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Purpose and Audience

Soil microbes play important roles in soil health processes,
such as nutrient cycling, organic matter decomposition,
and aggregate stability. Soil testing labs now include
microbial analyses, which often come with unfamiliar
terms. This publication aims to educate producers,
Extension agents, policymakers, and the public on how to
interpret these soil microbial results to better understand
their implications for soil health and crop production.

Introduction

Soil provides support for plant growth, and it is a living
resource that harbors 100 million to 1 billion
microorganisms in 1 gram of soil. Soil microorganisms are
living entities, most of which can be seen using a
microscope. They include archaea, bacteria, fungi, algae,
protozoa, and viruses. Soil microbes are important for
maintaining soil health, enhancing plant growth, and
supporting sustainable agriculture. They contribute to
nutrient cycling, soil organic matter decomposition, and
biocontrol of plant pathogens. Some microbes, such as
rhizobia (nitrogen-fixing bacteria) and mycorrhizal fungi,
also establish beneficial relationships with plants.

In the past, scientists could only study soil microbes by
growing them in the lab. With new technologies and
methods, scientists can now study many, but not all, types
of soil microorganisms, whether they can be grown in the
lab or not. They use techniques such as phospholipid fatty
acid (PLFA), polymerase chain reaction (PCR), and Next
Generation Sequencing (NGS) that look at structural
constituents like the fatty acid of membranes and the
genetic materials (deoxyribonucleic acid [DNA] and
ribonucleic acid [RNA]) of these microbes to understand
their identity, distributions, and functions over time and
space (Moore-Kucera and Dick 2008; Fierer et al. 2005;

Interpreting Soil Microbial Data Metrics for Soil Health

Walters et al. 2015; Liao et al. 2019). Using these
techniques (PLFA, PCR, and NGS) helps us understand
what and where these microbes are, what they do in
different environments, and how they interact with one
another. Furthermore, we can determine how agricultural
practices affect soil microbes.

Many emerging soil health companies and researchers
leverage these techniques to identify and quantify soil
microbes, which serve as soil health indicators. Microbial
data are often included in the soil health reports provided
by these companies (Figures 1A & B). The reports include
information about general microbial groups such as
bacteria and fungi, specific taxa such as Actinobacteria and
Ascomycota, and their diversity. Interpreting these
microbial data is essential for scientists and stakeholders.
This publication intends to help the non-scientific
communities understand what these data signify and
recognize the common limitations of currently employed
analysis tools.

Metrics Used in Soil Microbial
Studies

There are different metrics used in scientific research to
interpret soil microbial data generated using the PLFA,
PCR, and NGS techniques, including microbial diversity,
community composition, and species interactions using
network analysis (Cassol et al. 2025; Lozupone and Knight
2008; Lozupone et al. 2007; Guseva et al. 2022; Kers and
Saccenti 2022; Erhunmwunse, Mackowiak, et al. 2023). To
address the knowledge gap in soil microbial investigations,
it is important for the public to learn about these metrics,
know how to interpret them, and recognize their limits.
This publication focuses on metrics that are commonly
used in scientific papers and commercial soil testing
reports to interpret soil microbiological data.



(A)

Soil Biology Report Client
Name: Soil Biology Lab Name: John Doe
Address: 111 John Doe Street Address: 411 John Doe Street
Email: johndoe@gmail.com Email: johndoe@gmail.com
Phone: XXX-XXX-XXXX Date Observed: 06-25-2024
Sample Name: PMC
Sample type: Poultry manure compost
Plants present: N/A
Plant succession: N/A

Beneficial Recommended | Sample remark

microorganisms | range (1g/g) results (ug/g)

Fungi 68 —225 120 The fungal biomass is within the
recommended range for your plant's stage
in succession.

Few target organisms were present, and
variability was very high. Precision is
very low.

Bacteria 135 -450 850 The bacterial biomass is significantly
greater than the maximum recommended
level.

Please contact your Soil Biology
Consultant.

Distribution of organisms was somewhat
uneven, resulting in an acceptable degree
of variation.

Actinobacteria | 10—16 4.00 Low: The actinobacterial biomass is
below the expected range. This is not a
problem.

Target organisms were present in the
sample, but extremely patchy in
distribution. Precision is poor

F:B ratio 0.4:1-0.6:1 0.2 The F:B ratio is low. Increase fungal
biomass or reduce bacterial biomass and
check predators to assess balance. Please
contact your Soil Biology Consultant.

B)
John Doe Lab 111 John Doe Street, Quincy, FL, XXXX
Microbiome Analysis Report
CROP: Soybean VARIETY: N/A SOIL: N/A DATE 06-25-2024

Total bacteria: 1 e+9 units/gr
Total fungi: 1e+7 units/gr
Arbuscular-Ectomycorrhiza Ratio: Only Ectomycorrhiza

Fungi-Bacteria Ratio: 1:50

Summary Distribution
Bacterial Phylum distribution
Soilquality  Bjodi y F i i ili
Soil Quality . ’ 34% Actinobacteria
High Low Very Low igh 27% Fimicutes
25% Proteobacteria
Hormone Stress
Health Bi i “ i Fungal phylum distribution
Health
40% Ascomycota
Low Very Low Very Low Very High
8% Basidiomycota
6% Mortierellomycota
2 @ - @
Medium Low Very Low High

Figure 1. Hypothetical soil biology reports for (A) compost and (B) soil using microbial techniques (Moore-
Kucera and Dick 2008; Fierer et al. 2005; Walters et al. 2015; Liao et al. 2019) based on the actual reports
received by growers from soil health and biological laboratories.

Credit: H.-L. Liao and A. S. Erhunmwunse, UF/IFAS
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Microbial Diversity

Soil microbial diversity is mainly assessed by alpha and
beta diversity. Diverse soil microbes enhance ecological
processes that promote soil health, while low microbial
diversity reduces soils' ability to provide key ecosystem
functions (Wertz et al. 2006; Le Roux et al. 2011).

Alpha Diversity

Alpha diversity is the diversity within a particular
ecosystem or soil sample. It is mainly measured by
microbial richness and evenness. Richness represents the
number of different microbial species present in soil, while
evenness defines their distribution and relative abundance
(Figure 2A-D) (Cassol et al. 2025; Lozupone and Knight
2008; Kers and Saccenti 2022). For example, Scenarios A
and B both consist of six microbes across three different
microbial species, so they have the same richness level.
However, Scenario A is dominated by one common
microbial species, while Scenario B has an even spread of
the three microbial species. Therefore, Scenario B has
greater microbial evenness than Scenario A (Figure 2). To
demonstrate further, both Scenarios B and D show an even
distribution among all microbial species, but Scenario D
with eight microbial species is richer than Scenario B with
three microbial species. Some indices that measure
microbial richness include operating taxonomic units
(OTU), Chao1l, and abundance-based coverage estimator
(ACE) (Cassol et al. 2025; Lozupone and Knight 2008; Kers
and Saccenti 2022). Other indices that assess evenness
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include Simpson’s evenness and Pielou’s evenness, while
certain approaches consider both richness and evenness,
such as the Shannon index (Cassol et al. 2025; Lozupone

and Knight 2008; Kers and Saccenti 2022).

In this section, we used our own studies as an example to
explain alpha diversity. This study was conducted at the
UF/IFAS North Florida Research and Education Center in
Quincy, Florida (Figure 3). We were interested in soil
microbial response after rhizoma perennial peanut
(Arachis glabrata Benth.) was integrated into a bahiagrass
(Paspalum notatum Flugge) system long-term (eight
years). We applied the NGS approach targeting bacterial
16S rRNA for soils collected from 0-15 cm depth to
identify the alpha diversity of soil bacteria. As shown in
Figure 3, we found that bahiagrass soil with rhizoma
perennial peanut had greater bacterial alpha diversity
(measured by Shannon index and OTU richness) by 36%
compared to bahiagrass without rhizoma perennial
peanut. This result showed that the presence of rhizoma
perennial peanut increased the richness and evenness of
bacterial species in the bahiagrass system (Erhunmwunse,
Guerra, et al. 2023). Unlike soil and plant nutrient
interpretation for agronomic crops, soil microbial testing is
still in its early stages and lacks standardized benchmarks
or threshold values to determine whether microbial
diversity is low or high. Interpreting microbial diversity
data can be relative, context-dependent, and not
necessarily applicable across diverse agricultural settings.
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Figure 2. Description of different scenarios of alpha diversity measures (richness and evenness) (Cassol et al.
2025; Lozupone and Knight 2008; Kers and Saccenti 2022). Each symbol represents a different microbial

species.
Credit: A. S. Erhunmwunse, UF/IFAS
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Figure 3. Bacterial alpha diversity measured by (A) Shannon index and (B) OTU richness in ‘Argentine’
bahiagrass (Arg) and ‘Ecoturf’ rhizoma perennial peanut (Eco) monocultures compared to their mixture
‘Argentine’ bahiagrass + ‘Ecoturf’ rhizoma perennial peanut (Arg-Eco).

Credit: Data adapted from Erhunmwunse, Guerra, et al. (2023)

Beta Diversity

Beta diversity, unlike alpha diversity, is often based on the
number of shared microbial taxa between different
samples or locations within a given agricultural
community or ecosystem. It gives a fair estimate of how
similar or different communities are in terms of microbes
present. It can be used to assess the influence of a new
management practice or disturbance on the microbial
community composition of any system. There are different
ways to measure beta diversity, and the metric used by
scientists depends on their research questions. Bray-Curtis
dissimilarity looks at how many different types of
microbes are present in each group and how similar or
different they are in terms of numbers (Lozupone et al.
2007; Kers and Saccenti 2022). Jaccard similarity looks at
whether certain types of microbes are present or not in
each group, regardless of how many there are (Lozupone
etal. 2007; Kers and Saccenti 2022). UniFrac distance
considers how closely related the microbes are to each
other evolutionarily, like looking at their family tree
(Lozupone et al. 2007; Kers and Saccenti 2022).

Beta diversity is often visualized using ordination plots,
such as in principal coordinate analysis (PCoA), derived
from a beta diversity metric (Figure 4). Ordination plots
are maps that help scientists understand how soil
microbial communities change under different
management practices or environmental conditions. In an
ordination plot, each point represents a sample, such as
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soil from different fields. Samples that are closer together
on the plot have more similar microbial communities,
while samples that are farther apart have more different
communities. For example, using NGS targeting bacterial
16S rRNA and fungal ITS of our soil samples (0-30 cm)
collected from a field trial, we investigated the impact of
long-term conversion from a conventional peanut-cotton-
cotton rotation to a sod-based bahiagrass-bahiagrass-
peanut-cotton rotation on soil microbial communities at
different developmental stages (pre-planting, flowering,
and maturity) of annual peanut. We found that the sod-
based rotation significantly altered soil microbial
community composition compared to the conventional
rotation across these stages (Figure 4) (Zhang et al. 2022).

Neither alpha nor beta diversity provide information on
changes in the abundance of any microbial species, but
they do allow us to examine the compositional differences
of soil microbes. In the examples given (Figures 3 and 4),
the shift in soil microbial diversity and community
composition in response to management practices
provides insight into how management practices influence
the soil microbial community. However, it remains unclear
which specific microbial taxa or functional groups have
replaced the original ones under the new agricultural
management practice. Integration of this information with
the identification of community composition or shifted
taxa (see the Community Composition section) is
necessary to identify microbes that play an important role
in enhancing soil health.
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Figure 4. PCoA plots that depict the beta diversity of soil bacterial (A) and fungal (B) communities at the pre-
planting, flowering, and maturity stages of annual peanut under conventional rotation (CR) and sod-based

rotation (SBR) (Zhang et al. 2022).
Credit: Data adapted from Zhang et al. (2022)

Community Composition

Like any living organism, microbes can be grouped into
classification systems such as kingdom, phylum, class,
order, family, genus, and species. This classification can
help us identify different microbial taxa; understand their
genetic, metabolic, and ecological traits; and determine
their potential functions within the given ecosystem.
Recognizing well-studied microbial groups in the soil, such
as arbuscular mycorrhizal fungi, biological nitrogen-fixing
bacteria, and plant growth-promoting microbes (e.g.,
Mortierella elongata), can assess the potential capacity of
soil to support crop nutrient uptake and soil carbon,
nitrogen, and phosphorus processes through the activities
of these dominant microbial groups (Table 1)
(Erhunmwunse, Mackowiak, et al. 2023; Erhunmwunse,
Guerra, et al. 2023; Erhunmwunse, Queiroz, et al. 2023).

Furthermore, newer microbial taxa are now recognized as
performing ecological functions previously thought to be
carried out by specific microbes. For example, only
bacteria were thought to be responsible for nitrification,
but uncultured archaea have also been found to be
involved in this process. Information on microbial
community composition provides a clearer picture of the
microbial community's organization and how it may be
influenced by environmental factors.

Some commercial soil microbial labs now include
microbial taxa at specific levels (e.g., Actinobacteria,
Firmicutes, and Proteobacteria) (Figure 4B) in their
reports, depending on the objectives and application of the
report. Others focus on broad microbial groups like fungi
(Figure 4A), which decompose organic materials and
enhance soil structure, and bacteria, the largest soil
microbial group.
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We conducted different studies across north, central, and
southwest Florida to determine the benefits of integrating
rhizoma perennial peanut into bahiagrass pastures on soil
microbial communities and their potential impacts on soil
health and plant growth. We applied the DNA-based NGS
approach on the soils collected from 0-15 cm depth to
identify the relative abundance of bacterial and fungal taxa
at different levels such as phylum, order, class, and genus.
In our study, we found bacterial genera (Bacillus,
Bradyrhizobium, and Streptomyces) and fungal genera
(Trichoderma, Glomus, and Mortierella; Table 1) to be
dominant microbes in our bahiagrass-rhizoma perennial
peanut systems (Erhunmwunse, Queiroz, et al. 2023).
Among those genera, Bradyrhizobium is known for
converting atmospheric nitrogen into forms that plants can
use. Furthermore, Glomus is a well-known arbuscular
mycorrhizal fungus that mobilizes phosphorus and
nitrogen for plant uptake. We also observed that the
relative abundance of some of the dominant microbial
genera was higher in the bahiagrass-rhizoma perennial
peanut mix compared to the monoculture of bahiagrass.
Together, this information suggests that integrating
legumes into grass pastures may improve soil health and
plant growth by enhancing potential beneficial soil
microbes.

However, the DNA-based NGS approach captures active
and inactive microbial communities, making it difficult to
determine which functions are actively occurring in
agricultural systems since functions are predicted from
identified microbial taxa rather than expressed genes. This
method also provides only relative abundances, not
absolute abundances, so caution must be taken when
interpreting these results. An increase in relative
abundance does not necessarily mean an increase in
microbial growth, unless absolute abundance is quantified



alongside the sequencing data (Harrison et al. 2021).
Furthermore, the use of metagenomics (the study of the
genetic material of all microbial communities in a sample)
and metatranscriptomics (an RNA-based method for
assessing gene expression levels in a microbial community,
which is beyond the scope of this publication) can identify
the composition of microbial communities, expressed
genes, and active microbial functions (Terrén-Camero et al.
2022). Overall, identifying the relative abundance of
microbial taxa remains important for understanding soil
community diversity, structure, and recurring patterns
under different environmental conditions, which help in
making inferences about ecological functions.

Network Analysis

Microbial network analysis is gaining attention in several
soil microbiology publications (Guseva et al. 2022).
Commercial soil testing reports do not currently include
these types of indicators, but this analysis could become
more standardized in the future. Microbial network
analysis is like mapping a social network for microbes. Just
as people interact with each other, microbes interact with
other microbes by sharing or competing for space and
resources. Network analysis is used to study these
interactions within similar (bacteria-to-bacteria) and
across different (bacteria-to-fungi) microbial kingdoms. To
visualize microbial networks, we collect data about which
microbes are present in a sample and how they interact
with each other. Then, we create a map or network
showing these interactions. Nodes represent each microbe
species, and lines (edges) show how they are connected to
one another (Figure 5). By studying these networks, we
can learn a lot about how microbes influence each other
and their environment. For example, we might find that
certain microbes are important because they are
connected to many others, like popular influencers in a
social network. From these networks, we can discover
microbes that work together to build soil health and help
plants grow or deprive others of their resources. These
microbe-to-microbe interactions, whether positive or
negative, play a major role in how communities of soil
microbes together carry out their functions.

However, network analysis has important limitations
because it depends on the quality of data used. All
challenges associated with DNA-based NGS still apply
when these data are used to build microbial networks,
including the inability to distinguish between active and
inactive microbes. In addition, rare microbial taxa, which
may play important roles in ecosystem processes, are often
removed during network construction because they can
produce false or misleading associations. Despite these
limitations, studying interactions among soil
microorganisms remains useful for understanding patterns
that influence soil health, nutrient cycling, and plant
production, while soil microbiologists continue to improve
methods to address these limitations.
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Figure 5. The microbial network of a conventional
peanut-cotton-cotton rotation. Each node represents
a microbial taxon at the family level, and node size is
proportional to its relative abundance. The lines
connecting the nodes are called links or edges. The
edge thickness shows the strength of the interaction.
Green edges (the line connecting Plectosphaerel-
laceae to the circle at 6 o’clock) and pink edges (all
other lines) represent negative and positive
interactions, respectively.

Credit: Zhang et al. (2022, Figure 5D)
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Challenges and Limitations of Soil
Microbial Data and
Recommendations

Soil microbes play important roles in soil, but measuring
and interpreting soil microbial data are challenging. Soil
microbial tests are still in their early stages, hence there
are no recognized thresholds for interpreting whether high
or low microbial diversity or the abundance of individual
microbial taxa are beneficial or not. Soil microorganisms
can vary across different locations within a field due to
differences in topography, texture, and organic matter,
making it difficult to collect representative samples that
reflect overall soil health. Furthermore, microbes respond
to crops, soil types, farming practices, weather conditions,
and growth stages, all of which complicate interpretation.
To account for this variability, samples should be collected
consistently from small, well-defined areas of a field
(Zuber and Kladivko 2018).

Some biological labs use PLFA testing to measure soil
microbes, while others use DNA-based markers (Moore-
Kucera and Dick 2008; Fierer et al. 2005; Walters et al.
2015; Zuber and Kladivko 2018). Results can vary between
labs due to differences in methods. It is important that
farmers remain consistent with the same lab and ensure
their methods remain unchanged.



While DNA sequencing has gotten less expensive, it still
requires specialized equipment, experience, and
interpretation, which may not be available to all farmers.
To address these problems, DNA-based approaches should
be integrated with other soil health indicators, as well as
appropriate sample and interpretation guidelines for
agricultural applications.

Take Home Messages

1.

Soil microbes directly regulate soil nutrient processes
and crop nutrient uptake, making them valuable
biological indicators of soil health.

PCR and DNA-based NGS approaches targeting
bacterial 16S rRNA and fungal ITS are commonly used
by scientists and soil testing companies to generate
soil biological indicator reports for assessing soil
health.

The data generated from PLFA, PCR, and DNA-based
NGS can be used to estimate microbial diversity,
identify dominant and new taxa, and quantify their
relative abundances.

Microbial diversity can be used to assess shifts in
microbial communities in response to agricultural
practices and environmental conditions.

We can identify dominant microbial taxa and uncover
uncultured soil microbial taxa that promote plant
growth and critical ecological processes.

Soil microbial tests are still in their early stages.
Therefore, there are no established benchmarks to
determine the optimal or suboptimal levels of
microbial diversity or abundance of individual
microbial taxa.

Interpretation of data from soil testing reports must
be done cautiously, considering the limitations of
these techniques.

Advances in metagenomics and metatranscriptomics,
particularly improvements that make these methods
more cost- and time-effective for high-throughput
applications, should help overcome the limitations of
the 16S rRNA and fungal ITS approaches. These
methods can provide information on the direct
functions of these microbes, such as specific nutrient
cycling processes.

Glossary of Terms

Abundance-Based Coverage Estimator (ACE)
index: A metric that calculates microbial richness by
emphasizing species that occur with low frequency in
a sample.

Bray-Curtis dissimilarity: A metric that compares
the composition of microbial communities by
measuring the differences in both the types and
abundances of microbes between two groups or
samples.
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¢ Chaol index: An estimator of species richness that
accounts for rare or unseen species.

¢ DNA-based markers: Genetic tools used to identify
and quantify soil organisms by analyzing their DNA.

e evenness: A measure of how evenly microbial species
are distributed within a community.

e Jaccard similarity: A measure that evaluates the
presence or absence of specific microbial species
between two groups, without considering their
abundance.

¢ metagenomics: The study of the genetic material of
all microbial communities in a sample.

¢ metatranscriptomics: An RNA-based method for
assessing gene expression levels in a microbial
community.

e microbial biomass: The total mass of
microorganisms (such as bacteria and fungi) present
in the soil.

e operating taxonomic units: A method for grouping
closely related microorganisms based on sequence
similarity.

e phospholipid fatty acid: Structural molecules found
in the membranes of active organisms, used in soil
microbial tests to estimate the size and composition
of microbial biomass.

¢ phylogenetic relationships: The evolutionary
connections among microorganisms, often visualized
as a family tree, used to interpret relatedness.

¢ Pielou’s evenness: An index that assesses the
evenness of microbial species distributions, calculated
as the observed diversity relative to the maximum
possible diversity.

¢ relative abundance: The abundance of microbial
species relative to other species in a sample or
system.

e richness: A metric that measures the total number of
distinct microbial species or groups present in a soil
sample.

¢ Shannon index: A diversity metric that considers
both richness (number of species) and evenness
(distribution of species).

e Simpson’s evenness: A metric derived from
Simpson’s diversity index that quantifies the
uniformity of species abundances in a community.

¢  UniFrac distance: A metric that assesses microbial
community differences based on their evolutionary
relationships, incorporating phylogenetic information
to evaluate how closely related the microbes are.
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Table 1. The dominant bacteria and fungi genera in rhizoma perennial peanut-based bahiagrass pastures and
their roles in promoting plant growth and soil health (Data adapted from Erhunmwunse, Mackowiak, et al.
2023; Erhunmwunse, Guerra, et al. 2023; Erhunmwunse, Queiroz, et al. 2023).

Taxa % Relative Potential functions
abundance
Bacteria | Bacillus 20.0 Biocontrol of plant pathogens, nutrient solubilization, plant growth

stimulation via hormone production, and nitrogen fixation

Rhodoplanes 8.9 Nitrate reduction and plant substrate decomposition

Tumebacillus 33 Plant substrate decomposition

Massilia 3.0 Disease suppression, nutrient solubilization, and mineralization

Bradyrhizobium 23 Nitrogen fixation and plant growth stimulation via hormone
production

Candidatus 23 Antibiotic production and carbon mineralization

Udaeobacter

Streptomyces 2.1 Bioavailability of nutrients, disease suppression, biocontrol, and
plant substrate decomposition

Sphingomonas 1.6 Plant substrate decomposition and plant growth stimulation via
hormone production

Sporosarcina 1.1 Nutrient solubilization, plant growth stimulation, and increase of
plant resistance to abiotic stress via hormone production

Phenylobacterium 1.0 Disease suppression and herbicide degradation

Fungi Fusarium 6.0 Plant substrate decomposition and disease suppression

Mortierella 53 Plant substrate decomposition, N mineralization, bioavailability of
nutrients, resistance to biotic stress like disease, plant growth
promotion

Trichoderma 4.4 Biocontrol of plant pathogens, plant substrate decomposition,
bioavailability of nutrients, and plant growth stimulation via
hormone secretion

Humicola 44 Phosphorus solubilization and mineralization, increase of plant
resistance to environmental stress

Penicillium 3.6 Phosphorus and micronutrient solubilization and mineralization,
biocontrol of plant pathogens, increase of plant stress tolerance to
disease and abiotic stress, plant growth stimulation via hormone
secretion

Epicoccum 2.6 Biocontrol of plant pathogens

Glomus 0.6 Facilitation of plant phosphorus, nitrogen, and water uptake (as

arbuscular mycorrhizal fungi)
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