163  
AP +0.523 +0.584  0.126    0.032 +0.311 

Subsoil 
 

 
   

  
Csum +0.213 +0.175 -0.090    0.040 < 0.001  
AG +0.041 +0.069  0.001 < 0.001    0.002  
BG +0.285 +0.185 -0.070    0.042    0.001  
CB +0.075 +0.077  0.002    0.022 < 0.001  
BX +0.299 +0.244  0.054    0.580    0.002  
Nsum +0.350 +0.291 -0.089  +0.142 < 0.001  
NAG +0.277 +0.189  0.052    0.067    0.001  
LAP +0.083 +0.222 -0.078    0.071 < 0.001  
AP +0.337 +0.268 -0.101    0.009    0.001 
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Table S4: Marginal r2 values for mixed-effects models with clay concentration, pH, or 
fungi:bacteria as the sole fixed effect and soil pit as a random effect on EE activities normalized 
by microbial biomass (MB) or soil organic carbon (SOC) concentration. Key: α-glucosidase 
(AG), β-glucosidase (BG), cellobiohydrolase (CB), β-xylosidase (BX), N-acetylglucosamine 
(NAG), leucine aminopeptidase (LAP), and phosphatase (AP). Bolded values represent a 
significant (α = 0.05) effect and +/- signifies the direction of the effect (Clay: n = 143, pH: n = 
143, fungi:bacteria: n = 178). 
 

 MB-normalized1 SOC-normalized2 
Enzyme Clay pH fungi:bacteria Clay pH fungi:bacteria 
AG +0.144   0.002   0.007   0.020   0.002   0.001 
BG +0.107   0.051 +0.100 < 0.001   0.074   0.007 
CB +0.067   0.049   0.023   0.001   0.022 < 0.001 
BX +0.144   0.017 +0.068   0.001   0.049 < 0.001 
NAG +0.048   0.032 +0.099   0.019   0.013 +0.027 
LAP   0.019 < 0.001   0.003 +0.034 +0.035   0.005 
AP +0.199 < 0.001 < 0.001 +0.083   0.029   0.004 

   1 Enzyme activity g-1 microbial biomass 
   2 Enzyme activity g-1 soil organic carbon  
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Figure S1: Boxplots showing soil organic carbon (SOC, A), total nitrogen (N, B), Olsen 
phosphorus (P, C), clay (D), the ratio of fungal to bacterial biomass (E), and pH (F) at each depth 
interval throughout the top meter of soil across sites. For the boxplots, the solid black line 
represents the median, and the box represents the interquartile region (IQR). Lines stemming 
from the boxplots represent 1.5x the IQR and points show data outside of 1.5x the IQR. The blue 
line shows the best-fit loess regression with standard error highlighted by the gray ribbon. 
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Figure S2: Potential activity of α-glucosidase (AG), β-glucosidase (BG), β-xylosidase (BX), 
cellobiohydrolase (CB), N-acetylglucosaminidase (NAG), leucine aminopeptidase (LAP), and 
acid phosphatase (AP) as a function of depth throughout the top meter of soil across sites. 
Boxplots show the distribution of extracellular enzyme activities at each depth and the blue line 
shows the best-fit loess regression with standard error highlighted by the gray ribbon. Note: scale 
of x-axis differs among extracellular enzymes. 
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Figure S3: Potential activity of α-glucosidase (AG), β-glucosidase (BG), β-xylosidase (BX), 
cellobiohydrolase (CB), N-acetylglucosaminidase (NAG), leucine aminopeptidase (LAP), and 
acid phosphatase (AP) normalized by soil microbial biomass (mol phospholipid fatty acid 
[PLFA]) as a function of depth throughout the top meter of soil across sites. Boxplots show the 
distribution of extracellular enzyme activities at each depth and the blue line shows the best-fit 
loess regression with standard error highlighted by the gray ribbon. Note: scale of x-axis differs 
among enzymes. 
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Figure S4: Proportion of soil microbial biomass-normalized extracellular enzyme activity below 
20 cm in the top meter for α-glucosidase (AG), β-glucosidase (BG), cellobiohydrolase (CB), β-
xylosidase (BX), N-acetylglucosamine (NAG), leucine aminopeptidase (LAP), and acid 
phosphatase (AP) across (A) and among (B) soil orders. Error bars show standard error of the 
mean (Figure panel A: n = 19; Figure panel B: Inceptisol: n = 4, Mollisol: n = 5, Ultisol: n = 3).   
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Figure S5: Potential activity of α-glucosidase (AG), β-glucosidase (BG), β-xylosidase (BX), 
cellobiohydrolase (CB), N-acetylglucosaminidase (NAG), leucine aminopeptidase (LAP), and 
acid phosphatase (AP) normalized by kg-1 soil organic carbon (C) as a function of depth 
throughout the top meter of soil across sites. Boxplots show the distribution of extracellular 
enzyme activities at each depth and the blue line shows the best-fit loess regression with standard 
error highlighted by the gray ribbon. Note: scale of x-axis differs among enzymes. 
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Figure S6: Proportion of extracellular enzyme activity (kg-1 soil organic carbon [C]) below 20 
cm in the top meter for α-glucosidase (AG), β-glucosidase (BG), cellobiohydrolase (CB), β-
xylosidase (BX), N-acetylglucosamine (NAG), leucine aminopeptidase (LAP), and acid 
phosphatase (AP) across (A) and among (B) soil orders. Error bars show standard error of the 
mean (Figure panel A: n = 19; Figure panel B: Inceptisol: n = 4, Mollisol: n = 5, Ultisol: n = 3).   
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Figure S7: Lack of relationships between soil and extracellular enzyme (EE) stoichiometry 
across the whole soil profile. Data points represent individual soil samples (depths within each 
pit). 
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ABSTRACT 

While most bacterial and archaeal taxa living in surface soil horizons remain 
undescribed, this problem is exacerbated in deeper soils owing to the unique oligotrophic 
conditions found in the subsurface. Additionally, previous studies of soil microbiomes have 
focused almost exclusively on surface soils, even though the microbes living in deeper soils also 
play critical roles in a wide range of biogeochemical processes. We examined soils collected 
from 20 distinct profiles across the U.S. to characterize the bacterial and archaeal communities 
that live in subsurface soils and to determine whether there are consistent changes in soil 
microbial communities with depth across a wide range of soil and environmental conditions. We 
found that, irrespective of location, bacterial and archaeal diversity decreased with depth, as did 
similarity of microbial communities to those found in surface horizons. We observed five phyla 
that consistently increased in relative abundance with depth across our soil profiles: Chloroflexi, 
Nitrospirae, Euryarchaeota, and candidate phyla GAL15 and AD3. Leveraging the unusually 
high abundance of AD3 at depth, we assembled genomes representative of this candidate phylum 
and identified traits that are likely to be beneficial in low nutrient environments, including the 
synthesis and storage of carbohydrates, the potential to use carbon monoxide (CO) as a 
supplemental energy source, and the ability to form spores. Together these attributes likely allow 
members of the candidate phylum AD3 to flourish in deeper soils and provide insight into the 
survival and growth strategies employed by the microbial taxa that thrive in oligotrophic soil 
environments.  

Keywords: soil microbiology, soil bacteria, metagenomics, microbial traits, critical zone 
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1. INTRODUCTION 
 

Subsurface soils often differ from surface horizons with respect to their pH, texture, 
moisture levels, nutrient concentrations, clay mineralogy, pore networks, redox state, and bulk 
densities. Globally, the top 20 cm of soil contains nearly five times more organic carbon (C) than 
soil in the bottom 20 cm of meter-deep profiles (Jobbágy and Jackson, 2000). In addition, 
residence times of organic C pools are typically far longer in deeper soil horizons (Balesdent et 
al., 2018), suggesting that much of the soil organic matter found in the subsurface is not readily 
utilized by microbes. Unsurprisingly, the strong resource gradient observed through most soil 
profiles is generally associated with large declines in microbial biomass (Schütz et al., 2010, 
Eilers et al. 2012, Fierer et al., 2003, Blume et al., 2002, Spohn et al., 2016, Stone et al., 2014) ; 
per gram soil, microbial biomass is typically one to two orders of magnitude lower in the 
subsurface than surface horizons (Eilers et al., 2012, Blume et al., 2002, Spohn et al., 2016). 
Although microbial abundances in deeper soils are relatively low on a per gram soil basis, the 
cumulative biomass of microbes inhabiting deeper soil horizons can be on par with that living in 
surface soils, owing to the large mass and volume of subsurface horizons ( Schütz et al., 2010, 
Fierer et al., 2003). Moreover, those microbes living in deeper horizons can play important roles 
in mediating a myriad of biogeochemical processes, including processes associated with soil C 
and nitrogen (N) dynamics (Kramer and Gleixner, 2008; Banning, 2015), soil formation (Oh and 
Richter, 2005), iron redox reactions (Fimmen et al., 2008), and pollutant degradation (Will et al., 
2010). 
 

Given that soil properties typically change dramatically with depth, it is not surprising 
that the composition of soil microbial communities also generally changes with depth through a 
given profile ((Eilers et al., 2012; Fierer et al., 2003; Blume et al., 2002; Stone et al., 2014; Will 
et al., 2010; Kramer et al., 2013). In some cases, the differences observed in microbial 
communities with depth through a single soil profile can be large enough to be evident even at 
the phylum level of resolution. For example, both Chloroflexi (Will et al., 2010; Tas et al., 2014) 
and Nitrospirae (Will et al., 2010) may increase in relative abundance with depth. However, 
while previous work suggests that particular taxa can be relatively more abundant in deeper soils, 
it is unclear if such patterns are consistent across distinct soil and ecosystem types. We 
hypothesized that there are specific groups of soil bacteria and archaea that are typically rare in 
surface horizons, but more abundant in deeper soils. Taxa that are proportionally more abundant 
in deeper soil horizons likely have slow-growing, oligotrophic life history strategies due to the 
lack of disturbance at depth and the low resource conditions typical of most deeper soil horizons 
(Fierer 2017). Likewise, we expect deeper soils to harbor higher proportions of novel and 
undescribed microbial lineages given that oligotrophic taxa are typically less amenable to in 
vitro, cultivation-based investigations (Vartoukian et al., 2010). 
 

We designed a comprehensive study to investigate how soil bacterial and archaeal 
communities change with soil profile depth, to identify taxa that are consistently more abundant 
in deeper horizons, and to determine what life history strategies enable these taxa to thrive in the 
resource-limited conditions typical of most subsurface horizons. We collected soil samples at 10-
cm increments from 20 soil profiles representing a wide range of ecosystem types throughout the 
U.S., with most of the profiles sampled to one meter in depth. We examined the bacterial and 
archaeal communities of these soil profiles by pairing amplicon 16S rRNA gene sequencing with 
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shotgun metagenomic sequencing on a subset of samples. We found that deeper soil horizons 
typically harbored more undescribed bacterial and archaeal lineages, and we identified specific 
phyla (including AD3, GAL15, Chloroflexi, Euryarchaeota, and Nitrospirae) that consistently 
increased in relative abundance with depth across multiple profiles. Moreover, we found one 
candidate phylum (AD3) to be particularly abundant in deeper soil horizons with low organic C 
concentrations. From our metagenomic data, we were able to assemble genomes from 
representative members of this candidate phylum and document the life history strategies, 
including low maximum growth rates and spore-forming potential, that are likely advantageous 
under low resource conditions.  
 

2. RESULTS AND DISCUSSION 

2.1 Sample descriptions and soil properties linked to soil depth 
 

We collected soils from a network of 10 current and former Critical Zone Observatories 
(CZOs) located across the U.S. (Figure 1a) that span a broad range of hydrogeological provinces, 
soil orders, and ecosystem types, including tropical forest, temperate forest, grassland, and 
cropland sites. Soils were sampled from two distinct profiles per CZO for a total of 20 different 
soil profiles. Details of the site characteristics and edaphic properties for each of the 20 soil 
profiles are provided in Supplemental Dataset 1. Soils were collected from the first meter (where 
possible) of freshly excavated profiles, sampling at 10 cm increments and focusing on mineral 
soil horizons only (O horizons, if present, were not sampled). Together, this collection effort 
yielded 179 individual soil samples collected across sites with a wide range of different climatic 
conditions (e.g., mean annual temperatures ranging between 5 - 23 °C and mean annual 
precipitation ranging from 26 - 402 cm y-1, Supplemental Dataset 1). The sampled profiles 
ranged from poorly developed Entisols and Inceptisols to highly developed Oxisols and Ultisols 
(as per the U.S. Soil Taxonomy system), with the samples reflecting an extremely broad range of 
soil properties. For example, in the 0-10 cm depth increment, soil pH ranged from 3.3 to 9.8, 
organic carbon concentrations spanned 1.3% to 21.6%, and texture from 0% to 45% silt + clay 
across the profiles.  
 

Some soil properties changed consistently with depth across all 20 profiles. Total N and 
organic C concentrations were both negatively correlated with soil depth, in agreement with 
previous observations (Jobbágy and Jackson, 2000, Marty et al., 2017) (depth vs. %C rho=-0.61, 
p<0.001; depth vs. %N rho=-0.56, p<0.001; Spearman). On average, soil total organic C 
concentrations below 50 cm were 4.4 times lower than in surface soils, while total N 
concentrations were 6.3 times lower. While we measured a suite of additional chemical and soil 
properties (Supplemental Dataset 1), only clay concentrations exhibited consistent changes with 
depth (with percent clay generally increasing with depth; rho=0.29, p<0.001; Spearman). Given 
that our sampling effort included a wide range of different soil types and the expectedly high 
degree of variability in inter- and intra-profile edaphic characteristics, our goal was not to 
determine if distinct soil samples harbored distinct microbial communities or to characterize the 
factors related to shifts in overall community composition. Rather, our goal was to determine if 
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there were any consistent changes in soil microbial communities with depth across the 20 
sampled profiles. 
 

2.2 Community characteristics linked to soil depth  
 

Unsurprisingly, we found that the location of each soil profile had a strong influence on 
the composition of soil bacterial and archaeal communities as determined by 16S rRNA gene 
amplicon sequencing (r = 0.47, p < 0.001, Permanova). Individual soil profiles generally 
harbored distinct microbial communities (Figure 2, Supplemental Figure 1). In addition to this 
variation across the profiles, soil depth also had a significant effect on the composition of the 
bacterial and archaeal communities within individual profiles (p < 0.01 for 16 of 20 profiles, rho 
values ranging from 0.24 - 0.45). In general, the variation in community composition with depth 
within a given profile, while significant, was typically less than the differences in soil 
communities observed across different profiles when all profiles and soil depths were examined 
together (Depth: r = 0.02, p < 0.001, Location: r = 0.47, p < 0.001, Permanova). 
 

Several characteristics of the bacterial and archaeal communities changed consistently 
with depth despite the high degree of heterogeneity observed across the different soil profiles. As 
soil depth increased, microbial communities found at depth became increasingly dissimilar to 
those found in surface horizons (Figure 1B). When we analyzed the entire sample set together, 
dissimilarity to surface soils (0-10cm depth) was positively correlated with depth (p < 0.001, rho 
= 0.73, Spearman). This trend also held for 17 out of 20 individual soil profiles (depth was not 
significant in both Eel sites and IML site 1). We also found that the diversity of microbial 
communities (taxon richness) generally decreased with depth, with several CZOs exhibiting 
especially stronger declines with depth (Calhoun, Luquillo, and Southern Sierra) than others 
(Figure 1C). Lastly, when we compared the 16S rRNA gene sequences from this study to those 
16S rRNA gene sequences from finished bacterial and archaeal genomes in the NCBI database, 
we found that the proportion of taxa for which genomic data is available declined with depth 
(from 6.2 - 26.1% in surface soils, to 1.9 - 18.0% in the deepest horizons sampled, Figure 1D). 
Although representative genomes are unavailable for the majority of soil bacterial and archaeal 
taxa (Lloyd et al., 2018), genomic information from closely-related taxa is available for a smaller 
proportion of taxa living at depth than those found in surface soil horizons.   
 

2.3 Taxonomic shifts with soil depth  
 

Although each soil profile harbored distinct microbial communities (Figure 2), we 
identified five phyla that consistently increased in abundance with soil depth as measured by 
Spearman correlations across the entire dataset: Chloroflexi, Euryarchaeota, Nitrospirae, and the 
candidate phyla AD3 and GAL15 (Figure 3). For example, GAL15 and AD3 were typically 30 
and 27 times more abundant in soils at 90 cm than in surface horizons, respectively. The 
candidate phylum AD3, Chloroflexi, and Nitrospirae have previously been found to increase in 
abundance with increasing soil depth in individual profiles (Will et al., 2010; Tas et al. 2014), 
while candidate phylum GAL15 has been shown to be abundant in oxic subsurface sediments 
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(Lin et al., 2011). Members of these phyla are likely oligotrophic taxa adapted to survive in the 
resource-limited conditions found in deeper horizons. Indeed, soil Euryarchaeota (Leff et al., 
2015), Chloroflexi, and Nitrospirae (Fierer et al., 2011) have been shown to decrease in 
abundance upon soil fertilization. These five phyla are also underrepresented in public genome 
databases; together, they account for only 2.8% of bacterial and archaeal genomes deposited in 
IMG (as of Dec 2018), reinforcing the observation highlighted in Figure 1D that poorly 
described taxa tend to be relatively more abundant in deeper soil horizons. 
 

2.4 Community-level shotgun metagenomic analyses  
 

We selected one soil profile from nine out of the original 10 CZO sites for shotgun 
metagenomic sequencing, targeting those profiles that displayed the most dissimilarity among 
different depths. Together, we obtained shotgun metagenomic data from 67 soil samples with an 
average of 7.84 million quality-filtered reads per sample. We first used these metagenomic data 
to quantify changes in the relative abundances of the bacterial, archaeal, and eukaryotic domains 
with depth. The overwhelming majority of rRNA gene sequences that we detected were from 
bacteria (89.2% - 98.7% of reads), followed by archaea (0.03% - 7.70%), and then eukaryotes 
(0.04% - 4.27%). Interestingly, we found that the proportion of eukaryotic sequences in our 
samples decreased with depth (rho = -0.32, p = 0.05). Most of these eukaryotic rRNA gene reads 
were classified as Fungi (58%), then Charophyta (16%), Metazoa (9.3%), and Cercozoa (7.0%). 
These results are in line with previous work showing that the contributions of eukaryotes, most 
notably fungi, to microbial biomass pools typically decrease with soil depth (Turner et al., 2017). 
 

We also directly compared the results obtained from our 16S rRNA amplicon and 
shotgun metagenomic sequencing across the same set of samples. We did this to check whether 
our PCR primers introduced significant biases in the estimation of taxon relative abundances. We 
found that the shotgun and amplicon-based estimations of the abundances of each of the eight 
phyla that were the most ubiquitous and abundant across the sampled profiles (Figure 2) were 
well correlated (Supplemental Figure 2, mean rho values = 0.70). Next, we checked whether our 
primers missed any major groups of bacteria or archaea, as it has been noted that many taxa from 
the Candidate Phyla Radiation (CPR, recently assigned to the superphylum Patescibacteria, 
(Parks et al., 2018) are not detectable with the primer set used here (Eloe-Fadrosh et al., 2016). 
While we found that our primer pair did fail to recover sequences from the superphylum 
Patescibacteria, these taxa were rare in our data - the entire superphylum accounted for only 
0.5% of 16S rRNA gene reads across the whole metagenomic dataset. 
 

2.5 Candidate phylum AD3 is positively correlated with low organic carbon 
 

We found that members of phylum AD3 were consistently more abundant in deeper soil 
horizons and particularly abundant in subsurface horizons from the Calhoun and Shale Hills 
CZOs (Figure 4). In these soils, AD3 dominated the microbial communities – in some samples, 
over 60% of 16S rRNA sequences were classified as belonging to members of the AD3 
candidate phylum. The high abundances of AD3 were confirmed with shotgun metagenomic 
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analyses (Supplemental Figure 2), indicating the abundances of this phylum were not inflated by 
PCR primer biases. Candidate phylum AD3 was first observed in a sandy, highly weathered soil 
from Virginia, U.S. (Zhou et al., 2003) and does not yet have a representative cultured isolate. 
Recently, the phylum was renamed Dormibacteraeota after three genomes were assembled from 
Antarctic soils (Ji M., et al., 2017). Other representative genomes from this phylum have also 
become available with the recent addition of 47 genomes assembled from thawing permafrost 
(Woodcroft et al., 2018). However, we refer to this phylum as ‘AD3’ to maintain consistency 
with other, previously published studies. The phylum AD3 has been observed in subsurface soil 
horizons previously (Kim et al., 2014, Billings et al., 2018), and its relative abundance has been 
found to be negatively correlated with water content, C, N, and total potential enzyme activities 
(Tas et al., 2014).  
 

While the abundance of phylum AD3 was generally positively correlated with depth 
across all samples included in this study (rho = 0.22, p = 0.02, Spearman), this pattern did not 
hold for all profiles (Figure 4). Instead, we found organic C concentrations to be the best 
predictor of the abundance of AD3 in these soil communities (Supplemental Figure 3); AD3 was 
typically eight times more abundant in soils with less than 1% organic C than in soils where 
organic C concentrations were greater than 2%. Because soil depth and organic C concentrations 
were correlated across the profiles studied here, we used an independent dataset of surface soils 
(0-10 cm) collected from 1006 sites across Australia to determine if the abundances of AD3 were 
also correlated with organic C concentrations when analyses were restricted to a broad range of 
distinct surface soils (Billings et al., 2018). Indeed, we found that the relative abundances of 
AD3 in the Australian surface soil dataset (which ranged from 0.0 to 7.0% of 16S rRNA gene 
sequences) were also negatively correlated with soil organic carbon concentrations 
(Supplemental Figure 3). Together these results indicate that AD3 is typically most abundant in 
surface or subsurface soils where organic C concentrations are relatively low. Additionally, 
given the high abundance of AD3 in many of the Australian surface soils and given that subsoil 
oxygen concentrations can remain relatively high (Hall et al., 2016), it is unlikely that soil-
dwelling members of this phylum are obligate anaerobes.  
 

2.6 AD3 draft genomes recovered from metagenomic data 
 

To gain more insight into the potential traits and genomic attributes of soil AD3, we 
conducted deeper shotgun metagenomic sequencing on several soils where AD3 was found to be 
particularly abundant (Figure 4) with the goal of assembling draft genomes from members of this 
group. We were able to assemble two AD3 genomes, both from deep soils (Figure 4). These 
genomes are considered “substantially” complete according to checkM guidelines (34); bin 3 is 
estimated to be 72.7% complete at 3.4 Mb, while bin JG-37 is 74.54% complete at 3.0 Mb 
(further genome details in Supplemental Table 1). These genomes share only 47.4% average 
amino acid identity (AAI) (Konstantinidis and Tiedie, 2005) and cluster phylogenetically with 
the AD3 genomes assembled from Antarctic soil metagenomes (Ji et al., 2017), falling between 
the phyla Armatimonadetes and Chloroflexi (Figure 4).  
 

Analyses of the AD3 genomes that we recovered indicate that members of this phylum 
are aerobic heterotrophs adapted to nutrient poor conditions. Both AD3 genomes encode high-
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affinity terminal oxidases, indicative of an aerobic metabolism (cbb3 binJG37, bd bin3). These 
genomes contain no markers of an autotrophic metabolism, with no RuBisCO or hydrogenase 
genes detected in either of the assembled genomes. Both AD3 genomes contain trehalose 6-
phosphate synthase, a key gene in the pathway for trehalose synthesis, a C storage compound 
that also confers resistance to osmotic stress and heat shock (Fung et al., 2013) and protects cells 
from oxidative damage, freezing, thermal injury, or desiccation stress (Kandror et al., 2002). 
Additionally, both genomes contain glycogen catalysis (alpha-amylase, glucoamylases) and 
synthesis (glycogen synthase) genes. The ability to synthesize, store, and break down glycogen 
has been shown to promote the survival of bacteria during periods of starvation (Fung et al., 
2013, Wilson et al., 2010). These attributes likely confer an advantage in resource-limited soils, 
as the ability to store C for later use may be advantageous in environments where organic C is 
infrequently available or of low quality.  

Based on several lines of evidence, soil-dwelling AD3 appear to be oligotrophic taxa with 
low maximum growth rates. First, as mentioned above, these taxa have the highest relative 
abundances in soils with low organic C concentrations where we would expect oligotrophic 
lifestyles to be advantageous. Second, both AD3 genomes appear to encode a single rRNA 
operon, a feature often linked to low maximum potential growth rates (Roller et al., 2016). Third, 
although we cannot directly measure the maximum growth rate of uncultivated bacterial cells, 
we can estimate maximum growth rate from genomes by measuring codon usage bias with the 
DENC’ metric (Novembre 2002). DENC’ is a measure of codon bias in highly expressed genes, 
and has been shown to correlate strongly with growth rate for both bacteria and archaea (Vieira-
Silva and Rocha 2009). We calculated DENC’ for our AD3 genomes, the Antarctic AD3 
genomes (Ji et al., 2017), the thawing permafrost AD3 genomes (Woodcroft et al., 2018), and a 
set of bacterial and archaeal genomes which matched the 16S rRNA gene amplicon sequences 
recovered from the soil profile samples at ≥99% sequence similarity. The DENC’ values for all 
the AD3 genomes clustered together towards the lower end of the spectrum for our set of soil 
bacteria and archaea, indicating that members of the phylum AD3 are likely to exhibit low 
potential growth rates (Supplemental Figure 4).  

To our knowledge, all previous AD3 genomes were recovered from either Antarctic 
desert (Ji et al., 2017) or permafrost soils (Woodcroft et al., 2018), while our genomes hail from 
subsurface soils collected from temperate regions. Despite these disparate origins, some central 
characteristics of the phylum AD3 appear to be consistent. Similar to the Antarctic AD3 
genomes, our AD3 genomes also contained carbon-monoxide (CO) dehydrogenase genes. 
However, there are two types of CO dehydrogenases, which differ in their ability to oxidize CO 
and the rate at which they do so (King and Weber, 2007). While the active site of form I is 
specific to CO dehydrogenases, form II active sites also occur in many molybdenum 
hydroxylases that do not accept CO as a substrate (King and Weber 2007). Using sequence data 
from our assembled AD3 genomes, the Antarctic AD3 genomes, and selected CO dehydrogenase 
large subunit sequences (coxL), we generated a phylogenetic tree based on the amino acid 
sequence of coxL (Supplemental Figure 5). With these analyses, we found that both of the AD3 
genomes recovered here possess form II CO dehydrogenases, as do two of the Antarctic AD3 
genomes. Although it has been shown that form II CO dehydrogenases can permit growth with 
CO as a sole C and energy source in some cases (Lorite et al., 2000), further work is needed to 
determine whether these genes allow AD3 to actively oxidize CO or if these genes code for 
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molybdenum-containing hydroxylases responsible for other metabolic processes (Hille, 2005). 
Interestingly, one Antarctic AD3 genome also encodes a form I coxL, indicating that some 
members of this phylum are capable of CO oxidation (Supplemental Figure 5).  
 

Analyses of our assembled AD3 genomes also reveal that these soil bacteria may be 
capable of spore formation. Altogether, our AD3 genomes contain 33 spore-related genes 
scattered across a variety of spore generation phases (Supplemental Table 2). Nutrient limiting 
conditions are known to trigger spore formation (Fujita and Losick, 2005), and sporulation can 
allow bacterial cells to persist until environmental conditions become more favorable. 
Additionally, members of the Chloroflexi, a sister phylum to AD3, are capable of spore 
formation (Cavaletti et al., 2006). Because there are no AD3 isolates available to test for 
sporulation, we adapted a method previously used in stool samples (Browne et al., 2016) to 
identify spore-forming taxa using a culture-independent approach. We incubated three soil 
samples from our study in 70% ethanol to kill all vegetative cells, and then used propidium 
monoazide (PMA) to block the amplification of DNA from these dead cells (Carini et al., 2016). 
We then sequenced these soils using our standard 16S rRNA gene amplicon method both with 
and without the ethanol and PMA treatment. We found that the abundances of the two dominant 
AD3 phylotypes were significantly higher in the spore selected treatment than the untreated 
controls (Supplemental Table 3). Other known spore formers were enriched in the spore 
selection treatment as well, including taxa from the orders Actinomycetales, Bacillales (Browne 
et al., 2016), Myxococcales (Shimkets, 1999), and Thermogemmatisporales (Yabe et al., 2011).  
 

3. CONCLUSIONS 
 

Our results indicate that, as soil depth increases, not only do bacterial and archaeal 
communities become less diverse and change in composition, but novel, understudied taxa 
become proportionally more abundant in deeper soil horizons. We identified five poorly studied 
bacterial and archaeal phyla that become more abundant in deeper soils across a broad range of 
locations, and investigated one of these further (the candidate phylum AD3) to determine what 
characteristics may allow AD3 to survive and dominate in resource-limited soil environments. 
We found that members of AD3 are likely slow-growing aerobic heterotrophs capable of 
persisting in low resource conditions by putatively storing and processing glycogen and 
trehalose. Members of this candidate phylum also contain type I and II carbon monoxide 
dehydrogenases, which can potentially enable the use of trace amounts of CO as a supplemental 
energy source. We also found that soil-dwelling AD3 are likely capable of sporulation, another 
trait that may allow cells to persist during periods of limited resource availability. More 
generally, analyses of these novel members of understudied phyla suggest life history strategies 
and traits that may be employed by oligotrophic microbes to thrive under resource-limited soil 
conditions. 
 

4. MATERIALS AND METHODS 
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4.1 Sample collection and processing 
 
 Samples were collected from the network of 10 Critical Zone Observatories (CZOs, 
http://criticalzone.org) across the US: Southern Sierra (CA), Boulder Creek (CO), Reynolds (ID), 
Shale Hills (PA), Calhoun (SC), Luquillo (PR), Intensively Managed Landscapes (IL/IA/MN), 
Catalina/Jemez (AZ/NM), Eel River (CA), and Christina River (DE/PA). Volunteers from each 
CZO excavated two separate soil profiles (“sites”) selected to represent distinct soil types and 
landscape positions. Soils were collected at peak greenness (as estimated from NASA's MODIS: 
MODerate-resolution Imaging Spectroradiometer) between April 2016 and November 2016, 
with the exception of the Eel River CZO samples, which were collected in May 2017. Volunteers 
were asked to sample in 10-cm increments to a depth of at least 100 cm or to refusal. Site details 
are available in Supplemental Dataset 1.  
 

All soil samples were sent to the University of California, Riverside for processing. A 
portion of each field sample was sieved (< 2 mm, ASTM No. 10), homogenized, and divided 
into subsamples for further analyses, with subsamples stored at either 4°C, −20°C, or −80°C. For 
some soils (particularly some wet, finely textured depth intervals), sieving was not practical. 
These samples were homogenized by mixing, with larger root and rock fragments removed by 
hand. In addition, as samples from Shale Hills site 2 (70—100 cm depth) consisted almost 
entirely of medium-sized rocks, soil was collected by manually crushing rocks with a ceramic 
mortar and pestle; this material was then passed through a 2-mm sieve. 
 

DNA was extracted from subsamples frozen at −20°C using the DNeasy PowerLyzer 
PowerSoil kit (Qiagen, Germantown, MD, USA), according to the manufacturer’s instructions 
with minor modifications to increase yield and final DNA concentration based on the assumption 
that some sites and depths would have a relatively low microbial biomass. Specifically, 0.25 g of 
soil was weighed in triplicate (i.e., three 0.25 g aliquots = 0.75 g total soil per sample) from one 
frozen aliquot of sieved soil. Extractions on each 0.25 replicate aliquot proceeded in parallel, 
until the stage when DNA was eluted onto the spin filter; replicates were pooled at this point 
onto a single filter, and extractions proceeded from this point as a single sample. In addition, the 
final step of elution of the DNA from the filter was conducted with 50 µL of elution buffer, 
instead of 100 µL; the initial flow-through was reapplied to the filter once to increase yield. 
 

4.2 Soil characteristics 
 

Frozen subsamples (stored at −20°C) were shipped to the University of Illinois at 
Urbana-Champaign for characterization of soil physicochemical properties. Soil C and N 
concentrations were measured on freeze-dried, sieved, and ground subsamples using a Vario 
Micro Cube elemental analyzer (Elementar, Hanau, Germany). Approximately 1 g of each 
subsample was also extracted in 30 mL of 0.5 N HCl for determination of Fe(III) and Fe(II) 
concentrations using a modified ferrozine assay (51). Soil texture was measured on oven-dried 
and sieved soil following Gee and Bauder (1986). 
 

Soil pH and gravimetric water content were measured using modified Long Term 
Ecological Research (LTER) protocols, as per Robertson et al. (1999). Soil pH was determined 
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using 15 g of field-wet soil and 15 mL of Milli-Q water (Millipore Sigma, Burlington, 
Massachusetts), and was measured on a Hannah Instruments (Woonsocket, RI) HI 3220 pH 
meter with a HI 1053B pH electrode, designed for use with semi-solids. For determining 
gravimetric water content, we oven-dried 7 g of soil at 105 º C, for a minimum of 24 hours.  
 

4.3 Amplicon-based 16S rRNA gene analyses 
 

To characterize the bacterial and archaeal communities in each sample, we used the 
barcoded primer pair 515f/806r for sequencing the V4-V5 region of the 16S rRNA gene 
following methods described previously (Leff et al., 2015). We amplified this gene region three 
times per sample, combined these products, and normalized the concentration of each sample to 
25 ng using SequalPrep Normalization Plate Kits (Thermo Fisher Scientific, Waltham, MA). All 
samples were then pooled and sequenced on the Illumina MiSeq (2x150 paired end chemistry) at 
the University of Colorado Next-Generation Sequencing Facility. The sample pool included 
several kit controls and no template controls to check for possible contamination.  
 

Sequences were processed using a combination of QIIME and USEARCH commands to 
demultiplex, quality-filter, remove singletons, and merge paired end reads. Sequences were 
classified into exact sequence variants (ESVs) using UNOISE2 (52) with default settings and 
taxonomy was assigned against the Greengenes 13_8 database (DeSantis et al., 2006) using the 
RDP classifier (Cole et al., 2013). ESVs with greater than 1% average abundance across all 
sequenced controls were classified as contaminants and removed from further analyses, along 
with ESVs identified as mitochondria and chloroplast. The entire dataset was then rarefied to 
3400 sequences per sample.  
 

4.4 Shotgun metagenomic analyses 
 

One soil profile from each CZO was selected for shotgun sequencing - we chose the sites 
that exhibited the most dissimilarity in microbial community composition through the soil 
profile, as we were interested in changes most associated with soil depth. Using the same DNA 
as used for the amplicon sequencing effort, we generated metagenomic libraries using the 
TruSeq DNA LT library preparation kit (Illumina, San Diego, CA). All samples were pooled and 
sequenced on an Illumina NextSeq run using 2x150bp paired end chemistry at the University of 
Colorado Next-Generation Sequencing Facility. Prior to downstream analysis, we merged and 
quality filtered the paired-end metagenomic reads with USEARCH. After quality filtering we 
had an average of 8.8 million quality-filtered reads per sample (range = 1.9 -15.4 million reads, 
we only included samples with at last 1 million reads). These sequences were uploaded to MG-
RAST (55) for annotation. We used Metaxa2 (Meyer et al., 2008) with default settings to analyze 
all microbial communities (bacterial, archaeal, and eukaryotic) in each sample. All statistical 
analyses were done in R studio and all figures were created with ggplot2 (Wickham 2009).  
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4.5 Assembly, annotation, and characterization of AD3 genomes 
 

We assembled two genomes belonging to the candidate phylum AD3 (29) from 
individual metagenomes obtained from Calhoun site 1 (60-70cm) and Shale Hills site 1 (90-100 
cm). These two soil samples were selected for deeper sequencing based on the high abundance of 
the phylum AD3 (~60% of amplicon 16S rRNA gene reads at Calhoun, ~23% at Shale Hills). 
This sequencing effort yielded 57.7 million paired-end reads for Calhoun 60-70cm and 65.6 
million paired-end reads for Shale Hills 90-100cm. 
 

Genomes were assembled using unpaired reads that had been filtered using sickle (-q 20 -
l 50). We used Megahit (Li et al., 2015) with the bulk preset to build the assembly, and MaxBin 
2.2.1 (Wu et al., 2016) for binning. We used a script to cycle through MaxBin conditions (-
min_contig_length 1100 -1500 and -prob_threshold 0.95 - 0.99) and used checkM (Parks et al., 
2015) to pick the best bins. Bins were then manually curated using a combination of scaffold 
abundance, tetranucleotide frequency, and GC content. After selecting the highest quality bins 
from each sample, we ran Metaxa2 on the bins themselves to detect SSU or LSU rRNA genes 
that could be used to determine taxonomic affiliations. To double check that each bin was 
affiliated with the AD3 candidate phylum, we used the concatenated marker gene phylogeny 
generated from checkM to compare the placement of our genomes to three previously published 
AD3 genomes (Ji et al., 2017). Both genomes were submitted to IMG for annotation under the 
taxon IDs 2756170100 and 2767802471. Based on checkM estimates, both genomes are 
substantially complete with medium to high contamination (bin JG37: 74.54% complete, 12.66% 
contamination; bin3: 72.65% complete, 10.68% contamination) See Supplemental Table 1 for 
additional genome details.  
 

4.6 Phylogenetic tree of CoxL genes  
 

The evolutionary history of the AD3 coxL genes was inferred by using the Maximum 
Likelihood method based on the JTT matrix-based model (Jones et al., 1992). The tree with the 
highest log likelihood (-24038.8804) is shown. The percentage of trees in which the associated 
taxa clustered together is shown below the branches. Initial tree(s) for the heuristic search were 
obtained automatically by applying Neighbor-Join and BioNJ algorithms to a matrix of pairwise 
distances estimated using a JTT model, and then selecting the topology with superior log 
likelihood value. A discrete gamma distribution was used to model evolutionary rate differences 
among sites (5 categories (+G, parameter = 1.10)). The rate variation model allowed for some 
sites to be evolutionarily invariable ([+I], 6.75% sites). The resulting tree was drawn to scale, 
with branch lengths measured in the number of substitutions per site. The analysis involved 67 
amino acid sequences. All positions containing gaps and missing data were eliminated. There 
were a total of 526 positions in the final dataset. Evolutionary analyses were conducted in 
MEGA7 (Kumar et al., 2016) and the tree was plotted in ggtree (Yu et al., 2016). 
 

4.7 Calculation of maximum growth rate proxy ΔENC’ 
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Because there are no cultivated members of phylum AD3, we calculated ΔENC’ to 
estimate potential growth rates as described previously (Novembre 2002, Vieira-Silva and 
Rocha, 2009). We also calculated ΔENC’ on complete genomes in NCBI that matched amplicon 
sequences in our dataset with >=99% sequence similarity. We used this set of genomes to 
represent the bacteria found in the same soil profiles studied here to establish a range for 
microbial growth rates in soil. We ran ENCprime (Vieira-Silva and Rocha, 2009) with default 
options on both concatenated ribosomal protein sequences and concatenated genome sequences, 
and calculated ΔENC’ as described in Vieira-Silva (2009).  
 

4.8 Spore selection treatment 
 

When we examined our AD3 genomes, we found numerous genes linked to spore 
formation. Therefore, we adapted a method previously used in human stool samples (Browne et 
al., 2016) to select for spores in a culture independent manner in three soil samples from our 
study (Calhoun site 1, soils 50-60cm, 60-70cm, and Calhoun site 2, soil 50-60cm). To select for 
spores, we incubated 0.04g of each soil in 70% ethanol for 4 hours under constant agitation with 
the goal of killing vegetative cells. After the incubations, we washed both sets of samples with 
PBS three times, then applied propidium monoazide (PMA) to the ethanol-treated samples as 
described previously (Carini et al., 2016). We used PMA to block the amplification of DNA 
from cells with compromised membranes, ensuring that only those cells capable of surviving the 
harsh ethanol treatment would be amplified in subsequent PCRs. We PCR amplified, sequenced, 
and processed these samples as previously described. We restricted our analysis to the top 1000 
most abundant phylotypes to remove rare taxa and used the Wilcoxon test to identify enriched 
taxa, scoring taxa as “possible spore formers” if they had False Discovery Rate (FDR) corrected 
p-values greater than 0.05. These taxa are presented in Supplemental Table 3. 
 

4.9 Data availability 
 
Both AD3 genomes are publicly available on IMG under taxon IDs 2756170100 and 
2767802471. The merged, quality filtered, and unassembled shotgun sequences are available 
under MG-RAST project ID mgp80869. The raw, unmerged 16S amplicon sequences are 
available on figshare at 10.6084/m9.figshare.4702711. 
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FIGURES AND TABLES 

 
 
Figure 1: (A) Site map of sampling locations. We analyzed bacterial and archaeal communities 
from 2 soil pits located at each of 10 different CZOs across the U.S. Each pit was sampled in 10 
cm intervals from surface soils to one meter in depth (when possible). (B) Bray-Curtis 
dissimilarity to surface samples increases with depth. As depth increases, soil bacterial and 
archaeal communities become less similar to those communities at the surface. (C) Bacterial 
and archaeal diversity decreases with depth. Colors of points match the colors of the CZO 
sites indicated in panel A with two profiles sampled per site (N=20). (D) The proportion of 16S 
rRNA gene sequences from the sampled soils for which representative genome data are 
available decreases with depth. We matched our 16S rRNA gene amplicon sequences to 16S 
rRNA genes from finished bacterial and archaeal genomes in the NCBI database. At deeper soil 
depths, we found that fewer taxa in our dataset had representative genomes, indicating that the 
bacterial and archaeal taxa found in deeper soil horizons are less represented in genomic 
databases than those found in surface soils. 
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Figure 2: Different soil profiles have distinct microbial communities. Here we show the 
relative abundances of the eight most abundant phyla identified from our 16S rRNA gene 
amplicon sequencing effort. Not all profiles were sampled to one meter due to variable bedrock 
depth. Note that the two profiles sampled from each CZO site were selected to represent distinct 
soil types (details on soil characteristics are available in Supplemental Dataset 1).  
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Figure 3: Five bacterial and archaeal phyla that consistently increased in relative 
abundance with soil depth. These phyla were identified via Spearman rank correlations against 
depth (FDR corrected p values < 0.02, rho > 0.22). For details on all phylum level abundances in 
each individual soil profile, see Supplementary Table 5. 
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Figure 4: (A) The relative abundance of phylum AD3 is variable across different soil 
profiles, but generally increases with depth. The samples used for the AD3 genome 
assemblies are noted with stars. (B) The two AD3 genomes we assembled from the soil profile 
metagenomic data cluster phylogenetically with previously published AD3 genomes (29). 
Our deep soil AD3 genomes also fall between the known sister phyla Chloroflexi and 
Armatimonadetes, validating their identity as members of candidate phylum AD3. This tree was 
created using the concatenated marker gene phylogeny generated from checkM (34), and was 
plotted using ggtree (62). Only closely related phyla are included in the tree. 
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Fig. S1. Ordination plot showing differences in overall microbial community composition across 
the 20 sampled profiles (two per Critical Zone Observatory). The principal coordinates 
analysis is based on Bray-Curtis dissimilarities calculated from the 16S rRNA gene 
sequencing effort (amplicon data). This ordination plot shows that the differences in 
communities between profiles are typically larger than the differences in communities 
across different depths within individual profile, a conclusion supported by the associated 
PerMANOVA analyses. 
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Fig. S2. Relative abundances of the eight most abundant bacterial phyla in our dataset are 
well correlated between 16S rRNA gene amplicon and shotgun metagenomic methods. We 
used Metaxa2 (56) to search for SSU rRNA gene fragments in our metagenomic data. P-values 
and rho values indicate Spearman correlations.  
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Fig. S3: The relative abundance of phylum AD3 is negatively correlated with soil carbon 
concentrations across two independent soil datasets. The top panel features data from this 
study (20 soil profiles across the U.S., 177 soils in total) while the bottom panel draws from 
a dataset encompassing 1006 surface soils (0-10 cm depth) collected from across Australia 
as part the BASE project (Biomes of Australian Soil Environments; (33). P-values and 
correlation coefficients (cor) are from Pearson correlations. 
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Fig. S4: Members of the phylum AD3 are predicted to have low maximum potential growth 
rates based on the growth rate proxy ΔENC’ (a metric of codon usage bias). ΔENC’ ranges 
from our AD3 genomes, the Antarctic AD3 genomes (29), the thawing permafrost AD3 genomes 
(30), and a set of genomes matched to our 16S rRNA gene amplicon sequences are shown, 
arranged by taxonomic affiliation. ΔENC’ is positively correlated with growth rate in bacterial 
and archaeal genomes (41). Select genomes are labeled for additional context and indicated with 
a central white dot. 
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Fig. S5: The AD3 genomes assembled from cross-CZO soil metagenomes contain form II CO 
dehydrogenases (coxL). Form II coxL genes may or may not be associated with the ability to 
oxidize carbon monoxide (42). However the Antarctic bin13 AD3 genome (29) contains a 
form I coxL sequence most closely related to Actinobacteria, indicating that at least some 
members of this phylum are likely capable of CO oxidation. Details on the tree 
construction are included in the Methods text. 
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Gamma_proteobacterium_HIMB30_WP_010548980

Burkholderia_xenovorans_LB400_2_YP_555308
Alkalilimnicola_ehrlichei_MLHE-1_YP_742401

Silicibacter_pomeroyi_DSS-3_YP_167616

Nisaea_denitrificans_DSM_18348_2525376734

Labrenzia_aggregata_IAM_12614_ZP_01547258
Bradyrhizobium_japonicum_USDA_124_2517104400

Salinarimonas_rosea_DSM_21201_2523196126
Methyloferula_stellata_WP_020174914

Rhodopseudomonas palustris BisA53 Form II_CP000463

Actinobacteria
AD3
Bacteroidetes
Chloroflexi
Crenarchaeota
Deinococcus-thermi
Firmicutes
Gemmatimonadetes
Geoarchaeota
Proteobacteria

Acidobacteria

Sediminimonas_qiaohouensis_DSM_21189_2523946139
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Table S1. Genome statistics  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

AD3 Genomes from this study 

IMG_ID Name Completeness Contamination CZO Site Depth (cm)       Contigs Size (bp) GC% 

2756170100 bin JG37 74.54 12.66 Shale Hills 1 90 661 2990252 67% 

2767802471 bin 3 72.65 10.68 Calhoun 1 60 1779 3428017 61% 

          

AD3 Genomes from Ji et al, 2017 

2698536734 bin 12 95.32 2.31 - - - 302 2961190 69% 

2698536735 bin 13 96.3 0 - - - 71 2960892 67% 

2698536736 bin 14 92.44 4.63 - - - 358 5287456 68% 
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Table S2. Spore forming genes from AD3 genomes and closest spore-forming relative K. 
racemifer 
 

Stage Gene Bin JG-37 Bin 3 K. racemifer 

stage 0 spo0A 0 0 0 

stage 0 sigH (spo0H) 0 0 0 

stage 0 spo0J 2 2 2 

stage 0 obgE 1 0 1 

stage 0 spo0F 0 0 1 

stage II spoIIAA 0 0 2 

stage II spoIIAB 0 0 0 

stage II sigF 0 0 0 

stage II spoIID 2 0 0 

stage II spoIIE (spoIIH) 0 0 0 

stage II spoIIGA 0 0 0 

stage II sigE 0 0 0 

stage II spoIIM 1 0 0 

stage II spoIIP 0 0 0 

stage II spoIIR 0 0 0 

stage III-IV cwlD 0 0 0 

stage III-IV dacB 0 0 0 

stage III-IV spoIIIE 2 1 4 

stage III-IV spoIIIJ 2 1 3 

stage III-IV spoIIIAA 0 1 1 

stage III-IV spoVS 1 1 0 

stage III-IV spoVD 1 1 0 

stage III-IV spoVK 0 0 2 

stage III-IV spoVC 0 1 1 

stage III-IV spoVR 0 0 1 

stage III-IV spoIVFB 4 1 3 

stage III-IV spoIVCA 0 0 6 

spore coat spoIVA 0 0 0 

spore coat alr (yncD) 1 1 1 

spore coat CotA 0 1 1 

spore coat CotJC  0 0 3 

germination gpr 0 0 0 

germination lgt (gerf) 0 0 0 

germination YaaH 1 1 2 

germination CgeB 1 0 0 

germination YhbH 1 1 2 

Total  Total  20 13 36 
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ABSTRACT 
 
Soil microbial communities play critical roles in various ecosystem processes, but studies at a 
large spatial and temporal scale have been challenging due to the difficulty in finding the 
relevant samples in available datasets as well as the lack of standardization in sample collection 
and processing. The National Ecological Observatory Network (NEON) has been collecting soil 
microbial community data multiple times per year for 47 terrestrial sites in 20 ecoclimatic 
domains, producing one of the most extensive standardized sampling efforts for soil microbial 
biodiversity to date. Here, we introduce the neonMicrobe R package—a suite of downloading, 
pre-processing, dataset assembly, and sensitivity analysis tools for  NEON’s newly-published 
16S and ITS amplicon sequencing data products which characterize soil bacterial and fungal 
communities, respectively. neonMicrobe is designed to make this data more accessible to 
ecologists without assuming prior experience with bioinformatic pipelines. We describe quality-
control steps used to remove quality-flagged samples, report on sensitivity analyses used to 
determine appropriate quality filtering parameters for the DADA2 workflow, and demonstrate 
the immediate usability of the output data by conducting standard analyses of soil microbial 
diversity. The sequence abundance tables produced by neonMicrobe can be linked to NEON’s 
other data products (e.g., soil physical and chemical properties, plant community composition) 
and soil subsamples archived in the NEON Biorepository. We provide recommendations for 
incorporating neonMicrobe into reproducible scientific workflows, discuss technical 
considerations for large-scale amplicon sequence analysis, and outline future directions for 
NEON-enabled microbial ecology. In particular, we believe that NEON marker gene sequence 
data will allow researchers to answer outstanding questions about the spatial and temporal 
dynamics of soil microbial communities while explicitly accounting for scale dependence. We 
expect that the data produced by NEON and the neonMicrobe R package will act as a valuable 
ecological baseline to inform and contextualize future experimental and modeling endeavors. 
 
Key words: biogeography, bioinformatics, DADA2, macroecology, marker gene sequences, 
NEON, neonMicrobe, R package, soil microbial communities  
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1. INTRODUCTION 
 

Microbial life on earth is ubiquitous and essential in critical ecosystem processes 
(Cavicchioli et al. 2019). Soils are among the most diverse microbial habitats known, and recent 
surveys at continental (Fierer et al. 2012, Ladau et al. 2013, Talbot et al. 2014, Prober et al. 2015, 
Thompson et al. 2017, Wang et al. 2018) and global scales (Serna‐Chavez et al. 2013, Thompson 
et al. 2017, Chu et al. 2020) have shed light on the diversity and distribution of soil microbes. 
Such large-scale studies often identify abiotic environmental factors, such as climate and edaphic 
characteristics, to be strong predictors of soil microbial community composition. For example, 
soil fungal richness is strongly determined by climate (Tedersoo et al. 2014, Větrovský et al. 
2019, Steidinger et al. 2020), soil protist composition by annual precipitation (Oliverio et al. 
2020), and bacterial composition and function by edaphic characteristics such as pH and soil 
carbon (Lauber et al. 2009, Delgado-Baquerizo et al. 2016). Enough data has accumulated that 
global meta-analyses of environmental controls of microbial biogeography have recently 
emerged (Větrovský et al. 2019), and we are just beginning to discern the influence of biotic 
interactions on microbial diversity and distribution (Bahram et al. 2018, Steidinger et al. 2019). 
While molecular microbial surveys have contributed much to our understanding of microbial 
ecology, they have also highlighted unique problems. One conceptual challenge in microbial 
ecology is scale. Classical ecological theories and sampling techniques were developed with 
macro-organisms in mind, and may not apply well to microbes (Levin 1992). Thus, drivers of 
microbial diversity and distribution are highly scale-dependent (Martiny et al. 2011, Peay et al. 
2016). Sampling techniques that preserve sample scale-dependency are important to broaden our 
understanding of microbial community ecology. For example, the strength of positive and 
negative interactions in microbial community assembly processes is predicted to occur at distinct 
spatial scales (Mod et al. 2020). However, spatially explicit tests of assembly rules for microbial 
groups are lacking (Talbot et al. 2014, Maynard et al. 2017), and cross-study comparisons are 
stymied by widely varying sample granularity and survey extent (Zinger et al. 2019). In addition 
to variation in sampling scale, the differences between protocols of sequence-based microbial 
ecological research can make the interpretation of meta-analyses challenging. For example, 
differences in sample collection, such as soil core size, storage method, DNA extraction, 
sequencing, and bioinformatic approaches, can all have oversized effects on our final 
understanding of microbial abundance, diversity, and distribution (Lindahl et al. 2013, Pauvert et 
al. 2019). Thus, laboratory and bioinformatic standardization must complement field sampling 
designs to truly empower ecological inferences. 
 

The National Ecological Observatory Network (NEON) is a multi-scale ecological 
observation platform spanning the United States for understanding and forecasting the impacts of 
climate change, land use change, and invasive species on ecosystems (Schimel and Keller 2015). 
NEON is designed to enable users, including scientists, educators, policymakers, and the general 
public, to assess large-scale and long-term ecological changes and address their major drivers. 
The NEON Terrestrial Observation System monitors environmental drivers and key taxonomic 
groups at multiple trophic levels in order to quantify the responses of biodiversity and 
biogeochemical cycles to climate and land use changes. A component of this data collection 
program, the NEON Microbial Ecology Sampling Program, measures the diversity and 
abundances of microbiota, and archives raw samples and DNA for public research use. Sampling 
and analysis for microbes are performed using standardized and freely available methods 
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(Stanish et al. 2018) that help eliminate confounding factors in cross-site or cross-study analyses. 
The data collected by NEON are processed into documented, calibrated, and quality-controlled 
data products, and are openly available through the NEON Data Portal and API (Application 
Programming Interface).  

Given the high diversity of microbial communities relative to most macroorganisms, 
NEON microbial data also presents unique challenges for the end user. For those new to “big 
data,” accessing the NEON API may seem unintuitive: acquiring metadata entails downloading 
data from multiple NEON products and preprocessing metadata through table joins before 
analysis. For high-throughput microbial marker gene (amplicon) sequencing data, files are 
relatively large and cannot be readily visualized, and often advanced bioinformatic tools and 
computing capabilities are needed to analyze the data. Our goal is to lower the barriers of entry 
to utilizing NEON microbial data. We provide a data processing pipeline and software package 
to wrangle NEON soil microbial community data and promote its wider accessibility and use in a 
standardized manner, thereby maximizing its potential for developing ecological insights. 
In this paper, we introduce neonMicrobe, a novel, quality-tested data pipeline that standardizes 
the processing of NEON soil bacterial and fungal amplicon sequence data into abundance tables 
for microbial ecology research. While the current scope of this paper and the accompanying 
neonMicrobe R package is on soil microbes and the soil environment, our package provides the 
scaffolding for the analysis of surface water and benthic microbe marker gene sequence data. 
Our pipeline builds on existing validated protocols (Tedersoo, Ramirez, et al. 2015, Callahan et 
al. 2016, Lunch et al. 2021) to create a reproducible way to download, quality-control, and 
process sequence data into sequence tables all within the R statistical computing environment (R 
Core Team 2021). Acknowledging the complexities behind selecting appropriate parameters for 
various stages of the pipeline, we use a sensitivity analysis to demonstrate how changes in read 
quality filtering parameters may affect downstream ecological inferences. We conclude with 
lessons learned related to the provisioning of microbial data by NEON, as well as the use of 
NEON data products by researchers to generate new insights about microbial ecology. 

2. METHODS

2.1 NEON Soil Microbe Marker Gene Sequence Data Products 

This paper utilizes soil microbial 16S and ITS sequence data from NEON (NEON 
DP1.10108.001), which primarily target bacteria and fungi, respectively. A full description of the 
sampling design and analysis methods can be found in the documentation available through the 
NEON Data Portal website (data.neonscience.org). 

2.2 Sampling design 

The NEON domain encompasses 47 terrestrial field sites across the United States 
including Puerto Rico, covering 20 eco-climatic domains as defined by NEON. Sites are 
strategically located in ecosystems across the U.S. so that site-level measurements can be used to 
extrapolate across the continent (Barnett et al. 2017). Each terrestrial field site contains 10 plots 
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for soil microbial sampling: four tower plots within the airshed of an instrumentation tower and 
six distributed plots that are designed to be spatially balanced while reflecting the dominant 
vegetation type at the site (Stanish et al. 2018). Each plot is divided into four subplots, three of 
which are randomly chosen for sampling. Random coordinates with a 1-m buffer zone are 
generated for each subplot. Up to three soil cores may be collected within 0.5 m of each set of 
coordinates and combined to provide a sufficient sample volume for downstream processing and 
analyses. 

Sampling events are broadly designed to capture periods when microbial activity is 
expected to be at its highest, or when activity may be rapidly changing, such as the transition 
from the dry to wet seasons or during spring soil thawing. Sampling does not occur when the 
ground is frozen or covered in snow due to logistical and safety concerns, which may miss 
critical periods in snow-covered ecosystems (Schadt et al. 2003). Most sites are sampled for 
microbial community characterization three times per year, with one event corresponding to peak 
plant productivity as measured using remote sensing data (Stanish et al. 2018, Stanish and Parker 
2019). In sites where the activity is more strongly driven by precipitation than temperature, 
historical precipitation data are used to determine sampling periods. 

Soil cores are collected down to a maximum depth of 30 cm. If an organic horizon is 
present, it is collected separately from the mineral horizon. The cores are co-located with other 
critical soil physical and biogeochemical measurements, including litter depth, temperature, 
moisture, pH, and nutrients. The metadata associated with NEON samples exceed the minimum 
standards defined by the Genomics Standards Consortium (Yilmaz et al. 2011). Once collected, 
the cores are separated by horizon, homogenized, and subsampled for microbial and chemical 
analyses. The microbial samples are frozen in the field and shipped to analytical facilities for 
DNA sequencing analysis. 

2.3 Molecular Methods 

Sample processing and analyses are performed using standardized methodologies to the 
extent possible to ensure comparability of data over time. However, methodologies and 
technologies will change and improve, and adapting to changes over time is critical. For full 
transparency, any changes in laboratory methods are captured in the freely available external 
laboratory standard operating procedures (SOPs), which are listed in the metadata for every 
downloaded sequence dataset.  

The processing methods for generating 16S and ITS sequence data used in this analysis 
are detailed in the 16S and ITS Sequencing Standard Operating Procedure (Battelle Memorial 
Institute 2018). Genomic DNA from thawed soil samples is extracted using Qiagen DNeasy 
Powersoil HTP 96 Kits, and quantified with Quantifluor ONE dsDNA Kits. The marker genes 
targeted are the V3-V4 region of the 16S ribosomal RNA (rRNA) gene for bacteria and archaea 
(primers Pro341F and Pro805R, Takahashi et al. 2014) and the internal transcribed spacer (ITS) 
region of the rRNA operon for fungal identification (primers ITS1f and ITS2, Walters et al. 
2015). Additional details on PCR processing and quality assurance can be found in the 
associated laboratory SOP (Battelle Memorial Institute 2019) and in the marker gene sequencing 
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data product tables “mmg_soilPcrAmplification_16s” and “mmg_soilPcrAmplification_ITS” 
(NEON DP1.10108.001). All sequencing runs are performed on an Illumina MiSeq v3 600-
cycles cartridge as 300-bp paired-end reads, resulting in one set of forward and reverse 
sequencing reads for each sample. A sequencing run usually consists of a library of samples 
pooled from multiple sites and collection dates, as well as DNA extraction and PCR controls 
(Battelle Memorial Institute 2018). At the time of this study, only samples with a minimum of 
3000 reads and post-trimming mean quality score of 20 pass the quality filter for the NEON Data 
Portal (Battelle Memorial Institute 2018).  

3. RESULTS 

3.1 The neonMicrobe Marker Gene Sequence Processing Pipeline 
 

The neonMicrobe R package promotes data accessibility by allowing users, especially 
those lacking extensive bioinformatics experience, to wrangle NEON’s soil microbe marker gene 
data products with greater ease and reproducibility. The pipeline begins by downloading NEON 
marker gene sequence data from the NEON Data Portal and produces amplicon sequence variant 
(ASV) abundance tables linked to associated taxonomic and soil abiotic data in a Phyloseq data 
structure. The pipeline, which builds on existing validated pipelines (Lindahl et al. 2013), 
explicitly considers the unique properties of NEON data with the goal of maximizing ecological 
insight of microbial communities. While there is no consensus on an optimal bioinformatic 
processing method for microbial amplicon sequence data (Pauvert et al. 2019), bioinformatic 
choices are consequential to downstream ecological analysis (Tedersoo, Anslan, et al. 2015, 
Tedersoo, Ramirez, et al. 2015). We preferred bioinformatics approaches that would allow 
comparability across disparate datasets and require a relatively low level of programming 
knowledge for the end user (Callahan et al. 2016, 2017). These criteria align with a major goal of 
NEON: to use standard methods across datasets from large temporal and spatial scales, enabling 
many different studies to answer myriad questions.  
 

The neonMicrobe R package includes functions for downloading, renaming, and 
subsetting NEON sequencing data, as well as custom wrappers for the DADA2 algorithms 
(Callahan et al. 2017, Callahan et al. 2016). Briefly, DADA2 allows analysis of microbial taxa at 
the resolution of exact ASVs, in contrast to the more traditional use of operational taxonomic 
units (OTUs) that are based on a user-defined nucleotide sequence similarity (e.g., 97-98.5% 
pairwise sequence identity). In addition to the biological benefits of finer DNA sequence 
resolution by employing ASVs, exact sequences are highly advantageous to OTUs because they 
can be directly compared across datasets, making them critical to NEON’s coordinated network 
sampling design (Callahan et al. 2017). Another benefit is that the DADA2 pipeline allows 
sequence processing and data analysis steps to be conducted in the R statistical computing 
environment (R Core Team 2021), which enhances reproducibility and lowers barriers to entry 
for those who are less familiar with command-line bioinformatics tools. DADA2 has also 
demonstrated its compatibility with other methods and platforms in biological interpretation 
related to the assembly of paired-end reads, the treatment of chimeras, and the final filtering of 
the ASV tables (Pauvert et al. 2019). Our processing pipeline creates a ready-to-use soil 
microbial dataset of unprecedented spatio-temporal range and taxonomic resolution. In the 
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following subsections, we describe our processing pipeline. Each of the following subsections 
has a corresponding vignette in the neonMicrobe R package (Fig. 1), which can be accessed at 
https://github.com/claraqin/neonMicrobe. 
 

Downloading and quality-controlling NEON soil microbe marker gene sequence data 
The neonMicrobe data processing pipeline begins by leveraging the NEON Data API via the 
neonUtilities R package (Lunch et al. 2021) to acquire soil microbe marker gene sequencing 
data. First, the downloadSequenceMetadata function downloads and joins the tables within 
NEON data product DP1.10108.001 (Soil microbe marker gene sequences), which includes 
information about DNA extraction, PCR amplification, marker gene sequencing, and sequence 
file metadata. Because the output of this function contains information about sample processing 
but does not include the raw sequence files themselves, we refer to this output as sequence 
metadata. downloadSequenceMetadata can be parameterized to download a subset of raw 
sequence data according to a specific date range, site range, sequencing run, or target gene (16S 
or ITS). Metadata can be further filtered to remove records that include quality flags or fail 
certain quality tests, as described in greater detail below. These steps take place before the user 
downloads the raw sequence files, saving processing time and disk space. Next, the 
downloadRawSequenceData function references the metadata to download the desired raw 
sequence files. By default, NEON data will be organized into a directory structure illustrated by 
Fig. 2. These functions are implemented in the vignette “Download NEON Data.” 
As with any analysis, ensuring that the downloaded data are high-quality, correctly formatted, 
and directly comparable is a critical data processing step. Performing quality control steps prior 
to entering the data analysis workflow can reduce downstream processing errors due to 
incomplete or improperly formatted data, and improves efficiency by conserving CPU time 
processing low-quality data that may ultimately be discarded. The NEON microbial data 
products contain data quality flags in which known quality issues are reported. In addition to 
quality issues, the sequence metadata contain other crucial details, some of which can 
significantly affect the comparability of sequencing runs, such as specific laboratory protocols, 
oligonucleotide primer sets, and sequencing platforms.We strongly recommend that users review 
the sequence metadata and consider whether additional data filtering should be performed based 
on the research needs and data stringency requirements.  
 

We have implemented a number of basic quality control steps in the function qcMetadata. 
In this function, users can opt to (1) remove samples that are flagged as having low read quality 
or being legacy data, (2) check for and remove duplicate samples, and (3) prepare for a paired-
reads analysis by removing samples for which only one read orientation is available. 
 

3.2 Generating sequence tables and taxonomy tables using DADA2 
 

16S and ITS sequences are processed by different variations of the DADA2 workflow. 
Processing is done on a sequencing-run basis to allow for variable error rates between 
sequencing runs to optimize amplicon sequence variant (ASV) calling and chimera detection. 
For each sequencing run, the generalized steps are: (1) filtering samples to remove all reads 
containing ambiguous (“N”) base calls; (2) removing PCR primers, using Cutadapt (Martin 
2011) for ITS sequences but not for 16S sequences; (3) truncating (for 16S reads only) and 
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filtering reads to ensure a minimum quality score; (4) building an error model for each 
sequencing run to describe the probability that a given read was produced from a given sample 
sequence; (5) denoising reads into ASVs through the DADA divisive partitioning algorithm 
based on an underlying nucleotide sequence error rate model; (6) optionally, removing chimeric 
sequences; and (7) joining sequence tables across all sequencing runs using the DADA2 function 
mergeSequenceTables, which performs a simple merge, and the DADA2 function 
collapseNoMismatch, which performs 100% clustering on the ASVs. (Note that Cutadapt is not 
supported on Windows computers. For Windows users, we recommend running the ITS pipeline 
in another computer, or in a Docker container, as outlined in the section “Extending Scientific 
Workflow Reproducibility with Container Technology.”) As an alternative to step 7 for ITS 
sequences, it may be prudent to cluster ASVs to a lower, user-specified sequence similarity 
threshold (e.g. 97-98.5%) using the VSEARCH or DECIPHER programs (Rognes et al. 2016, 
Wright 2016), because the same ITS ASV may have different length variants across different 
sequencing runs. This step is not needed for 16S reads, for which 100%-similar ASVs can 
instead be combined using the collapseNoMismatch command in DADA2. Finally, a taxonomic 
reference database can be used to assign taxonomy to the ASVs. Many of these processing steps 
are wrapped into the novel functions trimPrimers16S, qualityFilter16S, and runDada16S, and 
their ITS-specific analogues. 
 

3.3 Linking sequence data and soil abiotic data in a Phyloseq object 
 

By taking advantage of different NEON data products, users can draw inferences 
regarding the relationships between soil microbial community characteristics, soil physical and 
chemical properties, climate variables, and other spatiotemporal processes. As demonstrated in 
the “Add Environmental Variables” vignettes, the end product of the neonMicrobe pipeline is a 
Phyloseq object linking the ASV table, its (optional) taxonomy table, and associated soil abiotic 
data (NEON DP1.10086.001) downloaded using the downloadSoilData function, creating a data 
structure that is ready for ecological analysis (McMurdie and Holmes 2013). While an overview 
of statistical microbial community analysis is beyond the scope of this paper, excellent reviews 
of the subject (Hugerth and Andersson 2017) and tutorials using Phyloseq are widely available 
(McMurdie and Holmes 2013) 
(https://www.bioconductor.org/packages/release/bioc/vignettes/phyloseq/inst/doc/phyloseq-
analysis.html).  
 

3.4 Example: Analysis of soil bacterial diversity in grasslands 
  

The processed data are immediately usable in analyses to answer ecological questions. To 
demonstrate this, we present a relatively simple analysis of soil bacterial diversity using NEON 
16S sequence data that has been processed and assembled by neonMicrobe (Fig. 3). The code for 
this analysis is available as Data S2. 
 

In this example analysis we asked, what controls soil bacterial communities within and 
across sites in a grassland ecosystem? We included three sites—Central Plains Experimental 
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Range (CPER), Konza Prairie Biological Station (KONZ), and Northern Great Plains Research 
Laboratory (NOGP)—as these sites share Argiustoll soils, but vary in climate and belong to 
different NEON eco-climatic domains (Fig. 3a). We used soil samples that were collected at 
peak plant productivity in 2017 (n = 86 samples), in order to minimize temporal effects. Across 
these sites, we examined the effects of soil pH and soil moisture on soil bacterial composition, as 
these were previously found to explain substantial variation in soil bacterial community 
composition across NEON sites (Docherty et al. 2015). We additionally included mean annual 
temperature (MAT) and mean annual precipitation (MAP) as climatic covariates. We used the 
adonis2 function in the vegan R package (Oksanen et al. 2020) to conduct permutational analysis 
of variance (PERMANOVA). We found that significant drivers of bacterial community 
composition in these grassland sites included soil pH (PERMANOVA, P < 0.001), MAT (P < 
0.001), and MAP (P < 0.001), while the effect of soil moisture was not significant (P = 0.089). 
Our results suggest that climatic variables drive between-site variation, while soil pH drives 
within-site variation, in soil bacterial community composition across grasslands (Fig. 3d). 
 

3.5 Extending Scientific Workflow Reproducibility with Container Technology 
 

Reproducibility is a major principle of the scientific approach and is critical for 
successful application of the bioinformatics pipeline. One challenge that hinders reproducibility 
in computational tools is the staggeringly large number of possible combinations of operating 
systems, programming languages, and package versions a user may have installed locally, which 
allows variability to creep into analysis pipelines. Furthermore, there is a significant time and 
energy investment required to install dependencies, check operating system compatibilities, and 
implement code at a large scale. To minimize this cognitive load, efforts like the Open Container 
Initiative started by Docker (https://opencontainers.org/) enable the deployment of discretized 
applications to cloud computing infrastructure. This container paradigm extends into 
bioinformatics tools through the BioContainers initiative (da Veiga Leprevost et al. 2017). The 
offering of these computational biology tools as containers allows users to move away from user-
specific workflow generation on high-performance computing (HPC) systems and into cloud 
native scientific computing.  
 

Due to the network of data products, supporting R packages, bioinformatic tools, 
computational resources, and operating system compatibility requirements associated with 
neonMicrobe, the neonMicrobe R package cannot encapsulate a reproducible scientific workflow 
on its own (Boettiger 2015). To extend its reproducibility, two Docker container images were 
created for neonMicrobe. First, an RStudio Server instance was created from the Rocker Group’s 
RStudio Server tidyverse base image (Nüst et al. 2020). This RStudio image is freely available 
on the CyVerse Docker Hub (https://hub.docker.com/repository/docker/cyversevice/rstudio-
neon-dada2), as well as through the CyVerse Discovery Environment’s (DE) Visual Interactive 
Computing Environment (VICE) as the “rstudio_neon_microbiome” application. The CyVerse 
DE allows users to interact with data and docker containers on VICE without explicitly requiring 
mastery of Docker in the command line. The second Docker container image of neonMicrobe is 
strictly command-line based and designed for scaling to larger cloud systems; it is also available 
on Docker Hub (https://hub.docker.com/r/rbartelme/neonmicrobe). Therefore, users may utilize 
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either of these containers on their local systems, increasing both access to the tools and creating a 
more easily reproduced environment to conduct microbial ecology experimental analyses.  
 
   

3.6 Sensitivity Analysis of Quality Filtering Parameters 
 

The choice of bioinformatic software and processing parameters can have implications 
for the accuracy of the inferred microbial community (Pauvert et al. 2019, Prodan et al. 2020). 
While we make some recommendations for processing the NEON marker gene sequences, such 
as the use of DADA2 over OTU-based processing pipelines, we leave other decisions to the 
researcher depending on their research needs and computing capacity (Appendix S1: Fig. S1). 
These decisions include but are not limited to: the removal or retention of reverse reads, the 
choice of parameters for the quality filter, and the choice of partitioning, alignment, and 
sequence comparison heuristics for DADA2. 
 

Exploring all combinations of these decision points to arrive at an optimal processing 
pipeline is beyond the scope of this paper. We expect that the combination of choices that creates 
the most accurate representation of the NEON soil microbial communities will change depending 
on the specific set of samples being processed or the metrics of interest to the researcher. 
However, for any given instance of the NEON marker gene sequence data, it should be possible 
to evaluate how the choice of processing parameters influences some benchmark metrics related 
to the pipeline outputs. Here, we provide a framework for conducting a sensitivity analysis on 
the processing pipeline, using the quality filtering parameters for 16S amplicons as an example. 
 

We investigated how the choice of parameters for the quality filter—which truncates or 
removes low-quality reads—would influence our downstream ecological inference. This 
represents one of the first such sensitivity analyses to compare multiple sequencing runs and 
bioinformatic platforms in an ecologically robust manner. To assess parameter sensitivity, we 
considered the effects of quality filtering parameters on the following outcomes: (1) number of 
reads remaining at each step of the pipeline, (2) estimated alpha diversity, and (3) estimated beta 
diversity, using a subset of 16S sequences as a test case. 
 

We varied quality filtering parameters for the reverse reads while holding them constant 
for the forward reads. The reverse reads are typically lower in quality, and thus represent the 
limiting factor for read retention in paired-end marker gene sequence analyses. Specifically, we 
tested the effects of the following quality filtering parameters used by DADA2: 
 
truncLenR: Reverse reads that do not meet or exceed truncLenR in length will be discarded. 
Reverse reads that exceed truncLenR will be truncated to truncLenR. 
maxEER: After truncation, reverse reads with higher than maxEER expected errors will be 
discarded. Expected errors are calculated from the nominal definition of the quality score: 𝐸𝐸	 =
∑-./0 10#1/03, where l is a base position index extending to the length of the sequence, L. 
 

The code used to conduct this sensitivity analysis is available in the Supporting 
Information (Data S3). In summary, the sensitivity analysis evaluates variation in our benchmark 
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metrics with respect to variation in parameter values. It does this by randomly selecting 10 
samples from each of the 20 available 16S sequencing runs as of January 2021, and processes 
these samples on a sequencing-run basis through the 16S pipeline under a variety of quality 
filtering parameter combinations. The truncLenR parameter was assigned values of 170, 220, and 
250 base pairs (bp), representing short, medium, and long truncation lengths for the 2 × 300 bp 
reads produced by Illumina MiSeq. The maxEER parameter was assigned values of 4, 8, and 16 
maximum allowable errors as invoked in the core DADA2 algorithm; the preferred values may 
vary substantially between sampling locations, soil types, and lab protocols, so these values were 
intended to cover a wide range of desirable values. Together, these values resulted in 9 parameter 
combinations. The following processing decisions were held constant over all pipeline iterations: 
minimum required length of reads after trimming and truncating (minLen) was set to 50 bp; 
forward reads were processed with truncation length of 240 bp (truncLenF) and a maximum of 8 
allowable expected errors (maxEEF); all other quality filtering parameters were set to their 
default values; and all sequence alignment heuristics for DADA2 were set to their default values. 
 

Alpha diversity was calculated using the Phyloseq function estimate_richness (McMurdie 
and Holmes 2013) for Shannon diversity and observed richness. Beta diversity was assessed by 
joining sequencing tables from across all parameter combinations into one combined sequence 
table without collapsing sequence-length variants and calculating the pairwise Bray-Curtis 
distance between all versions of all samples. Samples with a sequencing depth below 1000 were 
removed prior to ordination and permutational analysis of variance (PERMANOVA). 
PERMANOVA was conducted via the adonis2 function in the vegan R package (Oksanen et al. 
2020). 
 

3.7 Sensitivity analysis results 
 

The 200 selected samples represented 37 terrestrial NEON sites, collected between May 
2014 through November 2018. Sequence read retention throughout the processing pipeline 
varied across both parameters, though the degree to which they varied depended on the 
sequencing run. As expected, higher values of maxEER resulted in greater read retention at the 
quality filtering step (Fig. 4). Differences in read retention between sequencing runs could be 
explained by differences in the quality scores of the reads from each sequencing run. For 
example, sequencing run BDNB6, whose read retention is relatively sensitive to maxEER, 
accumulates more expected errors across its read length than sequencing run BFDG8, whose 
read retention is relatively insensitive to maxEER (Appendix S1: Fig. S2.) Read retention was 
relatively insensitive to truncLenR except when reverse reads were truncated to 170 bp—this 
would cause a large drop-off in the pair-merging step, likely due to insufficient overlap between 
forward and reverse reads (Fig. 4). Overall, we found that a moderate value for truncLenR (220 
bp) led to the highest rates of read retention. 
 

The alpha diversity metrics used in the sensitivity analysis were ASV Shannon diversity 
and observed ASV richness. Shannon diversity (ANOVA, P < 0.001; Table 1) and observed 
richness (P < 0.001; Table 2) were both sensitive to variation in truncLenR, and the effect of 
truncLenR varied across sequencing runs (P < 0.001; Table 1; Table 2; diagnostic plots for 
ANOVA in Appendix S1: Fig. S3 and Fig. S4). Consistent with our finding that read retention 
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was highest for moderate values of truncLenR, we also found the highest estimates of Shannon 
diversity and observed richness when truncLenR was 220 bp (Fig. 5). In contrast, maxEER had no 
significant effects on Shannon diversity (P = 0.242; Fig. 5; Table 1) or observed richness (P = 
0.151; Appendix S1: Fig. S5; Table 2). Although maxEER does affect read retention at the 
quality filtering stage for some sequencing runs, our results suggest that for the NEON 16S 
sequences in general, differences in maxEER have relatively inconsequential effects on estimates 
of soil microbial alpha diversity. However, researchers who extend this pipeline to other datasets, 
such as the NEON ITS sequences, should conduct a similar sensitivity analysis before 
proceeding to make ecological inferences about the processed data. 
 

Variation in the parameters resulted in a small degree of variation in inferred community 
composition. truncLenR had a significant effect on Bray-Curtis dissimilarity (PERMANOVA 
with 999 permutations, P < 0.001, R2 = 0.012), while maxEER had no significant effect (P = 
1.000, R2 = 3 ⨉10-5; Table 3). Upon inspection, setting truncLenR = 170 produced communities 
with significantly less group dispersion (variance) than at higher values of truncLenR (betadisper 
multivariate test for homogeneity of group dispersions in the vegan R package, P < 0.001; 
Appendix S1: Fig. S6). To confirm that the significant effect of truncLenR in the PERMANOVA 
analysis was attributable to differences in group means rather than differences in group 
dispersions, PERMANOVA was repeated on the dataset after removal of communities produced 
with truncLenR = 170. Within this subset, the sensitivities of Bray-Curtis dissimilarity to the 
quality filtering parameter remained largely the same: truncLenR had a significant effect 
(PERMANOVA with 999 permutations, P < 0.001, R2 = 6.8 ⨉10-4) while maxEER did not (P = 
0.697, R2 = 5 ⨉10-5; Appendix S2: Table S1). Since group dispersion did not vary significantly 
between the remaining values of truncLenR in the subset (betadisper, P = 0.388), the results of 
this repeated analysis confirm that community composition of the NEON 16S sequences is 
sensitive to truncLenR. Nevertheless, the amount of variation explained by truncLenR (R2 = 
0.012) is small compared to that explained by soil sample ID (R2 = 0.771; Fig. 6, Appendix S2: 
Table S2), suggesting that variation in quality filtering parameters is unlikely to obscure real 
between-sample variation in community composition. 
 

Based on these results, we advise against varying truncLenR between sequencing runs, as 
it may lead to inconsistent standards of ecological inference across datasets consisting of samples 
from multiple runs. However, varying maxEER to suit the overall quality of each sequencing run 
may be appropriate depending on the metrics of interest. The sensitivity analysis framework 
above can be generalized to test the robustness of ecological inference to other processing 
decisions, such as paired-end read merging, DADA2 sequence alignment heuristics, and 
incorporation of data from different sequencing runs or sequencing platforms.  

4. DISCUSSION 

4.1 Lessons Learned and Future Directions: Technical challenges associated with processing 
large-scale marker gene sequence datasets 
 

There is significant technical variation among NEON sequencing runs that inevitably 
impacts subsequent bioinformatic processing. While most NEON sequencing runs produced 
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high-quality data, certain runs generated substantially fewer sequences that passed quality 
filtering (Fig. 4). Accordingly, the quality filtering parameters recommended here necessarily 
represent a compromise, given the goal of compiling dozens of sequencing runs generated by 
different sequencing centers over many years. A critical step of the pipeline proposed here 
requires that the same portion of rRNA is used to denoise ASV across all sequencing runs; for 
compatibility, we recommend future studies employ identical primers for ease of cross-study 
comparison. Variation across Illumina sequencing runs necessarily generates variation in the 
behavior of quality filtering parameters employed in DADA2; however, these parameters must be 
standardized across sequencing runs in order to join ASV tables and to cluster artefactual 
sequence-length variants. As Illumina sequencing chemistry changes and new platforms emerge, 
we expect that the filtering steps employed here will need to be updated. Notably, because 
reverse reads were consistently low-quality across ITS sequencing runs, paired-end ITS read 
processing is not explicitly supported by our pipeline. Low-quality ITS reverse reads are typical 
of Illumina MiSeq data. While the 250-bp unmerged forward read sequences may potentially 
bias against certain fungal taxa (Truong et al. 2019), the extent of this bias is likely small 
(Nguyen et al. 2015, Pauvert et al. 2019).  
 

NEON’s continental-scale sample network captures a remarkably broad phylogenetic 
range of microbial taxa. Accordingly, analyzing the effect of geographic and ecological distance 
among samples depends on the taxonomic scale of investigation. Perhaps unsurprisingly, certain 
samples derived from distinct habitats share no ASV in common, creating disjunctions in 
community dissimilarity matrices that can complicate distance-based analyses, such as 
ordination. Clustering ASV at the OTU level, however defined (e.g., 97-98.5% sequence 
similarity), can reduce these statistical disjunctions and allow for more meaningful continental-
scale analyses of community dissimilarity. Finally, access to sufficient computing resources 
represents a challenge inherent to datasets of this size. Although recent R packages such as 
SpeedySeq (McLaren 2020) can expedite some commands run with the popular Phyloseq 
package (McMurdie and Holmes 2013), we expect more future developments. 
 

Finally, rapid advances in high-throughput sequencing technologies may allow for the 
generation of long reads that span the entire ITS1, ITS2, and 18S region for fungi, and the entire 
16S for bacteria, thereby allowing enhanced resolution of fine scale taxonomic boundaries and 
more accurate phylogenetic placement. In order to ensure compatibility with the extant NEON 
data presented here, large portions of read overlap with the existing ITS1 and 16S V3-V4 regions 
analyzed here will be necessary for sufficient sequence alignment and ASV and OTU clustering.  
 

4.2 Future directions for NEON-enabled microbial ecology 

4.2.1 Spatial and temporal dynamics of soil microbial communities.  
 

NEON’s extensive soil sampling network fulfills a pressing need for standardized 
microbial data in advancing research on the spatial and temporal dynamics of soil microbial 
communities. Soil microbial communities are known to display rapid turnover in space (Franklin 
and Mills 2003, Nemergut et al. 2013) and time (Ferrenberg et al. 2013, Lauber et al. 2013, 
Shade et al. 2013). However, there has historically been a trade-off between spatial and temporal 
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sampling intensity, limiting the generalizability of biogeographic patterns to unsampled regions 
or timespans. Spatially nested sampling designs like that of NEON’s soil data products allow 
researchers to quantify the spatial scaling of microbial diversity from soil cores to continents and 
to identify its drivers at each scale (Talbot et al. 2014). Furthermore, because NEON is 
committed to multiple decades of data collection, its steady accumulation of microbial sequence 
data will facilitate research on the scaling of microbial diversity over time, from intra-annual to 
decadal scales. In combination with other NEON data products—such as climate, soil physical 
and chemical properties, and vegetation cover—the soil microbe data will also help to elucidate 
the fundamental drivers of temporal scaling (Guo et al. 2019).  
NEON soil microbe data may also be informative in comparing the rates of scaling across 
intersecting gradients of spatial, temporal, and taxonomic scales. For example, a recent study 
suggests that intra-annual variation in soil fungal communities is comparable to that occurring 
over hundreds to thousands of kilometers of space (Averill et al. 2019). One of the implications 
of this rapid spatial and temporal turnover is that sample-pairwise compositional similarity may 
drop off rapidly, creating a technical challenge for dissimilarity-based analyses when two 
samples in the dataset have no taxa in common. This challenge can be partially addressed by 
shifting the unit of taxonomic analysis, e.g., from ASVs to OTUs, or by using phylogenetic 
measures of beta-diversity (Lozupone and Knight 2005). Future studies, then, may also explore 
how turnover in soil microbial communities interacts with taxonomic scale.  
 
 In addition, the NEON sampling network provides a unique opportunity to observe lags 
in response time between abiotic variables and changes in soil microbes and to detect the 
influence of history on community structure. In traditional ecosystem modeling, microbial 
communities have been assumed to be resilient to disturbance and to return quickly to a state of 
equilibrium (Allison and Martiny 2008). However, a growing body of evidence suggests that this 
is not the case; microbes experience legacy effects from historical precipitation regimes (Evans 
and Wallenstein 2012), plant communities (Elgersma et al. 2011), and wildfires (Qin et al. 2020) 
that may last several years after the change from prior conditions. In the case of historical 
contingencies such as priority effects, the equilibrium state may also change (Hawkes and Keitt 
2015). By comparing the temporal dynamics of soil microbial communities with other variables 
recorded in NEON data products, we can ask how long it takes for soil microbes to react to 
environmental shifts (e.g., in mean precipitation, in mean temperature), how resilient the 
microbial constituents are to this change, and whether historical events modify the equilibrium 
states of the microbial community. Furthermore, the NEON sampling network allows researchers 
to ask questions about synchrony in the spatio-temporal dynamics of microbial communities, and 
to link these dynamics to stability in microbe-mediated ecosystem processes (Hall et al. 2018, 
Wang et al. 2019).  
 

Finally, the breadth of NEON soil microbe data now allows researchers to compare the 
biogeographic patterns and processes of soil microbial communities with those of plants and 
animals, for which abundance data are also being collected at NEON sites. This can be used to 
test the generalizability of macroecological patterns (Xu et al. 2020, Dickey et al. 2021) or 
temporal patterns (Shade et al. 2013, Guo et al. 2019) that have traditionally been developed for 
macroorganisms. It may also be leveraged to understand whether the assembly “rules” that 
govern the distributions of macroorganisms apply equally as well to microbial community 
assembly across multiple nested spatial scales.  
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4.3 Microbial community composition and ecosystem processes.  
 

Soil microbes are important regulators of ecosystem processes such as nitrogen and 
carbon cycling (Cavicchioli et al. 2019). However, climate-soil feedbacks remain critical sources 
of uncertainty in ecosystem models (Wieder et al. 2015). This uncertainty arises due to poor 
understanding of soil microbial diversity and function, and the challenge of applying 
macroorganismal functional concepts to microorganisms (Escalas et al. 2019). There has been 
some progress, however, in improving ecosystem models by assigning microbial species into 
functional groups (Fry et al. 2019, Sulman et al. 2019). To enrich our understanding of microbial 
communities from marker genes to ecosystem processes, future studies could take advantage of 
NEON data to investigate the generalizability of the link between microbial taxonomic or 
functional composition and ecosystem function or services (Box 1). For example, Werbin et al. 
(2021) present a pipeline for coupling soil shotgun metagenomic sequence data with NEON 
nitrogen cycling data at each site; this pipeline complements neonMicrobe, allowing for an 
investigation into the linkages between microbial composition and function. From a 
biogeochemical modeling perspective, the standardized continental scale sampling provides 
unique opportunities to couple plant and microbial dynamics with gross primary productivity or 
soil organic matter dynamics (Fry et al. 2019). Moreover, forecasting the distribution of 
microbial communities under future climatic regimes is similarly enabled by standardized 
continental scale sampling efforts coupled with fine-scale soil, plant, and climatic metadata. 
 

4.4 Expanded use of NEON samples and infrastructure. 
 

For research needs that are not precisely met by existing NEON data streams, NEON also 
offers two programs to help researchers leverage NEON sample collections and field 
infrastructure. The NEON Biorepository Data Portal allows researchers to request access to 
biological samples, including frozen subsamples of the soil and extracted DNA used to generate 
the soil microbe marker gene sequence data product, in order to conduct their own laboratory 
analyses. Researchers interested in using a different sequencing protocol or conducting a 
functional assay, for example, may take advantage of this program. As another example, a 
researcher interested in studying food webs may request biorepository samples to identify 
arthropods in pitfall traps beyond beetles—in addition to NEON soil microbe amplicon, abiotic, 
and metagenomic datasets. Furthermore, the NEON Assignable Assets Program allows 
researchers to request the use of specialized NEON data collection infrastructure for their own 
research, temporarily adding to the sampling design of NEON field sites. To return to our 
example, the researcher interested in studying food webs may conduct some of their own on-site 
sampling using similar designs to survey nematodes, via the Assignable Assets Program’s 
Observational Sampling Infrastructure. The flexibility built into the NEON data stream 
infrastructure greatly expands the potential to accommodate future research directions that were 
not part of the original design. 
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4.5 Going beyond NEON data. 
 

Using networks to synthesize ecological and environmental research offers promising 
new avenues for scientists to create holistic representations of natural processes—particularly in 
fields that account for complex, large-scale phenomena such as biogeography (Schrodt et al. 
2019). As a nationwide monitoring network, NEON provides broad coverage for the collection 
of ecological and environmental data; however, it is limited in its ability to provide sites for field 
experiments. The US Long-Term Ecological Research network (LTER) provides complementary 
infrastructure for experimental studies in a variety of ecosystems, and may help to elucidate the 
processes driving patterns observed in NEON data (Jones et al. 2020). At the time of writing, 
twelve NEON sites are co-located with LTER sites. 

Although scientific research aims to explain natural processes, it is also an inherently 
social process in which tacit, socially-transferred knowledge is especially important for the 
extension of methods to novel or synthetic contexts (Collins 1974). The unprecedented spatial 
and temporal scales of the soil microbe marker gene sequence data provided by NEON represent 
such a context to develop best practices for team science. Methodological and epistemological 
challenges involved in using this data led the authors of this paper to recognize the necessity of 
having a team of collaborators to validate methods and test results before formally embedding 
them into a standard algorithmic process. While there is some research on the social and 
technical factors that allow for effective team science (Rhoten 2003, Oliver et al. 2018), there is 
room to consider how to best foster collaborations that can synthesize the wide variety of NEON 
data products to address interdisciplinary problems (e.g., Nagy et al. 2021). Interdisciplinary 
collaborations have been identified as avenues for fruitful and novel research in ecology and the 
environment as discussed above, but especially for understanding complex socio-environmental 
issues (Palmer et al. 2016). They also provide opportunities for graduate students in ecology to 
realize and develop the unique expertise they bring to the team (Giorgio et al. 2020). Factors that 
may have contributed to our ability to complete this project include the diversity of expertise 
across our team members, which included soil microbial ecologists, molecular biologists, and 
statisticians, as well as a diversity of career stages that allowed graduate student members to 
receive real-time feedback from an informal community of mentors. One of the main challenges 
to our project was the inability for authors to hold meetings in person after the Summit—a 
challenge which was exacerbated by the COVID 19 pandemic, and which previous studies have 
identified as a potential hindrance to information sharing (Rhoten 2003). Future studies should 
seek to understand what types of social and technical configurations facilitate or hinder data-
intensive, interdisciplinary team science, and how data-sharing centers like NEON can take 
advantage of these findings to make their data more accessible and useful across diverse research 
contexts. 

5. CONCLUSIONS 
We present neonMicrobe, a processing pipeline for the R statistical computing 

environment that streamlines access to NEON microbe marker gene sequence data. Our 
approach adapts state-of-the-art sequence processing pipelines for current NEON marker gene 
sequencing approaches. We have validated the efficacy of recommended quality filtering 
parameters in our pipeline. The collaborative effort represented here speaks to the utility of open 
science, and our publicly available data wrangling tools can be adopted for user-specific 
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applications. We expect this community resource will expedite NEON-enabled science and 
herald a new era of continental-scale analysis for microbial community dynamics.  
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FIGURES AND TABLES 
 
Box 1: Future Questions for NEON-Enabled Microbial Ecology 
Spatial and temporal dynamics 
How do soil microbial communities vary across spatial scales (sites, ecoregions, continents) and 
temporal scales (seasonal, annual, decadal)? What are the important drivers? 
How does microbial diversity scale over space, time, and taxonomic resolution? 
What are the patterns of temporal or spatial autocorrelation in soil microbial communities? 
How do macroecological and biogeographical patterns of soil microbial communities vary across 
spatial scales? Do they follow the same “rules” as for macro-organisms? 
Ecosystem processes 
How can we effectively include microbial communities in ecosystem and earth systems models? 
Can we predict ecosystem functions and services (e.g., C flux) from microbial taxonomic or 
functional composition? 
How can we forecast future changes in these processes? 
 
Going beyond NEON data  
How can we design future studies to take advantage of and complement NEON observatory, 
biorepository, and assignable assets data? 
What are some best practices for fostering interdisciplinary team science, synthesizing a variety 
of NEON data products to answer complex ecological problems? 
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Table 1. ANOVA results for the sensitivity of ASV Shannon diversity to quality filtering 
parameters truncLenR and maxEER. 

Covariate df Sum Sq Mean Sq F P(>F) 

truncLenR 1 81.616 81.616 403.053 <0.001 

maxEER 1 0.277 0.277 1.369 0.242 

runID 19 321.151 16.903 83.473 <0.001 

truncLenR ✕ runID 19 36.442 1.918 9.472 <0.001 

maxEER ✕ runID 19 0.132 0.007 0.034 1.000 

Residuals 1740 352.339 0.202 
 

  

 
 
  



 

 207 

Table 2. ANOVA results for the sensitivity of observed ASV richness to quality filtering 
parameters truncLenR and maxEER. 

Covariate df Sum Sq Mean Sq F P(>F) 

truncLenR 1 14.598 14.598 66.805 <0.001 

maxEER 1 0.452 0.452 2.069 0.151 

runID 19 485.837 25.570 117.020 <0.001 

truncLenR ✕ runID 19 48.997 2.579 11.802 <0.001 

maxEER ✕ runID 19 0.270 0.014 0.065 1.000 

Residuals 1740 380.213 0.219   
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Table 3. PERMANOVA results for the sensitivity of Bray-Curtis dissimilarity to quality filtering 
parameters truncLenR and maxEER. Communities were permuted 999 times within sample IDs, 
i.e. each community was compared against other communities produced from the same sample. 
For a PERMANOVA analysis that includes sample ID as a permuted variable, see Appendix S2: 
Table S2. 
 

Covariate df Sum Sq R2 F P(>F) 

truncLenR 1 9.61 0.01235 21.373 <0.001 

maxEER 1 0.02 0.00003 0.050 1.000 

Residuals 1709 768.75 0.98762   
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Figure 1. Overview of the neonMicrobe package’s marker gene sequence processing pipeline. 
Blue rounded rectangles correspond to main vignettes in the R package; white parallelograms 
represent locally stored data or parameters. Fixed-width text below blue-rounded rectangles 
denotes the neonMicrobe functions belonging to each vignette. The processing pipeline begins 
with the download of NEON data products containing microbe marker gene sequences. The raw 
sequence data can then be processed into ASV tables with taxonomy using either default or 
custom processing parameters. The sensitivity analysis can be used to determine the range of 
custom processing parameters, if any, that can be used across an analysis without creating 
artifacts in ecological metrics. Finally, the ASV tables can be joined with environmental 
variables and sampling information. The output data is structured in the form of one or more 
Phyloseq objects. See Appendix S1: Fig. S1 for finer-level details on the functions and 
parameters in the pipeline. 
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Figure 2. Default organization of input data for the neonMicrobe R package. The tree structure 
in the upper-left represents the data directory structure constructed within the project root 
directory. Red dotted lines represent explicit linkages between NEON data products via shared 
data fields. (a) Sequence metadata is downloaded from NEON data product DP1.10108.001 (Soil 
microbe marker gene sequences) using the downloadSequenceMetadata function. (b) Raw 
microbe marker gene sequence data is downloaded from NEON based on the sequence metadata 
using the downloadRawSequenceData function. (c) Soil physical and chemical data is 
downloaded from NEON data product DP1.10086.001 using the downloadSoilData function. (d) 
Taxonomic reference datasets (e.g., SILVA, UNITE) are added separately by the user. 
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Figure 3. Simple plots produced using the outputs of the neonMicrobe pipeline for analyses of 
16S sequences in soil samples collected from NEON grassland sites. (a) The three sites used for 
this analysis (Central Plains Experimental Range, CPER; Konza Prairie Biological Station, 
KONZ; Northern Great Plains Research Laboratory, NOGP) span the Great Plains region and 
belong to different NEON eco-climatic domains (delineated with borders). Samples were 
rarefied to a common sequencing depth of 10,000 reads. The sites differ by observed ASV 
richness (b) and ASV Shannon index (c). (d) Pairwise Bray-Curtis dissimilarities were used for 
NMDS ordination analysis, and environmental covariates were fitted to the ordination using the 
envfit function in the vegan R package (Oksanen et al. 2020). Vectors with solid lines denote 
significant drivers (PERMANOVA, P ≤ 0.05); the vector with the dashed line denotes an 
insignificant driver (P > 0.05). Abbreviations: MAT, mean annual temperature; MAP, mean 
annual precipitation; soilMoisture, soil moisture; soilInCaClpH, soil pH measured in calcium 
chloride solution. 
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Figure 4. Retention of NEON 16S reads throughout the processing pipeline across different 
values of quality filtering parameters truncLenR and maxEER. Read counts are tracked for each 
available NEON 16S sequencing run at each major step in the processing pipeline: input, raw 
marker gene sequence data from NEON; trimmed, after primer trimming; filtered, after quality 
filtering; derepR, reverse reads after dereplication; denoisedR, after inferring sequences for 
reverse reads; merged, after merging forward and reverse sequences; nonchim, after removing 
chimeras. Within each sequencing run, the read counts for truncLenR = 170 across different 
values of maxEER largely overlap. 
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Figure 5. Shannon diversity of ASV tables produced from NEON 16S marker gene sequences 
across different values of quality filtering parameters truncLenR and maxEER. 
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Figure 6. Community composition of ASV tables produced by NEON 16S marker gene 
sequences across different values of quality filtering parameters truncLenR and maxEER. Each 
plot corresponds to an NMDS ordination for a specified sequencing run (x-axis, NMDS1; y-axis, 
NMDS2). Note that for a given soil sample and value of truncLenR, points corresponding to 
outcomes across different values of maxEER largely overlap. Ellipses are multivariate normal 
95% data ellipses for ASV tables produced from the same soil sample. Ordinations were based 
on Bray-Curtis dissimilarities and plotted using the metaMDS algorithm in the vegan R package 
(Oksanen et al. 2020). 
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ABSTRACT 
 

It is a critical time to reflect on the National Ecological Observatory Network (NEON) 
science to date as well as envision what research can be done right now with NEON (and other) 
data and what training is needed to enable a diverse user community. NEON became fully 
operational in May 2019 and has pivoted from planning and construction to operation and 
maintenance. In this overview, the history of and foundational thinking around NEON are 
discussed. A framework of open science is described with a discussion of how NEON can be 
situated as part of a larger data constellation—across existing networks and different suites of 
ecological measurements and sensors. Next, a synthesis of early NEON science, based on > 100 
existing publications, funded proposal efforts, and emergent science at the very first NEON 
Science Summit (hosted by Earth Lab at the University of Colorado Boulder in October 2019) is 
provided. Key questions that the ecology community will address with NEON data in the next 10 
years are outlined, from understanding drivers of biodiversity across spatial and temporal scales 
to defining complex feedback mechanisms in human-environmental systems. Last, the essential 
elements needed to engage and support a diverse and inclusive NEON user community are 
highlighted: training resources and tools that are openly available, funding for broad community 
engagement initiatives, and a mechanism to share and advertise those opportunities. NEON users 
require both the skills to work with NEON data and the ecological or environmental science 
domain knowledge to understand and interpret them. This paper synthesizes early directions in 
the community’s use of NEON data, and opportunities for the next 10 years of NEON operations 
in emergent science themes, open science best practices, education and training, and community 
building. 
 
Key Words: National Ecological Observatory Network, continental-scale ecology, open data, 
open science, diversity, inclusion, community 
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1. INTRODUCTION 

1.1 Summary of foundational thinking around NEON  
 

Environmental challenges facing today’s society require thinking across scales from local 
to continental or global, data collected across different ecoregions and over decades, 
multidisciplinary expertise, team science approaches, and training in skills like computer and 
data science (Keller et al. 2008, Schimel 2011). A fundamental goal of the National Ecological 
Observatory Network (NEON) is to improve our understanding of and ability to predict the 
effects of environmental change (e.g., climate change, land use change, biological invasions, 
altered nutrient cycling) at continental scales representing both terrestrial and aquatic ecosystems 
(Field et al. 2006, Schimel et al. 2011, Kao et al. 2012). The scientific infrastructure of NEON 
was designed to meet this goal by using a standardized, multi-scale sampling strategy consisting 
of systematically deployed aquatic, ground and tower-based sensors, field sampling, and high-
resolution airborne remote sensing (Schimel et al. 2007, Kampe et al. 2010, Taylor et al. 2011). 
NEON delivers a coordinated and standardized set of calibrated and documented data on key 
plant and animal taxa as well as microbes and algae, environmental and atmospheric variables, 
and remote sensing data across the United States (Field et al. 2006, Kampe et al. 2010). These 
data can help reveal linkages between ecological patterns and processes across scales and 
identify drivers of change and the resultant ecological consequences (Atkins et al. 2018, Read et 
al. 2018, Hall et al. 2020, Marconi et al. 2021). The Observatory design (including 81 sites 
across 20 ecoclimatic domains; NEON 2021a) and sampling protocols (Keller et al. 2008, Kao et 
al. 2012) will capture temporal scales across local, regional, and continental spatial extents to 
enable meaningful connections to satellite remote sensing, geospatial, and other network data. 
The transformational potential of NEON as a highly integrated scientific observatory was 
recognized early on in its deployment (Balch et al. 2020b), as were the challenges of working 
with disparate types of ecological and environmental data. Realizing the full potential of NEON 
will require that data are easy to access and use by scientific and educational communities. 
However, NEON data will not be able to answer all questions; it will not replace the need for 
field ecology or skills to conduct hypothesis-driven, experimental research (e.g., study design, 
data collection), the value of an intimate understanding of a particular organism or ecosystem, or 
the utility of other individual sites, networks, and data sources, but rather can be used in 
conjunction with all of these other existing sources of information.  
 

1.2 History of NEON 
 

The necessity for a long-term, geographically widespread ecological observatory network 
with consistent data collection had long been recognized by the scientific community. 
Workshops in 2000-2005 led to an initial plan for NEON with an ambitious 30-year timeline 
(NEON 2021b). The following five years were dedicated to planning and designing and in 2011, 
the National Science Foundation (NSF) approved funds to build NEON (NEON 2021b). The 
construction of NEON sites was completed in 2019 (NEON 2021b). While some data products at 
some sites were available as early as 2010, it was not until 2019 that all sites had each data 
product available. Thus, after almost 20 years of envisioning, planning, and construction, NEON 
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is now fully operational. The challenges of running an operation at this scale are significant and 
have been noted elsewhere (Mervis 2015, Cesare 2016, Collins and Knapp 2019, Rogers 2019). 
While some of the community has been hesitant or resistant to embrace NEON due to the steep 
learning curve and other challenges (Sagoff 2019), some of the community is eager to use NEON 
data because of the potential that this large NSF investment offers. 

 
Some individual researchers and lab groups began analyzing components of NEON data 

even before the full scope of the Observatory was complete (Ghabbour et al. 2015, Anderegg and 
Diffenbaugh 2015, Read et al. 2018, Scholl et al. 2020), yet further efforts were needed to build a 
cohesive NEON user community. Furthermore, while there is an understanding in much of the 
community about the power of the data being produced by the Observatory, many potential users 
may face barriers to utilizing these datasets (Balch et al. 2020b). Therefore, Earth Lab at the 
University of Colorado Boulder hosted the first NEON Science Summit in 2019 to continue to 
build a robust and sustainable NEON user community, which is essential for the Observatory to 
realize its full potential. 
 

1.3 2019 NEON Science Summit 
 

The NEON Science Summit, held at the University of Colorado Boulder in October 
2019, was the first ‘unconference’ (a meeting with participant-driven agenda and working group 
topics) focused on building new science from NEON data products. In total, there were 170 
participants through a mix of in-person and remote participation. Throughout two and a half 
days, ~15 break-out working groups used NEON data to explore questions such as: What are the 
environmental drivers of microbial community composition across sites (see Qin et al. in this 
special issue)? How can ground, uncrewed aerial systems (UAS), airborne, and satellite data at 
NEON sites be linked for applications such as detecting and segmenting individual trees (see 
Koontz et al. and Gann et al. in this special issue)? Does the relationship between native and 
non-native species richness change with spatial scale (see Gill et al. in this special issue)? This 
paper synthesizes the work from the 2019 NEON Science Summit and the Grand Challenges that 
the NEON user community identified as priority areas to address. 
 

1.4 NEON Open Science  
 
 Open science principles and methods (e.g., making samples, data, workflows, software, 
publications freely available) are changing the field of ecology (Hampton et al. 2015). As a key 
tenet of the NEON mission at the outset, this commitment to open science has the potential to 
accelerate ecological research and increase the diversity of scientists involved by removing 
barriers to access. The diversity and number of data products (NEON 2020b), tutorials (NEON 
2020c), and analytic tools (neonUtilities (Lunch et al. 2020) and geoNEON (NEON 2020) 
packages in R) that NEON provides are a key resource for open ecological research. In addition, 
NSF requires all scientists funded by Macrosystems Biology and NEON Enabled Science grants 
to archive their data with the Environmental Data Initiative (EDI; EDI 2021) to promote data 
discovery and use. An extended commitment of the scientists using these resources to make their 
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data, code, and workflows open will increase efficiency and facilitate greater coordination across 
a larger collaborative community. Key opportunities that are expected to bring added value to 
open NEON data include: harmonization with other observation networks (such as the Long-
Term Ecological Research (LTER), Long-Term Agroecosystem Research (LTAR), Critical Zone 
Observatory (CZO), AmeriFlux, USA-NPN National Phenology Network, and others) and data 
sources, open science contributions from the NEON user community, and facilitation, training, 
and curation that lead to a robust and popular NEON software toolbox.    
 

1.5 Data harmonization to answer continental-scale ecology questions  
 
The why of linking data 

Participants of the 2019 NEON Science Summit identified that network-to-network data 
collaborations are critical for continental-scale ecology (Balch et al. 2020b; SanClements et al. in 
this special issue). NEON has existing collaborations with AmeriFlux, the PhenoCam network, 
the LTER network, the LTAR network, the National Phenology Network and others. These 
collaborations leverage multiple sources of spatial and temporal resolution, and thus improve our 
ability to understand complex processes, phenomena, and change over space and time compared 
to individual networks. Because of its spatial and disciplinary breadth, NEON is well poised to 
act as a central hub in a network-of-networks (SanClements et al. in this special issue). 
Expanding these partnerships would be beneficial to NEON and the whole community. 
 

1.6 Broadening our networks and multi-scale analysis  
 

NEON data can be used in conjunction with data from other networks at co-located sites, 
to expand sites in spatial extent, to standardize data collection protocols, or to synthesize 
complementary data products across networks. Existing long-term (i.e., decadal) ecological 
networks (e.g., CZO, LTER) at co-located sites provide inferential power and historical context 
for contemporary patterns observed by NEON (Hinckley et al. 2016b). For example, long-term 
experiments at LTER sites manipulate some of the drivers observed by NEON, contextualizing 
patterns observed at NEON sites (Jones et al. 2021). Other continental-scale monitoring efforts 
(e.g., community or citizen science data, North American Breeding Bird Survey, eBird) can fill 
in gaps between NEON sites and expand the spatial reach of NEON data. NEON also carries the 
potential to contribute to global-scale networks such as GLEON (Global Lakes Ecological 
Observatory Network) and GEO BON (Group on Earth Observations Biodiversity Observation 
Network). NEON collaborated with the USA National Phenology Network to ensure that data 
collection protocols between the two networks were standardized from NEON’s inception. A 
recent collaboration between the Environmental Data Initiative (EDI), LTER, and NEON 
resulted in a harmonized data model (ecocomDP) for community ecology observations that 
provides an analysis ready data product for synthesis of community ecology datasets across the 
LTER and NEON (O’Brien et al. in review, Record et al. 2021, Li et al. in this special issue).  
NEON site data and Airborne Observation Platform (AOP) observations can be used 
synergistically for calibration and validation, and inform existing and future missions/networks. 
The ability to task NEON resources in support of these studies will continue to expand the utility 
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of the NEON program and synergies. For example, the AOP was tasked in 2018 in support of the 
Department of Energy’s ongoing Watershed Function Science Focus Area (Chadwick et al. 
2020). This project produced publicly available datasets and functional trait models that are now 
being used for a wide range of studies, including assessment of sensitivity requirements for 
NASA’s Surface Biology and Geology (SBG) Designated Observable (Cawse-Nicholson et al. 
2021, Thompson et al. in review). A priority of the SBG program is to understand the global 
distribution of vegetation functional types and traits. Precursor studies like this one will allow 
NEON AOP studies to inform SBG architecture. Over the long term, together, imaging 
spectroscopy satellite missions and NEON data will provide repeat observations of chemical 
properties of vegetation, aquatic biomass, and soils at variable, and complimentary, resolutions 
and repeat times. 
 

NEON data can be extended vertically and horizontally with UAS, airborne, and satellite-
based observations to answer questions requiring multi-scale observations and analysis. For 
example, following on Schimel et al. (2019), plot data and flux tower data can be integrated with 
UAS, airborne, and satellite observations to obtain productivity and carbon measurements from 
the eddy covariance footprint to continental scales. The multi-temporal observations from NEON 
data are also primed for trend analyses by integrating with data from Landsat, Landsat/Sentinel 
harmonization, Moderate Resolution Imaging Spectroradiometer (MODIS), Global Ecosystem 
Dynamics Investigation (GEDI), and long-term monitoring plots from other networks to 
understand vegetation dynamics from disturbances (e.g., fire, beetle kill) and soil dynamics from 
experimental manipulations (Wieder et al. 2020). Lastly, there is an opportunity to utilize UAS 
data for field validation and scaling to observations at NEON sites, as well as non-NEON sites 
through NEON’s assignable assets program (NEON 2021e).  
 

1.7 Best practices for sharing data, code, software, & entire workflows  
 

All components of NEON are documented and intended to be reused as community 
standards for data collection and processing. The science carried out using NEON data must be 
open and reproducible, encouraging the creation of online space to store, review, and share tools 
and software to build upon each other’s efforts. Yet successfully building a community of 
scientists who share code, software, and data products built upon NEON data is one of the key 
challenges identified during the Summit and requires community adoption of best practices (Hey 
2009, Bechhofer et al. 2013).   

1.8 Open software, tools, & code to support efficient open science 
 

In modern science, software underlies a majority of science outputs; it is critical that 
researchers strive for openness in their work to the degree possible. This includes making code 
accessible with permissive licensing (Dabbish et al. 2012, Loeliger and McCullough 2012), 
citable using DOIs, documented and maintained over time to support reproducibility and re-use. 
Although these approaches are historically not part of traditional science training, organizations 
such as rOpenSci (rOpenSci 2021) and pyOpenSci (pyOpenSci 2021) provide community 
support and a peer review process to ensure both citation credit for software developed and high 
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quality scientific tools. The review process is further supported by the Journal of Open Source 
Software and Methods in Ecology and Evolution to simplify publication avenues. Tools and 
workflows for working with NEON data can make use of these open science principles to 
advance scientific discovery by building on collaborative knowledge. An open-science approach 
will also ensure continued improvements of NEON-specific analytical tools, expansion of the 
macroecological knowledge base, and systematically address knowledge gaps.   

1.9 Open data and processing pipelines 
 

The volume and variety of data produced by the NEON user community are significant 
and require the adoption of best practices for sharing, curating, and archiving data workflows and 
derived products following FAIR data principles (Wilkinson et al. 2016). To make the greatest 
use of NEON and extended data sources, data are given structure in the form of a schema or 
index and must have community established metadata templates, e.g., DublinCore (Weibel et al. 
1998), Ecological Metadata Language (EML; Fegraus et al. 2005), or DarwinCore (DwC; 
Wieczorek et al. 2012). Derived data can be hosted on public repositories such as Dryad (Isard et 
al. 2007), Pangaea (Pangea 2021), the EDI Data Portal (EDI 2021), Environmental Systems 
Science Data Infrastructure for a Virtual Ecosystem  (ESS-DIVE; Varadharajan et al. 2019), or 
CyVerse Data Commons (CyVerse 2021).  

 
When extended to the regional and continental scale over many years and decades, the 

computational and management specifications of NEON data require analyses on distributed, 
scalable cyberinfrastructure. While some researchers pay for computing and storage services via 
platforms like Amazon Web Services, limited access to computational resources by students or 
researchers at small and underserved institutions can be remedied by using free and open 
scientific cyberinfrastructure resources. High-performance computing (HPC), high throughput 
computing (HTC), and cloud services are freely available to U.S. based researchers via the 
eXtreme Scientific and Engineering Discovery Environment (XSEDE; Towns et al. 2014) and 
CyVerse (Merchant et al. 2016, Swetnam et al. 2016, Bucksch et al. 2017). Additionally, 
privately operated CyberGIS platforms, such as Google Earth Engine (GEE; Gorelick et al. 
2017), re-host some public Earth observation system (EOS) satellite and aerial remote sensing 
data, and provide a resource for exploratory data analysis. Workflow Management Systems 
(WMS) enable researchers to analyze vast quantities of data on distributed cyberinfrastructure. 
Exemplar WMS, such as Pangeo (Eynard-Bontemps et al. 2019), SnakeMake, Makeflow and 
WorkQueue (Albrecht et al. 2012, Köster and Rahmann 2012, Zheng and Thain 2015) are used 
by the Life and Earth science communities for analyzing massive corpuses of scientific data and 
could be adopted by NEON users. Processing NEON’s environmental, soil metagenomic data, or 
AOP data across the entire observatory requires scalable computing which are most easily 
accomplished via a WMS (Thessen et al. 2020).  
 

1.10 The NEON toolbox will empower an open, collaborative NEON community  
 

The scientific community has already built many different tools and products to make 
workflows for processing and analyzing NEON data more efficient (NEON Code Resources 
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2020); however, these efforts are widespread, often disconnected, and the tools developed are not 
easily discoverable. Further, the tools are often developed for single project use and thus not 
generalized to support the broader community of NEON data users (but see Li et al. in this 
special issue). There are several potential advantages to sharing resources among NEON users 
including: 1) reduced redundancy in efforts as groups independently develop tools with similar 
functionality; 2) adoption of methods or algorithms with novel approaches better suited for 
tackling questions with the available volume of data rather than those traditionally used by a 
specific community; and 3) lower investment of skills, resources, and time for individual groups 
that do not have pre-existing tools and workflows. Sharing derived data, tools, and software that 
users generate to draw greater meaning from NEON public data products will significantly 
improve the use and scope of NEON in addressing emerging scientific challenges across the 
continent.   
 

Existing efforts could be leveraged to make NEON tools more discoverable. For 
example, rOpenSci (rOpenSci 2021) and pyOpenSci (pyOpenSci 2021) support software peer 
review and community development of citable, tested, well-documented, and discoverable 
software. Along with software and tools, the user community will also be adding packages to 
more easily visualize, download, and redistribute portions of data products from pipelines that 
would require computational architecture too expensive to run on local computers. Derived 
datasets can be stored in open-access repositories (e.g., Zenodo, Dryad, Figshare, or EDI) with 
options for version control and DOIs. Although NEON will not directly maintain these software, 
tools, or data, it can play a central role in making them discoverable by the community.  
 

1.11 The Intellectual Merit of NEON Science: Status and Future 
 

The ecological community has already taken advantage of existing NEON data products 
and NEON Biorepository samples and specimens. As of October 2020, 267 publications have 
described, referenced, and used NEON data and network resources. While the range of topics 
varies greatly, drawing on the 181 open access data products and 63 collections of physical 
samples, certain key themes have emerged (Fig. 1). The large emphasis on data suggests how 
valuable these products have been for the ecological community. Prominent topics include 
tracking phenology changes, forest structural dynamics and tree classification, soil organic 
matter (or carbon) dynamics, ecological forecasting, and small mammal biodiversity patterns. 
For example, early work has used tree classification and mapping techniques, and convolutional 
neural networks with combinations of hyperspectral imagery, lidar, and RGB, to identify tree 
species and individual tree crowns (Dalponte et al. 2019, Weinstein et al. 2019, Fricker et al. 
2019b, Scholl et al. 2020). Others have examined changes in plant phenology in deciduous 
forests (Seyednasrollah et al. 2020) and alpine systems (Dorji et al. 2020) in a changing climate. 
Researchers also evaluated continental to global scale dynamics of soil carbon by leveraging 
NEON resources (Kramer and Chadwick 2018, Hall et al. 2020). 

 
The NEON Science Summit Steering Committee surveyed the work funded through NSF 

Macrosystems (and other agencies/programs) and papers that have used NEON data to inform 
our virtual breakout groups preceding the Science Summit. These preliminary calls were then 
used to distill areas of interest among the 170 participants. While much thought has been given 
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to what will be possible with NEON data over the course of decades (e.g., tracking phenological 
changes resulting from climate change), the focus of the 2019 NEON Science Summit was to 
determine what can be done with NEON data and NEON-compatible products right now and in 
the next decade. This section synthesizes the main areas that Summit participants are addressing 
through individual efforts and group work that stemmed from the Summit. Topics range across 
fundamental ecology and contemporary problems such as response to environmental change 
among species, communities, and ecosystems. There were also some emergent themes that may 
not have been anticipated in the foundational thinking around NEON. 
 

1.12 Fundamental ecology  
 

Ecology as a discipline aims to understand and predict how biotic and abiotic features of 
the environment interact. Fundamental questions span multiple scales of biological organization, 
ecosystem processes, space, and time. A survey of ecologists identified 100 fundamental yet 
unanswered ecological questions (Sutherland et al. 2013), covering the basic understanding of 
eco-evolutionary feedbacks, processes driving population, community, and biodiversity patterns, 
species interactions and invasion dynamics, unique qualities of disease and microorganisms, 
ecosystem functioning, and human interactions. NEON is well poised to address many of these 
questions with its spatially-nested hierarchical design and systematic sampling of Earth’s biotic 
and abiotic components across North America (Schimel et al. 2007, Keller et al. 2008, Schimel 
and Keller 2015).  
 

The NEON Science Summit identified several key fundamental areas in ecology that 
NEON data can be used to address now: (1) Testing of our understanding of ecological patterns 
and processes across spatial and temporal scales; (2) Determining the drivers of biodiversity 
patterns across the U.S.; and (3) Documenting ecosystem processes and the services that nature 
provides. Some examples of basic questions that arose from the Summit include: Which 
ecological patterns and dynamics scale up and/or down in time and space? What controls 
decomposition? How generalizable are ecological observations from single sites to the 
continental scale? What drives trait variation? Which ecological patterns and processes are more 
context-dependent or species-specific, and which are more generalizable?  

1.13 Biodiversity across scales  
 

Understanding temporal and spatial scales at which drivers affect biodiversity is 
necessary to inform robust modeling of historical, current, and future patterns (Delsol et al. 2018, 
Gonzalez et al. 2020). Spatial synchrony of populations and communities is an emerging area of 
research that can help determine the degree of resilience and resistance of biota to environmental 
change (Zelnik et al. 2018). Central to quantifying synchrony is identifying the appropriate 
scales at which ecological systems function. NEON’s hierarchical design — from plots to sites to 
domains — enables investigations of the drivers of biodiversity within and among spatial scales. 
For example, at continental scales, NEON data on small mammals and intraspecific body size 
variation helped reveal the role of biotic interactions and climate in mediating patterns of 
community composition and trait plasticity across NEON domains (Read et al. 2018). This 
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research has contributed to greater understanding of the biotic mechanisms that drive the 
Latitudinal Diversity Gradient (Read et al. 2018). When combined with remotely-sensed data 
(e.g., airborne and satellite imagery) and organismal data across the United States (e.g., North 
American Breeding Bird Survey, USDA Forest Inventory & Analysis), NEON’s organismal and 
Airborne Observation Platform (AOP) data will further advance continental-scale assessment of 
biodiversity patterns. The variety of taxa sampled by NEON allows investigators to seek 
generalities in terms of the spatial and temporal scales of drivers, while also accounting for 
taxon-specific life history characteristics and traits as well as other biological constraints (e.g., 
regional species pools and biogeographic filters) (Kao et al. 2012). 

 
Researchers are already tackling the scales of biodiversity drivers and responses using 

NEON data and asking such questions as: What can NEON data tell us about the spatial 
synchrony of populations and communities at the continental scale? What are the drivers 
responsible? How do temporal dynamics (e.g., shifts in temperature, precipitation, discharge) 
affect biodiversity patterns in aquatic communities across the U.S.? How do different metrics of 
biodiversity (e.g., species richness) relate to structural (LaRue et al. 2019), functional, and 
spectral diversity? Future directions could include mapping changes in biodiversity in a changing 
climate. Where will the greatest losses of biodiversity occur and how can this inform 
conservation and management? 
 

1.14 Evaluating disturbance dynamics with NEON  
 

Disturbance plays an important role in the structure and function of terrestrial and aquatic 
ecosystems (Thom and Seidl 2016, Daam et al. 2019). The impacts of disturbance on an 
ecosystem are controlled by its intensity, frequency, size, spatial pattern and spatial extent. Some 
disturbances like wildfires can occur multiple times during an ecosystem’s response period, 
affecting the resilience and recovery of the system (Bartowitz et al. 2019; Mahood & Balch 
2019). NEON’s sampling design, including repeat sampling covering the full range of U.S. 
ecological and geo-climatic diversity, helps evaluate the impacts of these frequent disturbance 
events. NEON’s high spatial and temporal resolution airborne remote sensing data (e.g., lidar, 
hyperspectral, and photogrammetry) allow mapping patterns of disturbance within and across 
biomes (Fig. 2), though the extent to which NEON captures disturbance history for various 
disturbances has yet to be examined. For example, the extent of bark beetle attack, forest fire, or 
flood/hurricane damage can be estimated using remotely sensed vegetation structure and 
function over the disturbed area. Further, the validation of remotely-sensed data with coincident 
ground-based data can facilitate more accurate estimation of disturbance scale. Finally, NEON 
recently released a 'Site management and event reporting' data product (DP1.10111.001) which 
includes on-the-ground documentation of disturbance events as well. 

 
The wealth of NEON data includes detailed field measurements about plants, animals, 

soil, microbes, nutrients, freshwater, and the atmosphere that can be used to advance the 
understanding of fine-scale variation of ecosystems under variable conditions. The combination 
of sites for long-term observation and assignable assets that move through time further enables 
the capture of ecosystem dynamics in response to disturbance. The multi-scalar observations 
from NEON can provide a macrosystem view of disturbance dynamics and ecological patterns. 
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For the disturbances that NEON sites do not capture well, metrics of impact and/or 
environmental correlates (e.g., ecohydrological variables that indicate fluvial disturbances) can 
be determined by combining NEON and associated data sets. Furthermore, NEON data provide a 
unique opportunity to improve forecasts of future disturbances (e.g., extreme weather events 
such as droughts, spread of invasive species) and inform management recommendations at the 
continental scale. 

1.15 Carbon and climate dynamics 
 

A major opportunity for NEON data use is exploring biogeochemical feedbacks in the 
climate system (e.g., carbon-climate feedbacks). Baseline C storage and fluxes (e.g., productivity 
and decomposition) across ecoregions can now be assessed, and processes directly tied to 
climatic gradients and vegetation cover across the U.S. can be evaluated. Further, it is possible to 
examine how other nutrient pools and dynamics in soils and plants affect C fluxes across NEON 
sites. Patterns in soil chemistry (e.g., C and nitrogen (N) concentrations, net N mineralization 
and nitrification rates, C and N isotopes), as well as changes in soil C stability at individual sites 
and across the U.S., can be examined in a systematic and repeated design not previously 
available (Hinckley et al. 2016a, Weintraub et al. 2017).  

  
In the long-term, the decades of data collected by NEON on vegetation cover, aboveground 
biomass, soil physical and chemical properties, litterfall and fine woody debris production, litter 
chemical properties, root biomass and chemistry, soil carbon dioxide concentrations, and climate 
will offer a site-by-site detailed history to track climate change and carbon-climate feedbacks. 
These data will be extremely valuable for supporting climate action and related decision-making. 
Furthermore, the capacity of ecosystems to sequester C can be better defined to improve future 
climate modeling scenarios (Kramer and Chadwick 2018). The timing of vegetation phenology 
and the duration of the growing season play a key role in determining the amount of C 
sequestered by different ecosystems. Therefore, the phenological data being recorded at NEON 
sites will be critical in the development of accurate C budgets across ecosystems.   

1.16 Situating NEON in a coupled human-environment systems framework  
 

The growing human population and associated activities (e.g., agricultural expansion, 
urbanization, transportation) across the globe influence nearly all patterns and functions of 
natural systems, while changing natural systems directly impact the socioeconomic and physical 
well-being of humans (Fedele et al. 2017). Thus, human and natural systems must be considered 
as a coupled social-environmental system (SES; Liu et al. 2007, Grimm et al. 2017, Balch et al. 
2020a). The NEON network was designed to capture environmental rather than social gradients. 
However, the integration of local environmental observations and multi-temporal remote sensing 
data from the NEON observatory, combined with socio-economic data, could enable 
understanding of human-environment interactions (Pricope et al. 2019). Research Coordination 
Networks, such as the newly funded project, 'Landscape Exchange Network for Socio-
environmental systems research (LENS),' which will leverage detailed observations from the 
NEON AOP to study SES across the United States, can improve our capacity to use NEON 
toward SES research more broadly. NEON sites subjected to active land management can also 
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inform future land-use planning and adaptive natural resource management in the Anthropocene. 
Additionally, NEON’s assignable assets, or rapidly deployable mobile suites of NEON 
instruments, could be used to target processes of interest in human-environmental systems. 
Ultimately, this knowledge can be integrated into management solutions to help society to adapt 
to environmental change. The ecological forecasting, land use change, and climate change 
science that NEON enables in the long-term involves tight coupling between humans and the 
environment, and can bridge natural and social sciences. 
 

1.17 Ecological forecasting 
 

Ecology is increasingly turning to ecological forecasting to aid in preparing for the future 
drivers of change that affect ecosystems, species, and communities. An important role for NEON 
data is to establish baselines of biodiversity, biogeochemical pools and fluxes, ecological 
structure, and other indicators to initialize forecasts and compare against future scenarios. NEON 
is taking the pulse of changing U.S. ecosystems, and helping us predict their future health. As the 
field of ecological forecasting, or eco-forecasting, moves forward, NEON-enabled science can 
contribute iterative, probabilistic projections (Dietze and Lynch 2019). A step towards this goal 
of community members building iterative, near-term forecasts with NEON data is the NEON 
Ecological Forecast Challenge, the first round of which occurred in 2020, put on in collaboration 
with the Ecological Forecasting Initiative (EFI 2021). Ultimately, the aim is to develop the 
capability to anticipate or forecast ecological change to better prepare for, adapt to, or prevent 
change. 
 

1.18 Emergent themes 
 NEON-enabled science has tackled some classic questions in ecology, and the Science 
Summit suggested some unique, and perhaps unanticipated, possibilities for NEON observations 
data (in combination with other data) that have not been possible until now (Table 1). A basic 
opportunity for new insights built into the NEON design stems from the integrated, co-located 
measurements of many processes with NEON tower data collection. In this way, independent 
research can capitalize on the NEON infrastructure to add additional measurements and 
experiments at NEON sites. Other new efforts include researchers mapping individual trees and 
tree species using high resolution airborne and satellite data (Weinstein et al. 2019, Scholl et al. 
2020). And several novel questions examine scale: a multi-scale understanding of the carbon 
cycle by integrating data sources from field plot data to satellite imagery, better understanding 
the changing predictors of canopy height across scales (Fricker et al. 2019a), and how 
biodiversity patterns change across temporal scales.  
 

The potential to address cutting-edge, multidisciplinary science questions with NEON 
(and NEON-compatible) data is unprecedented. Although NEON was envisioned as a stand-
alone observatory, it now sits within a data ecosystem with many points of leverage. Linking 
across datasets and networks of observatories has begun, including in some ways not anticipated 
in early thinking around NEON. While one goal of NEON is to detect change over time, which 
will become possible with decades of data, early NEON and NEON-linked science is already 
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used for change detection. For example, using NEON data to understand vegetation recovery 
after a fire requires integration of additional datasets (e.g., Landsat, MODIS, UAS) since only a 
couple of the NEON sites have experienced a fire. Other interdisciplinary opportunities abound 
including use of NEON data for eco-hydrological studies like hierarchical clustering of surface 
water chemistry across NEON sites (see Edmonds et al. in this special issue) and soil data for 
pedological research on biogeochemical fluxes. Finally, opportunities exist to advance NEON 
technology as innovations in instrumentation, observing platforms, and data science surpass what 
the observatory initially offered (e.g., unmanned aerial vehicles (UAVs)). Engagement by a 
diverse community of investigators enhances this opportunity for continued scientific 
advancement. 

2. BUILDING THE NEON COMMUNITY 

2.1 Diversity, inclusion, and accessibility in STEM : How NEON can serve a diverse and 
inclusive community 
 

Building a diverse and inclusive community expands professional opportunities for 
NEON users by encouraging the creation of a more accessible user experience. There is the 
potential to mobilize NEON’s vast resources to grow such a community while also addressing 
persistent disparities in STEM participation. While open NEON infrastructure and data are 
central draws (and by themselves remove a central barrier of the resources needed to collect 
empirical data that many researchers lack), training opportunities (e.g., workshops that provide 
hands-on experience with the data) and networks of people are critical for building a diverse and 
inclusive community. These resources can be incentives for the larger community of 
environmental scientists who have yet to join the NEON community. For example, a training 
exercise might provide early-career or underrepresented scientists the opportunity to build their 
skill sets while also becoming a resident NEON data expert at their home institution. Similarly, 
these scientists may find new professional linkages and interests within the NEON user network. 

2.2 Diversity 
 

Diverse backgrounds are critical to developing innovative and creative scientific 
perspectives and will expand the visibility of NEON beyond the current ecological community. 
Diversity can be measured in many different ways, but attracting participation from groups that 
have smaller representation in science and engineering fields than their representation in the U.S. 
population will increase diversity among NEON users. These groups include women, people 
with disabilities, and underrepresented racial/ethnic groups including Black, Indigenous, and 
People of Color (BIPOC). Post-event anonymous surveys following the 2019 NEON Science 
Summit indicated that 31.3% identified as non-white and 55% identified as female. Furthermore, 
developing mechanisms to attract users at different career stages, including students (K-12, 
undergraduate, and graduate); early-, mid-, and late career scholars; educators and public 
outreach professionals; and professionals outside of academia will also diversify and enrich the 
user community. During the NEON Science Summit, participants were asked to consider the 
question: “Who isn’t here and how can they be brought into the fold?” Many of the responses 
went beyond identification of racial and ethnic minorities and emphasized the importance of 
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building a coalition of NEON data users that includes a wide range of perspectives and members 
beyond the academic ecological research community (Fig. 3).  

2.3 Inclusion 
 

The NEON user community can build on previous efforts to increase diversity with 
targeted outreach, recruitment, and training to groups at underrepresented institutions, such as 
Historically Black Colleges and Universities (HBCUs), Hispanic Serving Institutions (HSIs), and 
Tribal Colleges and Universities (TCUs). The Environmental Data Science Inclusion Network 
(EDSIN) was created to foster an online community to develop training opportunities, shared 
resources, and leadership experience for scientists who are traditionally underrepresented in data 
science and environmental science. Inclusive practices not only increase opportunities for 
underrepresented populations, they also foster diversity in the types of research questions 
addressed using NEON open-source data and expand the visibility of the network to more 
potential users.  

The knowledge generated from NEON products could be deepened through the co-
production of science by members of the NEON community and stakeholders (i.e., leaders of 
underrepresented groups) to determine what types of ecological research questions are of interest 
to a range of communities. Building trust and meaningful relationships to jointly tackle research 
questions requires time and space to both listen and respond to the issues identified by all groups. 
Collaborations stemming from these efforts will help identify potential research sites for 
assignable assets that enable targeted groups to connect with NEON data.  
However, it is not enough to identify and recruit members of underrepresented groups to join the 
NEON community; an inclusive environment encourages the development of essential skills and 
is open to new opportunities. Such an environment will recognize that the inclusion of diverse 
voices in science strengthens the creation of knowledge. Summit participants identified three 
main elements critical to these efforts: 1) education and training, 2) financial support, and 3) 
accessibility (Fig. 4).  
 

2.4 Accessibility in STEM 
 

Continued funding for infrastructure, both physical and virtual, is essential for training 
ecologists and environmental scientists at all career stages, from undergraduate students to senior 
scientists, and from different professional settings, including non-academic institutions. Creating 
a broad network of users will begin to address the challenge of accessibility to NEON data. The 
NSF-funded Quantitative Undergraduate Biology Education and Synthesis (QUBES) is a 
consortium of academic institutions, NSF projects, and professional societies that connects 
researchers across disciplines and supports efforts to improve quantitative literacy and data skills 
at the undergraduate level by offering training and course development opportunities to faculty 
(QUBES 2021a). Efforts like these can be expanded to meet the needs of diverse populations 
using NEON data. Other key infrastructural challenges include access to computers and reliable 
internet. Each institution may have unique barriers and the larger community needs to be mindful 
of the current states of physical infrastructure and levels of training to make NEON data 
accessible for all.  
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An online hub could help support individuals and institutions that serve underrepresented 
populations to encourage the use of NEON data and provide opportunities for learning how to 
use them. To kick things off, one opportunity is to host a series of short webinars to give college 
instructors and their students an introduction on how to access NEON data. These webinars 
could be followed by a virtual conference that includes lightning talks by members of target 
groups to present on their use of NEON data. Continued mentorship for faculty that serve 
underrepresented populations is key and will require time and commitment to the people at those 
schools/institutions. In the long-term, for a sustainable diverse NEON community, members 
should explore the mandates and pursue the resources of NEON, NSF, and others to engage with 
these target groups (see Community Engagement Initiatives below). Lastly, the community 
needs to spread the word to national, regional, and local agencies (e.g., Tribal offices, land 
management agencies, scientific societies, conservation organizations, and community groups) 
that opportunities exist for those from all professional and personal backgrounds. These outreach 
efforts can complement and build on the curriculum development and teaching resources 
described below. 
 

2.5 NEON presents a need for new data intensive curriculum in ecology  
 

NEON data offer an opportunity to teach scientific inquiry and ecological principles 
relevant to STEM careers but also transferable data science and critical thinking skills. A major 
challenge identified at the Summit is the limited number of people with skills to use NEON data 
among both the faculty and the students of the ecological community.  
 

2.6 A different model of teaching and doing ecological science 
 

The availability of NEON data, while a tremendous opportunity for understanding 
environmental change, presents some unique challenges. The data are collected by an external 
entity rather than individual scientists and that collection is driven by NEON-focused mission 
science requirements. The scientist then develops questions that can be answered using NEON 
and other data. This model of science requirements driving data collection is not new: remote 
sensing, astronomical telescope, particle collider, and other agency-driven data collection 
missions have implemented this approach to support the science community for decades 
(National Academies of Sciences, Engineering, and Medicine et al. 2018). However, data like 
those being collected by NEON at the U.S. continental scale, with standard measurements and 
more than 180 data products, are new to the natural resource sciences. 
NEON thus presents a suite of new technical challenges associated with using data that are 
collected externally in formats and structures that support long-term and large datasets; their use 
will be new to many ecologists. These formats include HDF5 (the structure of the hyperspectral 
remote sensing data), and text files with relational database-like structures, to name just two. 
Additional challenges are associated with reading and interpreting metadata, understanding 
documentation (e.g., Algorithm Theoretical Basis Documents; ATBD), describing sampling 
designs, data collection methods, calibration procedures, nested structures in data storage (which 
vary by protocol), and uncertainty calculations. Further, many datasets require specific training 
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to understand and evaluate quality (e.g., data from imaging spectroscopy, flux towers); it is not 
always appropriate to use products from the data portal without close consideration and filtering, 
which requires familiarity with domain literature and expertise. The cross-domain nature of the 
data collected by NEON (e.g., remote sensing, flux towers, organismal diversity) further 
encourages questions that are best addressed by large interdisciplinary teams, thus demanding a 
new suite of skills in the realm of communication and collaboration that also are not traditionally 
taught in natural resource science curricula.  
 

2.7 Addressing the community gap in data science skills 
 

The skills needed to effectively work with NEON and other large datasets are not 
currently taught in most curricula, which struggle to keep pace with changes in technology and 
data processing. Education and training opportunities for students, educators, researchers and 
community partners are key to building a vibrant and diverse community (Fig. 4). An example of 
a workshop that provides such opportunities is the “Critical Skills to Scale Up Ecology: An ESA 
SEEDS and NEON Workshop,”-- an intensive week-long training designed to introduce 
ecological data skills to graduate students with underrepresented backgrounds (originally 
scheduled for June 2020 and postponed due to the COVID-19 pandemic). Another example is 
the Earth Lab Earth Data Science Corps (EDSC), funded by the NSF. The EDSC provides 
students at Tribal and other schools serving historically underrepresented groups in STEM with 
data skills training, mentorship, and a paid summer internship where they work on a real world 
project: one Tribal student in the 2020 internship used NEON lidar data to evaluate forest 
structural diversity in the western U.S. Improved access to these types of opportunities will also 
require financial support for those such as K-12 teachers, contingent university faculty, and non-
academic professionals. Providing funding for early-career scientists and underrepresented 
populations can encourage participation at in-person training opportunities. Furthermore, the 
development of hybrid or remote conference and workshop opportunities make these events 
accessible to a broader population, especially for people who face obstacles to travel, such as 
families, resource constraints and heavy teaching loads. Finally, the identification and 
development of tools that improve accessibility of NEON data, such as GUIs (graphical user 
interfaces), and IDEs (integrated development environments), and creation of teaching modules 
that help build the skills necessary to engage with NEON data (see below for further objectives 
related to accessibility and training) can be promoted across the NEON user community.  
 

2.8 Instructor challenges for teaching with NEON data 
 

A working group at the 2019 NEON Science Summit identified challenges facing 
instructors interested in using NEON data in undergraduate courses. While some guidance and 
educational modules and lessons do exist for instructors who wish to use NEON data, these are 
not housed in a centralized location or maintained by a single organization. Additionally, some 
instructors are lacking the data skills themselves to implement the lessons in the classroom or 
face other infrastructural and technological challenges. Some examples are given below of 
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NEON Data Education faculty mentoring networks (see Naithani et al. in this special issue) and 
partnerships for instructors wishing to implement NEON data in the classroom.  
Resources for instructors include teaching and learning modules, and full courses available on 
the NEON Learning Hub (NEON 2021g), the Earth Data Science learning portal 
(earthdatascience.org; Earth Lab 2021), the QUBES portal (QUBES 2021b), and the 
Environmental Data-Driven Inquiry and Exploration (EDDIE) website (EDDIE 2021). These 
modules can be added to existing courses or used for self-paced learning can further democratize 
access to these data skills. However, they lack a centralized platform and a clearly identified 
agency responsible for curating NEON instructional resources which creates barriers to their use 
in the classroom. The instructional level and types of data science skills required to complete the 
modules are not always easily discerned from the current descriptions. A framework is needed 
that would allow instructors to easily identify the intended audience (e.g., undergraduate course 
level), learning goals, and assessment tools included in these modules. This would also allow 
instructors interested in creating new modules to identify and fill gaps in the current resources. 
Sharing educational materials on a maintained and funded portal like QUBES or CyVerse would 
help with their adoption. Additionally, adding tags and providing links to these resources on 
NEON’s website would further facilitate discoverability.  
 

Instructors may face many barriers to implementing NEON data in their classrooms 
including the instructor’s own lack of data science skills and familiarity with the data products 
among others (e.g., lack of funding for new curriculum, technology, and time). Sustained and 
improved outreach and instructor training is necessary to overcome this first barrier. The NEON 
community should identify and target populations and institutions that are not currently engaged 
with or utilizing NEON data, such as primarily undergraduate institutions (PUIs), minority-
serving institutions, and Tribal colleges. One such example is developing a curriculum with PUI 
ecology and GIS faculty that is centered around testing the use of NEON terrestrial and airborne 
collections to introduce spatial ecology and macrosystems biology concepts in undergraduate 
courses (Styers et al. In revision). A lesson learned from these activities is that it is helpful for 
NEON staff to participate and introduce some of the NEON sampling design and data portal, and 
for researchers familiar with working with NEON data to help PUI faculty quickly get up-to-
speed on how to work with the data. It is also important to consider the resources available at 
these institutions and address technological challenges related to hardware and internet 
connectivity that may exist.  

 
Several faculty mentoring networks and partnerships exist including collaborations with 

NEON, Ecological Research Education Network (EREN), and the Biological and Environmental 
Data Education (BEDE) Network, and are hosted by QUBES, which support faculty in both 
using and developing new data-intensive curricula for their courses (BEDE 2021, EREN 2021, 
NEON 2021h). These faculty mentoring networks work with faculty members from 
undergraduate teaching institutions to develop, implement and publish data-driven teaching 
modules to empower undergraduate instructors to incorporate data science skills in their courses. 
Such partnerships could provide a fruitful avenue for incorporating real-world skills and 
experiences using NEON data in undergraduate curricula.  
 



 

 232 

2.9 Community engagement initiatives  
 

In order to maximize the benefit of NEON, the community needs activities that support 
researchers within, and attract researchers from beyond, current NEON users. Achievement of 
this robust community will require enhanced funding to support broad community engagement 
initiatives, and a science-forward centralized mechanism to share and advertise those 
opportunities. 

 
This support should take on at least three synergistic forms: 1) engage and train early 

career researchers, 2) build an inclusive community of scientists, and 3) prioritize community 
engagement activities. All three support mechanisms require nuanced approaches to building 
trust in and transparency around data and shared goals that enable the transition from place-based 
science to research that spans across and links ecological systems. Building an inclusive and 
expansive research community involves dialogue with multiple interests and recognition of the 
emergence of a new culture of ecology based on team science and data sharing. Workshops, 
lecture series, and training are some activities that require funding. In particular, outreach and 
funding are needed to attract and support underrepresented groups and those who are not current 
NEON users. Additionally, outreach to other disciplines will help increase awareness of how 
NEON data can contribute to the conversation on public policy and applications to address 
emerging societal and ecological challenges. Such an effort can enhance the value of this 
revolutionary ecological infrastructure. 

3. WHY NEON MATTERS 
 

It is important to remember how NEON is similar to and different from other efforts that 
came before it. In particular, many of the questions remain the same; abiding environmental 
questions and problems still drive individual PIs as well as networks such as NEON, LTER, 
CZO, AmeriFlux, etc. However, NEON was established in the era of open science that aims to 
democratize the access to knowledge with freely available data to all students and in all 
classrooms. 

 
The success of NEON matters both to the ecological community and society as a whole. 

NEON represents the largest single U.S. investment in ecology to date and it will inform future 
scientific missions by other agencies and data networks. The observatory will provide critical 
science for key decisions in the management of ecosystems and habitats. It is up to the 
community of users to increase awareness of how NEON data can contribute to informed public 
policy and socially-relevant applications. It offers new opportunities for tackling big challenges 
such as climate change, land use change, and ecological transformations that affect all life on 
Earth. NEON will not stand alone as a solution to these complex challenges (see SanClements et 
al. in this special issue), but offers opportunities to build on other approaches, data, and 
knowledge to support individual scientists and the ecological community to address them. 
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4. CONCLUSIONS 
 

NEON is intended to help us observe, understand, and interpret the response of species, 
communities, and ecosystems to our changing environment. This revolutionary observatory 
network for ecology will enable us to ask and answer local- to continental-scale questions with a 
design that includes sites located across ecoregions. NEON aids understanding of ecological 
change across space and time and the forecasting of future conditions with drivers like land use 
change and climate change. The standardization of collection methods across sites, and open 
access to the data can foster a new, open ecology for the next generation of scientists, including 
microbial ecologists, biogeochemists, community ecologists, atmospheric scientists, and more. 
NEON became fully operational during the data and analytics revolutions and now is poised to 
contribute to advancing the discipline in conjunction with other long-term observatories and 
datasets. As data science and analytics have become critical skills for today’s scientists, training 
on how to access and analyze NEON data is also critical. There is a need to develop a curriculum 
to teach these skills to a diverse, inclusive NEON user community. Collaborative, hands-on 
workshops like the 2019 NEON Science Summit will build a broad community, and investing in 
other inclusive mechanisms will sustain this engaged community.  
 

5. ACKNOWLEDGEMENTS 
 

Funding for the 2019 NEON Science Summit was provided by NSF Award #DBI 
1906144. Additional funding was provided by Earth Lab through the University of Colorado, 
Boulder’s Grand Challenge Initiative, the Cooperative Institute for Research in Environmental 
Sciences (CIRES), and the North Central Climate Adaptation Science Center (NC CASC). AKS 
was supported by the University of Zurich’s University Research Priority Programme on Global 
Change and Biodiversity. We are grateful to all of those who helped make the 2019 NEON 
Science Summit a success: Dawn Umpleby, Linda Pendergrass, David Zakavec, Rebecca 
Stossmeister, Alycia Crall, Kate Thibault, Claire Lunch, Megan Jones, Katie Weeman, Katy 
Human, Ally Faller, Lauren Herwehe, Jenny Palomino, Tim Dunn, Nathan Campbell, Nan 
Regnier, Elizabeth Woolner, Katie Lamb, Troy Burke, Jim Lee, Jay Burghardt, and Michelle 
Meighan. Several co-authors on this paper including Christopher R. Florian, Robert T. Hensley, 
Katherine D. Jones, Courtney L. Meier, John Musinsky, Stephanie M. Parker, Michael 
SanClements, and Eric R. Sokol are currently employed by Battelle and the National Ecological 
Observatory Network. The findings and conclusions in this manuscript are those of the authors 
and should not be construed to represent any official U.S. Government determination or policy. 
 
 
 
 
 
 
 
 
 



 

 234 

6. REFERENCES 
  
Albrecht, M., P. Donnelly, P. Bui, and D. Thain. 2012. Makeflow: a portable abstraction for data 

intensive computing on clusters, clouds, and grids. Pages 1–13 Proceedings of the 1st ACM 
SIGMOD Workshop on Scalable Workflow Execution Engines and Technologies - SWEET 
’12. ACM Press, Scottsdale, Arizona. 

Anderegg, W. R., and N. S. Diffenbaugh. 2015. Observed and projected climate trends and 
hotspots across the National Ecological Observatory Network regions. Frontiers in Ecology 
and the Environment 13:547–552. 

Atkins, J. W., R. T. Fahey, B. S. Hardiman, and C. M. Gough. 2018. Forest Canopy Structural 
Complexity and Light Absorption Relationships at the Subcontinental Scale. Journal of 
Geophysical Research: Biogeosciences 123:1387–1405. 

Balch, J. K., V. Iglesias, A. E. Braswell, M. W. Rossi, M. B. Joseph, A. L. Mahood, T. R. 
Shrum, C. T. White, V. M. Scholl, B. McGuire, C. Karban, M. Buckland, and W. R. Travis. 
2020a. Social‐Environmental Extremes: Rethinking Extraordinary Events as Outcomes of 
Interacting Biophysical and Social Systems. Earth’s Future 8. 

Balch, J. K., R. C. Nagy, and B. S. Halpern. 2020b. NEON is seeding the next revolution in 
ecology. Frontiers in Ecology and the Environment 18:3–3. 

Bartowitz, K. J., P. E. Higuera, B. N. Shuman, K. K. McLauchlan, and T. W. Hudiburg. 2019. 
Post-Fire Carbon Dynamics in Subalpine Forests of the Rocky Mountains. Fire 2:58. 

Bechhofer, S., I. Buchan, D. De Roure, P. Missier, J. Ainsworth, J. Bhagat, P. Couch, D. 
Cruickshank, M. Delderfield, I. Dunlop, M. Gamble, D. Michaelides, S. Owen, D. Newman, 
S. Sufi, and C. Goble. 2013. Why linked data is not enough for scientists. Future Generation 
Computer Systems 29:599–611. 

BEDE. 2021. Biological and Environmental Data Education (BEDE) Network. 
https://qubeshub.org/community/groups/bede. 

Bucksch, A., A. Das, H. Schneider, N. Merchant, and J. S. Weitz. 2017. Overcoming the Law of 
the Hidden in Cyberinfrastructures. Trends in Plant Science 22:117–123. 

Cawse-Nicholson, K., P. A. Townsend, D. Schimel, A. M. Assiri, P. L. Blake, Buongiorno, M. F. 
Buongiorno, P. Campbell, N. Carmon, K. A. Casey, R. E. Correa-Pabón, K. M. Dahlin, H. 
Dashti, P. E. Dennison, H. Dierssen, A. Erickson, J. B. Fisher, R. Frouin, C. K. Gatebe, H. 
Gholizadeh, M. Gierach, N. F. Glenn, J. A. Goodman, D. M. Griffith, L. Guild, C. R. 
Hakkenberg, E. J. Hochberg, T. R. H. Holmes, C. Hu, G. Hully, K. F. Huemmrich, R. M. 
Kudela, R. F. Kokaly, C. M. Lee, R. Martin, C. E. Miller, W. J. Moses, F. E. Muller-Karger, 
J. D. Ortiz, D. B. Otis, N. Pahlevan, T. H. Painter, R. Pavlick, B. Poulter, Y. Qi, V. J. 
Realmuto, D. Roberts, M. E. Schaepman, F. D. Schneider, F. M. Schwandner, S. P. Serbin, 
A. N. Shiklomanov, E. Natasha Stavros, D. R. Thompson, J. L. Torres-Perez, K. R. Turpie, 
M. Tzortziou, S. Ustin, Q. Yu, Y. Yusup, and Q. Zhang,. (2021). NASA's surface biology 
and geology designated observable: A perspective on surface imaging algorithms. Remote 
Sensing of Environment, 257, 112349. 

Cesare, C. 2016, January 19. Ecology’s $434,000,000 test. Nature News. 
Chadwick, K. D., P. G. Brodrick, K. Grant, T. Goulden, A. Henderson, N. Falco, H. Wainwright, 

K. H. Williams, M. Bill, I. Breckheimer, E. L. Brodie, H. Steltzer, C. F. R. Williams, B. 
Blonder, J. Chen, B. Dafflon, J. Damerow, M. Hancher, A. Khurram, J. Lamb, C. R. 
Lawrence, M. McCormick, J. Musinsky, S. Pierce, A. Polussa, M. Hastings Porro, A. Scott, 
H. W. Singh, P. O. Sorensen, C. Varadharajan, B. Whitney, and K. Maher. 2020. Integrating 



 

 235 

airborne remote sensing and field campaigns for ecology and Earth system science. Methods 
in Ecology and Evolution 11:1492–1508. 

Collins, S. L., and A. K. Knapp. 2019. NEON Should Be Run by Ecologists for Ecologists. 
BioScience 69:319–319. 

CyVerse. 2021. Data Commons. https://datacommons.cyverse.org/. 
Daam, M. A., H. Teixeira, A. I. Lillebø, and A. J. A. Nogueira. 2019. Establishing causal links 

between aquatic biodiversity and ecosystem functioning: Status and research needs. Science 
of The Total Environment 656:1145–1156. 

Dabbish, L., C. Stuart, J. Tsay, and J. Herbsleb. 2012. Social coding in GitHub: transparency and 
collaboration in an open software repository. Page 1277 Proceedings of the ACM 2012 
conference on Computer Supported Cooperative Work - CSCW ’12. ACM Press, Seattle, 
Washington, USA. 

Dalponte, M., L. Frizzera, and D. Gianelle. 2019. Individual tree crown delineation and tree 
species classification with hyperspectral and LiDAR data. PeerJ 6:e6227. 

Delsol, R., M. Loreau, and B. Haegeman. 2018. The relationship between the spatial scaling of 
biodiversity and ecosystem stability. Global Ecology and Biogeography 27:439–449. 

Dietze, M., and H. Lynch. 2019. Forecasting a bright future for ecology. Frontiers in Ecology 
and the Environment 17:3–3. 

Dorji, T., K. A. Hopping, F. Meng, S. Wang, L. Jiang, and J. A. Klein. 2020. Impacts of climate 
change on flowering phenology and production in alpine plants: The importance of end of 
flowering. Agriculture, Ecosystems & Environment 291:106795. 

Earth Lab. 2021. Earth Data Science learning portal. https://www.earthdatascience.org/. 
EDI. 2021. Data Portal Home. https://portal.edirepository.org/nis/home.jsp. 
EFI. 2021. EFI RCN NEON Ecological Forecast Challenge. Ecological Forecasting Initiative. 
EREN. 2021. EREN-NEON Flexible Learning Projects FMN. 

https://qubeshub.org/community/groups/erenneonfmn. 
Eynard-Bontemps, G., R. Abernathey, J. Hamman, A. Ponte, and W. Rath. 2019. The PANGEO 

Big Data Ecosystem and its use at CNES. Pages 49–52 Proc. of the 2019 conference on Big 
Data from Space (BiDS’2019), EUR 29660 EN. Publications Office of the European Union, 
Luxembourg. 

Fedele, G., B. Locatelli, and H. Djoudi. 2017. Mechanisms mediating the contribution of 
ecosystem services to human well-being and resilience. Ecosystem Services 28:43–54. 

Fegraus, E. H., S. Andelman, M. B. Jones, and M. Schildhauer. 2005. Maximizing the Value of 
Ecological Data with Structured Metadata: An Introduction to Ecological Metadata Language 
(EML) and Principles for Metadata Creation. Bulletin of the Ecological Society of America 
86:158–168. 

Field, C., R. DeFries, D. Foster, M. Grove, R. Jackson, B. Law, D. Lodge, D. Peters, and D. 
Schimel. 2006. Integrated Science and Education Plan for the National Ecological 
Observatory Network. NSF NEON. 

Fricker, G. A., N. W. Synes, J. M. Serra-Diaz, M. P. North, F. W. Davis, and J. Franklin. 2019a. 
More than climate? Predictors of tree canopy height vary with scale in complex terrain, 
Sierra Nevada, CA (USA). Forest Ecology and Management 434:142–153. 

Fricker, G. A., J. D. Ventura, J. A. Wolf, M. P. North, F. W. Davis, and J. Franklin. 2019b. A 
Convolutional Neural Network Classifier Identifies Tree Species in Mixed-Conifer Forest 
from Hyperspectral Imagery. Remote Sensing 11:2326. 



 

 236 

Ghabbour, E. A., G. Davies, A. A. Sayeed, M. T. Croman, B. A. Hoehing, and E. Ayres. 2015. 
Measuring the Total and Sequestered Organic Matter Contents of Grassland and Forest Soil 
Profiles in the National Ecological Observatory Network Initiative. Soil Horizons 56:0. 

Gonzalez, A., R. M. Germain, D. S. Srivastava, E. Filotas, L. E. Dee, D. Gravel, P. L. 
Thompson, F. Isbell, S. Wang, S. Kéfi, J. Montoya, Y. R. Zelnik, and M. Loreau. 2020. 
Scaling‐up biodiversity‐ecosystem functioning research. Ecology Letters 23:757–776. 

Gorelick, N., M. Hancher, M. Dixon, S. Ilyushchenko, D. Thau, and R. Moore. 2017. Google 
Earth Engine: Planetary-scale geospatial analysis for everyone. Remote Sensing of 
Environment 202:18–27. 

Grimm, N. B., S. T. A. Pickett, R. L. Hale, and M. L. Cadenasso. 2017. Does the ecological 
concept of disturbance have utility in urban social–ecological–technological systems? 
Ecosystem Health and Sustainability 3:e01255. 

Hall, S. J., C. Ye, S. R. Weintraub, and W. C. Hockaday. 2020. Molecular trade-offs in soil 
organic carbon composition at continental scale. Nature Geoscience 13:687–692. 

Hampton, S. E., S. S. Anderson, S. C. Bagby, C. Gries, X. Han, E. M. Hart, M. B. Jones, W. C. 
Lenhardt, A. MacDonald, W. K. Michener, J. Mudge, A. Pourmokhtarian, M. P. Schildhauer, 
K. H. Woo, and N. Zimmerman. 2015. The Tao of open science for ecology. Ecosphere 
6:art120. 

Hey, A. J. G., editor. 2009. The fourth paradigm: data-intensive scientific discovery. Microsoft 
Research, Redmond, Washington. 

Hinckley, E. S., G. B. Bonan, G. J. Bowen, B. P. Colman, P. A. Duffy, C. L. Goodale, B. Z. 
Houlton, E. Marín‐Spiotta, K. Ogle, S. V. Ollinger, E. A. Paul, P. M. Vitousek, K. C. 
Weathers, and D. G. Williams. 2016a. The soil and plant biogeochemistry sampling design 
for The National Ecological Observatory Network. Ecosphere 7. 

Hinckley, E.-L. S., S. P. Anderson, J. S. Baron, P. D. Blanken, G. B. Bonan, W. D. Bowman, S. 
C. Elmendorf, N. Fierer, A. M. Fox, K. J. Goodman, K. D. Jones, D. L. Lombardozzi, C. K. 
Lunch, J. C. Neff, M. D. SanClements, K. N. Suding, and W. R. Wieder. 2016b. Optimizing 
Available Network Resources to Address Questions in Environmental Biogeochemistry. 
BioScience 66:317–326. 

Isard, M., M. Budiu, Y. Yu, A. Birrell, and D. Fetterly. 2007. Dryad: distributed data-parallel 
programs from sequential building blocks. ACM SIGOPS Operating Systems Review 41:59–
72. 

Jones, J. A., P. M. Groffman, J. Blair, F. W. Davis, H. Dugan, E. E. Euskirchen, S. D. Frey, T. 
Harms, E.-L. S. Hinckley, M. Kosmala, S. Loberg, S. Malone, K. Novick, S. Record, A. V. 
Rocha, B. Ruddell, E. H. Stanley, C. Sturtevant, A. Thorpe, T. White, W. R. Wieder, L. Zhai, 
and K. Zhu. 2021. Synergies among environmental science research and monitoring 
networks: A research agenda. Earth Futures 9:e2020EF001631. https://doi. 

org/10.1029/2020EF001631. 
Kampe, T. U., B. Johnson, M. Kuester, and M. Keller. 2010. NEON: the first continental-scale 

ecological observatory with airborne remote sensing of vegetation canopy biochemistry and 
structure. Journal of Applied Remote Sensing 4:043510. 

Kao, R. H., C. M. Gibson, R. E. Gallery, C. L. Meier, D. T. Barnett, K. M. Docherty, K. K. 
Blevins, P. D. Travers, E. Azuaje, Y. P. Springer, K. M. Thibault, V. J. McKenzie, M. Keller, 
L. F. Alves, E.-L. S. Hinckley, J. Parnell, and D. Schimel. 2012. NEON terrestrial field 
observations: designing continental-scale, standardized sampling. Ecosphere 3:art115. 



 

 237 

Keller, M., D. S. Schimel, W. W. Hargrove, and F. M. Hoffman. 2008. A continental strategy for 
the National Ecological Observatory Network. Frontiers in Ecology and the Environment 
6:282–284. 

Köster, J., and S. Rahmann. 2012. Snakemake—a scalable bioinformatics workflow engine. 
Bioinformatics 28:2520–2522. 

Kramer, M. G., and O. A. Chadwick. 2018. Climate-driven thresholds in reactive mineral 
retention of soil carbon at the global scale. Nature Climate Change 8:1104–1108. 

LaRue, E. A., B. S. Hardiman, J. M. Elliott, and S. Fei. 2019. Structural diversity as a predictor 
of ecosystem function. Environmental Research Letters 14:114011. 

Liu, J., T. Dietz, S. R. Carpenter, M. Alberti, C. Folke, E. Moran, A. N. Pell, P. Deadman, T. 
Kratz, J. Lubchenco, E. Ostrom, Z. Ouyang, W. Provencher, C. L. Redman, S. H. Schneider, 
and W. W. Taylor. 2007. Complexity of Coupled Human and Natural Systems. Science 
317:1513–1516. 

Loeliger, J., and M. McCullough. 2012. Version control with Git. Second edition. O’Reilly, 
Beijing. 

Marconi, S., S. J. Graves, B. G. Weinstein, S. Bohlman, and E. P. White. 2021. Estimating 
individual-level plant traits at scale. Ecological Applications n/a:e02300. 

Merchant, N., E. Lyons, S. Goff, M. Vaughn, D. Ware, D. Micklos, and P. Antin. 2016. The 
iPlant Collaborative: Cyberinfrastructure for Enabling Data to Discovery for the Life 
Sciences. PLOS Biology 14:e1002342. 

Mervis, J. 2015, September 24. Ecology’s megaproblem. Science News. 
National Academies of Sciences, Engineering, and Medicine, Space Studies Board, Division on 

Engineering and Physical Sciences, and National Academies of Sciences, Engineering, and 
Medicine. 2018. Thriving on Our Changing Planet: A Decadal Strategy for Earth 
Observation from Space. Page 24938. National Academies Press, Washington, D.C. 

NEON. 2021a. About Field Sites and Domains. https://www.neonscience.org/field-sites/about-
field-sites. 

NEON. 2021b. History. https://www.neonscience.org/about/about/history. 
NEON. 2021c. Explore Data Products. https://data.neonscience.org/data-products/explore. 
NEON. 2021d. Data Tutorials. https://www.neonscience.org/resources/data-tutorials. 
NEON. 2021e. Research Support and Assignable Assets. 

https://www.neonscience.org/resources/research-support. 
NEON. 2021f. Code Resources. https://www.neonscience.org/resources/code-resources. 
NEON. 2021g. Learning Hub. https://www.neonscience.org/resources/learning-hub. 
NEON. 2021h. NEON Community Group. 

https://qubeshub.org/community/groups/neon/educational_resources. 
O’Brien, M., C. Smith, E. Sokol, C. Gries, N. Lany, S. Record, and M. C. N. Castorani. in 

review. Creating analysis-ready ecological community survey data. Ecological Informatics. 
Pangea. 2021. Home. https://www.pangaea.de/. 
Pricope, N., K. Mapes, and K. Woodward. 2019. Remote Sensing of Human–Environment 

Interactions in Global Change Research: A Review of Advances, Challenges and Future 
Directions. Remote Sensing 11:2783. 

pyOpenSci. 2021. Welcome to pyOpenSci. https://www.pyopensci.org//. 
QUBES. 2021a. Home. https://qubeshub.org/. 
QUBES. 2021b. Resources. https://qubeshub.org/publications/browse. 



 

 238 

Read, Q. D., J. M. Grady, P. L. Zarnetske, S. Record, B. Baiser, J. Belmaker, M.-N. Tuanmu, A. 
Strecker, L. Beaudrot, and K. M. Thibault. 2018. Among-species overlap in rodent body size 
distributions predicts species richness along a temperature gradient. Ecography 41:1718–
1727. 

Record, S., N. M. Voelker, P. L. Zarnetzke, N. I. Wisnoski, J. D. Tonkin, C. M. Swan, L. 
Marazzi, N. Lany, T. Lamy, A. Compagnoni, M. C. N. Castorani, R. Andrade, and E. R. 
Sokol. 2021. Novel insights to be gained from applying metacommunity theory to long-term, 
spatially replicated biodiversity data. Frontiers in Ecology and Evolution 8:479. 

Rogers, N. 2019, January 30. The turbulent launch of NEON, ecology’s megaproject. Inside 
Science. 

rOpenSci. 2021. rOpenSci. https://ropensci.org/. 
Sagoff, M. 2019. Will NEON kill ecology? Issues in Science and Technology 35.  
Schimel, D. 2011. The era of continental‐scale ecology. Frontiers in Ecology and the 

Environment 9:311–311. 
Schimel, D., W. Hargrove, F. Hoffman, and J. MacMahon. 2007. NEON: a hierarchically 

designed national ecological network. Frontiers in Ecology and the Environment 5:59–59. 
Schimel, D., and M. Keller. 2015. Big questions, big science: meeting the challenges of global 

ecology. Oecologia 177:925–934. 
Schimel, D., M. Keller, S. Berukoff, R. Kao, H. Loescher, H. Powell, T. Kampe, D. Moore, W. 

Gram, D. Barnett, R. Gallery, C. Gibson, K. Goodman, C. Meier, S. Parker, L. Pitelka, Y. 
Springer, K. Thibault, and R. Utz. 2011. 2011 Science Strategy: Enabling Continental-Scale 
Ecological Forecasting. Page 56. NSF NEON. 

Schimel, D., F. D. Schneider, and JPL Carbon and Ecosystem Participants. 2019. Flux towers in 
the sky: global ecology from space. New Phytologist 224:570–584. 

Scholl, V. M., M. Cattau, M. B. Joseph, and J. K. Balch. 2020. Integrating National Ecological 
Observatory Network (NEON) Airborne Remote Sensing and In-Situ Data for Optimal Tree 
Species Classification. Remote Sensing 12:1414. 

Seyednasrollah, B., A. M. Young, X. Li, T. Milliman, T. Ault, S. Frolking, M. Friedl, and A. D. 
Richardson. 2020. Sensitivity of Deciduous Forest Phenology to Environmental Drivers: 
Implications for Climate Change Impacts Across North America. Geophysical Research 
Letters 47. 

Styers, D., J. Schafer, S. Scanga, M. Kolozsvary, L. Anderson, K. Brubaker, D. Barnett, and J. 
Mitchell. In revision. Teaching biodiversity and spatial scale concepts using open-access 
nested-plot vegetation datasets from the National Ecological Observatory Network (NEON). 
Ecology and Evolution. 

Sutherland, W. J., R. P. Freckleton, H. C. J. Godfray, S. R. Beissinger, T. Benton, D. D. 
Cameron, Y. Carmel, D. A. Coomes, T. Coulson, M. C. Emmerson, R. S. Hails, G. C. Hays, 
D. J. Hodgson, M. J. Hutchings, D. Johnson, J. P. G. Jones, M. J. Keeling, H. Kokko, W. E. 
Kunin, X. Lambin, O. T. Lewis, Y. Malhi, N. Mieszkowska, E. J. Milner-Gulland, K. Norris, 
A. B. Phillimore, D. W. Purves, J. M. Reid, D. C. Reuman, K. Thompson, J. M. J. Travis, L. 
A. Turnbull, D. A. Wardle, and T. Wiegand. 2013. Identification of 100 fundamental 
ecological questions. Journal of Ecology 101:58–67. 

Swetnam, T. L., C. D. O’Connor, and A. M. Lynch. 2016. Tree Morphologic Plasticity Explains 
Deviation from Metabolic Scaling Theory in Semi-Arid Conifer Forests, Southwestern USA. 
PLOS ONE 11:e0157582. 



 

 239 

Taylor, J. R., E. Ayres, H. Luo, and H. W. Loescher. 2011. The National Ecological Observatory 
Network’s Fundamental Instrument Unit: Challenges to Managing Thousands of 
Environmental Sensors. Page JWE16 Renewable Energy and the Environment. OSA, Austin, 
Texas. 

Thessen, A., Appleby, G, Bartelme, R, Behrisch, M, Cain, EJ, Chang, R, Cooper, L, Debnath, I, 
Heidorn, PB, Jaiswal, P, LeBauer, D, Mosca, A, Munoz-Torres, MC, Ross, A, Shefchek, K, 
and Swetnam, T. 2020. Predicting Phenotype from Multi-Scale Genomic and Environment 
Data using Neural Networks and Knowledge Graphs. Zenodo. 

Thom, D., and R. Seidl. 2016. Natural disturbance impacts on ecosystem services and 
biodiversity in temperate and boreal forests: Disturbance impacts on biodiversity and 
services. Biological Reviews 91:760–781. 

Thompson, D. R., P. G. Brodrick, K. Cawse-Nicholson, K. D. Chadwick, R. O. Green, B. 
Poulter, S. Serbin, P. Townsend, K. Turpie, and A. Shiklomanov. In review. Spectral Fidelity 
of Earth’s Terrestrial and Aquatic Ecosystems. 

Towns, J., T. Cockerill, M. Dahan, I. Foster, K. Gaither, A. Grimshaw, V. Hazlewood, S. 
Lathrop, D. Lifka, G. D. Peterson, R. Roskies, J. R. Scott, and N. Wilkins-Diehr. 2014. 
XSEDE: Accelerating Scientific Discovery. Computing in Science & Engineering 16:62–74. 

Varadharajan, C., S. Cholia, C. Snavely, V. Hendrix, C. Procopiou, D. Swantek, W. Riley, and 
D. Agarwal. 2019. Launching an Accessible Archive of Environmental Data. Eos 100. 

Weibel, S., J. Kunze, C. Lagoze, and M. Wolf. 1998. Dublin Core Metadata for Resource 
Discovery. Page RFC2413. RFC Editor. 

Weinstein, B. G., S. Marconi, S. Bohlman, A. Zare, and E. White. 2019. Individual Tree-Crown 
Detection in RGB Imagery Using Semi-Supervised Deep Learning Neural Networks. Remote 
Sensing 11:1309. 

Weintraub, S. R., L. Stanish, and E. Ayers. 2017. Using NEON Data to Test and Refine 
Conceptual and Numerical Models of Soil Biogeochemical and Microbial Dynamics. Pages 
B44B-04. 

Wieczorek, J., D. Bloom, R. Guralnick, S. Blum, M. Döring, R. Giovanni, T. Robertson, and D. 
Vieglais. 2012. Darwin Core: An Evolving Community-Developed Biodiversity Data 
Standard. PLoS ONE 7:e29715. 

Wieder, W. R., D. Pierson, S. Earl, K. Lajtha, S. Baer, F. Ballantyne, A. A. Berhe, S. Billings, L. 
M. Brigham, S. S. Chacon, and J. Fraterrigo. 2020. SoDaH: the SOils DAta Harmonization 
database, an open-source synthesis of soil data from research networks, version 1.0. Earth 
System Science Data Discussions:1–19. 

Wilkinson, M. D., M. Dumontier, Ij. J. Aalbersberg, G. Appleton, M. Axton, A. Baak, N. 
Blomberg, J.-W. Boiten, L. B. da Silva Santos, P. E. Bourne, J. Bouwman, A. J. Brookes, T. 
Clark, M. Crosas, I. Dillo, O. Dumon, S. Edmunds, C. T. Evelo, R. Finkers, A. Gonzalez-
Beltran, A. J. G. Gray, P. Groth, C. Goble, J. S. Grethe, J. Heringa, P. A. C. ’t Hoen, R. 
Hooft, T. Kuhn, R. Kok, J. Kok, S. J. Lusher, M. E. Martone, A. Mons, A. L. Packer, B. 
Persson, P. Rocca-Serra, M. Roos, R. van Schaik, S.-A. Sansone, E. Schultes, T. Sengstag, T. 
Slater, G. Strawn, M. A. Swertz, M. Thompson, J. van der Lei, E. van Mulligen, J. Velterop, 
A. Waagmeester, P. Wittenburg, K. Wolstencroft, J. Zhao, and B. Mons. 2016. The FAIR 
Guiding Principles for scientific data management and stewardship. Scientific Data 
3:160018. 



 

 240 

Zelnik, Y. R., J.-F. Arnoldi, and M. Loreau. 2018. The Impact of Spatial and Temporal 
Dimensions of Disturbances on Ecosystem Stability. Frontiers in Ecology and Evolution 
6:224. 

Zheng, C., and D. Thain. 2015. Integrating Containers into Workflows: A Case Study Using 
Makeflow, Work Queue, and Docker. Pages 31–38 Proceedings of the 8th International 
Workshop on Virtualization Technologies in Distributed Computing - VTDC ’15. ACM 
Press, Portland, Oregon, USA. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 241 

FIGURES AND TABLES 
 
Table 1. Emergent topics that are possible to address now using NEON (and other) data 
products. 

Category of Questions 

Foundational 
Ecology 

Species from 
Space 

Change 
Detection and 
Forecasting 

Invasive Species Data 
Harmonization 
and Scaling 

What controls 
metabolic rates? 

How can tree 
species or 
individual tree 
crowns be 
identified? 

What’s the 
phenological 
response to 
interannual 
variability in 
climate? 

How does 
plasticity of the 
genome level 
predict plant 
success, across 
native and 
invasive species? 

How can 
different types 
and sources of 
data be 
integrated? 

What drives trait 
variation? 

How do spectral 
signatures 
correspond to 
leaf traits? 

How is 
hydrology of 
streams 
changing? 

 How does 
ecological 
pattern and 
process scale? 

What are the 
patterns in 
biodiversity 
across taxa-- 
from beetles to 
trees? 

 What would it 
take to forecast 
ecological 
processes? 

  

What controls 
decomposition 
or transpiration 
rates? 
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Fig. 1: Word cloud created from article titles from 180 NEON-related publications from 2017-
2020. 
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Fig. 2: NEON AOP captures impact of disturbances at high spatial resolution. a) Chimney Tops 
2 fire boundary (2016) at Great Smoky Mountain, Twin Creek (GRSM) NEON site. b) Canopy 
height difference calculated using NEON lidar canopy height models from the years 2016 (pre-
fire) and 2018 (post-fire). c) Biomass (2017) estimated from correlation with NDVI and LAI 
parameters derived from NEON AOP data.  
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Fig. 3: Responses to the question asked of 2019 NEON Science Summit participants about who 
was not at the Summit that should have been (i.e., who or what groups were not well 
represented). 
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Fig. 4: Ideas from 2019 NEON Science Summit participants about how to recruit and retain 
underrepresented groups. 
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