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Abstract
Human activities have driven environmental changes such as soil warming,
nitrogen enrichment, and non-native plant invasions, and all three of these global change
drivers have been shown to alter soil fungal communities. Soil fungi play important roles
in decomposition, carbon sequestration, and nutrient cycling processes so it is important
to understand how fungal communities are impacted by different global change drivers.
To further understand the impacts of soil warming, nitrogen enrichment, and non-native
plant invasions on soil fungi, I sought to analyze seven previously published studies
together to look for generalizable patterns in how fungal communities respond to these
global change drivers. I analyzed sequence data from seven studies and measured species
richness, community composition, effect sizes of indicator species, and the distribution of
trophic modes across treatments. I found significant variation of species richness in one
study, significant variation of community composition in two studies, five key indicator
species (none were common across all treatments), and no significant variation in trophic
mode distribution. These results suggest that fungal responses to disturbance are highly
dependent on the type of disturbance and site conditions.
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1. Introduction
Human activities such as burning fossil fuels (e.g., coal, oil, etc.), agriculture, and
deforestation have deleterious effects on the climate. These activities release gasses such
as carbon dioxide (CO2), methane (CH4), and nitrous oxide (N2O) that trap heat within
the atmosphere. Before industrialization (pre-1750), the atmospheric concentration of the
greenhouse gas CO2 was approximately 277 parts per million (ppm), whereas in 2019 the
atmospheric concentration of CO2 was measured at 409 ppm and is steadily increasing
(Doney and Schimel, 2015; Friedlingstein et al., 2020). This increasing concentration
exacerbates the greenhouse effect, which is of interest as it has deleterious effects on
climate, ecosystems, and biogeochemical cycles. Such climate change is increasing the
average temperature of the Earth’s surface and it is predicted to increase anywhere
between 1.3-4.6 °C by 2100 (Arias er al., 2021). This warming drives other harmful
impacts on Earth such as sea-level rise, precipitation alterations, increased storm
frequency and severity, and soil moisture changes. Such impacts make climate change a
concern for human well-being as well as ecosystem health (Doney and Schimel, 2015).
In addition to the greenhouse effect, another element of interest in global climate
change is atmospheric nitrogen (N) deposition. Nitrogen gas is plentiful in the
atmosphere, but nitrogen gas is not accessible to most organisms until it undergoes
chemical reactions (Bebber, 2021). Biologically accessible nitrogen can enter oceans and
terrestrial ecosystems through biological nitrogen fixation and lightning-mediated
reactions (Fowler et al., 2013; Bebber, 2021). These naturally occurring processes
transform N into ammonium (NH4) which is accessible to organisms, and this is
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extremely important considering nitrogen is critical in producing proteins within cells
(Freedman, 2021).
While nitrogen compounds are critical in ecosystems, human activities (i.e., fossil
fuel use, biomass burning, etc.) release excessive nitrogen oxide (NO) compounds into the
atmosphere. Ammonia (NH3) is also emitted into the atmosphere from agricultural
processes. NH3 and NO react with other molecules in the atmosphere, creating various
NHx and NOx compounds. This excess of N compounds in the atmosphere is deposited
onto terrestrial habitats (Dentener et al., 2006). This can occur through wet deposition
where N compounds are carried through precipitation or dry deposition where N
compounds diffuse through the air and settle on the ground (Goulding et al., 1998). Such
N deposition has increased by a factor of 3 between 1850 and 2005 and is predicted to
increase by approximately 15% by 2050, but this prediction could reach up to 50% in
certain regions (Kanakidou et al., 2016, Galloway et al., 2008). Nitrogen deposition is of
great concern as it has been demonstrated that increased N deposition rates are linked to
alterations of species richness in plants, soil community composition of fungi, and
chemical alterations such as soil acidification (Gallego-Zamorano et al., 2022; Janssens et
al., 2010).
Another aspect of anthropogenic influence to consider in ecosystems is the
invasion of non-native plants. There has been significant dispersal of non-native plant
species across ecosystems. Such invasions have the potential to cause major ecosystem
disruptions by altering species richness, soil processes, mutualisms, nutrient cycles, etc.
(Pyšek & Richardson, 2010). The disruptions of mutualisms are a research topic of
interest when considering below-ground species interactions. Invasive plants can
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outcompete native plant species through mechanisms such as chemical interference
(allelopathy) which can be harmful to mutualistic plant relationships. Mycorrhizal fungi
are impacted by such plant invasions as many native plant species form associations with
arbuscular mycorrhizal fungi (AMF). Alliaria petiolata (garlic mustard), is an invasive
species of interest in North America as it is a non-mycorrhizal plant commonly found in
disturbed areas. In addition to this, A. petiolata is an allelopathic species and can
therefore have a greater impact on native plant species by inhibiting mycorrhizal fungal
associations (Stinson et al., 2004). With these combined factors, A. petiolata has been
shown to alter soil communities (Stinson et al., 2004; Anthony et al., 2017; Anthony et
al., 2019).
The influence of these processes is of great importance in terms of understanding
carbon (C) budgets and soil communities. The global carbon budget evaluates the
“sources” and “sinks” of CO2 in the global system and describes where human-driven
carbon emissions are coming from, going to, and in what quantities. “Sources” of carbon
are human-driven emissions such as fossil fuel combustion and deforestation, whereas
“sinks”, such as oceans and soils, absorb excess carbon dioxide (Friedlingstein et al.,
2020). Between 1850 and 2020, soils absorbed approximately 215 gigatons of carbon.
Climate alterations such as warming, nutrient fertilization driven by fossil fuel
combustion, and precipitation changes may alter terrestrial carbon storage capabilities
(Doney and Schimel, 2015; Friedlingstein et al., 2020). The top meter of soil contains
approximately 1,500 gigatons of organic carbon, making soil organic carbon (SOC) a
very important element in understanding how anthropogenic alterations impact terrestrial
C sinks (Stockman et al., 2013).
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Soil microbiota, such as fungi, are important in soil C processes, and global
change drivers have been shown to alter these microbial communities (Frey, 2019;
Rustad et al., 2001; Morrison et al., 2019; Janssens et al., 2010; Anthony et al., 2017).
Fungi in the soil interact with soil organic matter (SOM) which is made from materials
derived from organic sources (e.g., plant material, animal wastes, microbial necromass)
that are stored in the mineral layer of the soil and is approximately 58% SOC (Bianchi et
al., 2008; Frey, 2019). Understanding SOM and the microbial players involved is
important to consider when thinking about climate change as soils can release 60-75
gigatons of C every year due to microbial decomposition. Alterations to soil processes
due to global change drivers could potentially alter this movement of soil C and in turn
alter soil C source-sink dynamics (Frey, 2019; Gougoulias et al., 2014; Prescott and
Vesterdal, 2021). Fungi are important players in this system as they are capable of
decomposing plants and other organic matter found in SOM. Fungal decomposition
releases CO2, but the decay process can also trap C in more stable soil aggregates
(Krishna and Mohan, 2017; Wilson et al., 2009). Mycorrhizal fungi are very important in
the formation of such soil aggregates due to their mutualistic relationship with plants,
which makes them an important contact point for soil C (Frey, 2019; Willson et al.,
2009).
The versatility of fungi in the ecosystem is another reason they are of great
interest when considering the impacts of global change drivers. Fungi have varying
trophic modes, meaning that they obtain their nutrients in a variety of ways.
Symbiotrophic species, such as the aforementioned mycorrhizal fungi, form mutualistic
relationships with plants to obtain their nutrients. Saprotrophic species obtain nutrients
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through the decomposition of organic matter. Others obtain nutrients through parasitic
interactions, and they are known as pathotrophic fungi (Nguyen et al., 2016). Mycorrhizal
symbiotrophs are important not only due to their role in soil C processes, but also many
plants rely on mycorrhizal fungi for nutrients. Saprotrophic fungi decompose organic
matter, and this plays a critical role in nutrient cycling. Pathotrophic fungi can infect both
plants and animals, making them important players when considering human health or
agriculture (Bahram and Netherway, 2022). Overall, fungi play critical roles in our
ecosystem making the understanding of pressing environmental issues that can impact
fungal communities such as warming, nitrogen enrichment, and plant invasion very
important.
In order to obtain a broader understanding of the impacts of soil warming,
nitrogen enrichment, and invasive garlic mustard on fungal communities, an analysis of
seven previously published studies was conducted. I aimed to look across the data from
each of the seven studies to analyze the data for general trends in community changes and
look for key indicator species. I explored the hypothesis that if soil warming, garlic
mustard, and nitrogen enrichment have similar effects on fungal communities, then these
changes will be observed in species composition and the distribution of trophic modes.
To explore this hypothesis, I aimed to:
1. Analyze species richness (alpha diversity) and community composition (beta
diversity) across the varying treatments.
2. Explore trophic mode (i.e., saprotroph, symbiotroph, pathotroph) abundance
within the fungal communities.
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3. Identify possible indicator species present across all treatment types and calculate
the change in abundance between treatment and controls for any identified
indicator species. Changes in indicator species’ presence can be used to forecast
impacts of future ecosystem changes on communities and understanding any
possible future community changes is of great interest in this study (Niemi and
McDonald, 2004).
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2. Methods
2.1 Data Synthesis
This study was an analysis of seven fungal datasets (Table 1) collected from
several long-term global change experiments located at the Harvard Forest Long-Term
Ecological Research (LTER) site in Petersham, MA (+42.467, -72.167). The datasets
consisted of fungal sequence data collected from soils exposed to excess nitrogen, soil
warming, the invasive plant species garlic mustard, and control plots. Warming studies
utilized buried cables that warmed the soil 5℃ above the ambient soil temperature
(Morrison et al., 2019; Pec et al., 2021). Nitrogen enrichment studies had three treatment
levels: no nitrogen addition, an additional 50 kg N ha-1yr-1 (N50), or an additional 150 kg
N ha-1yr-1 (N150) (see Morrison et al., 2016 for further details), but for the purpose of this
analysis N50 and N150 treatments were clustered into one nitrogen enrichment treatment.
Garlic mustard studies utilized soil samples from plots with and without existing garlic
mustard plants (see Anthony et al., 2017 for further details).
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Table 1: Summary of datasets utilized for this synthesis.
Treatment

Study Location†

Study
Number

Associated
Publication(s)

Warming

Barre Woods Soil Warming
Experiment

Warm #2

Morrison et al., 2019

Prospect Hill Soil Warming Study and
Soil Warming and Nitrogen Addition
(SWaN) Study at Harvard Forest Longterm Ecological Research (LTER)

Warm #3

Pec et al., 2021

Harvard Forest +42.530534,
-72.190561

Invasion #2
Invasion #3

Anthony et al., 2017
Anthony et al., 2019

Garlic
Mustard
Nitrogen
Enrichment
Mixed
Treatments

†

Chronic Nitrogen Amendment Study

Nitrogen #3 Morrison et al., 2016
Nitrogen #2 Morrison et al., 2018

Soil Warming and Nitrogen Addition
Study (SWaN) Long-term Ecological
Research (LTER)

Warm #1
Invasion #1
Nitrogen #1

Anthony et al., 2020

All study sites located in Petersham, MA, USA (+42.467, -72.167).

The fungal sequences from these studies were available in the form of previously
quality filtered ITS2 sequences that were obtained through 454 (Morrison et al., 2016;
Morrison et al., 2018; Morrison et al., 2019) and Illumina (Anthony et al., 2017; Anthony
et al., 2019; Anthony et al., 2020; Pec et al., 2021) sequencing methods. These data were
collected and analyzed together to develop a uniform, collated dataset. The sequence
datasets were dereplicated and clustered at a 97% similarity level using VSEARCH
(Rognes et al., 2016). An operational taxonomic unit (OTU) table was created using the
clustered sequences. Singleton OTUs were removed as this is the recommended
procedure for limiting sequencing error (Tedersoo et al., 2010). Additionally, samples
with a sequence depth <1000 were removed from the dataset to limit any sequencing
errors in the data (Smith and Peay, 2014). The OTUs were then identified to the highest
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possible taxonomic level using the UNITE ITS fungal database and all non-fungal OTUs
were removed (Abarenkov et al., 2016). The OTU table was rarefied by estimating
minimum sample coverage utilizing the R package iNEXT as is described in Hsieh et al.
(2016) (Chao et al., 2014). Traditional rarefication adjusts each sample to an equal size,
but coverage-based rarefication adjusts each sample to an equal sample coverage level
which is based upon the proportion of individuals identified within a sample (Chao and
Jost, 2012). A minimum coverage level of 90.1% was determined and the minimum
number of sequences meeting this coverage level was calculated for each sample and
utilized to set the individual rarefaction limit for the samples. After determining the
rarefaction limit, each sample was individually rarefied utilizing the Vegan package in R
(Oksanen, 2020).
The seven datasets were merged and analyzed together with all studies grouped
into four broad categories (soil warming, nitrogen enrichment, invasion, and control) and
the data were also analyzed separately by each study to eliminate confounding variables
of time and location.

2.2 Community Analysis
All data visualization and analyses were conducted using R version 4.1.0 (R Core
Team, 2021). Alpha diversity (species richness) was calculated and visualized utilizing
the Phyloseq package in R (McMurdie and Holmes, 2013). Through the use of the
estimate_richness function in Phyloseq, the Shannon diversity index was calculated for
each sample plot. The Shannon diversity index was used due to its focus on species
richness (Kim et al., 2017). The iNEXT package estimate of Shannon diversity was also
calculated, but there was no significant variation between the iNEXT and Phyloseq
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calculations. Thus, since Phyloseq was used for additional analysis, it was selected for the
alpha diversity analysis for consistency (Chao et al., 2014; Hsieh et al., 2016).
Beta diversity (community composition) was determined by utilizing the R
package betapart to calculate the Bray-Curtis dissimilarity (Baselga et al., 2021). The
Bray-Curtis measurement compares the abundance of individuals (OTUs) in two sites
separately and then compares the abundance of unique species in both sites (Baselga,
2013). Calculating the Bray-Curtis dissimilarity provided a matrix of plot-to-plot
differences in abundance that was then plotted using multidimensional scaling (MDS).
OTUs were assigned to trophic modes using the FUNGuild database (Nguyen et
al., 2016). Only OTUs identified with “Probable” or “Highly Probable” certainty levels
were utilized in further trophic mode analysis per recommendation in Nguyen et al.
(2016). Visualization of the trophic mode data was constructed using the Phyloseq R
package (McMurdie and Holmes, 2013; Nat Pombubpa Lab, n.d.). In addition to this,
each trophic mode (e.g., pathotroph, symbiotroph, and saprotroph) was visualized at
either family or order level. Pathotrophs and symbiotrophs were divided by families
present in individual studies. Saprotrophs were divided by order due to their high
diversity; family identifications of saprotrophs were too diverse to be visualized
effectively. To aid the visualization, rare orders/families were aggregated to an “other”
category using the Phyloseq function aggregate_rare (McMurdie and Holmes, 2013).
Pathotroph families were plotted if they occurred more than two times with a prevalence
threshold of 0.0057. Symbiotroph families were plotted if they occurred five times or
more with a prevalence threshold of 0.052. Saprotroph orders were plotted if they
occurred 10 times or more with a prevalence threshold of 0.052. All families/orders
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falling below this threshold were aggregated into the “other” category. These occurrence
and prevalence thresholds varied across the three trophic modes because they differed in
family/order diversity and the differing thresholds allowed for clearer visualizations.
Indicator species, which are species that change significantly in response to
environmental changes, were analyzed (Niemi and McDonald, 2004). An indicator
species analysis was used to identify OTUs that had high abundance changes between
controls and treatments (Dufrêne et al., 1997). Indicator species (indicator OTUs) were
determined through the use of the indicspecies R package function multipatt (De Caceres
and Legendre, 2009). A cutoff indicator value of ³ 0.300 was set for the indicator value
output from multipatt. The indicator value measures the association between a species
and the study sites, so the cutoff of 0.300 aided in visualizing species with the highest
association to the treatment groups (Dufrêne et al., 1997).

2.3 Statistical Analysis
Significance levels for rejection of the null hypothesis in all analyses were set to a
p-value of ≤ 0.05. Statistical analyses of species richness and trophic distribution were
conducted with log transformed data, as the data did not meet statistical normality
requirements. In the analysis of species richness and the trophic mode distribution, an
ANOVA test was conducted to determine the effects of soil warming, nitrogen
enrichment, and invasion treatments paired with the respective controls. A TukeyHSD
test was run on the ANOVA tests that showed significance to explore pairwise
comparisons of the treatments to controls. In the grouped analysis, (four broad groups:
soil warming, invasion, nitrogen enrichment, and control) data were analyzed for any
confounding variables, such as study site, using a mixed effect model. For the mixed
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effect model, the lmr4 R package function lmer was utilized (Bates et al., 2014). Study
sites and individual studies were set as a random variable in the lmer function as these
factors were possible confounding variables. An additional TukeyHSD analysis was
performed on the results from the mixed effects model using the emmeans R package to
analyze the significance of the treatments (Lenth, 2022). In the analysis of the per-study
data, a mixed effects model was not necessary and therefore only ANOVA and
TukeyHSD analyses were conducted, as described above.
Beta diversity metrics were analyzed for statistical significance through a
PERMANOVA analysis (Anderson, 2017). In addition, a pairwise PERMANOVA was
utilized to compare treatments to the controls with the pairwise.adonis2 function
(Vicente-Gonzalez and Vicente-Villardon, 2021). To account for possible confounding
variables, the adonis function in Vegan was used to run a PERMANOVA with the study
sites as permutation constraints (study sites were only used as a constraint in the grouped
data, no permutation constraints were set for the per-study analysis) (Oksanen et al.,
2020).
Cohen's d effect size was calculated using the abundance of the indicator species
in the control groups and treatment groups to determine the effect size of the treatments
on the OTUs. Cohen’s d effect size represents the size of the differences between controls
and experimental treatments. Larger Cohen’s d effect sizes represent larger differences
between the control and the treatment (Salkind, 2012). Small, medium, and large effect
sizes were set as |0.2|, |0.5|, and |0.8| respectively, as suggested by Cohen (1992). The
effect size of the indicator species was visualized with heat mapping in the ggplot2 R
package (Wickham, 2016). High effect sizes were mapped in dark red or dark green,
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medium effect sizes in dark orange or green, low effect sizes in light orange or light
green, depending on positive or negative values, respectively. Effect sizes of zero were
mapped in dark yellow.

3. Results
3.1 Analysis Summary
A total of 12,272,157 sequences were obtained from the seven datasets. After
dereplication, 541,334 sequences remained and were then assigned to OTUs. A total of
22,853 fungal OTUs were identified across the seven datasets. Of the 22,853 OTUs,
31.5% were in the Ascomycota phylum, 29.6% were in the Basidiomycota phylum, 8.9%
were of an unidentified phylum, 14.7% had insufficient taxonomic data to be classified,
and the remaining 15.3% of the data was composed of 14 rarer phyla. Approximately
50% of OTUs were assigned to a functional group (Table 2).

Table 2: Overview of OTU functional groupings obtained from all seven datasets. Numbers in
parentheses are the abundance of the category when compared to the total number of OTUs
identified.

Total OTUs identified
Total assigned to functional group
saprotrophs
symbiotrophs
pathotrophs
two or more trophic modes†
Total unassigned to functional group
unknown
taxonomy insufficient
†

Abundance (%)††
100
100 (49.8)
26.4 (13.2)
26.7 (13.3)
7.1 (3.6)
39.7 (19.8)
100 (50.2)
29.3 (14.7)
70.7 (35.5)

pathotroph-saprotroph, pathotroph-saprotroph-symbiotroph, etc.
all values rounded to the nearest tenth.

††
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Number OTUs
22,853
11,377
3,008
3,035
813
4,520
11,476
3,365
8,111

3.2 Diversity Indices
Species richness ranged from 8 OTUs per study site to 498 OTUs per study site.
There was significant variation in species richness (Table 3) across all studies grouped by
their respective treatment and controls (ANOVA, F = 1000, p = < 2.2x10-16), but no
significant variation in a pairwise analysis of treatments compared to controls
(TukeyHSD, p = > 0.05). The individual studies (p = < 2.2x10-16) and study sites (p =
5.957x10-4) were identified as possible confounding variables as they had a significant

influence on the grouped data analysis (Table 4). No significant differences between
controls and treatments (ANOVA, F = 0.3102, p = 0.8946) were found after accounting
for confounding variables. Across the studies individually there was significance between
all studies (Table 5) and one significant pairwise interaction between warm study #3 and
the corresponding control (TukeyHSD, p = 8.538x10-4) was found for species richness
(Figure 1).

Table 3: ANOVA table of Shannon diversity across studies grouped by treatment.
DF

Sum Sq.

Mean Sq.

F Value

P Value

Grouped Studies

5

458

91.52

1000

< 2.2x10-16

Residuals

227994

20862

0.09

15

Table 4: Mixed effects model (abundance ~ studies grouped + 1|study site + 1|individual studies)
ANOVA table of Shannon diversity across studies grouped by treatment. Study site variation and
individual study variation, indicated in italics, was controlled for in the mixed effect model.

Grouped Studies

Sum Sq.

Mean Sq.

NumDF

0.093607

0.018721

5

DenDF
8.8583

F Value

P Value

0.3102

0.8946

Study Site

5.957x10-4

Individual Study

< 2.2x10-16

Table 5: ANOVA table of Shannon diversity across individual studies.

DF

Sum Sq.

Mean Sq.

F Value

P Value

Individual Studies

17

7559

444.6

7366

< 2.2x10-16

Residuals

227982

13761

0.1

16

17

All studies grouped together (Table 6) showed slight significant variation
(PERMANOVA, R2 = 0.06807, p = 0.047) in beta diversity. In a pairwise analysis, all
treatments showed significantly different beta diversity variation (pairwise
PERMANOVA, warming: R2 = 0.02022 , p = 0.03; nitrogen enrichment: R2 = 0.03157, p
= 0.024; invasion: R2 = 0.01916, p = 0.035) with studies grouped together and with
confounding variables (i.e., study sites) accounted for. Overall, individual studies (Table
7) showed statistical variation (PERMANOVA, R2 = 0.24078, p = 0.011) in beta
diversity. Yet, a pairwise analysis indicated that only warm study #1 (pairwise
PERMANOVA, R2 = 0.05787, p = 0.0063) and nitrogen enrichment study #2 (pairwise
PERMANOVA, R2 = 0.08413, p = 3x104) were statistically significant (Figure 2). All
other studies compared to their corresponding controls were not statistically significant.

Table 6: PERMANOVA table of beta diversity of grouped studies with site-to-site variation
controlled for.
DF

Sum Sq.

Mean Sq.

F.Model

R2

P Value

Grouped Studies

5

6.065

1.21295

2.7462

0.06807

0.047

Residuals

188

83.036

0.44158

0.93193

Table 7: PERMANOVA table of beta diversity of individual studies with site-to-site variation
controlled for.
DF

Sum Sq.

Mean Sq.

F.Model

R2

P Value

Individual Studies

17

21.454

1.26197

3.2833

0.24078

0.011

Residuals

176

67.647

0.38436

18

0.75922

19

3.3 Trophic Distribution
There was overall significant variation of trophic mode distribution observed
between the three treatments (Table 8, ANOVA, F = 4.347, p = 4.29x10-6), when
examined by individual studies (Table 9, ANOVA, F = 4.280, p = 1.53x10-15) (Figure 3),
and when confounding variables were accounted for (Table 10, F = 4.8049, p = 6.591x107

). Yet, there was no significant variation of grouped studies or individual studies when

compared to saprotroph, symbiotroph, or pathotroph distribution in a pairwise analysis
(TukeyHSD, p = > 0.05).
Table 8: ANOVA table of trophic modes across grouped studies.
DF

Sum Sq.

Mean Sq.

F Value

P Value

Trophic Mode

2

332

165.95

124.148

< 2.2x10-16

Grouped Studies

5

15

2.91

2.176

0.0539

Trophic Mode:Grouped
Studies

10

58

5.81

4.347

4.29x10-6

Residuals

6654

8894

1.34

Table 9: ANOVA table of trophic modes across individual studies.
DF

Sum Sq. Mean Sq. F Value P Value

Trophic Mode

2

332

116.07

126.172 < 2.2x10-16

Individual Studies

17

64

3.79

2.881

6.35x10-5

192

5.63

4.280

1.53x10-15

Trophic Mode:Individual Studies 34
Residuals

6618 8711

1.32

20

Table 10: Mixed effects model (abundance ~ trophic mode*studies grouped + 1|study site +
1|individual studies) ANOVA table of trophic modes compared to grouped data. Study site
variation and individual study variation, indicated in italics, was controlled for in the mixed
effects model.
Sum Sq.

Mean Sq.

NumDF

DenDF

F Value

P Value

Trophic Mode

359

179.5

2

6240.2

134.9418

< 2.2x10-16

Grouped Studies

8.16

1.632

5

19.5

1.2272

0.334

Trophic Mode:Grouped
Studies

63.91

6.391

10

4987.8

4.8049

6.591x10-7

Study Site

0.01818

Individual Studies

0.36405

21
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3.4 Indicator Species
In the analysis of indicator species, 224 OTUs were identified as indicator
species. All 224 indicator species responded significantly (p < 0.05) to one of the three
treatments; no OTU responded significantly to multiple treatments. Of the 224 indicator
species, 60 were significant indicators in the invasion treatment, 75 were significant
indicators in the nitrogen enrichment treatment, and 89 were significant indicators in the
soil warming treatment. No OTU had a high (≥ |0.8|) or medium (≥ |0.5|) Cohen’s d effect
size across all treatment types. Four OTUs had a high effect size in one of the three
treatment types (Table 11). One OTU had a medium effect size across two treatments. All
OTUs with a single high effect size or multiple medium effect sizes were unidentified
species.
Seen in dark orange-red in Figure 4, indicator species with a medium effect size
made up 17.5% of nitrogen enrichment indicators, 8.1% of soil warming indicators, and
0.9% of invasion indicators. Nitrogen enrichment treatments had the greatest amount of
high effect size OTUs, but warming treatments had the highest quantity of identified
indicator species. Twenty-one OTUs in the nitrogen enrichment treatments had a medium
effect size whilst also having an effect size of zero in the other two treatments. This trend
occurred with only nine OTUs in the warming treatment and with only one OTU in the
invasion treatments. This is displayed in Figure 4, many OTUs in the nitrogen enrichment
treatment are dark orange with yellow soil warming and invasion treatments, meaning
that there was a medium-high effect size of those OTUs in nitrogen enrichment with no
effect in the soil warming and invasion treatments.
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Table 11: Key indicator taxa and the associated Cohen’s d effect size per treatment. All
indicator taxa had a significant response to at least one of the three treatments. The
treatment of significance column displays the treatment in which an OTU was identified
as an indicator species with the indicator species analysis.
OTU #+ Associated Taxa

+

Treatment(s)
of Significance

Warming

Invasion

Nitrogen
Enrichment

#9847 Unidentified
Sympoventuriaceae
Species

Warm

0.873†

0.340‡‡

-0.248‡‡

#5458 Unidentified
Sordariales Species

Nitrogen

0.351‡‡

0

0.836†

#19741 Unidentified
Auriculariales
Species

Nitrogen

0.029

-0.206‡‡

0.855†

#11410 Unidentified
Auriculariales
Species

Nitrogen

-0.038

-0.359‡‡

0.810†

#19072 Unidentified
Clavariaceae Species

Nitrogen

0.509‡

0.526‡

0.159

OTU #s corresponds to highlighted OTUs in Figure 4

†

High Cohen’s d Effect Size

‡

Medium Cohen’s d Effect Size

‡‡

Small Cohen’s d Effect Size

4. Discussion
The data from this study came from seven previously published studies and no
attempts had been made to look for generalizations across them all, so the goal was to
analyze these data for possible generalizations. I aimed to explore the hypothesis that if
nitrogen enrichment, soil warming, and garlic mustard invasion have similar effects on
fungal communities, then these changes will be observed in the distribution of trophic
modes and species composition. In previous analyses of these data, there were significant
observations of trophic mode distribution and species composition changes. For example,
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as described in Table 12, Pec et al. (2018) recorded a change in saprotroph abundance in
long-term warming plots. Additionally, Anthony et al. (2017) observed homogenization
of community composition (beta diversity) in garlic mustard invasion studies. Due to
results such as these, it was predicted that possible overarching trends could be observed
across various studies and treatments. This hypothesis was rejected in the analysis of
species richness, community composition, trophic mode distribution, and indicator
species analyses.

Table 12: Overview of results from each previously published study utilized for this synthesis.
Publication

Treatment of
Interest

Species
Richness

Community
Composition

Anthony et al.,
2017

Invasion

Increase in
invaded
treatment

Decrease in
Decrease of
invaded treatment symbiotrophs; increase
of saprotrophs

Anthony et al.,
2019

Invasion

Not
measured

Decrease in
Decrease of
invaded treatment symbiotrophs; increase
of saprotrophs and
symbiotrophs

Anthony et al.,
2020

Invasion
Nitrogen
Warming

Not
measured

Significantly
different with
warming

No significant change
of trophic modes in
warming, nitrogen, and
invasion individually.

Morrison et
al., 2016

Nitrogen

Decrease in
high N
treatment

Significantly
different between
N and control

Decrease of
symbiotrophs; increase
of saprotrophs

Morrison et
al., 2018

Nitrogen

Increase
for yeasts

Significantly
different between
N and control

Increase of saprotrophs
in high N treatment

Morrison et
al., 2019

Warming

No
significant
difference
between N
and control

Significantly
different between
N and control

Decrease of
saprotrophs and
pathotrophs; Increase
of symbiotrophs

Pec et al.,
2021

Warming

Not
measured

Significantly
different for 20yr
warming, not

Decrease of
saprotrophs (only 20yr
warming)
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Trophic Mode

significant for
5yr warming

4.1 Diversity Indices
Analysis of species richness using the Shannon diversity index indicated no
significant variation between controls and treatments for all but one individual study and
all studies grouped by treatment. The Shannon diversity index is a measurement that
takes into account the number of species within a site and the evenness of the species
distribution (Kim et al., 2017). The results suggest that the number of species and the
distribution of these species do not differ significantly by treatment or site. While one
warming study did demonstrate a significant variation between control and treatment, this
was not observed across all warming treatments suggesting that overall species richness
and evenness are not substantially impacted by soil warming, nitrogen enrichment, or
garlic mustard invasion.
Species richness was not measured in all seven studies used for this analysis, but
the results from studies that did measure species richness (Table 12) differed slightly
from the results of this study. In studies on nitrogen enrichment, one previous analysis
indicated an increase in species richness of yeast species (Morrison et al., 2018) and
another analysis indicated an overall decrease in species richness in high nitrogen
enrichment treatments (Morrison et al., 2016). A possible explanation for these
differences may be due to the different methodology utilized for analyzing nitrogen
enrichment studies. I opted to merge the high and low nitrogen enrichment treatments
into one, perhaps explaining this difference in results. As Morrison et al. (2016) only saw
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a significant difference in the high nitrogen enrichment treatment, it is possible that
significance could be lost with low and high nitrogen enrichment treatments merged.
Species richness was also measured in a garlic mustard study (Anthony et al.,
2017) where they found a significant increase in species richness in invaded treatments,
but I did not see the same results in this analysis. Again, this could also be due to
procedural differences. I opted to only utilize data collected from Harvard Forest plots,
whereas Anthony et al. (2017) utilized data from six different sites for species richness
analysis. The reduction of data utilized from the Anthony et al. (2017) study in this
analysis could provide an explanation for these differences.
Community composition was also measured across studies through the use of
Bray-Curtis dissimilarity measures. This measures differences between study plots to
analyze the community composition associated with a specific treatment (Ricotta and
Podani, 2017). I did not find a single common trend in community composition across all
three treatment types. Analysis of individual studies indicated that only one nitrogen
enrichment study and one warming study resulted in significant variation of community
composition between treatment and control. Considering that these results were not
recorded across all studies, this suggest that community composition is not altered greatly
by soil warming, nitrogen enrichment, or garlic mustard invasion.
These results differ from the results found in all seven of the previously published
studies. In these previous studies (Table 12), all treatments led to a significant change in
community composition, but this was not observed in this study. This study followed
similar procedures to what was utilized in these seven studies for the analysis of
community composition but utilized a different normalization procedure. The data used
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in this study were normalized based on coverage estimates, but the other studies utilized
normalization methods such as rarefying to the minimum number of reads obtained
across the samples (Morrison et al., 2016). These differences in the normalization
procedure could be an explanation for the contradictory results found in this study
because I do see evidence in Figure 2 that suggests that there is possible variation in
community composition, but it is not enough variation to be statistically significant.
While grouping across studies did indicate some level of significant variation
within community composition, the low Pearson correlation (R2) values indicate other
confounding factors (besides the study site variation that was controlled for in this study)
contributed to these differences. When analyzing data by individual studies, low R2
values suggested that beta diversity measures were not the contributing factor to the
variation observed within the data. Considering the low R2 values and the lack of
consistent results across the individual studies of the same treatment, the hypothesis was
rejected in relation to community composition. No commonality could be reliably parsed
out between the three treatment types in relation to beta diversity.

4.2 Trophic Distribution
The distribution of symbiotrophs, saprotrophs, and pathotrophs across the various
treatment types was analyzed for significant variation. After accounting for confounding
variables, it was shown that there was significant variation in the distribution of
symbiotrophs, saprotrophs, or pathotrophs between treatments, but no significant
pairwise interactions. When assessing studies individually, there were no significant
differences between pairwise treatment and control interactions. As there was no
significance in the pairwise interactions, this suggests that soil warming, nitrogen

29

enrichment, and garlic mustard invasion do not significantly change the prevalence of the
different trophic modes. It was predicted that there would be some significant variation,
specifically in the invasion treatments since Alliaria petiolata (garlic mustard) is a nonmycorrhizal plant that inhibits surrounding mycorrhizal interactions. Due to this, it would
be expected that symbiotroph prevalence would be reduced, but this prediction was not
supported by the data (Stinson et al., 2004; Anthony et al., 2017).
A possible explanation of these results is demonstrated in Figure 5 where a wide
range of family/order compositions can be seen. For example, warming study #2 appears
to differ substantially in pathotroph and saprotroph family/order composition when
compared to the other warming studies. Another example of this is seen in the invaded
studies. Invaded studies #2 and #3 appear to have a high proportion of Clavicipitaceae
members whereas Clavicipitaceae makes up a very small portion of the families
represented in invaded study #1. Due to such variation, I reject the hypothesis that if
nitrogen enrichment, soil warming, and garlic mustard invasion have similar effects on
fungal communities, then generalizable trends would be observed in the distribution of
trophic modes. General trends across studies and treatment types were not observed in
trophic mode distribution.
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Figure 5: Relative abundance of families or orders identified as pathotrophs, symbiotrophs, and
saprotrophs for fungal communities exposed to soil nitrogen enrichment, garlic mustard invasion,
or chronic soil warming in comparison to the corresponding control treatment. A is pathotrophs, B
is symbiotrophs, and C is saprotrophs. Due to high diversity, lower frequency families/orders are
grouped into an “other” category. Note: the controls of warm study #1, invaded study #1, and
nitrogen study #1 are a single control group from one study and have been duplicated for
visualization purposes.
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4.3 Indicator Species
While trophic mode analysis allowed for a broad look at the species composition
in the various treatments, indicator species analysis provided insight into specific taxa.
Five OTUs (Table 11) were identified as important indicator species based on their
Cohen’s d effect size (Cohen, 1992). All five indicator species had a medium or high
effect size, meaning that there was a big change in the abundance of these species
between the treatment and control. All of these key indicator OTUs were unidentified at
the species level. Two of these indicator species were identified as members of the
Auriculariales order. Members of the Auriculariales (Basidiomycota) act as wooddecomposers and some species are known to thrive in dry habitats (Malysheva and
Spirin, 2017). Both Auriculariales indicator species showed a high positive effect size in
the nitrogen enrichment treatments, meaning that there was an increase in relative
abundance in nitrogen enrichment treatments. This is an interesting finding considering
Auricularia thailandica, an Auriculariales species, was found to grow more successfully
in low nitrogen enrichment conditions (Bandara et al., 2017).
In addition to the Auriculariales species, an unidentified Sordariales
(Ascomycota) species was identified as a species with a high positive Cohen’s d effect
size in the nitrogen enrichment treatments. Sordariales is a very diverse order composed
primarily of saprotrophic species (Miller and Huhndorf, 2005). This unknown species has
a high effect size in nitrogen enrichment treatments which contrasts with the findings of
another study that Sordariales species in desert climates responded negatively to
additional nitrogen (She et al., 2018).
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The fourth unknown species with a significant Cohen’s d effect size was
identified as a member of the Clavariaceae family. This unknown Clavariaceae member
had a medium positive effect size in both warm and invasion treatments. Members of the
Clavariaceae family have variable trophic modes such as mycorrhizal, saprotrophic, or
additional biotrophic nutritional modes (not analyzed in this study) (Birkebak et al.,
2017). Considering Clavariaceae species can have a wide range of nutritional modes,
perhaps this Clavariaceae species of interest is non-mycorrhizal as it was an indicator
species in invasion plots dominated by the non-mycorrhizal garlic mustard plant. More
research is needed to confirm this prediction.
The fifth indicator species belongs to the Sympoventuriaceae family. This OTU
was identified as an indicator species in the warming treatments and had a high positive
Cohen’s d effect size, meaning that this species had a notable increase in relative
abundance across sites exposed to chronic soil warming. Members of the
Sympoventuriaceae family are commonly saprotrophic (Zhang et al., 2011). A
saprotrophic indicator species in the warming treatments is an interesting find
considering Morrison et al. (2019) and Pec et al. (2021) found an overall decrease of
saprotroph abundance in warming treatments.
Overall, these five species are of great interest because indicator species can
provide insight into how communities will change in response to global change drivers
(Niemi and McDonald, 2004). These five species are perhaps playing a larger role in
these ecosystems as the communities shift under the global change drivers due to their
increase in abundance. Understanding these indicator species can provide us with more
specific insight into how communities will change with these global change drivers.
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4.4 Comparison to Previous Studies
A comparison of these findings with previous research on these data (Table 12)
demonstrates some contradictory results. First, Anthony et al. (2017) observed species
richness and evenness (alpha diversity) in invaded plots. Whereas in this study, utilizing
data from Anthony et al. (2017), no significant differences in species richness were
observed between control and treatment. Additionally, Anthony et al. (2017) observed
homogenization of community composition (beta diversity) in sites with garlic mustard
present, but in this analysis, community composition measurements were not
significantly different for garlic mustard invasion treatments. This variation most likely
stemmed from data differences. While this study did utilize data from Anthony et al.
(2017), only data collected from Harvard Forest study sites (Table 1) were utilized for
this analysis. The original 2017 study utilized data from six different locations across
New York and Massachusetts, perhaps explaining the reason for the differing results
(Anthony et al., 2017).
Additionally, Pec et al. (2018) recorded a change in saprotroph abundance in
long-term warming plots. The Pec et al. (2018) study correlates with warm study #3
(Table 1), but I did not find a similar abundance of saprotrophs. In this study, saprotrophs
in warm study #3 did vary (Figure 3), but they did not differ significantly. A possible
explanation for this difference may be due to variation in normalization methods. In Pec
et al. (2018) data were rarefied to a depth of 257,520 sequences per sample, but in this
study, rarefaction was conducted using coverage-based normalization (Chao et al., 2014).
The coverage level was determined based upon all soil warming, nitrogen enrichment,
and invasion studies compared together, perhaps explaining a point of variation as it was
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not normalized on an individual study level. Coverage-based rarefaction is recommended
by Chao et al. (2014), but as this method of rarefaction is different from the Pec et al.
(2018) procedure, this is a source of variability. This coverage-based rarefaction
approach could also contribute to the variation between the results of this study and
Anthony et al. (2017).

4.5 Future Research
Due to the variation between the results of this study and the previously published
results, I suggest a deeper analysis of the confounding variables associated with these
data. In this analysis, the Pearson correlation (R2) for all mixed effect models was very
low, suggesting that the confounding variables that I tested (i.e., study sites and
individual studies) were not fully responsible for the data variation. Other methods
similar to R2 have been suggested (Wang et al., 2017; Reshef et al., 2011) to analyze
models such as the ones utilized in this study. Exploring such methods may help provide
additional information to explain the results obtained in this study.
Additionally, I suggest further comparison between rarefaction/normalization
methods. As much of this data came from Long-Term Ecological Research sites,
developing a consistent procedure for data analysis could be beneficial. This study
normalized data using a set coverage level, while two of the previous analyses using
these data normalized based upon the minimum number of sequences obtained across the
samples (Morrison et al., 2016; Morrison et al., 2018), another study utilized rarefaction
curves to base normalization upon (Anthony et al., 2017), and one study rarefied data to
two different minimum numbers of sequences depending on the sample type (Anthony et
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al., 2019). Analysis of which data normalization methodology is best for these data could
inform future analysis and allow for more consistent comparisons across studies.
Finally, I recommend further research into the five indicator species (Table 11)
identified in this study. The Auriculariales and Sordariales species are of particular
interest due to their high Cohen’s d effect size in nitrogen enrichment treatments. Species
of these orders have been observed as being less successful in nitrogen enrichment
treatments, so culturing the indicator species identified in this study could further inform
knowledge of Auriculariales and Sordariales species (Bandara et al., 2017; She et al.,
2018).
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5. Conclusions
This study aimed to utilize data from seven previously published studies on soil
warming, nitrogen enrichment, and non-native plant invasion to look for general trends in
fungal communities across these treatments. This study did not demonstrate general
trends across soil warming, nitrogen enrichment, and plant invasion treatments. This lack
of general trends across the various treatment types suggests that fungal communities are
not greatly altered by soil warming, nitrogen enrichment, or garlic mustard invasion, but
this is contradictory to previously published results (Table 12). Such variation could be
due to methodological differences, but further analysis will be required to confirm this
prediction. Additionally, while there was no common indicator species across treatments,
important unknown indicator species were recorded for each treatment type, providing
guidance for future investigations of unknown fungal species identification. Overall, the
results of this study did not fully display general trends within fungal communities
exposed to the three global change drivers, but this study did demonstrate the need for
generalized methodological procedures for use in long-term research for proper
reproducibility and comparison.
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