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e Four common proxies for soil microbial biomass show significant correlations.
e Correlations are appropriate for mineral soils while organic soils require more
study.
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e Correlations are stronger when DNA-based proxies are corrected for clay content.
e Relationships facilitate different microbial data usage in soil carbon cycling
models.

Abstract

Understanding the role of soil microbes is critical to ecosystem processes, and more
thorough comparisons of measurement proxies for soil microbial biomass could broaden
the inclusion of explicit microbial parameterization in soil carbon cycling and earth
system models. We measured physical, chemical, and biological data from eight soil
orders representing 11 major biomes and four climate regions. Four prominent methods
to measure microbial abundance—chloroform fumigation extraction (CFE), total DNA
yield, gene copy number by quantitative polymerase chain reaction (GCN), and
phospholipid fatty acids (PLFA) —were compared to assess their relationships with each
other and with soil characteristics. Correlations were observed when comparing methods,
with CFE correlating strongly with total DNA yield, GCN, and PLFA; CFE with

bacterial GCN and bacterial PLFA; and to a lesser extent, total PLFA and total DNA
yield. Correlations improved with the removal of organic soils (Histosols, Gelisols).
Comparisons involving extracted DNA were improved by correcting for clay content, due
to DNA extraction inefficiencies in clay-rich soils. Correlations involving fungi (PLFA or
GCN) were always less significant. These methods could serve as reliable, inter-relatable
proxies for the estimation of total soil microbial biomass while recognizing that the
proxies are less effective at parsing differences between bacteria and fungi. We provide
specific equations to relate measures of soil microbial biomass by these four different
methods to enable microbial models to utilize a greater diversity of observed data sources
in parameterizations and simulations. Caveats for the equations and their values are also

discussed.

Keywords: Soil microbial biomass; chloroform fumigation extraction; DNA; qPCR;
PLFA,; soil carbon cycle modeling

1 Introduction
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Soils are an important carbon (C) sink, storing over two thirds of the global terrestrial
carbon pool (De Deyn et al., 2008; Jobbagy and Jackson, 2000). More accurate
measurements of the soil microbial communities that drive soil C turnover and
greenhouse gas efflux, and improved representation of these communities in models,
could improve our understanding of controls over the global soil C balance (Jastrow et
al., 2007) and how climate change might alter C storage feedbacks (Dutta and Dutta,
2016). However, accurate estimates to quantify soil microbial biomass remain difficult to
obtain and divergent approaches continue to be applied, despite the increasing
incorporation of more microbial parameters in ecosystem models (Manzoni et al., 2014;
Lawrence et al., 2009; Abramoff et al., 2022). A more accurate understanding of the
relationships between various methods for estimating soil microbial biomass could
improve the parameterization of microbially-explicit models across soil types and
ecosystems, and thus provide a better understanding and more accurate projection of
global climate change scenarios.

The high diversity in microbial communities, along with the difficulty in directly
observing their numbers and growth, results in challenges in developing accurate
methods to quantify soil microbial abundance (Fierer et al., 2007; Strickland and Rousk,
2010; Capek et al., 2023). Additionally, the composition of soil microbial communities is
important to consider, especially when trying to assess biogeochemical cycling and other
ecosystem-scale dynamics. For example, the two major microbial groups in soils —
bacteria and fungi — utilize contrasting mineralization pathways, where fungi dominate
slower decomposition of more complex substrates and bacteria are generally more
diverse in their metabolic strategies and life habits (Joergensen and Wichern, 2008; De
Graaff et al., 2010). Thus, the relative abundances of bacteria and fungi can strongly
affect carbon cycling rates and trajectories across soils (Waring, 2013; Manzoni et al.,
2012). Recent microbial models have separated bacteria and fungi to better represent the
diversity of soil carbon decomposition processes (He et al.; 2020, 2021).

Since microbes typically have similar amounts of C per cell or per unit biomass,
the C in the microbial biomass is a useful proxy for total soil microbial biomass.
Microbial biomass C is a parameter often used to quantify belowground microbes and

their contributions to soil organic matter stabilization via secondary metabolites and
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necromass residues (Khan et al., 2016). There are currently no methods for directly
quantifying soil microbial biomass C, but indirect microbial biomass C measures have
traditionally been obtained through chloroform fumigation-extraction (CFE) (Jenkinson
and Powlson, 1976; Vance et al., 1987). CFE has been utilized frequently over the last 50
years, resulting in extensive evaluation of its assumptions, strengths, and weaknesses
(Badalucco et al., 1992; Badalucco, et al., 1997; Jenkinson et al., 2004). Some key
shortcomings of this procedure are its lack of taxonomic differentiation between bacterial
and fungal biomass, as well as its varying accuracy and conversion factor efficacy across
soil types, with underestimation of microbial biomass C often observed in soils of low
porosity and overestimation of microbial biomass C in soils with high concentrations of
organic matter (Fierer et al., 2009). Additionally, CFE is both labor- and time-intensive,
utilizes toxic reagents, and requires large amounts of fresh, homogenized soil.

Phospholipid fatty acid (PLFA) analyses are another proxy for soil microbial
biomass estimation. PLFAs are effective biomarkers for living organisms due to their
short residence time in soil following cell death and hydrolysis (Zhang et al., 2019b), and
are thus established as a prominent soil microbial biomass proxy (Bailey et al., 2002;
Fierer et al., 2003; Leckie et al., 2004; Schmidt et al. 2015). PLFAs also offer a degree of
taxonomic resolution useful in assessing microbial community composition, though this
is limited to broad distinctions, for example bacterial vs. fungal lipids or gram negative
vs. gram positive bacteria. Overlap in microbial and plant PLFAs in certain ecosystems
can also reduce accuracy in estimating soil microbial biomass (Koskimies and Simola,
1980), while common PLFAs between bacteria and fungi reduce taxonomic resolution
(Lekberg et al., 2022; Olsson et al., 2022). Additionally, archaea are not accounted for in
PLFA analysis since their cell membranes do not contain ester lipids. Lastly, similar to
CFE, PLFA analysis is a resource-intensive procedure requiring significant time and
labor investment, specialized equipment and knowledge, and large volumes of toxic
reagents and homogenized soil.

Other proxies for soil microbial biomass estimation include both extractable DNA
yield (Marstorp et al., 2000, Leckie et al., 2004) and quantitative polymerase chain
reaction (QPCR) of rRNA genes and other universal marker genes (Fierer et al., 2005).

Both techniques can be used to rapidly evaluate soil microbial communities across
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various ecosystems, and each have higher potential scaling throughput, reduced soil mass
requirements, and reduced toxic reagent use compared to CFE and PLFA (Fierer et al.,
2005, Dunbar et al., 2012). Contrastingly, while the reduced amounts of soil required for
analyses of DNA based methods can be considered a throughput advantage, it may also
mean that DNA sample sizes may be more susceptible to biases due to heterogeneities
within any given sample. While gPCR can be used to determine the relative abundance of
various groups in soil microbial communities (e.g. fungal to bacterial ratios) and overall
abundance using the qPCR gene copy number (GCN), the relationships between gene
abundance and soil microbial biomass have not been robustly established across studies
and ecosystems (Strickland and Rousk, 2010; Fierer et al., 2021). Both DNA yield and
gPCR methods can also be affected by variability in the DNA content per cell and GCN
of rRNA genes per cell, and across phylogenetic groups and between groups, such as
fungi relative to bacteria (Harris and Paul, 1994; Leckie et al., 2004; Lofgren et al.,
2019). Due to differences in rRNA gene copy number between bacteria/archaea (usually
<10 per genome) and fungi (often >100 per genome and highly variable), these methods
may be especially problematic in comparison across soils that display large differences in
degree of dominance between bacteria and fungi (Leckie et al., 2004). Both DNA vyield
and GCN can also be affected by choice of DNA extraction method (Harrison et al.,
2021, Dunbar et al., 2012), and variability between labs has been observed (Dunbar et al.,
2012). Additionally, both GCN and DNA yield methods may be vulnerable to
overestimation due to so-called “relic DNA”, i.e., DNA in dead organisms or bound to
clays (Carini et al., 2019). Despite the limitations of DNA yield and GCN, these methods
are valuable proxies for soil microbial biomass and are widely used for microbial
community ecology. Additionally, like PLFA, GCN methods use conserved markers to
identify bacterial, archaeal and fungal composition within a single method (Kluber et al.,
2020). Therefore, either alone or in combination with CFE, GCN could allow the
partitioning of fungal, bacterial, and archaeal contributions to soil microbial biomass,
thereby improving understanding of their roles in ecosystem processes and carbon cycle
modeling.

Earth system and process models represent the decomposition of litter into soil

organic C (SOC) pools, with decay rates modified by temperature, clay content, and soil
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moisture. However, lack of agreement between observed and modeled SOC implies that
the models remain insufficiently sophisticated to represent the complexity of the
decomposition process (Todd-Brown et al., 2012). In particular, models often neglect the
role of soil microbes with the use of implicit rather than explicit microbial biomass,
activity, or function. A new generation of models has emerged that explicitly uses
nonlinear equations to represent microbial processes, resulting in improved agreement
between predicted and observed SOC (Schimel and Weintraub, 2003; Lawrence et al.,
2009; Wang et al., 2013). While disagreement remains about how pools and fluxes
should be conceptualized (Sulman et al., 2018), data on soil microbial biomass is needed
to parameterize explicit microbial models. Models may use a single pool of soil microbial
biomass (Wieder et al. 2014; Tang and Riley 2013; Wang et al., 2019), partition soil
microbial biomass into rhizosphere and bulk soil (Sulman et al., 2014), or separate soil
microbial biomass into fungal and bacterial biomass (He et al., 2020). Consequently,
accurate measures of total soil microbial biomass, as well as separate measures of fungal
biomass and bacterial biomass, are needed to effectively calibrate and test these kinds of
models. Given this, a quantitative understanding of the relationships and correlations
between these different observational methods described above are particularly needed,
since observations available in the literature typically only use a single method.
Additionally, modeling may require data assembled from a range of studies that use a
diversity of soil microbial biomass proxies, and modeling outcomes should be improved
with the ability to incorporate more than one type of soil microbial biomass data.

The primary objective of this study was to broadly examine the relationships
between four proxies for soil microbial biomass: CFE, PLFA, total DNA yield, and GCN
across a diverse selection of soil types representing eight soil orders, four climate regions,
and 11 distinct biomes. While others have compared methods for estimating soil
microbial biomass, these studies were focused on a single soil type (Leckie et al., 2004;
Buckeridge et al., 2013; Gong et al., 2021), organism type (Landeweert et al., 2003;
Baldrain et al., 2013; Zhang et al., 2017), or occurred prior to the widespread use of
gPCR (Bailey et al., 2002). Here we use a suite of soils from various biomes, soil orders,
and horizons to establish quantitative relationships between these measures of microbial

abundance, to better enable their cross-substitution as proxies for soil microbial biomass
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and facilitate broader and more explicit inclusion of microbial parameters and processes
into ecosystem and carbon cycling models. Towards this goal we provide explicit

empirical equations that can be used to relate the proxies to each other.

2 Materials and methods
2.1 Soil collection and characterization
Fresh soils were collected from a variety of climate regions and soil orders (Table 1),
including Aridisol (tropical), Oxisol (tropical), Ultisol (tropical and temperate), Inceptisol
(temperate), Mollisol (temperate), Alfisol (temperate and Boreal), Histosol (southern
Boreal) and Gelisol (sub-Arctic and Arctic). For most collection locations, a surface and
a subsurface horizon were sampled, e.g., A and B horizons from mineral soils, although
in some cases only an A horizon was collected. Most samples were collected by request
to local investigators, who provided ca. 1 kg total of each horizon that was composited
from 3 locations in close proximity and shipped chilled. Because the samples were
composited in the field, there are no estimates of uncertainty for the values presented
herein. For the Marcell Experimental Forest S-1 bog Histosol, samples were collected
from peat near the surface and at depth, representing the acrotelm and catotelm layers,
respectively. For permafrost soils, only the surface active layers were included. In total,
18 surface and 15 subsurface soil samples were used for this comparison. Soil samples
were stored at -20 °C for fewer than five days before being sieved (2 mm) and
subsampled (n = 3) for analyses of extractable organic carbon (EOC), soil microbial
biomass, dry weight, and extraction of DNA. The Marcell Experimental Forest peat
subsamples for gPCR and PLFA subsamples were stored at -80 °C prior to analysis. The
full datasets described here are published (Buell et al. 20244, b, c; Roth et al. 2024). DNA
and CFE extraction methods are both independent of microbial growth stages.
Gravimetric moisture content (GMC) was calculated for each soil by oven-drying

5 g of field moist soil and then using the equation:
mf — My

(4] =
dw mg

where my is the mass of fresh field moist soil and mq is the mass of the dried soil. This

was used to correct all of the physical, chemical and microbial biomass measures below

to a dry weight basis (g dry soil). Total bulk soil C (TC) and nitrogen (TN) were
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determined by a Leco Combustion Analyzer (Leco Corp., St. Joseph, MI) (Table 2). Total
organic C (TOC) concentrations were determined by the same method after treating
samples with 3M HCI for 1 hr (Nelson and Sommers, 1996). Particle size analysis for soil
texture was evaluated with the Bouyoucos hydrometer method (Gee and Or, 2002). Soil
pH was determined by shaking 1 part soil in 2 parts Milli-Q water and measuring the pH
of the supernatant (Thomas, 1996).

Subsamples (n = 3) of 7 g fresh soil were used to measure EOC for each soil type.
The soil was combined with 0.035 L of 0.5M K2SQO4, and the samples were shaken on an
orbital reciprocating shaker for 1 hour. Afterward, the soil suspensions were gravity
filtered with Whatman No. 42 filter paper, and the extracts were immediately stored at -
20° C until analysis using a Shimadzu Total Organic Carbon Analyzer (Shimadzu Corp.,
Kyoto, Japan) to obtain values for EOC (Table 2). Analytical standards are used to derive
an approximate detection limit of 0.01 mg C I,
2.2 Microbial community characterization
2.2a Chloroform fumigation-extraction
Subsamples (n = 3) of 7 g fresh soil were thawed from -20 °C and fumigated with
chloroform in a vacuum desiccator for a total of 48 h at 25° C to lyse the microbial cells.
The fumigated soil was then combined with 0.035 L of 0.5M K2S0Os, and treated
identically to the EOC extractions in Section 2.1. On a subset of soils we measured CFE-
based microbial biomass on fresh, never frozen soil samples and obtained similar values
that were within the standard error of the samples frozen at -20 °C prior to fumigation.

Estimates for CFE biomass were then calculated using the equation

K
CFE = E—z
where K is the difference between extractable carbon before and after fumigation
corrected for dry weight, and E. is the extraction efficiency coefficient (Fierer et al.,
2009). Although extraction efficiency will vary by individual soil, an E. of 0.45 was
applied here, as this is a standard value typically applied for C from mineral soils (Fierer
et al., 2009; Vance at al., 1987).
2.3b Phospholipid fatty acids
Lipid analysis was performed according to an adaptation of the Bligh and Dyer

(1959) method, as outlined in Gray et al. (2011). Extractions were performed on freeze-
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dried 2-g subsamples using a 1:2:0.8 ratio of chloroform, methanol, and phosphate buffer
(pH 7.4). Water and chloroform were then added after three hours to produce a phase
separation isolating total lipids in the chloroform layer. Phospholipids were separated
using silicic acid column chromatography, then saponified and methylated using an
alkaline solution to produce fatty acid methyl esters (FAMES). Dried phospholipids were
then reconstituted using a known concentration of FAME 19:0 as an internal standard to
quantify PLFA concentrations. Samples from the Marcell Experimental Forest bog peat
were processed using a modified Bligh and Dyer (1959) method for peat extractions
(Felice et al. 2024). In contrast to the previously described method (Gray et al., 2011), a
1:1:0.9 ratio of chloroform, methanol, and citrate buffer (pH 4.0) was used to isolate total
lipids and samples were not saponified prior to methylation. For the SPRUCE samples,
Regen Ag used an Agilent 7890B GC equipped with split-splitless inlet and FID.
Nomenclature of fatty acids adheres to Frostegard et al. (1993). Specific PLFAs
were used to quantify relative abundance of bacterial and fungal biomass. Calculations of
total PLFAs comprise fatty acids with less than 20 carbons (Zelles, 1999). Bacterial
biomass calculations included the sum of fatty acids 14:0, i15:0, a15:0, 15:0, i16:0, 16:0,
16:1w7, 10mel6:0, i17:0, a17:0, cy17:0, 18:1w7, 18:0, 10me18:0, cy19:0a (Frostegard
and Baath, 1996; Zelles, 1999), while fungal biomass is represented by the sum of
18:2w6 (Zelles, 1999) and 18:1w9 (Zak et al., 1996). There are variations in the literature
about which fatty acids are selected to quantify specific microbial groups.
Fungi, for example, have been represented by singular lipids (Landeweert et al. 2003;
Fierer et al., 2003) or through various summations of multiple lipids (Bai et al., 2017;
Clark et al., 2009; Gutknecht et al., 2012, Rakkar et al., 2023). All of these fatty acids are
reliable indicators of total microbial biomass (Zelles, 1999) and bacterial and fungal
biomass (Klamer and Baath 2004; Rinklebe and Langer 2004) but an individual cell is
composed of multiple types of fatty acids within an indicator group (i.e. Stahl and Klug
1996). Summing these multiple fatty acids is acceptable practice in order to have as
complete a biomass representation as possible (i.e. Felice et al. 2024).
2.3c Microbial DNA yield and gPCR gene copy humber
Subsamples (n = 3) of each soil type sample were stored at -80° C, and microbial DNA
was extracted from 0.25 g of soil using the PowerSoil DNA lIsolation Kit (MOBIO
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Laboratories, Inc., CA, USA) or the E.Z.N.A. Soil DNA Kit (Omega Biotek, Norcross,
GA, USA) for the SPRUCE Histosol samples. The extracted DNA was initially measured
for purity using a NanoDrop Spectrophotometer (NanoDrop Technologies, Inc.), and the
Quant-It PicoGreen dsDNA Assay Kit (Invitrogen) assay was used for quantitative DNA
yield and corrected for dry weight.

To quantify GCN on a dry weight basis for bacteria, fungi, and archaea using
gPCR, the same general approach outlined by Fierer et al. (2005) was used with some
modifications (Kluber et al., 2020). Analyses for each soil were conducted in analytical
triplicate and set up in optically clear 96-well plates. Each gPCR reaction consisted of 19
pl of MasterMix—>5 pl H20, 2 pl of forward primer, 2 pl of reverse primer, and 10 pl of
SYBR Green SuperMix (Bio-Rad Laboratories, Inc.)—combined with 1 pl of extracted
microbial DNA or a 1:10 dilution. DNA extractions of pure culture standards of
Escherichia coli, Saccharomyces cerevisiae and Methanococcus maripaludis of known
DNA concentration were diluted to 1:10, 1:100, 1:1,000, and 1:10,000 and were used to
generate a standard linear curve relating the log of the GCN to the measured threshold
value (C;) for eubacteria, fungi, and archaea, respectively (Table 3). These standard
curves were then used to convert sample threshold values measured for each group on a
CFX96 Real-Time System (Bio-Rad Laboratories, Inc., CA, USA) into GCN g* dry soil.
Correlation coefficients and reaction efficiencies were calculated across the standard
curves generated in each sample run. When correlations were < 0.95, or reaction
efficiencies < 80% for bacteria or archaea reactions, or < 70% for fungi reactions, the
sample run was repeated. Total GCN was then calculated as the sum of bacterial, fungal,
and archaeal GCN. The approximate detection limit was determined using standard
curves and resulting in values of 200 rRNA gene copies.

2.4 Statistical analysis

Linear single and multiple regression models were used to determine the relationships
between the four soil microbial biomass estimation methods, and to explore relationships
between each method and other soil characteristics. Analyses were performed using
RStudio 2022.02.1.461 (RStudio Team, 2020) running R software version 4.0.3 (R Core
Team, 2024) with the following packages: tidyverse (Wickham et al., 2019), broom
(Robinson et al., 2020), readx!l (Wickham & Bryan, 2019), and ggplot2 (Wickham et al.,

10
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2016). Outliers were determined for each microbial measurement type using an
Interquartile Range (IQR) method, determining values falling below Q1-1.5 IQR or
above Q3+1.5 IQR. Other than a single mineral surface sample (Big Ridge, TN
Inceptisol), all outliers identified were organic soils. Instead of treating the majority of
organic soils as outliers for one or more comparisons, regression analyses were
conducted for three data subsets: all soils (mineral and organic); mineral soils only; and
mineral soils with a clay correction factor (Yankston and Steck, 2009) applied to GCN
and DNA vyields (Table 4). Coefficient error estimates were not calculated, since n = 1 for

all sampling locations and depths because the samples were composited in the field.

3. Results
3.1. Relationships between soil physical, chemical, and their microbiological properties
Physical and chemical properties were examined for each soil sample to provide
context and possible explanatory information for differences in soil microbial biomass
proxy measurements. Soil physicochemical properties varied significantly across
different soil types (Table 2). TOC and TC were strongly positively correlated with each
other, so correlations with TOC are not shown. The least variable property across soils
was pH, which displayed no correlations with other measured soil properties. As
expected, most measurements of microbial biomass decreased with depth across nearly
all soil types (Buell et al., 2024a). CFE, total DNA yield, GCN, and PLFA each displayed
a correlation with bulk soil TC and TN (Fig. S1). With the exception of PLFA, the
relationships increased in significance with the removal of organic soils (data not shown);
PLFA retained similar correlations. Tthe samples were composited during field sampling,
and therefore the values and the relationships shown here lack estimates of uncertainty.
3.2 Relationships between microbial analyses
3.2a. CFE, GCN, and DNA yield
A positive relationship was found between CFE and total GCN (Fig. 1a) and between
CFE and total DNA yield (Fig. 1d). These relationships explained more variance when
organic soils (Gelisols & Histosols) were excluded (Fig. 1b, €). Table 4 provides the
correlation statistics and the equations for the positive correlations observed; complete

information about all correlations analyzed is provided in Table S1.
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CFE was correlated with bacterial GCN (Fig. S2a). CFE showed a weakly
correlated positive relationship with fungal GCN (Fig. S2d). There was no relationship
between CFE and archaeal GCN (R?= 0.03). Fungal and archaeal GCN displayed little to
no correlation with CFE, though fungal correlations improved with both the removal of
organic soils and after correcting for clay content (Fig. S2). With the exception of the
correlation between CFE and archaeal GCN, all of these relationships explained more
variance when organic soils were removed (Table 4).

CFE and total GCN regression residual values for mineral soils correlated
positively with the clay content of soils, suggesting DNA extraction bias of clays may
account for some observed variation in the model. When the experimental values for
GCN are weighted to account for DNA extraction bias from the clay component of each
soil, where extraction efficiency from clay is estimated at 7.3% (‘Yankston and Steck,
2009), relationships strengthen between CFE and total GCN. Relationships also
strengthened slightly for CFE and total DNA vyield after clay correction.
3.2b. CFE and PLFA
A relationship was found for CFE with both total PLFAs (Fig. 2b), but only after the
removal of organic soils. Bacterial and fungal PLFAs were also correlated with CFE with
all soil types included, and both relationships strengthened slightly with the removal of
organic soils, but neither were substantially different compared to total PLFAsS.
3.3c. PLFA, GCN, and DNA yield
A correlation was observed between total PLFAs and total GCN (Fig. 3a), and between
total PLFAs and total DNA yield (Fig. 3d). These relationships strengthened after
removing organic soils (Fig. 3b, e), and after correcting for the clay component of each
mineral soil (Fig. 3c, f; Table 4). There were also relationships between bacterial PLFAs
and bacterial GCN when comparing all soil types (Fig. S3a). The relationship was not
improved by removing the organic soils (Fig. S3b) but was improved by correcting for

clay content (Fig. S3c).

4 Discussion

4.1. Compatibility of methods as microbial biomass proxies

12
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Our analysis demonstrated correlations between all four methods for overall soil
microbial biomass carbon estimation, although the strengths of these correlations and
slopes of the relationships between them vary. Our findings suggest that total and
bacterial biomass calculated with PLFA indicators can serve as reliable alternatives for
CFE in mineral soils. CFE is the method most frequently used in microbial soil carbon
cycling models, so our findings serve to expand the potential data sources that can be
used in models and we provide quantitative equations to translate amongst the different
methods (Table 4). Similarly strong relationships have been observed between CFE- and
PLFA-based biomass C in mineral soils (Bailey et al., 2002) and forest humus (Leckie et
al., 2004), and our correlations remained significant with the inclusion of the Fairbanks,
AK Gelisol samples. However, given the remaining organic soils were treated as outliers
for CFE or PLFAs, these soils may not be appropriate for the proposed modeling
equations. No studies have compared CFE and PLFA for Histosols nor Gelisols, and our
soil sample size is too limited (n = 5) to reliably assess the relationships between these
soil microbial biomass methods within highly organic contexts alone. This constrains our
proposed equations for earth system models to mineral soils in more temperate and
tropical regions and warrants more thorough examination of these methodological
relationships in organic soils, given the outsized role of these ecosystems in soil C
storage and their projected increases in C emissions with climate change through
accelerated microbially-mediated decomposition (Nichols and Peteet, 2019; Frolking et
al., 2011).

Fungal and archaeal GCN displayed little to no correlation with CFE methods,
though fungal correlations improved with both the removal of organic soils and after
correcting for clay content. The high variability in fungal GCN compared to bacterial
GCN, along with the lack of correlation between fungal GCN and CFE may reflect
increased variability in DNA per unit biomass of fungi relative to bacteria (Leckie et al.,
2004). GCN may not fully illustrate the true soil abundance of various microbial groups
for several additional reasons. First, GCN measurements are subject to additional DNA
extraction biases, where bacterial and fungal groups have differing extraction efficiencies
(Strickland and Rousk 2010; Fierer et al., 2005). For example, Feinstein at al. (2009)
found that extraction of fungal DNA, particularly in highly organic soils, may be
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inhibited due to greater protection of fungal cells that grow within small organic particles.
Second, many microbes may contain multiple and variable GCN of the amplified target
gene per genome, resulting in overestimation of abundance (Strickland and Rousk 2010,
Lofgren et al. 2019). Lastly, the DNA content of fungi per unit biomass is both lower and
more variable than that of bacteria, making DNA content a potentially less reliable
measure of fungal biomass (Harris and Paul, 1994; Leckie et al., 2004).

The weakest correlations between the proxies for soil microbial biomass were
observed for GCN and PLFA, and between total DNA yield and PLFA, though these
relationships strengthened with the removal of organic soils and application of a clay
correction factor (Fig. 3). Previous studies have demonstrated a lack of correlation
between DNA vyield and total PLFA biomass (Leckie et al., 2004). In part, this may be
because of variability in the DNA content per cell and in GCN of rRNA genes per cell
(Harris and Paul, 1994; Leckie et al., 2004; Lofgren et al., 2019). DNA extraction
methods can also affect results for GCN and total DNA yield (Harrison et al., 2021,
Dunbar et al., 2012). Finally, “relic DNA”, i.e., DNA adsorbed from microbial
necromass, can artificially increase both GCN and total DNA yield results (Carini et al.
2019). PLFA, in contrast, may be affected by overlap in PLFA markers between plants
and microbes, and underestimation due to a lack of representation of archaea, which do
not contain the ester-linked fatty acids PLFA procedures are designed to extract
(Gattinger et al., 2003; Willers et al., 2015). Finally, there are varying ratios of fungal-
specific PLFAs to total PLFAs as compared to bacterial-specific PLFAs to total PLFAs.
The utility of using GCN and total DNA yields in combination with PLFA methods to
improve soil biomass estimates had been demonstrated (Widmer et al., 2001), but the
authors focused these studies within limited soils, so did not conduct direct correlative
analyses between these methods across diverse soil types, as done here.

4.2. Soil factors affecting soil microbial biomass measurements

Our results show that clay content was a significant soil factor to consider when
comparing soil microbial biomass proxy methods. The relationship between extracted
DNA vyield; total, bacterial, and fungal GCN; and both CFE and PLFA improved where
the nucleic acid-derived data were corrected for influence of clay content on extraction

efficiency (Yankston and Steck, 2009). Evidence that nucleic acid extraction was
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inhibited in high clay soils was observed elsewhere in this study. For example, the
subsurface Ultisols and Alfisols displayed some of the highest clay percentages while
also consistently displaying low DNA yields. Ultisols are typically rich in metal oxides
with a clay-rich subsurface horizon, while subsurface Alfisols generally accumulate
silicate clay and are often enriched in Al- and Fe-bearing minerals. Such soils pose
particular challenges for consistent nucleic acid extraction because nucleic acids adsorb
to reactive soil minerals, which results in lower extraction efficiencies in high clay
content soils in particular (Frostegard et al., 1999; Feinstein at al., 2009). Similarly,
extraction of nucleic acids from soils with iron-rich clay components is inhibited as iron
and other multivalent cations sorbed to clay surfaces bind readily with nucleic acids (Hurt
et al., 2014). Conversely, the possible overestimation of microbial biomass with CFE in
clay-rich soils can occur due to the adsorption of excess chloroform and release of
dissolved organic C during the incubation (Alessi et al., 2011). Here, the positive
correlation of CFE-gPCR residuals with clay content points to the predominance of
decreased DNA extraction efficiency due to adsorption of DNA onto clays. In the future,
modifying procedures to account for soil characteristics (e.g. clay content) could improve
our understanding of potential extraction biases that affect these relationships. For
example, recent studies have shown increased DNA yield (Hurt et al., 2014; Guerra et al.,
2020) and microbial diversity (Hurt et al., 2014) in clay and/or iron-rich soils following
treatment with a phosphate buffer to encourage nucleic acid desorption.

This study demonstrated that soils with high organic matter may present a
problem in correlating microbial methods across soil types. Generally, nucleic acid
methods have been underexplored and are inconsistent predictors of soil microbial
biomass, especially in highly organic soils. For example, Marstorp et al. (2000) found a
strong correlation (r = 0.96) between CFE and total DNA vyield in a loamy mineral soil,
whereas Leckie et al. (2004) found no correlation between total DNA yield and CFE in
forest humus characterized by high organic matter, low pH, and variable fungal to
bacterial ratios. Additionally, it can be difficult to extract nucleic acids, PLFAs, or other
molecules from soils containing high levels of organic matter or humic substances

entrapping these biomolecules (Frostegard et al., 1999; Yankston and Steck, 2009).
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Total soil C and N were both significantly correlated with all four microbial
biomass estimates (Fig. S1). It is unlikely that these relationships represent true causality;
rather, they indicate co-varying relationships in ecosystems that respond broadly to
edaphic conditions (Bradford et al. 2014). Both C and N additions can alter microbial
carbon use efficiency, microbial community composition, and thereby affect elemental
stoichiometry (Feng et al., 2022; Hu et al., 2022). Conversely, microbial growth and
nitrogen use efficiency can influence soil N mineralization and retention (Zhang et al.,
2019a). The relationship between CFE-derived microbial biomass C and N and other
microbial methods such as GCN have not been thoroughly explored, though significant
relationships have recently been observed between microbial DNA yield and CFE in arid
and semi-arid environments (Gong et al., 2021) and in five distinct soil types across
Japan (Yokoyama et al., 2017). However, such correlations may be too simplified, as
there are too many factors that affect stoichiometry in soils and in microbes (Bradford et
al. 2016). Given the relatively high concentration of N in microbes, especially in bacteria
and archaea, microbial biomass N measured through CFE should be included in future
comprehensive soil microbial biomass comparison studies to improve the measurement
of soil microbes and the parameterization of their contributions to ecosystem models,
particularly given most models now include both C and N cycles.

One primary objective of this study was to compare different estimates of soil
microbial biomass across a variety of soil biomes, orders, and horizons to develop
equations for correlations between these different methods and enable improved
representation of microbial communities in ecosystem models. Specifically, we
developed equations relating the different measures of soil microbial biomass (Table 4)
so that the latest generation of soil carbon cycling and earth system models will have
more options for parameterizing microbial biomass and testing outcomes against a wider
variety of microbial observations (e.g., He et al., 2020; Wang et al., 2019). Consequently,
future modeling efforts would be able to convert among different measures of microbial
biomass carbon, and thereby use a broader spectrum of available microbial data,
potentially improving both the development and application of microbial soil carbon
cycling models. However, we acknowledge that the widescale applicability of our

proposed coefficients is constrained by limited sample sizes reducing adequate
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representation of uncertainty, especially at the site level (n = 1). We recommend future
studies increase site-level sample numbers to both improve representation of sampling
locations (many with inherently heterogeneous soils) and uncertainty representation
overall. Additionally, the relationships shown here are quite coarse—samples of
opportunity were assembled together from around the world, with identification only at
the biome and soil order levels. The quantitative relationships are best considered as
useful (but not definitive) for model parameterization, particularly for large-scale models.
Different relationships would likely emerge within a soil order or a biome, for example,
as well as for finer scales (Le Noé et al. 2023). Finally, additional data is still needed to
better understand if soil microbial biomass proxies can be correlated for organic soils,
and the exact mechanisms affecting DNA extractions from clay-rich soils. There are
limitations with DNA-based extraction methods and with PLFA for quantifying fungal
biomass, due to inefficiencies in both extraction and quantification, that could potentially

be improved by further study.

Data availability
The data described in this manuscript are available in Buell et al. (2024a,b,c) and Roth et
al. (2024).
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Tables

Table 1. Sampling site characteristics

Location Abbreviation Soil Type Climate MAT (°C) MAP (cm) Latitude-Longitude
Lavras, Brazil BU (A/B) Ultisol Tropical 194 153.0 21°12'S 44°60'W
Lavras, Brazil BO (A/B) Oxisol Tropical 194 153.0 21°12'S 44°60'W
Kakamega, Kenya KA Aridisol Tropical 20.5 192.1 0°14'N 34°52'E
BACE?, MA, USA BA (A/B) Inceptisol Temperate 10.8 111.3 42°15'N 71°08'W
PHACE?, WY, USA WY (A/B) Mollisol Temperate 7.9 414 41°11'N, 104°54'W
MOFLUX?, MO, USA MO (A/B) Mollisol Temperate 13.3 117.6 38°45'N 92°11'W
Milan, TN, USA ML (A/B) Alfisol Temperate 14.9 136.9 35°55'N 88°44'W
Marcell Forest, MN, USA MF (A/B) Alfisol Boreal 35 74.4 47°36'N 93°41'W
SPRUCE* site, MN, USA M (S/SS) Histosol Boreal 3.3 76.8 47°30'N 93°29'W
Loma Ridge, CA, USA CA Alfisol Temperate 18.5 36.3 33°44'N 117°43'W
Melton Branch, TN, USA MB (A/B) Inceptisol Temperate 14.9 129.3 35°54'N 84°18'W
Walker Branch, TN, USA WB (A/B) Ultisol Temperate 14.9 129.3 35°57'N 84°16'W
Fermi, IL, USA FM (A/B) Mollisol Temperate 10.1 95.8 41°50'N 88°13'W
Critical Zone, PA, USA CZI (A/B) Inceptisol Temperate 10.1 100.6 40°40' N 77°54'W
Critical Zone, PA, USA CZU (A/B) Ultisol Temperate 10.1 100.6 40°40' N 77°54'W
Fairbanks, AK, USA FAK Gelisol Boreal -1.8 31.2 64°50'N 147°39'W
Barrow, AK, USA BAK Gelisol Arctic -11.2 11.4 71°17'N 156°47'W
Big Ridge TN, USA BR (A/B) Inceptisol Temperate 13.3 137.4 36°15'N 83°56W

'Boston Area Climate Experiment
?Prairie Heating and Carbon Dioxide Enrichment Experiment
3Missouri Ozark Forest AmeriFlux Site

4Spruce and Peatland Responses Under Changing Environments experiment, located in the Marcell Experimental Forest S-1 bog

SFermi National Accelerator Laboratory
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939  Table 2. Selected physicochemical characteristics of composited soil samples at each site, by depth horizon
940

Grav. Total N
Moisture (LgNg! TotalC(ugCyg TOCY (gCg  EOCS (ugCg? Clay content
Location Horizon Content pH dry soil) Ldry soil) C:N Ldry soil) dry soil) (%)
Lavras, Brazil (U) A 0.30 5.4 1,798 25409 14.1 18,261 43.3 21.2
0.29 5.0 218 6,210 28.5 4,269 39.2 28.7
Lavras, Brazil (A) A 0.20 4.4 3,590 54,486 15.2 46,454 31.2 30.1
B 0.25 4.7 887 24,221 27.3 20,445 40.3 27.6
Kakamega, Kenya A 0.03 - 410 7,734 18.9 6,088 16.9 135
BACE!?, Waltham, .
MA. USA A 0.39 55 5,967 59,290 9.9 47,493 22.3 7.3
B 0.38 6.0 3,574 41,510 11.7 31,229 21.7 2.2
PHACE site?, WY,
USA A 0.04 6.8 2,259 22,726 10.1 14,500 14.5 7.2
B 0.08 6.8 1,306 13,121 10.0 7,966 10.3 11.1
MOFLUX site?, MO,
USA A 0.24 6.8 1,996 26,326 13.2 21,784 12.3 14.8
B 0.20 5.0 671 8,626 12.9 6,785 16.4 224
Experimental farm?,
Milan, TN, USA A 0.05 6.4 1,185 10,817 9.1 10,148 8.4 174
B 0.14 5.8 373 5,035 135 3,849 6.7 275
Marcel Forest, MN,
USA A 0.27 56 1,617 28,307 175 24,099 25.6 7.3
B 0.11 53 BDL* 3,371 BDL* 2,979 114 13.4
Loma Ridge, CA,
USA A 0.03 6.4 1,018 12,596 124 9,197 9.1 8.5
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Melton Branch, TN,
USA

Walker Branch, TN,
USA

Fermilab®, Batavia, IL,
USA

Critical Zone, PA, USA
M

Critical Zone, PA, USA
(C)]

Fairbanks, AK, USA

Barrow, AK, USA
Big Ridge, TN, USA

SPRUCE? site, MN,
USA

> ® > ©® > © > W >

B

Surface

Sub-
surface

Surface
A
B

Surface

Sub-
surface

0.30
0.23
0.18
0.09
0.32
0.07
0.19
0.16
0.18

0.15
0.27

0.41

0.70
0.35
0.22

8.49

6.84

5.5
53

4.7
4.7

7.0
7.5

4.7
4.6

4.0
4.4
4.8

4.9
4.6
4.1
4.1

3.7

3.9

2,406
477
1,043
295
4,061
502
1,255
788
875

549
2,791

2,791

9,167
3,373
822

1,220

1,964

29,326
7,941
28,289
9,391
7,441
19,209
16,419
13,780
16,557

6,225
59,736

59,736

150,940
66,599
11,367

49,1133

53,650

12.2
16.6

27.1
31.8

9.5
38.3

131
175

18.9
11.3
20.1

20.1
16.5
19.7
13.8
41.6

29.0

25,611
6,329
21,393
7,273
35,041
8,004
14,101
10,360
11,665

4,514
43,534

31,723

125,640
57,121
8,575

49,921

51,849

12.6
8.9
31.0
175
9.3
4.4
38.3
28
27.4

20.5
47.9

47.9

43.7
32.2
18.4

2298.7

1,987.6

14.5
13.6
8.5
13.3
26.0
32.2
10.5
10.6
131

10.6
8.5

9.8

11.0
16.0
23.6

n/a

n/a

'Boston Area Climate Experiment
Prairie Heating and Carbon Dioxide Enrichment Experiment

3Missouri Ozark Forest AmeriFlux Site
4University of Tennessee Experimental Agricultural Farm
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SFermi National Accelerator Laboratory

Spruce and Peatland Response Under Climatic and Environmental Change experiment, located in the Marcell Experimental Forest S-1 bog
"Data source: https://doi.org/10.25581/spruce.102/1878603

{ Total organic carbon

§ Extractable organic carbon

* Below detection limit
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Table 3. Standard DNA source information, primers, and specifications used for the gPCR protocols

Eubacteria Fungi Archaea

Standard Echerichia coli Saccharomyces cerevisiae Methanococcus maripaludis S2
Genome Size 4640000 12500000 1661137
rRNA Copy Number 7 150 3

) Eub338'2 nuSSU1196F3 915F*
Forward Primer

ACT CCT ACG GGA GGC AGC AG GGAAACTCACCAGGTCCAGA AGGAATTGGCGGGGGAGCA

. Eub518 nuSSU1536R 1059R

Reverse Primer
ATT ACC GCG GCT GCT GG ATTGCAATGCYCTATCCCCA GCCATGCACCWCCTCT

Denaturation 95°C,30s 95°C,30s 95°C,30s
Annealing 53°C, 30s 56 °C, 30s 61 °C, 30s
Elongation 72 °C, 1 min 72 °C, 1 min 72°C,30s
1. Lane, 1991.
2. Muyzer etal., 1993.
3. Borneman and Hartin, 2000.
4. Yuetal., 2005.
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Table 4. Summary of correlative relationships between soil microbial biomass measurements
CFE = chloroform fumigation extraction biomass; DNA yield = total quantity of DNA extracted, GCN = gene copy number using quantitative

polymerase chain reaction; PLFA = biomass determined through phospholipid fatty acid extractions. Correlations were performed for all samples, for
mineral soils only (i.e., Histosols and Gelisols are removed), or for mineral soils corrected for clay content.

All samples Mineral Soils Mineral Soil with Clay Equation: Mineral Soils & Clay
Only Correction Correction
CFE & R?=0.58 RZ=0.74 RZ=0.81
DNA yield p-value =7.8e- p-value =6.6e-09 p-value = 1.2e-10 CFE = 0.02(DNA vyield) + 45.44
07 n=27 n=27
n =30
CFE & R%=0.55 R?=0.66 R%Z=0.85
GCN p-value =1.1e- p-value =2.6e-07 p-value =5.7e-12 CFE =1.99e-07(GCN) + 32.02
06 n=27 n=27
n=232
CFE & bacterial GCN R?=0.55 R%=0.68 R%=0.86
p-value = 2.4e- p-value =1.2e-07 p-value =4.7e-12 CFE = 4.84¢e-07(GCNpact) + 97.35
06 n=27 n=27
n =30
CFE & fungal GCN RZ2=0.14 RZ=0.19 R%Z=0.26
p-value =0.04  p-value =0.02 p-value = 0.005 CFE = 1.85e-07(GCNsyng) + 52.74
n=232 n=27 n=27
CFE & PLFA R?=0.06 R2=0.75
p-value=0.16  p-value = 1.9e-09 CFE =8.3(PLFA) + 75.9
n=232 n=27
CFE & bacterial PLFA R2=0.76 R?=10.76
p-value = 3.2e-  p-value = 1.7e-09 CFE = 16.1(PLFAp.) + 88.7
10 n=27
n =230
PLFA & R2=0.39 R2=0.42 R2=0.55
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DNA yield

PLFA & GCN

Bacterial PLFA & bacterial
GCN

p-value = 3.2e-
04
n=29

R?2=0.13
p-value = 0.05
n=32

R2=0.42
p-value = 8.1e-
05

n=31

p-value = 2.9¢e-04
n=27

R%=0.40
p-value= 4.5e-04
n=27

R%=0.38
p-value = 6.1e-04
n=27

p-value = 8.7e-07
n=27

RZ=0.63
p-value= 9.1e-07
n=27

R2=0.63
p-value = 6.7e-07
n=27

PLFA = 1.6e-03(DNA yield) + 8.95

PLFA = 1.8¢-8(GCN) + 6.6

PLFApact = 9.0e-09(GCNpect) + 3.64
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Figure Captions

Figure 1. Relationship between chloroform fumigation extraction (CFE) and total gene
copy number (GCN) (a-c) and total DNA vyield (d-f), where (a, d) show the observed
relationship with organic soils included, (b, ) show mineral soils only, and (c, f) show
the relationships after total GCN and DNA yield have been transformed based on clay
content and an assumed clay extraction efficiency of 7.3% (Yankston and Steck, 2010).
Histosols are only displayed in panel (a), as DNA yield data was not collected for these

samples.

Figure 2. Relationship between soil microbial biomass proxies as measured by

chloroform fumigation extraction (CFE) and total phospholipid fatty acids (PLFA). Panel

(a) displays all soil samples, whereas panel (b) displays mineral soils only.

Figure 3. Relationship between total phospholipid fatty acids (PFLA) and total gene
copy numbers (GCN) (a-c) and total DNA yield (d-f) where (a, d) shows the observed
relationship with organic soils included, (b, €) show mineral soils only, and (c, f) show
the relationships after total GCN and DNA yield have been transformed based on clay
content and an assumed clay extraction efficiency of 7.3% ('Yankston and Steck, 2010).
Histosols are only displayed in panel (a), as DNA yield data was not collected for these

samples.
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Figure 1. Relationship between chloroform fumigation extraction (CFE) and total gene copy number (GCN) (a-c) and total DNA
yield (d-f), where (a, d) show the observed relationship with organic soils included, (b, €) show mineral soils only, and (c, f) show the
relationships after total GCN and DNA yield have been transformed based on clay content and an assumed clay extraction efficiency
of 7.3% (Yankston and Steck, 2010). Histosols are only displayed in panel (a), as DNA yield data was not collected for these samples.
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Figure 2. Relationship between soil microbial biomass proxies as measured by chloroform fumigation extraction (CFE) and total

phospholipid fatty acids (PLFA). Panel (a) displays all soil samples, whereas panel (b) displays mineral soils only.
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Figure 3. Relationship between total phospholipid fatty acids (PFLA) and total gene copy numbers (GCN) (a-c) and total DNA yield
(d-f) where (a, d) shows the observed relationship with organic soils included, (b, €) show mineral soils only, and (c, f) show the
relationships after total GCN and DNA yield have been transformed based on clay content and an assumed clay extraction efficiency
of 7.3% (Yankston and Steck, 2010). Histosols are only displayed in panel (a), as DNA yield data was not collected for these samples.
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