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Abstract

The effects of global climate change are accelerated and more pronounced in northern 

regions, and Alaska is at the forefront of that change. Permafrost, which underlies much of the 

Alaskan landscape, is rapidly thawing and degrading leading to shifts in hydrology, soil 

chemistry, and nutrient availability. As permafrost thaws, soil microbial communities have the 

potential to be influenced taxonomically and functionally. However, it is unclear how active layer 

microbial communities, which play a role in plant-microbe interactions, are affected by 

increasing soil disturbance, and how soil microbiomes can influence above ground plant 

communities. In this study, I aimed to understand how soil microbial communities from Interior 

Alaska are affected by increasing disturbance, and how they in turn drive the productivity of 

several plants found in boreal regions. Here I used a growth experiment and found that plant 

productivity was affected by the disturbance level of the microbial inoculant. Plants grown in 

soils inoculated with microbes associated with disturbed soils demonstrated significantly 

decreased productivity compared to plants inoculated with microbes from undisturbed soils. 

Through metagenomic sequencing, I observed broad scale shifts in community membership 

across the gradient of soil disturbance. I then continued to characterize the microbial 

communities used as inoculants in the greenhouse growth experiment through 16S rRNA 

amplicon sequencing. Microbial communities from disturbed soils were significantly more 

diverse than those from undisturbed soils, and the beta diversity of communities varied 

significantly based on the disturbance level. We found that within disturbance level community 

variation can be used to predict plant growth of bog blueberry, low-bush cranberry, and 

Labrador tea once the disturbance passes a threshold. These results suggest that as active 

layer microbial communities are affected by climate-driven soil disturbance, above ground plant 

communities may demonstrate decreased productivity, and consequently, decreased 

ecosystem health as the Arctic continues to warm.
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Introduction

Climate change is significantly impacting arctic and boreal regions which are warming

2.5 times faster than the rest of the globe (Schuur et al., 2018). These changes are reflected 

across a wide array of measures including air and ground temperatures, growing season length, 

and seasonal thaw depth (Hobbie et al., 2017). Large-scale transformations of the arctic and 

subarctic landscapes are taking place including formation of thaw ponds, shifts in fire regimes, 

erosion, and changing vegetation (Logue et al., 2015; Pastick et al., 2019; Wang et al., 2020). 

These transformations are caused by a variety of factors from abiotic changes in soil 

temperature and water availability as well as biotic factors such as microbes (Altshuler et al., 

2017). Recent advances in climate research have acknowledged that the large carbon stores in 

permafrost are vulnerable to the changes occurring in the atmosphere and climate. This is 

particularly of interest in Alaska where 85% of the land is underlain by mostly discontinuous 

permafrost (McGuire et al, 2018), covered by a layer of soil that undergoes seasonal thaw 

cycles — the active layer.

Microbes living in active layer soils are very closely linked with above ground plant 

communities. Microbial activity in the rhizosphere, the region of soil around plant roots, is critical 

for plant health and functioning as microbes assist plants in nutrient acquisition and often 

provide protection from pathogens (Bakker et al., 2013; Cheng et al., 2019). Previous studies 

have found evidence that the composition, diversity, and biomass of active layer microbial 

communities can become altered in locations that are undergoing permafrost thaw and 

disturbance events such as thermokarst formation and fire (Mackelprang et al, 2011; Monteux et 

al, 2019; Schütte et al, 2019; Schuur et al, 2007). As we gain more and more evidence that 

climate chance is continuing to exacerbate disturbance events in the norther latitudes, it is 

important to unearth the effects on soil microbial communities, particularly in the active layer 

zone where plant-microbe interactions are occurring. The broader goal of this thesis is to 
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increase our understanding of how soil disturbance, particularly permafrost thaw, can shift soil 

microbial communities and the associated above ground plant community.

The first chapter of this research focuses on measuring the effects of microbial 

communities on plant productivity. Here I have tested the hypothesis that soil disturbance 

should shift the existing rhizosphere and associated microbes, which will lead to a disruption in 

beneficial plant-microbe interactions, in turn yielding lower above ground plant productivity. 

To address this hypothesis, we conducted a growth experiment using several species of boreal 

forests plants. We grew plants in soils inoculated with microbial communities from active layer 

soils of a disturbance gradient in interior Alaska. Following the growth experiment, we identified 

broad scale changes in the communities used as microbial inoculants. To do this we completed 

long read metagenomic sequencing of the soils used to inoculate plants in the greenhouse 

experiment. From the growth experiment we found that Vaccinium uliginosum (bog blueberry), 

Vaccinium vitis-idaea (low-bush cranberry), and Rhododendron groenlandicum (Labrador tea), 

all plants that play a role in subsistence diets and cultures across Alaska, experienced 

decreased productivity when grown in soils inoculated with microbial communities from highly 

disturbed soils compared to undisturbed community inoculants. Furthermore, we also found 

changes in microbial community membership depending on the level of soil disturbance. 

Together these results suggest that soil disturbance driven changes in microbial communities 

can be linked to a decrease in plant productivity.

The second chapter of this research describes further characterizing the microbial 

community composition and function from active layer soils used as inoculants in Chapter 1. 

Based on the results from Chapter 1 and the knowledge that soil disturbance leads to shifts in 

nutrient availability and soil hydrology, we hypothesized that we would see a shift in microbial 

community composition and function across the disturbance gradient. To test this hypothesis, 

we compared the soil microbial communities using 16S rRNA amplicon sequencing of the soils 

used as inoculants in Chapter 1 and completed a further analysis of our metagenomic data to 
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observe microbial community function. We found that communities that experienced high levels 

of disturbance have higher alpha diversities than communities from undisturbed soils. We also 

observed significant shifts in functional diversity, which may be driving changes in plant growth 

that we measured in Chapter 1.

Changing climate dynamics are having profound effects on the inhabitants of the 

northern latitudes and the environment. Traditional knowledge and ways of life of indigenous 

peoples are highly integrated with the land, as they interact so closely compared to more urban 

communities. Beyond their dependence on plants and animals for food security, indigenous 

peoples rely on these resources for clothing, housing, and more. Indigenous communities have 

been adapting to climate change for centuries, however they have rarely had to adapt as swiftly 

as the climate is calling for now. With this study I began to uncover how microbial community 

shifts may affect plant growth in the future—specifically, growth of plants such as blueberries 

and cranberries, both plants integral to the diets of many Alaska Native peoples. These results 

will have implications with regards to food security as an increasing obstacle due to climate 

change.
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Chapter 1: Soil Disturbance Affects Plant Productivity via Soil Microbial Community Shifts1 

Abstract

1 Seitz, T. J., Schütte, U. M. E., and Drown, D. M. (2021). Soil Disturbance Affects Plant Productivity via Soil
Microbial Community Shifts. Front. Microbiol. 12, 619711. doi:10.3389/fmicb.2021.619711.

Recent advances in climate research have discovered that permafrost is particularly 

vulnerable to the changes occurring in the atmosphere and climate, especially in Alaska where 

85% of the land is underlain by mostly discontinuous permafrost. As permafrost thaws, research 

has shown that natural and anthropogenic soil disturbance causes microbial communities to 

undergo shifts in membership composition and biomass, as well as in functional diversity. 

Boreal forests are home to many plants that are integral to the subsistence diets of many Alaska 

Native communities. Yet, it is unclear how the observed shifts in soil microbes can affect above 

ground plant communities that are relied on as a major source of food. In this study, we tested 

the hypothesis that microbial communities associated with permafrost thaw affect plant 

productivity by growing five plant species found in boreal forests and Tundra ecosystems, 

including low-bush cranberry and bog blueberry, with microbial communities from the active 

layer soils of a permafrost thaw gradient. We found that plant productivity was significantly 

affected by the microbial soil inoculants. Plants inoculated with communities from above thawing 

permafrost showed decreased productivity compared to plants inoculated with microbes from 

undisturbed soils. We used metagenomic sequencing to determine that microbial communities 

from disturbed soils above thawing permafrost differ in taxonomy from microbial communities in 

undisturbed soils above intact permafrost. The combination of these results indicates that a 

decrease in plant productivity can be linked to soil disturbance driven changes in microbial 

community membership and abundance. These data contribute to an understanding of how 

microbial communities can be affected by soil disturbance and climate change, and how those 

community shifts can further influence plant productivity in boreal forests and more broadly, 

ecosystem health.
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1.1 Introduction

With nearly 85% of the land in Alaska underlain with discontinuous permafrost, Alaska is 

particularly vulnerable to large-scale ecosystem changes due to climate change-driven 

permafrost thaw and resulting soil disturbance (Department of Natural Resources, 2020). As 

foundational abiotic factors such as nutrient availability and soil hydrology begin to change, they 

in turn affect ecosystem processes including succession and productivity, that regulate plant 

and microbial communities present in the disturbed soils (Schuur et al., 2018). Recent research 

has turned to exploring the effects of climate change on microbial communities residing in soil 

and permafrost (Jansson and Hofmockel, 2018). As permafrost thaws and soil disturbance 

events occur, microbial communities undergo shifts in membership composition and biomass, 

as well as in functional diversity (Coolen and Orsi, 2015; Schuur et al., 2015; Mackelprang et al., 

2011; Schütte et al., 2019). As these smaller scale changes develop, it is important that we build 

a better understanding of how microbial communities in northern latitude soils affect larger scale 

processes such as plant growth.

Permafrost is frozen ground (rock, ice, soil) that remains at less than 0° C for more than 

two years. Permafrost underlies approximately 26% of terrestrial ecosystems globally and is a 

critical structural element that holds large potential for altering ecosystem composition through 

thawing and melting of ice wedges (Schuur et al., 2018). It has been estimated that the carbon 

stored in permafrost accounts for more than 2.5 times as much as the atmospheric carbon pool 

(Schuur et al., 2007; Schuur et al., 2015). As permafrost thaws, previously frozen organic 

matter, nutrients, water, and microbes are exposed and reintroduced into actively cycling pools 

of carbon and nutrients (Chapin et al., 2006). Plant roots interact within the active layer of soil 

which sits above the permafrost and undergoes seasonal cycles of freezing and thawing 

(Schuur et al., 2015; Christensen et al., 2004). The depth of the active layer defines what 

nutrients, rooting space, and water are available to plants which can in turn affect community 

succession and composition.
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Previous research has found evidence that the composition, diversity, and biomass of 

microbial communities can become altered in locations that are undergoing permafrost thaw 

and disturbance events such as thermokarst formation (Mackelprang et al., 2011; Monteux et 

al., 2019; Schuur et al., 2007). The atmospheric release of carbon trapped in soils following 

permafrost thaw is mediated by soil bacterial and fungal respiration. These organisms have 

been surviving in the active layer and frozen soil below for millennia, either frozen or respiring at 

extremely low rates, using the cold organic matter as an energy source (Tripathi et al., 2018). 

As the permafrost thaws, soil microbes exit dormancy and microbial communities gain access to 

large pools of previously frozen carbon and nutrients (Burkert et al., 2019). As the activity of the 

microbial communities increases with a warming climate, microbial effects may be more 

complicated than merely releasing greenhouse gases into the environment through respiration. 

These microbes can also cause alterations and feedback to ecosystem nutrient cycling and may 

in turn drive alterations to the plant community in associated soils (Du Toit, 2018; Natali et al., 

2012).

Plant-microbe interactions within the rhizosphere are known determinants of plant health 

and productivity, and consequently, plant growth (Bever et al., 2010; Mangan et al., 2010; 

Reynolds et al., 2003). Interactions between microbes and plants are critical for the acquisition 

and cycling of nutrients such as biological nitrogen fixation and phosphate solubilization (de 

Souza et al., 2015). Highly studied environments such as agricultural production have shown 

evidence that small changes to soil microbiomes largely determine the success of plant growth 

and development (Van Wees et al., 2008; Lutenberg and Kamilova, 2009). In 2019, Wei et al. 

showed that within an agricultural monoculture system, the composition of the initial soil 

microbial inoculant predetermined whether a crop succumbed to disease or survived. Previous 

studies focused in the arctic and sub-arctic have demonstrated that soil microbes are important 

drivers of plant succession, relative abundance, and productivity (Natali et al., 2012; Schuur et 

al., 2007). As physical and chemical properties of soil such as temperature and pH are 
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changing, the composition of microbial communities present in the active layer changes as well. 

Permafrost thaw could induce now active microbes to transform newly available organic matter 

into gaseous products such as CO2 and CH4, and metabolites that are now accessible to plants 

and other organisms living in and interacting with active layer soils (Graham et al., 2012). With 

the availability of newly released nutrients and the production of metabolites, soil microbes then 

have the potential to shape above ground plant communities by mediating and partitioning soil 

resources (Ho et al., 2017). Not only do beneficial microbes assist in nutrient accessibility, but 

they can also improve plant performance in a variety of systems by conferring resistance to 

pathogens.

Here we investigate how active layer soil microbial communities affect above ground 

plant communities, indicating that microbes play a role in climate change driven alterations to 

Alaskan plant communities. We hypothesized that plants inoculated with microbial communities 

from disturbed soils associated with greater permafrost thaw will experience lower levels of 

plant productivity compared to plants inoculated with microbes from less disturbed soils. We 

tested this hypothesis by conducting a plant growth experiment on boreal plant species 

inoculated with microbes from soils with different degrees of permafrost thaw and assessed soil 

microbial community composition.

1.2 Methods

1.2.1 Sample site description and soil collection

The Fairbanks Permafrost Experiment Station (FPES) is located in interior Alaska 

(64.877°N, 147.670°W) and is part of the US Army Corps of Engineers Cold Regions Research 

and Engineering Laboratory (CRREL). FPES is divided into three Linell plots (Linell, 1973; 

Douglas et al., 2008), each 3,721 m2: undisturbed (UD), semi disturbed (SD), and most 

disturbed (MD) (Figure S1.1). When these three plots were created in 1946, the first plot, UD, 

was left untouched. The second plot (SD) was cleared of trees and above ground vegetation by 
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hand, but the roots and other organic material were left intact. The third plot (MD) was stripped 

of all vegetation and surface level organic material down to mineral soil. Over the next 25 years, 

total stripping (MD) led to permafrost thaw and degradation to 6.7 m below surface level, and 

partial stripping (SD) led to thaw 4.7 m below surface level. These plots were created to 

simulate soil disturbance events and to then identify potential ecological effects.

Each plot is representative of the subarctic taiga forest. The undisturbed plot is covered 

by a dense black spruce stand (Picea mariana) with intermittent white spruce (Picea glauca). Its 

understory is dominated by Labrador tea (Rhododendron groenlandicum) and low-bush 

cranberry (Vaccinium vitis-idaea) with a ground cover of continuous feather and Sphagnum 

moss and lichen. The surface soils are moderately moist and can be classified as mesic, with an 

average soil organic layer thickness of 35 cm and a consistent thaw depth of 85 cm (Johnstone 

et al., 2008; Douglas et al., 2008). The semi-disturbed plot is covered by a mixed stand of 

Alaskan birch (Betula neoalaskana), willow (Salix sp.), black spruce, and white spruce, with a 

developing understory of moss and shrubs. The trees at the semi-disturbed plot are taller than 

those in the most disturbed. The most disturbed plot is covered by a mixed stand of Alaskan 

birch, willow, and young black spruce. The understory is a mixture of moss and grass (Douglas 

et al., 2008).

We collected 48 soil cores from FPES on 28 May 2018, 16 individual cores at each 

FPES treatment level. Using an established grid layout of FPES, we took cores from four 

selected quadrats per plot to demonstrate the fine-scale heterogeneity of the sample site. At 

each quadrat we took four samples at the corners, approximately 1 m apart. We utilized a 

sterile technique to sample soil and at each sampling point, the top layer of moss and 

vegetation was removed. We used a soil corer (4.5 cm diameter by 10 cm height) to collect the 

top 10 cm of soil, which were stored in a cooler throughout the duration of sample collection. We 

then transported the cores back to the lab where each was homogenized and stored at 4° C to 

be used 10 days later for soil inoculants and between 7 to 45 days later for DNA extractions.
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1.2.2 Greenhouse experimental design and sampling

To test how the sampled microbial communities affect plant growth, we grew all plants in 

a climate-controlled greenhouse, within autoclaved, nutrient-poor soils containing soil microbial 

inoculum. The soil microbial inoculants were obtained from FPES for the three treatment levels: 

UD, SD, and MD. We also included a sterile inoculant (ST), an autoclaved mixture of UD, SD, 

and MD soils.

We conducted the growth experiment in the Institute of Arctic Biology Greenhouse at the 

University of Alaska Fairbanks (UAF), consisting of five plant species: Vaccinium vitis-idaea 

(low-bush cranberry), Vaccinium uliginosum (bog blueberry); Picea mariana (black spruce); 

Rhododendron groenlandicum (Labrador tea); and Chamerion angustifolium (fireweed), 

hereafter all plants will be referred to by their colloquial names. We obtained all seeds from 

Alaskan sources, and we surface-sterilized them prior to planting. On 11 June 2018, we placed 

five to ten seeds of one plant type into a pot (SC10 Cone-tainers, Ray Leach; USA) filled with a 

mixture of densely packed sterile vermiculite and Canadian peat (ProMix), with 1.5 g of soil 

containing the treatment microbial soil inoculant (Figure 1.1). Sixty-four pots were planted for 

each plant type, with 16 unique soil inoculants per each of four treatments, for a total of 320 

pots. We randomized all pots across seven RL98 trays (Ray Leach, USA) to reduce possible 

bias from temperature or light gradients within the greenhouse. Plants were maintained under 

12hr light cycles and watered once daily.

Following the first month of growth past germination, we measured the plants biweekly 

for the first three months, recording their leaf count and height to the nearest millimeter. We 

stopped black spruce needle counts in November 2018, when needle counts exceeded 200 and 

we were unable to accurately measure. By October 2018, all the fireweed (n = 61) had started 

to decline in height measurements, so on 10 October 2018, we clipped above ground living 

plant material at the soil surface and then oven dried plants 55 °C to a constant mass before 

determining above ground biomass produced. We did not collect below ground biomass for 
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fireweed plants. The bog blueberry, black spruce, Labrador tea, and low-bush cranberry 

continued to grow and be measured monthly. We then harvested above ground biomass per 

plant type in March 2020, and below ground biomass in April 2020. We oven dried plants at 55° 

C to a constant mass before weighing.

1.2.3 Statistical analysis

All statistical analyses were performed in R version 3.5.2 (R Core Team, 2014). In order 

to test the effects of the microbial inoculant treatments during the plant growth experiment, we 

used the Shapiro-Wilk test and Levene's test to check ANOVA assumptions. We log- 

transformed growth measurements (leaf count, height, biomass) per plant type if it improved 

normality and reduced heteroscedasticity. We used a one-way ANOVA (Car R package, v3.0.3) 

to evaluate the significance of soil inoculant on each plant growth measurement within each 

plant type. We used a Tukey HSD (Agricolae R package, Mendiburu, 2009, v1.3.2) post-hoc 

test to identify significant effects of specific inoculant treatments on growth within each plant 

type. We visualized differences using the R package ggplot2 v3.2.1.

1.2.4 DNA extractions and metagenomic sequencing

In order to analyze the microbial communities used to inoculate plants in the growth 

experiment, we performed shotgun metagenomic sequencing on each individual core. To do 

this, we extracted and purified total genomic DNA from approximately 250 mg of soil per 

homogenized soil core using the DNeasy PowerSoil kit (Qiagen; Germany) following 

manufacturer instructions. We quantified the yield and the quality of the DNA extracted using a 

NanoDrop One spectrophotometer (Thermo Scientific; USA) and a Qubit (Thermo Scientific; 

USA). Following DNA extractions, we randomly divided the 48 cores into four sequencing runs. 

We prepared the DNA sequencing library using the Oxford Nanopore Technologies Ligation Kit 

with Native barcodes to multiplex 12 samples (SQK-LSK109, ONT; UK). We diluted sample 

DNA to 400 ng for input and followed the kit according to the manufacturer instructions. We 
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then sequenced DNA using a MinION and R9.4.1 and R9.5 flow-cells (FLO-MIN106) (Table 

S1.1). The sequencing runs each lasted 48 hours.

1.2.5 Metagenomic analyses

We base called the raw data using Guppy v3.6.1 (ONT) specifying the high accuracy 

model (Table S1.1). We then demultiplexed samples with the Guppy barcoder using parameters 

to discard sequences with middle adapters and to trim barcodes. We used Filtlong v0.2.0 

(https://github.com/rrwick/Filtlong) to control for length ( ≥ 50 bp) and quality (Q) score ( ≥ 10). 

Following quality control, we detected taxa with a k-mer based approach using Kraken 2 

(v.2.0.9-beta; Wood et al., 2019) and subsequently estimated abundance using Bracken 

(v.2.6.0; Lu et al., 2017). We used a reference database prepared with archaeal, bacterial, 

fungal, protozoal, and viral sequences from RefSeq on 22 May 2020 (Nicholls et al., 2019). We 

merged sample Bracken reports and then generated heat maps based on the most prevalent 

bacterial phyla, families, and genera with gplots v.3.0.3 in R. We excluded reads that were 

classified as fungal for any further analyses, due to the lack of breadth in our database.

In order to identify biomarkers within the microbial communities we used the linear 

discriminant analysis (LDA) effect size (LEfSe) method (Segata et al., 2011). This method 

compares across all taxonomic levels and identifies differentially abundant features between 

biological classes using a non-parametric factorial Kruskal-Wallis sum-rank test. LEfSe then 

uses LDA to estimate the effect sizes of each feature. To accomplish this, we uploaded our 

Bracken results to the Galaxy web platform (https://galaxyproject.org/; Afgan et al., 2018) where 

we then used the Huttenhower Lab workflow (https://huttenhower.sph.harvard.edu/galaxy/) for 

LEfSe analysis. We used an LDA threshold of 4.0 and significance α of 0.01 to detect 

biomarkers. Following the LEfSe analysis, we estimated Pearson's correlation values (stats R 

package v3.6.1), r, between plant productivity measures and the significant biomarkers that 

LEfSe identified.
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1.3 Results

1.3.1 Plant growth experiment

Our results indicate that soil microbial communities from across the thaw gradient 

differentially affected plant productivity (Figures 1.2-6; Tables S1.3-8). Most plant types 

responded negatively when grown in soils inoculated with microbial communities from the most 

disturbed FPES soil compared to either inoculants from semi disturbed or undisturbed soils, or 

the sterile treatment (Figure S1.2; Table S1.8).

Bog Blueberry. Bog blueberry had reduced growth in height and leaf count when grown 

in soils inoculated with microbial communities from the MD treatment site compared to plants 

growth with inoculants from UD, SD, or ST soil (Figure 1.2). This trend was consistent across 

height and leaf count starting at the third through the final measurement point (Figure S1.2). 

While the mean height and leaf count of bog blueberry grown in MD treatment was significantly 

smaller compared to bog blueberry grown under the SD, UD, or ST treatments (Table S1.3), 

there was no significant difference between height or leaf number for bog blueberry plants 

grown in UD, SD, or ST treatments. While the source of inoculant was a significant factor in 

above ground and below ground biomass, the responses did not follow the same trends as 

height and leaf count. For above ground biomass the post-hoc Tukey HSD test showed that SD 

plants had more mass on average and differed significantly from MD and ST, SD plants did not 

differ significantly in biomass production (Table S1.8).

Low-bush Cranberry. Low-bush cranberry showed the same trends to bog blueberry 

when grown in soils from the most disturbed treatment site (Figure 1.3). Low-bush cranberry 

height and leaf count significantly decreased when grown with inoculant from the MD site 

compared to when grown with inoculant from the SD or UD sites, or with ST inoculant (Table 

S1.4, Table S1.8). There was no significant difference in either height or leaf count between 

low-bush cranberry grown in UD, SD, or ST treatments. Above ground biomass increased when 

plants were grown with soil from the SD compared to plants inoculated with UD, MD, and ST 
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treatments. Low-bush cranberry below ground biomass did not differ significantly depending on 

the soil inoculant treatment.

Labrador Tea. Labrador tea plants displayed nearly identical trends to both bog 

blueberry and low-bush cranberry when grown in soils inoculated with microbial communities 

from the most disturbed treatment site (Figure 1.4). At the time of final measurements, the mean 

height and leaf count of Labrador tea grown in the MD treatment was significantly smaller 

compared to low-bush cranberry grown SD, UD, or ST treatments (Table S1.5). There was no 

observed difference between Labrador tea grown in UD, SD, or ST treatments. Labrador tea 

above ground biomass showed that MD plants weighed in at a significantly smaller amount than 

plants grown in soils inoculated with UD or SD treatments. No differences were observed 

between below ground biomass measures (Table S1.8).

Fireweed. In contrast to cranberry, bog blueberry, and Labrador tea, fireweed did not 

show a significant difference in mean leaf count or height (Figure 1.5); however, fireweed plants 

grown in inoculant from MD site showed a significant decrease in above ground biomass 

compared to those grown in UD, SD, or ST treatment soils (Figure 1.5; Table S1.6, Table S1.8).

Black Spruce. Black spruce showed no consistent response patterns to microbial 

inoculant for growth and biomass measures (Figure 1.6; Table S1.7). Black spruce plants grew 

significantly taller when grown with the sterile inoculant (ST) compared to UD, SD, or MD 

inoculants. Below ground and above ground biomass showed both showed a similar pattern of 

ST plants measuring at a significantly lower biomass compared to SD plants, and with MD and 

UD plants showing no significant differences in mass. For leaf (needle) count, no significant 

differences were observed across all treatment inoculant groups. Leaf count was discontinued 

and excluded from analysis after needle numbers exceeded 200 for all plants and was not able 

to be accurately measured.
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1.3.2 Microbial community analysis

We sequenced 48 metagenomes through four multiplexed MinION runs, and after 

demultiplexing and quality control, total sample reads showed a mean read length of 2594bp, a 

N50 of 5,531bp, and a mean quality score of 13 (Table S1.2). All samples had an average yield 

of 373 Mbase (range: 182 - 737 Mbase) with an average read count of 143K reads (range: 53 - 

299 K). The analysis using Kraken 2 and then Bracken resulted in a mean of 41% (range: 30 - 

60%) of reads being classified as bacterial (60,034 reads). The percent classified did not show a 

correlation to the read depth of the sample (Figure S1.3).

Following classification via Kraken 2 and Bracken, we identified 24 bacterial phyla within 

our microbial communities. A majority of samples across the three levels of disturbance were 

largely dominated by Proteobacteria and Actinobacteria with mean relative abundances of 

62.9% and 19.9%, respectively. Of the 24 bacterial phyla identified, eight were present at 

relative abundances higher than 1% (Figure 1.7A). We observed a general shift in community 

membership and abundance across the disturbance gradient, with both the UD and MD soil 

cores showing variation in the dominant taxonomic groups present, all the way down to the 

genus level (Figures 1.7B and 1.7C). Among the 59 genera present at more than 1% relative 

abundance, Bradyrhizobium and Streptomyces were present at the highest relative 

abundances, with means of 10.2% and 6.9%, respectively.

To further analyze the taxonomic shifts, we utilized the LEfSe method to identify any 

biomarkers across samples. Out of only the bacterial reads, we identified 13 differentially 

abundant biomarkers across the phylum to family level within our dataset (Table 1.1). Four of 

the biomarkers, that all fall under the same taxonomic branch of the phylum Acidobacteria and 

down to the family Acidobacteriaceae. were found to be overrepresented in UD soil 

communities. Nine biomarkers were found to be overrepresented in MD soil communities, 

including members of the phyla Proteobacteria and Actinobacteria (Table 1.1).
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Using the 13 biomarkers that we identified through LEfSe, we completed correlation 

analyses (Pearson's correlation coefficient) between the taxonomic biomarkers and plant 

productivity measures. We found the relative abundance of UD biomarkers to be positively 

correlated with the height and leaf count for blueberry and cranberry, and with the leaf count of 

black spruce. One of the UD biomarkers, Acidobacteriaceae, showed the strongest positive 

correlation between growth measures, and was present at a mean relative abundance of 18% in 

UD communities compared to the SD (5%) and MD ( > 5%) soil communities (Table 1.1, Figure 

1.8A). Of the MD biomarkers, all nine showed significant negative correlations between relative 

abundance and the productivity measures for blueberry, cranberry, and Labrador tea (Table 

1.1). Looking at the family level, the most negative correlations occurred between plant growth 

and Comamonadaceae, a family that was found to be present at significantly higher relative 

abundances within the MD soil microbial communities with a mean of 16%, compared to in UD 

(5%) and SD (8%) soils (Table 1.1, Figure 1.8B). We observed no significant correlations 

between fireweed plant productivity measures and biomarkers (Table 1.1).

1.4 Discussion

Our results indicate that there is a strong relationship between microbial community 

inoculant and total plant growth. We have evidence that microbes associated with highly 

disturbed soil negatively affect plant productivity within several boreal plant species. Within our 

study we see similar growth response patterns across low-bush cranberry, bog blueberry, 

Labrador tea, and fireweed plants. Our analyses also revealed that microbial community 

membership and abundance shifts across active layer soils above a permafrost thaw gradient. 

Several studies have also observed soil microbial community responses to permafrost thaw and 

soil disturbance events (Mondav et al., 2017; Mackelprang et al., 2011; Coolen and Orsi, 2015), 

and previous research completed by Schütte et al. in 2019 has identified links between fungal 

microbial communities associated with permafrost thaw and plant growth.
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Our research showed that plants including bog blueberry, low-bush cranberry, and 

Labrador tea demonstrated decreased height and leaf count when grown with microbial 

communities from highly disturbed soil that was associated with deep permafrost thaw 

compared to undisturbed soil associated with little to no permafrost thaw. Fireweed plants did 

not show any changes in growth dependent on soil inoculant when looking at leaf count and 

height. However, when looking at above-ground biomass, plants inoculated with MD soil 

communities did exhibit lower levels of growth compared to plants inoculated with UD or SD 

soils. The evidence of this pattern when looking at biomass could potentially be due to the large 

variation in leaf area and stem thickness that was not present within other plant species that we 

grew. Additionally, Fireweed is a robust perennial plant, which is known to tolerate a wide range 

of soil conditions. It is early successional and very commonly following vegetation disturbance 

(Dyrness, 1973; Pinno et al., 2014). Due to these factors, we speculated that fireweed would not 

be affected by the disturbance level of the inoculum.

We can attribute the changes in plant growth to the variation in microbial communities 

across the active layer of soil above the permafrost thaw gradient. We hypothesized that if the 

soil microbial communities were to change depending on the level of associated permafrost 

thaw, so would the growth of plants in that soil. Consistent with our hypothesis, plants 

(specifically bog blueberry, low-bush cranberry, Labrador tea, and fireweed) grown with 

microbial inoculum from MD soils exhibited lower growth than plants grown in soils with no 

added microbes or with inoculants from the UD or SD soils. These results were similar to a 

study performed by Schütte et al. (2019) on boreal plant species using microbial inoculums from 

thermokarst bogs (disturbed soils) and permafrost plateaus (undisturbed soil). Schütte et al. 

(2019) showed that bog blueberry and marsh-cinquefoil (Potentilla palustris) grew significantly 

worse when inoculated with soil microbes from thermokarst bogs than when inoculated by 

permafrost plateau soil microbes.
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We found no apparent relationship between black spruce growth and the initial soil 

microbial inoculant. While Schütte et al. (2019) found that biomass decreased black spruce 

when grown with inoculum from a thawed permafrost site, our results are consistent with 

Sniderhan and Baltzer (2016) analyzing the growth of black spruce across a lateral permafrost 

thaw gradient in Scotty Creek, Canada. They found that the lateral thaw rate of permafrost did 

not appear to be a driver of black spruce growth dynamics. Further, controlled warming 

experiments meant to simulate the quickly warming northern latitudes have shown that black 

spruce shoot length tends to increase with warming air and soil temperatures (Bronson et al., 

2009; Bronson and Gower, 2010). This suggests that while productivity of black spruce may be 

decreased in some thaw scenarios, overall abiotic factors may be having larger influences on 

black spruce productivity compared to biotic factors during climate warming events.

Previous studies using both culture-based and culture-independent approaches have 

been able to identify significant functional and taxonomic shifts in soil microbiomes resulting 

from various types of disturbance (Axelrood et al., 2002; Mendes et al., 2015; Van Nuland et al., 

2020). Variation in plant growth across treatments could largely be due to a change in 

representation from growth-promoting bacterial and fungal species to deleterious, pathogenic 

ones found in the soil microbiomes between treatment groups. Beneficial microbes in soil are 

known to enhance nutrient availability to plants, allowing for an increase in plant growth and 

productivity (Vimal et al., 2017). Common indicators of a neutral or healthy soil microbiome 

include wide array of bacterial phyla such as Proteobacteria, Acidobacteria, Actinobacteria, and 

Bacteriodetes, as well as and fungal phyla such as Glomeromycota (Fierer et al., 2005; Mendes 

et al., 2015; Ohsowski et al., 2014). Consistent with such a roll, and perhaps the most striking 

difference in microbial taxa between treatment groups, was the bacterial family Acidobactericae, 

which was largely overrepresented in UD soil communities. Acidobacteriaceae was also 

positively correlated with plant productivity measures of both blueberry and cranberry plants, 

two plants that showed significantly different growth responses between the different inoculant 
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groups. Members of the Acidobacteriacae are thought to be plant-promoters and degrade a 

variety of simple carbon compounds, such as those that are found in root exudates, which 

contribute to nutrient cycling and the support of a healthy rhizosphere (Kielak et al., 2016;

Campbell, et al., 2010). Other groups of bacteria that were found to be present at higher relative 

abundances in the UD soil cores compared to MD soils, including Bacillales which can form 

endospores and provide protection against and Enterobacterales, are both ubiquitous in soil 

microbiomes.

In contrast, the MD soil cores displayed a much higher relative abundance of bacteria 

from the family Comamonadaceae, a member of Proteobacteria, than either the UD or SD 

cores. Additionally, Comamonadaceae showed the strongest negative correlation with plant 

productivity of all identified biomarkers, indicating that members of this family may be driving the 

decrease in growth that we observed with blueberry, cranberry, and Labrador tea plants. 

Members of the family Comamonadaceae are known to exhibit pathogenic effects on a variety 

of plants, such as causing bacterial fruit blotch disease in agricultural settings (Burdman and 

Walcott, 2012; Schaad et al., 2008; Willems et al., 1991). Yang et al. (2020) and van der Voort 

et al. (2016) have also showed that soils stressed by drought and heat disturbance, 

respectively, were found to have overrepresented populations of known plant pathogens 

including members of Comamonadaceae and Erwiniaceae. Although few studies have looked at 

the effects of physical disturbances on microbiomes specifically in arctic or subarctic soils, in 

previous research we cultured and isolated bacterial strains belonging to Erwiniaceae from the 

FPES MD soil plot (Humphrey et al., 2019). It is possible that the higher presence of bacterial 

groups including known plant-pathogenic bacteria found in the MD soil microbiomes is leading 

to the decrease in associated plant growth, caused by a disruption in nutrient cycling and direct 

alterations to the plant rhizospheres.

Our results suggest that a decrease in plant growth can be linked to changes in the 

taxonomic makeup of microbial communities. These observed patterns are consistent with
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Schütte et al. (2019) and underline the importance of understanding plant-soil interactions post 

disturbance. Data from other disturbance gradients are needed test the generality of these 

observed patterns. Furthermore, long term studies at sites such as the Alaska Peatland 

Experiment within the Bonanza Creek LTER demonstrate the effects of permafrost thaw on 

plant communities, trace gas fluxes, microbial communities, and biogeochemical processes 

(Blazewicz et al., 2012; Euskirchen et al., 2014; Finger et al., 2016; Hultman et al., 2015; 

Klapstein et al., 2014; Mackelprang et al., 2011; Neumann et al., 2015, Rupp et al., 2019). It is 

important that more experimentation integrating microbial mechanisms driving plant growth are 

needed to understand the patterns we have observed.

Having an increased understanding of how microbial communities that reside above 

permafrost affect plant growth is important for predicting effects of permafrost thaw on plant 

communities and ecosystem health. Specifically, for potentially predicting effects on plants, such 

as bog blueberry, low-bush cranberry, and Labrador tea, that are relied on as common food 

sources for both humans and animals throughout the Northern regions. Although the links 

between soil microbial and plant communities are complex and rarely straight-forward, this 

study indicates that the variation in active layer soil microbiomes can have a strong effect on 

plant growth. This data point towards building an understanding of how shifting microbial 

communities may affect plant growth in the face of climate change causing thawing permafrost; 

specifically, growth of plants such as bog blueberry and low-bush cranberry, both plants integral 

to the diets and cultures of many people indigenous to Alaska. The results reported here 

demonstrate that soil microbes have the capability to alter plant growth in response to climate 

change, therefore highlighting the need for further research on the taxonomy and functionality of 

microbial communities residing above thawing permafrost.

22



1.5 References

Afgan, E., Baker, D., Batut, B., Van Den Beek, M., Bouvier, D., Ech, M., et al. (2018). The 

Galaxy platform for accessible, reproducible and collaborative biomedical analyses: 

2018 update. Nucleic Acids Res. 46, W537-W544. doi:10.1093/nar/gky379.

Axelrood, P. E., Chow, M. L., Arnold, C. S., Lu, K., McDermott, J. M., and Davies, J. (2002). 

Cultivation-dependent characterization of bacterial diversity from British Columbia forest 

soils subjected to disturbance. Can. J. Microbiol. 48, 643-654. doi:10.1139/w02-058.

Bever, J. D., Dickie, I. A., Facelli, E., Facelli, J. M., Klironomos, J., Moora, M., et al. (2010). 

Rooting theories of plant community ecology in microbial interactions. Trends Ecol. Evol. 

25, 468-478. doi:10.1016/j.tree.2010.05.004.

Blazewicz, S. J., Petersen, D. G., Waldrop, M. P., and Firestone, M. K. (2012). Anaerobic 

oxidation of methane in tropical and boreal soils: Ecological significance in terrestrial 

methane cycling. Journal of Geophysical Research: Biogeosciences 117. 

doi:10.1029/2011jg001864.

Bronson, D. R., and Gower, S. T. (2010). Ecosystem warming does not affect photosynthesis or 

aboveground autotrophic respiration for boreal black spruce. Tree Physiol. 30, 441-449. 

doi:10.1093/treephys/tpq001.

Bronson, D. R., Gower, S. T., Tanner, M., and Van Herk, I. (2009). Effect of ecosystem warming 

on boreal black spruce bud burst and shoot growth. Glob. Chang. Biol. 15, 1534-1543. 

doi:10.1111/j.1365-2486.2009.01845.x.

Burdman, S., & Walcott, R. O. N. (2012). Acidovorax citrulli: generating basic and applied 

knowledge to tackle a global threat to the cucurbit industry. Molecular plant pathology 

13, 805-815. doi: 10.1111/j.1364-3703.2012.00810.x.

Burkert, A., Douglas, T. A., Waldrop, M. P., and Mackelprang, R. (2019). Changes in the active, 

dead, and dormant microbial community structure across a pleistocene permafrost 

chronosequence. Appl. Environ. Microbiol. 85, 1-16. doi:10.1128/AEM.02646-18.

23



Campbell, B. J., Polson, S. W., Hanson, T. E., Mack, M. C., and Schuur, E. A. G. (2010). The 

effect of nutrient deposition on bacterial communities in Arctic tundra soil. Environ. 

Microbiol. 12, 1842-1854. doi:10.1111/j.1462-2920.2010.02189.x.

Chapin, F. S., Robards, M. D., Huntington, H. P., Johnstone, J. F., Trainor, S. F., Kofinas, G. P., 

et al. (2006). Directional changes in ecological communities and social-ecological 

systems: A framework for prediction based on Alaskan examples. Am. Nat. 168. 

doi:10.1086/509047.

Christensen, T. R., Johansson, T., Åkerman, H. J., Mastepanov, M., Malmer, N., Friborg, T., et 

al. (2004). Thawing sub-arctic permafrost: Effects on vegetation and methane emissions. 

Geophys. Res. Lett. 31. doi:10.1029/2003GL018680.

Coolen, M. J. L., and Orsi, W. D. (2015). The transcriptional response of microbial communities 

in thawing Alaskan permafrost soils. Front. Microbiol. 6, 1-14. 

doi:10.3389/fmicb.2015.00197.

Department of Natural Resources: Alaska Division of Geological and Geophysical Surveys 

(2020). Permafrost and Periglacial Hazards. Available online 

at: https://dggs.alaska.gov/hazards/permafrost.html (accessed July 25, 2020).

de Souza, R., Ambrosini, A., and Passaglia, L. M. P. (2015). Plant growth-promoting bacteria as 

inoculants in agricultural soils. Genet. Mol. Biol. 38, 401-419. doi:10.1590/S1415- 

475738420150053.

Douglas, T., Kanevskiy, M., Romanovsky, V., Shur, Y., and Yoshikawa, K. (2008). Permafrost 

Dynamics at the Fairbanks Permafrost Experimental Station Near Fairbanks, Alaska. 

Ninth International Conference on Permafrost. 373-378.

Du Toit, A. (2018). Permafrost thawing and carbon metabolism. Nat. Rev. Microbiol. 16, 519. 

doi:10.1038/s41579-018-0066-4.

Dyrness, C.T. (1973), Early Stages of Plant Succession Following Logging and Burning in the

Western Cascades of Oregon. Ecology, 54, 57-69. doi:10.2307/1934374.

24

https://dggs.alaska.gov/hazards/permafrost.html


Euskirchen, E. S., Edgar, C. W., Turetsky, M. R., Waldrop, M. P., and Harden, J. W. (2014). 

Differential response of carbon fluxes to climate in three peatland ecosystems that vary 

in the presence and stability of permafrost. Journal of Geophysical Research: 

Biogeosciences 119, 1576-1595. doi:10.1002/2014jg002683.

Fierer, N., Jackson, J. A., Vilgalys, R., and Jackson, R. B. (2005). Assessment of soil microbial 

community structure by use of taxon-specific quantitative PCR assays. Appl. Environ. 

Microbiol. 71, 4117-4120. doi:10.1128/AEM.71.7.4117-4120.2005.

Finger, R. A., Turetsky, M. R., Kielland, K., Ruess, R. W., Mack, M. C., and Euskirchen, E. S. 

(2016). Effects of permafrost thaw on nitrogen availability and plant-soil interactions in a 

boreal Alaskan lowland. Journal of Ecology 104, 1542-1554. doi:10.1111/1365- 

2745.12639.

Graham, D. E., Wallenstein, M. D., Vishnivetskaya, T. A., Waldrop, M. P., Phelps, T. J., Pfiffner, 

S. M., et al. (2012). Microbes in thawing permafrost: the unknown variable in the climate 

change equation. ISME J. 6, 709-712. doi:10.1038/ismej.2011.163.

Ho, A., Di Lonardo, D. P., and Bodelier, P. L. E. (2017). Revisiting life strategy concepts in 

environmental microbial ecology. FEMS Microbiol. Ecol. 93, 1-14. 

doi:10.1093/femsec/fix006.

Hultman, J., Waldrop, M. P., Mackelprang, R., David, M. M., Mcfarland, J., Blazewicz, S. J., et 

al. (2015). Multi-omics of permafrost, active layer and thermokarst bog soil microbiomes. 

Nature 521, 208-212. doi:10.1038/nature14238.

Humphrey, J., Seitz, T., Haan, T., Ducluzeau, A.-L., and Drown, D. M. (2019). Complete 

Genome Sequence of Pantoea agglomerans TH81, Isolated from a Permafrost Thaw 

Gradient. Microbiol. Resour. Announc. 8, e01486-18. doi:10.1128/mra.01486-18.

Jansson, J. K., and Hofmockel, K. S. (2018). The soil microbiome — from metagenomics to 

metaphenomics. Curr. Opin. Microbiol. doi:10.1016/j.mib.2018.01.013.

25



Johnstone, J. F., Hollingsworth, T. N., and Chapin III, F. S. (2008). A Key for Predicting Postfire 

Successional Trajectories in Black Spruce Stands of Interior Alaska. Gen. Tech. Report

Pacific Northwest Res. Station. USDA For. Serv., 1-44. Available at: 

http://www.treesearch.fs.fed.us/pubs/31457 .

Kielak, A. M., Cipriano, M. A. P., and Kuramae, E. E. (2016). Acidobacteria strains from 

subdivision 1 act as plant growth-promoting bacteria. Arch. Microbiol. 198, 987-993. 

doi:10.1007/s00203-016-1260-2.

Klapstein, S. J., Turetsky, M. R., Mcguire, A. D., Harden, J. W., Czimczik, C. I., Xu, X., et al. 

(2014). Controls on methane released through ebullition in peatlands affected by 

permafrost degradation. Journal of Geophysical Research: Biogeosciences 119, 418

431. doi:10.1002/2013jg002441.

Linell, K.A. (1973). Long-term effects of vegetative cover on permafrost stability in an area of 

discontinuous permafrost. National Academy of Sciences, National Research Council. 

Proceedings of Permafrost: North American contribution to the Second International 

Conference. 688-693.

Lu, J., Breitwieser, F. P., Thielen, P., and Salzberg, S. L. (2017). Bracken: Estimating species 

abundance in metagenomics data. PeerJ Comput. Sci. 2017, 1-17. doi:10.7717/peerj- 

cs.104.

Lutenberg, B., and Kamilova, F. (2009). Plant-Growth-Promoting Rhizobacteria. Annu. Rev. 

Microbiol. 63, 541-556. doi:10.1146/annurev.micro.62.081307.162918.

Mackelprang, R., Waldrop, M. P., Deangelis, K. M., David, M. M., Chavarria, K. L., Blazewicz, S. 

J., et al. (2011). Metagenomic analysis of a permafrost microbial community reveals a 

rapid response to thaw. Nature 480, 368-371. doi:10.1038/nature10576.

Mangan, S. A., Schnitzer, S. A., Herre, E. A., MacK, K. M. L., Valencia, M. C., Sanchez, E. I., et 

al. (2010). Negative plant-soil feedback predicts tree-species relative abundance in a 

tropical forest. Nature 466, 752-755. doi:10.1038/nature09273.

26

http://www.treesearch.fs.fed.us/pubs/31457


Mendes, L. W., Tsai, S. M., Navarrete, A. A., de Hollander, M., van Veen, J. A., and Kuramae, 

E. E. (2015). Soil-Borne Microbiome: Linking Diversity to Function. Microb. Ecol. 70, 

255-265. doi:10.1007∕s00248-014-0559-2.

Mondav, R., McCalley, C. K., Hodgkins, S. B., Frolking, S., Saleska, S. R., Rich, V. I., ... & Crill, 

P. M. (2017). Microbial network, phylogenetic diversity and community membership in 

the active layer across a permafrost thaw gradient. Environmental microbiology 19, 

3201-3218. doi: 10.1111/1462-2920.13809

Monteux, S., Weedon, J. T., Blume-Werry, G., Gavazov, K., Jassey, V. E. J., Johansson, M., et 

al. (2019). Correction: Long-term in situ permafrost thaw effects on bacterial 

communities and potential aerobic respiration. ISME J., 2140-2142. 

doi:10.1038/s41396-019-0384-1.

Natali, S. M., Schuur, E. A. G., and Rubin, R. L. (2012). Increased plant productivity in Alaskan 

tundra as a result of experimental warming of soil and permafrost. J. Ecol. 100, 488

498. doi:10.1111/j.1365-2745.2011.01925.x.

Neumann, R. B., Blazewicz, S. J., Conaway, C. H., Turetsky, M. R., and Waldrop, M. P. (2015). 

Modeling CH4 and CO2 cycling using porewater stable isotopes in a thermokarst bog in 

Interior Alaska: results from three conceptual reaction networks. Biogeochemistry 127, 

57-87. doi:10.1007/s10533-015-0168-2.

Ohsowski, B. M., Zaitsoff, P. D., Öpik, M., and Hart, M. M. (2014). Where the wild things are: 

Looking for uncultured Glomeromycota. New Phytol. 204, 171-179. 

doi:10.1111/nph.12894.

Pinno, B. D., Landhausser, S. M., Chow, P. S., Quideau, S. A., and MacKenzie, M. D. (2014). 

Nutrient uptake and growth of fireweed (Chamerion angustifolium) on reclamation 

soils. Canadian Journal of Forest Research 44, 1-7. doi: 10.1139∕cjfr-2013-0091.

27



Reynolds, H. L., Packer, A., Bever, J. D., and Clay, K. (2003). Grassroots ecology: Plant

microbe-soil interactions as drivers of plant community structure and dynamics. Ecology 

84, 2281-2291. doi:10.1890/02-0298.

Rupp, D., Kane, E. S., Dieleman, C., Keller, J. K., and Turetsky, M. (2019). Plant functional 

group effects on peat carbon cycling in a boreal rich fen. Biogeochemistry 144, 305-327. 

doi:10.1007/s10533-019-00590-5.

Schaad, N. W., Postnikova, E., Sechler, A., Claflin, L. E., Vidaver, A. K., Jones, J. B., et al. 

(2008). Reclassification of subspecies of Acidovorax avenae as A. Avenae (Manns 

1905) emend., A. cattleyae (Pavarino, 1911) comb. nov., A. citrulli Schaad et al., 1978) 

comb. nov., and proposal of A. oryzae sp. nov. Systematic and Applied Microbiology 31, 

434-446. doi:10.1016/j.syapm.2008.09.003.

Schütte, U. M. E., Henning, J. A., Ye, Y., Bowling, A., Ford, J., Genet, H., et al. (2019). Effect of 

permafrost thaw on plant and soil fungal community in a boreal forest: Does fungal 

community change mediate plant productivity response? J. Ecol. 107, 1737-1752. 

doi:10.1111/1365-2745.13139.

Schuur, E. A. G., Crummer, K. G., Vogel, J. G., and Mack, M. C. (2007). Plant Species 

Composition and Productivity following Permafrost Thaw and Thermokarst in Alaskan 

Tundra. Ecosystems 10, 280-292. doi:10.1007/s10021-007-9024-0.

Schuur, E. A. G., McGuire, A. D., Schadel, C., Grosse, G., Harden, J. W., Hayes, D. J., et al. 

(2015). Climate change and the permafrost carbon feedback. Nature 520, 171 -179. 

doi:10.1038/nature14338.

Schuur, E. A. G., and Mack, M. C. (2018). Ecological Response to Permafrost Thaw and 

Consequences for Local and Global Ecosystem Services. Annu. Rev. Ecol. Evol. Syst. 

49, 279-301. doi:10.1146/annurev-ecolsys-121415-032349.

28



Segata, N., Izard, J., Waldron, L., Gevers, D., Miropolsky, L., Garrett, W. S., et al. (2011). 

Metagenomic biomarker discovery and explanation. Genome Biol. 12, R60. 

doi:10.1186/gb-2011-12-6-r60.

Sniderhan, A. E., and Baltzer, J. L. (2016). Growth dynamics of black spruce (Picea mariana) in 

a rapidly thawing discontinuous permafrost peatland. J. Geophys. Res. Biogeosciences 

121, 2988-3000. doi:10.1002/2016JG003528.

Tripathi, B. M., Kim, M., Kim, Y., Byun, E., Yang, J. W., Ahn, J., et al. (2018). Variations in 

bacterial and archaeal communities along depth profiles of Alaskan soil cores. Sci. Rep. 

8, 1-11. doi:10.1038/s41598-017-18777-x.

van der Voort, M., Kempenaar, M., van Driel, M., Raaijmakers, J. M., and Mendes, R. (2016). 

Impact of soil heat on reassembly of bacterial communities in the rhizosphere 

microbiome and plant disease suppression. Ecol. Lett. 19, 375-382. 

doi:10.1111/ele.12567.

Van Nuland, M. E., Smith, D. P., Bhatnagar, J. M., Stefanski, A., Hobbie, S. E., Reich, P. B., et 

al. (2020). Warming and disturbance alter soil microbiome diversity and function in a 

northern forest ecotone. FEMS Microbiol. Ecol. 96. doi:10.1093/femsec/fiaa108.

Van Wees, S. C., Van der Ent, S., and Pieterse, C. M. (2008). Plant immune responses 

triggered by beneficial microbes. Curr. Opin. Plant Biol. 11, 443-448. 

doi:10.1016/j.pbi.2008.05.005.

Vimal, S. R., Singh, J. S., Arora, N. K., and Singh, S. (2017). Soil-Plant-Microbe Interactions in 

Stressed Agriculture Management: A Review. Pedosphere 27, 177-192. 

doi:10.1016/S1002-0160(17)60309-6.

Wei, Z., Gu, Y., Friman, V. P., Kowalchuk, G. A., Xu, Y., Shen, Q., et al. (2019). Initial soil 

microbiome composition and functioning predetermine future plant health. Sci. Adv. 5, 

1-12. doi:10.1126/sciadv.aaw0759.

29



Willems, A., De ley, J., Gillis, M., and Kersters, K. (1991). Comamonadaceae , a New Family 

Encompassing the Acidovorans. Int. jounal Syst. Bacteriol. 41, 445-450. 

doi:10.1099/00207713-41-3-445?crawler=true&mimetype=application/pdf.

Wood, D. E., Lu, J., and Langmead, B. (2019). Improved metagenomic analysis with Kraken 2. 

Genome Biol. 20, 1-13. doi:10.1186/s13059-019-1891-0.

Yang, L., Schroder, P., Vestergaard, G., Schloter, M., and Radl, V. (2020). Response of barley 

plants to drought might be associated with the recruiting of soil-borne endophytes. 

Microorganisms 8, 1-18. doi:10.3390/microorganisms8091414.

30



Figure 1.1 Overview of experimental design for the greenhouse plant growth experiment. Soil 
microbial inoculant was sourced from FPES soil cores and potting soil is a sterile mixture of 
vermiculite and ProMix.
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Bog Blueberry

Figure 1.2 Bog blueberry plant productivity measures. Plant height (mm) (A) and leaf count (B) 
at 184 days since planting. Above ground (C) and below ground (D) biomass after 1.5 years 
since planting. Boxplots represent median, and the upper and lower quartiles. Yellow circles 
represent mean value for each group. Tukey HSD post-hoc comparisons are denoted with 
lowercase letters above boxplots.
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Figure 1.3 Low-bush cranberry plant productivity measures. Plant height (mm) (A) and leaf 
count (B) at 184 days since planting. Above ground (C) and below ground (D) biomass after 1.5 
years since planting. Boxplots represent median, and the upper and lower quartiles. Yellow 
circles represent mean value for each group. Tukey HSD post-hoc comparisons are denoted 
with lowercase letters above boxplots. The box colors indicate microbial inoculant: undisturbed 
(UD) = blue, semi disturbed (SD) = yellow, most disturbed (MD) = red.
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Labrador Tea

Figure 1.4 Labrador tea plant productivity measures. Plant height (mm) (A) and leaf count (B) at 
184 days since planting. Above ground (C) and below ground (D) biomass after 1.5 years since 
planting. Boxplots represent median, and the upper and lower quartiles. Yellow circles 
represent mean value for each group. Tukey HSD post-hoc comparisons are denoted with 
lowercase letters above boxplots. The box colors indicate microbial inoculant: undisturbed (UD) 
= blue, semi disturbed (SD) = yellow, most disturbed (MD) = red.
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Fireweed

Figure 1.5 Fireweed plant productivity measures. Plant height (mm) (A) and leaf count (B) at 
121 days since planting. Above ground (C) biomass of plants after 165 days since planting. 
Boxplots represent median, and the upper and lower quartiles. Yellow circles represent mean 
value for each group. Tukey HSD post-hoc comparisons are denoted with lowercase letters 
above boxplots. The box colors indicate microbial inoculant: undisturbed (UD) = blue, semi 
disturbed (SD) = yellow, most disturbed (MD) = red.
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Figure 1.6 Black spruce plant productivity measures . Plant height (mm) (A) and leaf count (B) 
at 184 and 121 days since planting, respectively. Above ground (C) and below ground (D) 
biomass after 1.5 years since planting. Boxplots represent median, and the upper and lower 
quartiles. Yellow circles represent mean value for each group. Tukey HSD post-hoc 
comparisons are denoted with lowercase letters above boxplots. The box colors indicate 
microbial inoculant: undisturbed (UD) = blue, semi disturbed (SD) = yellow, most disturbed (MD) 
= red.
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Figure 1.7 Heat maps of the relative abundances of bacterial phyla (A), families (B), and genera 
(C) identified at relative abundances > 1% per soil core (columns). The top row signifies the 
level of (FPES) soil disturbance of each core: UD = blue, SD = yellow, MD = red.
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Figure 1.7 Continued.
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(A) Acidobacteriaceae

(B) Comamonadaceae

Figure 1.8 Relative abundances of bacterial families, Acidobacteriaceae (A) and 
Comamonadaceae (B), per soil core. Soil line represents mean relative abundance per 
treatment group.
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Table 1.1 Pe arson's correlation estimates (r) between plant productivity and microbial community biomarkers______________
Blueberry Cranberry Labrador Tea Fireweed Black Spruce

Taxonomic
Rank

Taxa Log10 of
LDA value

Leaf 
Count

Height Leaf 
Count

Height Leaf 
Count

Height Leaf 
Count

Height Leaf 
Count

Height

Class Acidobacteriia 5.28 0.34 0.37 0.35 0.48 0.20 0.29 -0.05 0.22 -0.33 -0.03
Phylum Acidobacteria 5.28 0.33 0.37 0.25 0.49 0.20 0.29 -0.05 0.22 -0.33 -0.04

Order Acidobacteriales 5.27 0.34 0.37 0.34 0.47 0.19 0.28 -0.05 0.22 -0.32 -0.04

Family Acidobacteriaceae 5.27 0.34 0.37 0.34 0.47 0.19 0.28 -0.05 0.22 -0.32 -0.04

Class Betaproteobacteria 5.48 -0.43 -0.55 -0.53 -0.59 -0.45 -0.58 0.01 -0.25 0.24 0.02

Phylum Proteobacteria 5.84 -0.36 -0.41 -0.47 -0.56 -0.18 -0.35 -0.06 -0.25 0.20 0.04

Family Comamonadaceae 5.20 -0.48 -0.56 -0.49 -0.54 -0.47 -0.59 0.07 -0.23 0.26 0.03

Order Burkholderiales 5.44 -0.42 -0.54 -0.51 -0.58 -0.43 -0.57 0.04 -0.21 0.23 0.03

Class Deltaproteobacteria 4.65 -0.45 -0.53 -0.55 -0.54 -0.42 -0.54 -0.10 -0.31 0.31 -0.07

Order Micromonosporales 4.50 -0.46 -0.51 -0.57 -0.52 -0.44 -0.48 0.04 -0.12 0.50 -0.09

Family Micromonosporaceae 4.50 -0.46 -0.51 -0.57 -0.52 -0.44 -0.48 0.04 -0.12 0.50 -0.09

Order Propionibacteriales 4.35 -0.40 -0.48 -0.53 -0.53 -0.33 -0.41 0.01 -0.21 0.35 0.00

Order Myxococcales 4.48 -0.46 -0.56 -0.51 -0.51 -0.35 -0.49 -0.04 -0.25 0.26 -0.02

Pearson correlation estimates (r): bold indicates significance with a P value < 0.05. Log10 of LDA values: blue = overrepresented in 
UD communities, red = overrepresented in MD communities.



Chapter 2: Unearthing Shifts in Microbial Communities Across a Soil Disturbance Gradient2 

Abstract

2 Seitz, T. J., Schütte, U. M. E., and Drown, D. M. (2021). Unearthing Shifts in Microbial Communities Across a Soil
Disturbance Gradient. Microbiology doi:10.1101/2021.07.28.454095.

Permafrost, an important source of soil disturbance, is particularly vulnerable to climate 

change in Alaska where 85% of the land is underlain with discontinuous permafrost. Boreal 

forests, home to plants integral to subsistence diets of many Alaska Native communities, are not 

immune to the effects of climate change. Soil disturbance events such as permafrost thaw, 

wildfires, and land use change can influence abiotic conditions which can then affect active 

layer soil microbial communities. Previously, we found negative effects on boreal plants 

inoculated with microbes impacted by soil disturbance compared to plants inoculated with 

microbes from undisturbed soils. Here, we identify the key shifts in microbial inoculant 

communities altered by soil disturbance using 16S rRNA amplicon sequencing as well as 

changes in potential functional mechanisms that influence plant growth using long read 

metagenomics. Across our soil disturbance gradient, microbial communities differ significantly 

based on the level of soil disturbance. Consistent with previous results, the family 

Acidobacteriaceae, which consists of known plant promoters, was abundant in undisturbed soil, 

but practically absent in most disturbed soil. In contrast, Comamonadaceae, a family with known 

agricultural pathogens, was overrepresented in most disturbed soil communities compared to 

undisturbed. Within our metagenomic data, we found that soil disturbance level drives 

differences in microbial community function. These results indicate that a decrease in plant 

growth can be linked to changes in the community and functional composition driven by soil 

disturbance and climate change. Together these results build a genomic understanding of how 

shifting soil microbiomes may affect plant productivity and ecosystem health as the Arctic 

warms.
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2.1 Introduction

Across the sub-arctic and arctic regions, the warming climate is rapidly affecting Alaska's 

ecosystems through shifts in disturbance regimes, including increased fire and permafrost thaw 

(Chapin et al., 2008; Chasmer and Hopkinson, 2017; Johnstone et al., 2010; Schuur et al., 

2015). Boreal forests, which represent 90% of the world's forests, are a complex mosaic of 

coniferous trees and peatlands (Wolken et al., 2011). Much of the boreal forests across Alaska 

are underlain by discontinuous permafrost that is not immune to the pressures of climate 

change. Permafrost thaw is associated with direct and indirect changes in plant communities 

due to significant shifts in soil hydrology which in turn affect nutrient availability and carbon 

dynamics (Inglese et al., 2017; Schütte et al., 2019; Schuur et al., 2007; Sewell et al., 2020; 

Yang et al., 2013), yet the biotic mechanisms contributing to plant community shifts remain 

largely unexplored.

In 2011, Mackelprang et al. showed that permafrost thaw leads to rapid changes in 

community composition and function, including shifts in several genes involving nitrogen and 

carbon cycling in response to permafrost thaw. They found that during a thaw event, community 

function within permafrost quickly converged to active layer function (Mackelprang et al., 2011). 

Consistent with the pattern of permafrost thaw affecting soil microbial communities, in 2017 

Inglese et al. found that active layer detachments, a form of permafrost disturbance, significantly 

affect fungal and Archaeal community composition of the active layer. They observed greater 

proportions of Nitrososphaerales, an ammonia oxidizing Archaea, in disturbed communities 

compared to undisturbed, again indicating a shift in nitrogen cycling following permafrost thaw. 

Within fungal communities, Ingleses et al. (2017) saw a large decrease in Ascomycota in 

disturbed soils compared to a greater abundance of ericoid mycorrhizal species in undisturbed 

communities which are often found associated with arctic plant species. They suggest that both 

the increase of ammonia-oxidizing Archaea and the reduction in hyphal fungi could exacerbate 

further permafrost thaw and landscape change in the arctic.
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While we are gaining more indirect evidence that soil microbial communities are affected 

by permafrost thaw, it is important to understand changes in the active layer above permafrost 

where plant-interactions are occurring in the rhizosphere. There is significant evidence that 

suggests soil microbial communities play a critical role in driving plant community shifts through 

facilitating nutrient exchange (Bakker et al., 2013), signaling defense or symbiotic responses 

(Jones et al., 2016), and pathogenic infestations (Hacquard et al., 2017). Increasing our 

understanding of the relationship between active layer soil microbial communities and soil 

disturbance events, specifically those resulting in deep permafrost thaw including high 

temperature wildfires, is crucial in the face of the pressures of climate change in the Arctic. In 

Seitz et al. (2021) we observed differences in plant growth associated with microbes from a 

disturbance gradient. Evidence there suggested that microbes from disturbed soils associated 

with deep permafrost thaw negatively impacted the productivity of several plants commonly 

found in boreal ecosystems. In Chapter 1 of this study, we found broad scale correlations 

between the bacterial family Comamonadaceae and a decrease in plant growth of plants 

commonly found in boreal forests.

However, that analysis of the soil microbial communities was based on metagenomic 

sequencing, and we wanted to use a method more comparable to other environmental soil 

microbiome studies (i.e., 16S rRNA amplicon sequencing). Given that studies have 

demonstrated soil microbial community function shifts with disturbance (Choi et al., 2017; 

Mackelprang et al., 2011; Santillan et al., 2019), we also aimed to use previously collected 

metagenomic data to identify any shifts in function that may be leading to the decrease in plant 

productivity observed in Chapter 1 (Seitz et al., 2021). To further develop our understanding of 

the potential impacts of soil disturbance events, including permafrost thaw, we analyzed 

whether within disturbance level variation can predict the growth of plants from an earlier growth 

experiment described in Seitz et al. (2021). We hypothesized that within bacterial community 

diversity will increase with disturbance, and that between community diversity will shift as well.
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In this study, we evaluated how microbial communities from soils that were subjected to a 

gradient of physical disturbances were affected based on the intensity of the original 

disturbance event, and whether microbial community variation can be used to predict plant 

growth. To do this we generated community composition data which we then tested for shifts in 

community diversity and composition.

2.2 Methods

2.2.1 Sample site description

The soil samples we collected and used for this study were previously described in 

Chapter 1 (Seitz et al., 2021). We collected samples from interior Alaska from the Fairbanks 

Permafrost Experiment Station (FPES; 64.877°N, 147.670°W). This forested site was 

established and disturbed in 1946 as part of the US Army Corps of Engineers Cold Regions 

Research and Engineering Laboratory, which aimed to simulate and study how disturbance 

events influence the ecology of the boreal forest. FPES contains three, 3,721 m2 Linell plots, 

described in Linell et al. (1973) of varying degrees of soil disturbance. When FPES was 

established, the first plot, referenced as undisturbed (UD), was left untouched. The second plot 

(semi-disturbed, SD) was cleared of all above ground vegetation and trees, while roots and 

organic soil layers stayed undamaged. The third plot (most disturbed, MD) was stripped entirely 

of surface level vegetation and organic material until the mineral soil was reached. Throughout 

the following 25 years, permafrost in the SD plot degraded to 4.7 m below the surface soils, and 

the permafrost in the MD plot degraded down to 6.7 m below the surface.

FPES is an example of a Taiga boreal forest found in subarctic regions across the world. 

The untouched UD plot is characterized by a thick covering of black spruce (Picea Mariana) with 

white spruce (Picea glauca) scattered throughout. The UD understory is largely dominated by 

low-bush cranberry (lingonberry, Vaccinium vitis-idaea) and Labrador tea (Rhododendron 

groendlandicum), and the ground is continuously covered with Sphagnum and feather moss, 
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and lichen. The SD plot is characterized by a highly mixed stand of black spruce, white spruce, 

Alaskan birch (Betula neoalaskana), and willow (Salix spp.). SD trees are taller than those in the 

MD plot which is characterized by young willow, black spruce, and Alaskan birch (Douglas et al., 

2008).

2.2.2 Sample collection and DNA sequencing

To assess how soil microbial communities are shifting based on previous soil 

disturbance, we collected a total of 48 soil samples on 28 May 2018, with 16 each from UD, SD, 

and MD plots. The collection of these cores and their original use was described in Seitz et al. 

(2021). In brief, we extracted cores from a selection of quadrats throughout each disturbance 

plot to sample the within disturbance level heterogeneity. Using sterile technique, we removed 

the top layer of moss at each sampling point and then collected the top layer of soil using a 4.5 

cm diameter by 10 cm height soil corer. We stored samples in a cooler throughout the duration 

of sample collection before they were transported back to the lab. After the samples arrived at 

the lab, we mechanically homogenized each individual soil core and stored them at 4°C.

After homogenizing each soil sample, we extracted DNA from 0.25 g of soil using the 

Qiagen PowerSoil Kit (Qiagen Inc., USA) according to the manufacturer's instructions. We then 

checked the quality and concentration of DNA using a NanoDrop One spectrophotometer 

(ThermoFisher Science, USA) and a Qubit 4.0 fluorometer (Fisher Science, USA).

2.2.3 PCR and 16S rRNA amplicon sequencing and analyses

After extracting DNA, we performed a 1:10 dilution of all samples to be used for PCR. 

We amplified the V4 region using dual-indexed 515F (Parada et al., 2016) and 806R (Apprill et 

al., 2015) primers following the EMP PCR protocol (https://earthmicrobiome.org/protocols-and- 

standards/16s/) to be used for 16S rRNA gene amplicon analysis. Following the first round of 

amplification, we used gel electrophoresis to determine the presence of PCR products. We ran 

duplicate PCR reactions and then pooled the two reactions for each unique sample. The 
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amplicons were then sequenced on an Illumina MiSeq using v3 reagents at the Institute of 

Arctic Biology Genomics Core Lab.

Upon obtaining the 16S rRNA amplicon data, we first demultiplexed all reads using

Mr_Demuxy (version 1.2.0, https://pypi.org/project/Mr Demuxy/1.2.0/). We then processed and 

analyzed the paired-end, demultiplexed reads using the Quantitative Insights into Microbial 

Ecology (QIIME2) framework (version 2020.8.0). We used the QIIME 2 plugin DADA2 

(https://benjjneb.github.io/dada2/index.html ) to obtain a table of representative sequences and 

frequencies, remove low quality regions of reads, and to merge our paired reads for further 

processing. We next clustered sequences at 99% identity using the closed reference strategy 

against the SILVA SSU 138 reference database (Quast et al., 2012) through the VSEARCH 

plugin. After clustering, we assigned taxonomy with the QIIME 2 taxonomy classifier plugin 

(Bokulich et al., 2018) using a Naïve Bayes classifier pre-trained on the Silva 138 99% OTUS 

(515F/806R region). We constructed a rooted phylogenetic tree from representative sequences 

using the QIIME 2 alignment plug in and then calculated microbial diversity metrics. We next 

filtered out any chimeric, mitochondrial, and chloroplast reads from our samples using the 

QIIME 2 plugin feature table.

2.2.4 Amplicon Statistical analyses

All statistical analyses performed in R utilized version 3.6.1. After obtaining our filtered 

feature table, we used qiime2R (version 0.99.35) to import our QIIME 2 data and artifacts into R 

Studio. We converted our taxonomic data into a phyloseq (version 1.30.0) object and filtered out 

one sample with low sampling depth (less than 14377 reads). We transformed our data into 

relative abundance measures. We used vegan (version 2.5.7, 

https://github.com/vegandevs/vegan/) to calculate alpha diversity metrics (Pielou's evenness 

and Faith's phylogenetic diversity). We visualized our results with ggplot2 (version 3.3.3).

46

https://pypi.org/project/Mr_Demuxy/1.2.0/
https://benjjneb.github.io/dada2/index.html
https://github.com/vegandevs/vegan/


To test the significance of overall differences between UD, SD, and MD soil 

communities, we calculated the Bray-Curtis similarity index to compare community beta 

diversity using amplicon sequence variants (ASVs). We tested the effects of disturbance on 

community composition using the Permutational Multivariate Analysis of Variance 

(PERMANOVA) using the “adonis” function in vegan (10,000 permutations). We visualized beta 

diversity differences using nonmetric dimensional scaling (NMDS) and ggplot2.

To visualize community membership across soil samples and taxonomic levels, we 

generated heatmaps using the R package gplots (version 3.1.1). At the phylum level, we filtered 

out any phyla that were not present in samples at higher than 1% relative abundance. When 

visualizing at the family level, we filtered out any family that was present at a maximum 

abundance of less than 5% across all samples.

We generated community functional predictions from the 16S rRNA amplicon data by 

using Phylogenetic Investigation of Communities by Unobserved States (PICRUSt2) (Langille et 

al., 2013). We utilized the q2-picrust2 QIIME 2 plugin. We exported the table of KEGG 

Orthology predictions and imported them into R. We calculated Bray-Curtis distance and 

ordinated using NMDS in vegan to compare predicted community function across disturbance 

levels.

To examine the relationship between microbial inoculants and resulting plant productivity 

Seitz et al. (2021) observed in their growth experiment, we utilized linear regression with the lm 

function in R (R Core Team, 2019). Since the first NMDS axis from our 16S rRNA amplicon 

analysis describes microbial community variation across soil disturbance level, we extracted the 

scores from the axis of variation, NMDS1 (Figure 2.2), to test whether community variation 

within disturbance level explains leaf count and plant height from Seitz et al. (2021). For 

example, for bog blueberry plants I performed linear regression using MD community variation 

NMDS scores and plant height as the growth measure. We repeated the regression using SD 

and then UD scores. We conducted this series of analyses for each plant type and growth 
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measure (height and leaf count). We then adjusted p-values using the Benjamini-Hochberg 

method with a false discovery rate of 0.25 on the basis that follow up studies are relatively low 

cost. (Benjamini and Hochberg, 1995). We then used ggplot2 (version 3.3.3) to visualize 

significant relationships between plant productivity and microbial community variation within 

each soil disturbance level.

2.2.5 Functional analysis

We performed community functional analyses on previously collected metagenomic data 

from our soil cores described in Seitz et al. 2021 (ENA Project: PRJEB42020). We utilized the 

MEGAN-LR (long read) pipeline (Huson et al., 2018) following the parameters described by 

Arumugam et al. (2019). MEGAN-LR is a tool that performs both taxonomic and functional 

community classification. Briefly, this pipeline aligns long reads against an NCBI-nr database 

using DIAMOND (Buchfink et al., 2015) by performing a frame-shift aware DNA-to-protein 

alignment. The alignments are then processed by MEGAN using an LCA-based algorithm for 

taxonomic binning and an interval-tree based algorithm for functional binning.

Following functional classification via MEGAN-LR, we utilized the MEGAN comparison 

function to normalize read counts and compare functions across samples. We then extracted 

the EGGNOG-COG functions into a matrix. We calculated community diversity metrics using the 

vegan R package (version 2.5.7, https://github.com/vegandevs/vegan/) and visualized beta 

diversity of COG functions using nonmetric dimensional scaling (NMDS) using ggplot (version 

3.3.3). We tested the effects of disturbance level through a PERMANOVA using the “adonis” 

function of vegan. To identify potential functional indicators of each disturbance level (UD, SD, 

MD) we used the R package indicspecies (version 1.7.9). In this application, indicator species 

analysis is using indices of a gene's or taxon's (in this case gene) relative abundance and their 

occurrence to estimate the strength of its association with specific groups (in this instance soil 

disturbance level). For the indicator analysis, we used only the identified Clusters of
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Orthologous Groups (COGs) that were identified via MEGAN-LR. Within indicspecies we used 

the function “multipatt” to determine a list of COGs that are significantly associated with each 

disturbance level. We specified 999 random permutations. We visualized the results using the R 

package gplots (version 3.1.1).

2.3 Results

2.3.1 Microbial community composition differs based on soil disturbance level

We identified a total of 17,005 ASVs within the 47 retained samples with a feature count 

ranging from 14,076 to 66,994, and a mean feature count of 50,943. After filtering out ASVs that 

were not seen more than three times in at least 20% of samples, we detected 1005 ASVs. 

Using the filtered ASV data, we compared both alpha and beta diversity to test for differences in 

bacterial community across soil disturbance level. We found alpha diversity increased 

significantly within communities as the level of soil disturbance increased (Figure 2.1). The 

comparisons using a Kruskal-Wallis test revealed that the Faith's Phylogenetic Diversity within 

MD soil communities was significantly higher than both SD and UD communities (Table 2.1). 

We also found that Pielou's Evenness did not differ significantly between MD and SD 

communities, but did increase from UD to MD and SD soils.

We found that microbial community composition differed significantly across the three 

soil disturbance levels (Figure 2.2; PERMANOVA F2,44 = 28.682, p < .001). Communities cluster 

based on disturbance level along the first axis. The cluster for MD communities is distinct from 

both SD and UD communities, while SD and UD communities display some overlap. We did not 

observe any variation in axis 2 separating the disturbance level groups.

Across all three disturbance levels, we observed shifts in community membership and 

abundances. We identified 11 phyla that were present at maximum abundances greater than 

5% within all samples. Out of those 11 phyla, Proteobacteria was the most abundant phylum, 
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present at mean relative abundances of 40.7% (range 25.2 - 58.8%) in UD, 36.1% (range 27.5 

- 43.8%) in SD, and 38.0% (range 29.9 - 46.4%) in MD soil communities. Looking further at the 

taxonomic composition of the soil communities, we found 17 groups classified to the family level 

that were present at maximum abundances greater than 5% (Figure 2.3). Of those, 

Acidobacteriaceae was the most abundant family in UD, present at a mean relative abundance 

of 16.5% (range 5.46 - 24.7%) compared to a mean of 0.33% (range 0.00 - 3.21%) in MD 

communities. The most abundant families found in MD communities were Comamonadaceae 

and Nitrosomonadaceae, both Proteobacteria, present at mean relative abundances of 3.33% 

(range 2.0 - 5.7%) and 6.53% (range 3.8 - 10.3%), respectively. Within UD communities 

Comamonadaceae and Nitrosomonadaceae were present at mean relative abundances of 

0.28% (range 0.03 - 1.57%) and 0.05% (range 0.00 - 0.51%), respectively. We identified 

uncultured or unclassified taxonomic groupings within all samples. Within the phylum

Acidobacteria we found Subgroup 2 and “uncultured” bacteria, and we also found WD260, a 

group of uncultured bacteria belonging to the phylum Proteobacteria, to be present at maximum 

relative abundances greater than 5% throughout our samples.

2.3.2 Microbial community variation as a predictor for plant growth

Following observing significant changes in microbial community diversity depending on 

the level of FPES soil disturbance, we sought to determine whether within disturbance level 

community variation could predict the growth of plants from an earlier experiment described in 

Seitz et al. (2021). Within each disturbance level we regressed the productivity measures 

(height or leaf count) against the NMDS1 values for each corresponding microbial community 

used as an inoculant in Chapter 1 (Seitz et al., 2021). We observed significant negative linear 

relationships between MD microbial community variation and plant growth within bog blueberry 

height, low-bush cranberry height and leaf count, and Labrador tea height and leaf count (Table 

2.2; Figure 2.4: A, D, E, and F). Within disturbance level variation was present for bog 
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blueberry, low-bush cranberry, and Labrador tea plants grown with MD microbes, for as 

microbial communities became more extreme and more positive along the NMDS1 axis 

(NMDS1 > 0.5), plant growth continued to decrease. Variation within SD and UD communities 

was not a significant predictor of height or leaf count in any plant species with the exception of 

black spruce (height) from Seitz et al. (2021) (Table 2.2).

2.3.3 Differences in community function based on soil disturbance level

To compare the diversity of community functions across the three levels of soil 

disturbance at FPES, we first inferred gene function from the 16S rRNA amplicons using 

PICRUSt2. We found that predicted community function varies significantly based on the FPES 

disturbance level, with MD communities clustering distinctly from the SD and UD communities 

along the first axis (Figure S2.1, PERMANOVA F2,45 = 0.17433, p = .001). To test this prediction, 

we compared the observed EggNOG (evolutionary genealogy of genes: Non-supervised 

Orthologous Groups) annotations from our metagenomic data. We identified 2891 clusters of 

orthologous genes (COGs) and 7,980 non-supervised orthologous groups across all samples. 

Using Bray-Curtis distances and a PERMANOVA analysis, we found that community function 

varies significantly based on the level of soil disturbance (Figure 2.5, PERMANOVA F2,44 = 

0.17431, p = .001).

To identify specific functions that are characteristic of the three levels of soil disturbance, 

we performed an indicator analysis on the observed genomic functions of our microbial 

communities. The indicator analysis revealed a total of 74 significant COGs across all three 

FPES levels, with 45 MD, 17 SD, and 12 UD indicators. After further filtering for a higher 

specificity (A ≥ 0.8) and sensitivity (B ≥ 0.5), we found 14 COG indicators, with 11 belonging to 

MD, two SD, and one UD (Figure S2.2, Table 2.3). Within the indicator COGs we identified a 

variety of clusters including those encoding for a cell-wall degrading enzyme, disulfide 

reductases, and a nitrate reductase.
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2.4 Discussion

Supporting our hypothesis that soil disturbance drives community shifts, we found that 

bacterial community composition significantly differed with level of soil disturbance (Figures 2.1 

and 2.2). We observed low within disturbance level diversity and strong structure of 

communities between levels. We also detected significant increases in alpha diversity with 

increases in soil disturbance. This is a phenomenon that is observed within many ecosystems 

subject to many different types of disturbance, suggesting that disturbance promotes diverse 

communities due to the creation of new niches within the environment (Galand et al., 2016; 

Violle et al., 2010).

Our findings of microbial community diversity increasing with disturbance are consistent 

with long-term (Feng et al., 2020) and short-term (Lulakova et al., 2019) studies of the effects of 

warming soils and permafrost thaw on active layer bacterial communities. Feng et al. (2020) and 

Luláková et al. (2019) both saw alpha diversity measures significantly increase as topsoil 

temperatures increased. This trend of alpha diversity increasing along with soil disturbance has 

also been demonstrated in soils from a variety of land and forest types that have been subject to 

physical disturbances such as logging, agricultural conversion, and fires (Chatterjee et al., 2008; 

de Carvalho et al., 2016; Shen et al., 2016; Zhou et al., 2018). The physical soil disturbance and 

resulting deep permafrost thaw that the MD level plot underwent has created a heterogenous 

landscape (Douglas et al., 2008), which may be contributing to this increased diversity by 

affecting the ecological niches and competition ability of bacteria for resources, similar to what 

can occur after forest fires (Shen et al., 2016).

The lower community evenness that we observed within our UD communities may be 

due to the high relative abundances of Acidobacteria, compared to our MD and SD 

communities. When ASVs were grouped at the family level, Acidobacteriaceae was the most 

abundant bacterial family within the UD communities, compared to being nearly absent in MD 

communities. Members of Acidobacteriaceae are typically found to be present at higher 
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abundances in acidic soils that are carbon poor (Kielak et al., 2016; Osburn et al., 2019). In 

contrast, Nitrosomonadaceae, a copiotrophic bacterial family of ammonia oxidizers, was found 

to be the most abundant family within the MD soil communities, followed by Comamonadaceae. 

Nitrosomonadaceae are ammonia oxidizing bacteria (AOB) that are commonly found in carbon- 

rich environments such as wastewater and soils (Prosser et al., 2014). An increase of 

copiotrophic bacteria with disturbance is consistent with the body of literature (Masse et al., 

2017; Mickan et al., 2019; Osburn et al.,2019). Masse et al. (2017) previously detected that 

oligotrophic bacteria, such as Acidobacteriaceae, were more abundant in natural boreal forest 

soils, compared to soils that were reclaimed or reconstructed after disturbance which displayed 

higher abundances of copiotrophic bacteria.

Connecting back to our previous work described in Seitz et al. (2021), we found that the 

variation in microbial communities across soil disturbance is a significant predictor of plant 

productivity measures for bog blueberry (Vaccinium uliginosum), low-bush cranberry (Vaccinium 

vitis-ideae), and Labrador Tea (Rhododenron groenlandicum) plants. Specifically, we can 

predict that plants inoculated with a microbial community indicative of the most extreme 

disturbance, will demonstrate decreased growth compared to plants inoculated with 

communities from less disturbed soils. This significant relationship between microbial 

community variation and plant productivity was observed within plants inoculated with MD 

microbes, whereas we saw no significant relationships between plants inoculated with SD or UD 

microbes and community variation. This suggests that there is a threshold effect occurring 

across the disturbance levels, and that soil microbial communities subject to disturbance 

resulting in permafrost thaw may not have the capacity to influence plant productivity of these 

boreal species until affected by an event of large enough magnitude. This microbial threshold 

we are observing could potentially be linked to a disturbance threshold of deep permafrost thaw. 

Over the past 20 years, researchers have observed accelerated permafrost thaw within the 

northern boreal Taiga plains likely due to a combination of hydro-climactic changes and 
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increases in annual air temperatures (Chasmer and Hopkinson, 2017; Jorgenson et al., 2006; 

Lara et al., 2016). As permafrost thaw is accelerated and other disturbance events are 

increasing in the artic, we may start to observe the effects through changes in soil microbial 

communities and plant productivity.

Following analysis using the hypothesis generating tool, PICRUSt2, we predicted that as 

microbial communities shift with disturbance, so will the observed functional community. Using 

the metagenomic sequencing data, we identified functional indicators across all our FPES sites 

representative of each level of soil disturbance, with most indicators belonging to MD soils. The 

gene cluster with the highest specificity within MD is COG3940, which encodes for alpha-N- 

arabinofurandase (ABF). ABFs are mainly extracellular enzymes that degrade lignocelluloses 

and cell walls (De loannes et al., 2000; Numan and Bhosle, 2006), and have been shown to 

play a role in triggering plant immune responses. In 2016, Wu et al. found that a novel ABF 

plays a critical role in the pathogenicity of the fungal pathogen, Magnaporthe oryzae, that 

causes rice blast disease. The secreted ABF degrades cell walls, further leading to a decrease 

in productivity in infected plants (Wu et al., 2016). The presence of a gene cluster encoding for 

alpha-N-arabinofurandase in our MD communities provides a possible mechanism behind the 

decrease in plant productivity demonstrated in Seitz et al. (2021), yet further studies involving 

gene expression and enzyme activity would be required to identify if this is part of a mechanism 

at play.

The critical gene involved in ammonia oxidization (amoA; Βárta et al., 2017; Prosser et 

al., 2014) was present across all our sample communities, however this gene cluster was not 

identified as a functional indicator of MD communities where Nitrosomonadaceae were very 

abundant. Curiously, we identified COG1140, a gene cluster encoding for a nitrate reductase 

beta subunit, to be a highly specific and significant indicator of MD soil communities. Nitrate 

losses within soils have long been known to follow disturbance events in forests such as fire, 

disease, or clear cutting (Hobara et al., 2001; Neary et al., 1999; Pardo et al., 2011; Vitousek et 
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al. 1979). This potential loss of available nitrate could be part of the mechanism at play in the 

reduced plant productivity that Seitz et al. (2021) observed within plants grown in MD 

community inoculated soils.

As climate change and anthropogenic-driven soil disturbance events including wildfires 

(Calef et al., 2008; Chapin et al., 2008; Partain et al., 2016) and permafrost thaw (Chasmer and 

Hopkinson, 2017; Jorgenson et al., 2006; Lara et al., 2016) are increasing across the north, we 

need to continue to study how disturbance influences the microbiomes of active layer soils that 

are both directly and indirectly involved in mediating plants within boreal forests. In this study, 

we show that active layer soil microbial communities are influenced by the initial disturbance 

event and permafrost thaw at FPES, however we cannot conclude which specific environmental 

factors are associated with community shifts. We observed significant shifts in microbial 

community variation, as well as microbial community function. Our evidence for microbial 

community variation being a significant predictor of plant productivity in response to soil 

disturbance and permafrost that suggests that this effect will occur once a threshold level of 

disturbance is reached. These consistent effects of disturbance on active layer microbial 

communities, combined with the knowledge of how they in turn can affect plant productivity 

(Seitz et al., 2021), highlight the need for more research into how on-going and future 

disturbance events will influence the ecological dynamics in boreal forests.
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Figure 2.1 Boxplots of (A) Faith's Phylogenetic Diversity and (B) Pielou's Evenness.
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Figure 2.2 NMDS based on Bray-Curtis dissimilarity distances showing the differences in beta 
diversity between UD, SD, and MD soil communities. Points colored by the level of FPES soil 
disturbance with blue = UD (n = 16), gold = SD (n = 15), and red = MD (n = 16).
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Figure 2.3 Heatmap of bacterial families present at maximum abundances greater than 5%. Each row corresponds to a family, and 
each column corresponds to an individual soil core community. The top row signifies the level of soil disturbance of each core with 
blue = UD (n = 16), gold = SD (n = 15), and red = MD (n = 16). The rows are clustered by Bray-Curtis distance and the color of each 
box displays the relative abundance of the taxon within that core.



Figure 2.4 Scatterplots showing the effects of microbial community variation and plant 
productivity (16S rRNA amplicon NMDS1 and height/leaf count) of bog blueberry (A, B), low- 
bush cranberry (C, D), and Labrador tea (E, F). Each point represents a soil community, colored 
by the level of FPES soil disturbance with blue = UD (n = 16), gold = SD (n = 15), and red = MD 
(n = 16). Solid lines represent a significant linear relationship.
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Figure 2.5 NMDS of Bray-Curtis dissimilarity distances of community function. Functions based 
on MEGAN-LR EGGNOG COG classifications. Points colored by the level of FPES soil 
disturbance with blue = UD (n = 16), gold = SD (n = 15), and red = MD (n = 16).
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Table 2.1 All groups and pairwise comparison of alpha diversity by Kruskal-Wallis
Group 1 Group 2 H-value P-value q-value

Evenness MD SD 2.626562 0.105089 0.105089
UD 21.840909 0.000003 0.000007

SD UD 21.025 0.000005 0.000007
All groups 30.194481 2.78E-07

Faith's PD MD SD 17.226562 0.000033 0.00005
UD 23.272727 0.000001 0.000004

SD UD 16.25625 0.000055 0.000055
All groups 35.637824 1.83E-08

* Bold denotes significance of p < 0.05.
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Table 2.2 Results from linear models of plant growth measures predicted by 16S NMDS1
Plant FPES 

level
Growth 
measure

Estimate Standard 
Error

t value p value BH adjusted 
p value

BB UD height 47.4 39.0 1.21 .246 .486
SD height 27.0 23.0 1.17 .264 .486
MD height -83.5 36.7 -2.27 .041 .244
UD leaf count 13.4 36.4 0.37 .719 .719
SD leaf count 14.6 14.3 1.02 .329 .486
MD leaf count -21.9 25.5 -0.86 .405 .486

CB UD height 23.8 37.9 0.63 .542 .542
SD height -17.6 12.1 -1.45 .172 .344
MD height -38.5 18.6 -2.07 .06 .181
UD leaf count -26.2 30.7 -0.85 .411 .493
SD leaf count -9.6 9.5 -1.02 .33 .493
MD leaf count -17.3 7.0 -2.48 .029 .175

LT UD height 4.2 36.0 0.12 .909 .948
SD height -11.0 13.4 -0.82 .429 .858
MD height -23.4 4.2 -5.57 .001 .003
UD leaf count 1.4 21.2 0.07 .948 .948
SD leaf count -3.5 8.0 -0.44 .669 .948
MD leaf count -17.4 1.6 -11.14 < .001 < .001

BS UD height 37.7 16.6 2.27 .04 .238
SD height -7.3 8.3 -0.88 .396 .756
MD height 7.3 11.7 0.62 .543 .756
UD leaf count 70.8 47.3 1.50 .156 .469
SD leaf count -10.0 27.1 -0.37 .721 .756
MD leaf count 18.7 59.2 0.32 .756 .756

FW UD height 3.4 25.4 0.13 .896 .896
SD height -31.6 27.6 -1.14 .277 .613
MD height 9.4 22.6 0.42 .682 .833
UD leaf count -6.2 5.8 -1.07 .306 .613
SD leaf count -1.7 4.2 -0.40 .694 .833
MD leaf count -6.2 3.4 -1.82 .091 .545

*Bold denotes significant Benjamini-Hochberg (BH; Benjamini and Hochberg, 1995) adjusted p value < 
0.25.
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Table 2.3 Highly sensitive and specific indicator functions from EggNOG annotations
FPES COG Sensitivity (A) Specificity (B) Statistic P value
UD COG4845 0.8029 0.875 0.838 0.001
SD COG5163 0.9804 0.5 0.7 0.001
SD COG5033 0.852 0.5 0.653 0.001
MD COG3940 0.9239 0.625 0.76 0.001
MD COG5598 0.8921 0.75 0.818 0.001
MD COG1423 0.88 0.5625 0.704 0.001
MD COG4305 0.8765 0.5625 0.702 0.001
MD COG1908 0.8745 0.6875 0.775 0.001
MD COG4559 0.8584 0.625 0.732 0.001
MD COG1140 0.8409 0.75 0.794 0.001
MD COG3487 0.8401 0.625 0.725 0.002
MD COG1148 0.8199 0.8125 0.816 0.001
MD COG4452 0.806 0.5 0.635 0.007
MD COG2231 0.8051 0.5 0.634 0.009
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Overall Conclusions

Climate change in the north is leading to cascading environmental effects on above 

ground plant communities and below ground microbial communities. With this thesis, I sought to 

characterize how active layer soil microbial communities are affected by permafrost thaw- 

associated soil disturbance, and in turn how those microbial communities can affect plant 

productivity. I found that microbial communities associated with extreme permafrost thaw 

negatively affect the growth of bog blueberries, low-bush cranberries, and Labrador tea, plants 

that are involved in many subsistence diets across Alaska. Through metagenomic and 16S 

rRNA amplicon sequencing, I was able to uncover significant shifts in active layer microbial 

communities across the soil disturbance gradient. Microbial communities from most disturbed 

(MD) soils were significantly more diverse than undisturbed (UD) communities. Across our MD 

communities, we saw higher abundances of copiotrophic bacteria such as Comamonadaceae 

and Nitrosomonadaceae, which tend to thrive in disturbed, nutrient rich environments (Osburn 

et al., 2019). In addition to the increase in Nitrosomonadaceae, we identified a gene cluster that 

encodes for a nitrate reductase. Together, these data suggest that the soil disturbance event at 

FPES has since led to a disruption in the nitrogen cycle, which may play a role in the 

mechanisms that contributed to a decrease in productivity MD community inoculated plants. As 

such, I recommend that future studies involving transcriptomics should be completed to explore 

the microbial mechanisms at play following soil disturbance events in boreal forests.

As changing climates reshape boreal ecosystems as we know them, which in Alaska 

make up over 90% of our forests (Wolken et al., 2011), the effects will be felt around the globe, 

both environmentally and societally. Berry producing plants are key to subsistence diets in 

Indigenous communities across northern regions (Cuerrier et al., 2015; Herman-Mercer et al., 

2020; Murray et al., 2005), as well as the diets of shorebirds (McCaffery, 1998), geese (Hupp et 

al., 2013), passerines (Norment and Fuller, 1997), and ungulates such as caribou (Denryter et 

al., 2017; White and Trudell, 1980).
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It has been anecdotally and scientifically documented that berry-producing plants, 

specifically bog blueberry and low-bush cranberry, have shifted in terms of distribution, habitat, 

and phenology leading to negative impacts on abundance and communities (Herman-Mercer et 

a., 2020; Hupp et al., 2015). A recent survey by Hupp et al. (2015) across Alaska found that 

over 60% of respondents in the boreal ecoregion identified bog blueberries and low-bush 

cranberries as being very important to their communities, additionally over 60% of respondents 

in the polar ecoregion ranked bog blueberries as very important. Interestingly, 76% of 

respondents in the polar region perceived bog blueberries to be either declining or becoming 

more variable, with only 41% of respondents in the boreal ecoregion reporting the same. This 

may be representative of the threshold effect we observed when looking at the effects of 

disturbance on microbial communities and thus on plant productivity. It is plausible that 

environmental effects of climate change, such as temperature increases and permafrost thaw, 

have had greater influence on berry resources in the arctic regions of Alaska compared to the 

boreal regions. However, as this research suggests, we may start to observe diminishing or 

more variable berry resources in boreal regions as increasing soil disturbance events continue 

to effect microbial communities and berry plant-microbe interactions.

Researchers have started to uncover social and ecological variables that are important 

for understanding berry plant responses to ecological stressors such as climate change-driven 

soil disturbance (Jorgenson et al., 2018; Levesque et al., 2012). As accelerated warming 

exacerbates large-scale environmental changes in northern regions, it is crucial that we seek to 

understand how active layer soil microbial communities are changing. Furthermore, how shifting 

soil microbiomes can affect plants that are relied on not only for subsistence diets, but also as a 

source of physical, mental, and community wellbeing (Boulanger-Lapointe et al., 2019). This 

thesis and further research will continue to add to this body of knowledge, increasing our 

understanding of how permafrost thaw and other soil disturbances can drive changes in above 

ground plant productivity and the closely interacting soil microbial communities.
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Figure S1.1 Fairbanks Permafrost Experiment Station (FPES) plot layout and permafrost thaw 
levels and above ground plant cover.
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Appendix



Figure S1.2 Average height over time for each plant type. Fireweed growth ends on day 121 
when the plants were harvested for above ground biomass.
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Figure S1.3 Percentage of metagenomic reads classified as bacterial and the number of reads 
classified via Kraken2 (n = 48).
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Table S1.1 Base calling specifications per sequencing run.

Run Flow cell + kit model
20180611 dna_r9.5_450bps

20180719A dna_r9.4.1_450bps_hac
20180719B dna_r9.4.1_450bps_hac
20180719C dna_r9.4.1_450bps_hac
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Table S1.2 Summary of sequencing statistics per sample following quality control.

Sample Run Barcode Total yield (bp) Total read 
count (bp)

Avg read length 
(bp)

MD 9.1 FPES_20180719A 05 400,202,630 194,937 2052.98

MD 9.2 FPES_20180719B 06 309,392,310 107,312 2883.11

MD 9.3 FPES_20180611 09 203,489,778 93,380 2179.16

MD 9.4 FPES_20180719C 05 373,793,563 140,143 2667.23

MD 10.1 FPES_20180719A 08 335,540,391 107,848 3111.23

MD 10.2 FPES_20180611 10 237,477,806 66,156 3589.66

MD 10.3 FPES_20180719B 07 266,280,833 95,477 2788.95

MD 10.4 FPES_20180719C 06 528,466,953 199,447 2649.66

MD 11.1 FPES_20180611 11 339,699,261 141,202 2405.77

MD 11.2 FPES_20180719A 07 319,858,083 151,923 2105.4

MD 11.3 FPES_20180719B 05 244,526,616 87,798 2785.1

MD 11.4 FPES_20180719C 03 464,942,414 152,761 3043.59

MD 12.1 FPES_20180719A 01 242,429,913 104,932 2310.35

MD 12.2 FPES_20180611 12 187,202,338 87,766 2132.97

MD 12.3 FPES_20180719B 04 237,416,454 134,994 1758.72

MD 12.4 FPES_20180719C 02 626,845,953 198,765 3153.7

SD 9.1 FPES_20180719A 04 683,763,421 392,010 1744.25

SD 9.2 FPES_20180719B 01 400,235,372 173,176 2311.15

SD 9.3 FPES_20180719C 07 737,067,162 299,103 2464.26

SD 9.4 FPES_20180611 05 203,634,783 77,269 2635.4

SD 10.1 FPES_20180719A 03 435,414,246 203,659 2137.96

SD 10.2 FPES_20180719B 03 308,506,891 136,862 2254.15

SD 10.3 FPES_20180611 06 304,500,863 101,986 2985.71

SD 10.4 FPES_20180719C 12 465,408,883 140,711 3307.55

SD 11.1 FPES_20180719A 02 269,690,205 129,469 2083.05

SD 11.2 FPES_20180611 07 182,991,407 53,543 3417.65

SD 11.3 FPES_20180719B 12 264,072,945 100,301 2632.8

SD 11.4 FPES_20180719C 10 651,807,046 220,446 2956.77

SD 12.1 FPES_20180719A 06 523,124,325 263,679 1983.94

SD 12.2 FPES_20180611 08 345,914,971 169,926 2035.68

SD 12.3 FPES_20180719B 02 486,981,032 246,027 1979.38

SD 12.4 FPES_20180719C 08 699,809,340 184,567 3791.63

UD 9.1 FPES_20180611 01 235,098,257 80,943 2904.49

UD 9.2 FPES_20180719A 09 335,750,695 122,957 2730.64

UD 9.3 FPES_20180719B 09 316,380,483 134,144 2358.51

UD 9.4 FPES_20180719C 01 450,701,122 147,992 3045.44

UD 10.1 FPES_20180719A 10 385,328,155 124,052 3106.18
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Table S1.2 Continued.

UD 10.2 FPES_20180611 02 275,828,426 78,460 3515.53

UD 10.3 FPES_20180719B 08 296,873,474 106,709 2782.08

UD 10.4 FPES_20180719C 04 556,101,883 178,135 3121.8

UD 11.1 FPES_20180611 03 295,277,023 97,759 3020.46

UD 11.2 FPES_20180719A 11 344,805,302 116,453 2960.9

UD 11.3 FPES_20180719B 11 206,576,878 101,380 2037.65

UD 11.4 FPES_20180719C 11 516,115,731 135,427 3811.03

UD 12.1 FPES_20180719A 12 272,044,502 108,655 2503.75

UD 12.2 FPES_20180611 04 316,589,380 90,290 3506.36

UD 12.3 FPES_20180719B 10 293,661,051 121,689 2413.21

UD 12.4 FPES 20180719C 09 546,467,017 207,151 2638.01
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Table S1.3 ANOVA results for bog blueberry growth measures.

*Bolded p-value indicates significance with a < 0.05

Growth 
Measure Source

Degrees 
of 

freedom
Sum of 
squares

Mean 
sum of 

squares
F value P value

Height
FPES 3 52965 17655 11.44 5.88 x 10-6

Residuals 56 86395 1543

Leaf FPES 3 16568 5523 5.544 0.00207
Count Residuals 57 56778 996

Above 
Ground 
Biomass

FPES 3 0.8878 0.2959 6.663 0.000787

Residuals 46 2.043 0.04441

Below 
Ground 
Biomass

FPES 3 0.926 0.30862 4.189 0.0106

Residuals 46 3.389 0.07367

Table S1.4 ANOVA results for low-bush cranberry growth measures.

Growth 
Measure Response

Degrees 
of 

freedom
Sum of 
squares

Mean 
sum of 

squares
F value P value

Height
FPES 3 13881 4627 8.966 6.25 x 10-

5

Residuals 55 28385 516

Leaf FPES 3 6502 2167.3 9.295 4.39 x 10-
5

Count Residuals 56 13057 233.2

Above 
Ground 
Biomass

FPES 3 1.852 0.6173 12.98 2.32 x 10-
6

Residuals 49 2.331 0.0476

Below 
Ground 
Biomass

FPES 3 0.525 0.17516 2.019 0.124

Residuals 49 4.252 0.08677
*Bolded p-value indicates significance with a < 0.05
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Table S1.5 ANOVA results for Labrador tea growth measures.

*Bolded p-value indicates significance with a < 0.05

Growth 
Measure Response

Degrees 
of 

freedom
Sum of 
squares

Mean 
sum of 
squares

F value P value

Height
FPES 3 12314 4105 7.947 0.000233

Residuals 45 23243 517

Leaf FPES 3 3476 1158.7 5.216 0.00355
Count Residuals 45 9995 222.1

Above 
Ground 
Biomass

FPES 3 0.8639 0.28795 5.65 0.00273

Residuals 37 1.8858 0.0509

Below 
Ground 
Biomass

FPES 3 6.6 2.1994 2.377 0.0855

Residuals 37 34.23 0.9251

Table S1.6 ANOVA results for fireweed growth measures.

Growth 
Measure Response

Degrees 
of 

freedom
Sum of 
squares

Mean 
sum of 
squares

F value P value

Height
FPES 3 13439 4480 3.053 0.0356

Residuals 57 83628 1467

Leaf FPES 3 0.1567 0.05224 1.447 0.239

Count
Residuals 55 1.9858 0.0361

Above 
Ground

FPES 3 1.51 0.5034 11.17 7.24 x 10-
6

Residuals 57 2.57 0.0451Biomass

*Bolded p-value indicates significance with a < 0.05
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Table S1.7 ANOVA results for black spruce growth measures.

*Bolded p-value indicates significance with a < 0.05

Growth 
Measure Response

Degrees 
of 

freedom
Sum of 
squares

Mean 
sum of 

squares
F value P value

Height
FPES 3 3634 1211.3 5.654 0.00186

Residuals 57 12231 214.6

Leaf FPES 3 1.292 0.4307 2.378 0.0787

Count Residuals 60 10.869 0.1811

Above 
Ground 
Biomass

FPES 3 0.871 0.29023 4.154 0.0101

Residuals 55 3.843 0.06987

Below 
Ground 
Biomass

FPES 3 9.71 3.236 4.264 0.00896

Residuals 54 40.99 0.759

83



Table S2.8 Tukey's honestly significant difference (HSD) post-hoc test results per growth 
measure and plant type.

Height for all plants was compared at day 184, after the growth rate had started to slow (except 
fireweed which was compared at day 121 due to harvest for biomass). Leaf count was 
compared at day 184 for BB, CB, and LT after growth had stabilized. Leaf count for fireweed 
was analyzed on day 121 due to harvest, and black spruce was analyzed on day 121 (the last 
needle count collected, due to challenges with collection accuracy). Only above ground biomass 
was collected for fireweed on day 121. Above ground biomass was collected 640 days following 
planting for all other plant types (BB, CB, BS, and LT). Below ground biomass was collected at 
a delayed date 665 days after planting, due to complications related to COVID-19. Some plants 
did not have any discernable biomass during collection, due to senescence or the size of the 
plant, and those plants have not recorded biomasses (Table S1.9).
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Growth Measure UD SD MD ST
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Height a a b a

Leaf Count a a b a

Above Ground Biomass ab a b b

Below Ground Biomass ab a ab b
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Height a a b a

Leaf Count a a b a

Above Ground Biomass b a b b

Below Ground Biomass a a a a
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a Height a a b a

Leaf Count a a b a

Above Ground Biomass a a b ab

Below Ground Biomass a a a a
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d Height ab a ab b

Leaf Count a a a a

Above Ground Biomass a a b a
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la
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e Height b ab b a

Leaf Count a a a a
Above Ground Biomass ab a ab b

Below Ground Biomass ab a ab b



Table S1.9 Plant productivity measurements per plant from Figures 1.2-1.6.

FPES Species Label Height (mm) Leaf Count AG mass 
(g)

BG mass 
(g)

MD BB AA011 146 111 0.7876 1.4819

ST BB AA018 151 46 0.6642 0.2699

ST BB AA021 78 33 0.1947 0.6521

SD BB AA053 114 78 1.0644 0.973

SD BB AA077 119 61 0.5258 0.5472

MD BB AA078 60 17 0.1962 0.2483

ST BB AA083 147 59 0.4423 0.3989

ST BB AA084 197 61 0.3551 0.1076

MD BB AA087 79 34 0.2376 0.6054

ST BB AA090 108 61 0.4998 0.545

SD BB AA092 23 18 0.1169

SD BB AA110 159 81 0.5984 1.1048

UD BB AA113 157 56 0.5863 0.8748

MD BB AA114 10 4

ST BB AA120 96 80 0.5895 0.6584

UD BB AA121 125 43 0.5194 1.3794

MD BB AA129 15 11

UD BB AA143 162 44 0.6985 0.4929

SD BB AA166 173 57 0.9076 0.8787

UD BB AA174 164 50 1.1324 0.7204

SD BB AA175 121 82 0.6602 0.4306

SD BB AA176 143 71 0.7074 0.9825

UD BB AA189 102 103 0.3216 0.8223

UD BB AA196 164 81 0.6309 0.4621

MD BB AA199 63 46 0.4728 0.5418

ST BB AA200 135 89 0.3417 0.7141

UD BB AA204 109 54 0.3005 0.3724

UD BB AA208 129 53 0.1938 0.0556

ST BB AA212 114 59 0.19 0.0941

MD BB AA219 51 37 0.5667 0.8891

SD BB AA221 162 85 0.7894 0.9189

UD BB AA226 168 81 0.9542 0.5081

MD BB AA232 7 7

MD BB AA238 104 41 0.4159 0.4667

ST BB AA243 101 49 0.4125 0.4716

UD BB AA250 120 99 1.1085 1.0713

ST BB AA266 112 88 0.6547 0.6531
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Table S1.9 Continued.

UD BB AA277 114 83 0.6812 0.8287

ST BB AA283 165 132 0.437 0.4782

MD BB AA286 56 33 0.3192 0.4133

ST BB AA290 223 174 0.1739 0.043

SD BB AA295 111 117 0.8647 1.1165

SD BB AA296 80 37 0.2557

ST BB AA297 115 65 0.7504 0.6292

SD BB AA303 122 89 0.7013 0.8376

SD BB AA311 100 31 0.4894 0.8038

SD BB AA312 141 99 0.5468 0.6055

SD BB AA315 101 66 0.8143 0.5709

UD BB AA319 159 179 0.6496 0.93

ST BB AA321 83 40 0.3912 0.5965

MD BB AA333 29 45 0.3067 0.322

SD BB AA341 189 62 0.5348 0.5618

ST BB AA347 57 49 0.3849 0.3185

MD BB AA357 122 44 0.5784 0.4786

SD BB AA358 153 52 0.8462 0.4564

UD BB AA360 52 93 0.3444 0.1429

MD BB AA364 13 7 0.398 0.2995

UD BB AA368 191 65 0.6317 0.5862

MD BB AA372 95 53 0.4493 0.4272

MD BB AA374 111 50 0.4902 0.4687

UD BB AA382 151 106 0.4696 0.3941

UD CB AA002 68 57 0.2866 0.5829

UD CB AA010 38 17 0.39 0.4937

ST CB AA027 46 20 0.3593 0.4543

ST CB AA034 56 47 0.6274 0.7143

UD CB AA037 75 20 0.8557 0.9865

MD CB AA041 13 18 0.5245 0.9524

ST CB AA046 73 58 0.5109 0.7088

MD CB AA048 67 20 0.8839 0.6945

ST CB AA061 56 37 0.3323 0.2136

MD CB AA065 45 23 0.6069 0.6088

ST CB AA070 63 43 0.3795 0.1809

SD CB AA081 36 11 0.804 0.1916

UD CB AA089 58 56 0.8361 0.3655

ST CB AA094 64 38 0.3559 0.275

SD CB AA116 85 37 0.8462 0.3869

86



Table S1.9 Continued.

ST CB AA117 16 27 0.2068 0.2712

SD CB AA131 42 28 0.9662 0.5885

ST CB AA133 20 11 0.4041 0.7771

SD CB AA135 82 70 1.0738 1.0907

MD CB AA141 8 3 0.1272 0.5264

UD CB AA145 60 33 0.4797 0.6003

SD CB AA146 90 33 1.0027 0.3351

ST CB AA148 50 42 0.3004 0.5484

SD CB AA151 30 24 0.8075 0.812

UD CB AA152 75 32 0.8822 0.6276

SD CB AA154 100 26 1.1253 0.5024

SD CB AA177 70 53 0.5864 1.8036

MD CB AA178 10 4

SD CB AA182 52 58 1.0169 1.069

SD CB AA188 53 36 0.6966 0.5734

UD CB AA201 72 83 0.6983 1.007

ST CB AA202 71 44 0.2273 0.5293

MD CB AA203 9 6 0.1565 0.2093

UD CB AA216 90 41 0.2484

MD CB AA223 23 16 0.8322 0.7875

UD CB AA235 72 28 0.3902 0.293

MD CB AA237 19 11 0.4135 0.483

ST CB AA264 16 5 0.5944 0.255

MD CB AA269 48 26 0.9528 0.4994

SD CB AA276 18 57 0.7095 0.7574

MD CB AA291 4 4 0.126 0.4079

UD CB AA292 7 9

SD CB AA294 30 38 0.6238 0.6342

UD CB AA305 108 46 0.4092 0.5162

ST CB AA307 20 14 0.2656 0.1558

ST CB AA320 48 23 0.4687 0.224

UD CB AA323 55 28 0.565 0.3825

UD CB AA332 66 51 0.6046 0.3454

SD CB AA334 33 26 0.8161 0.4205

SD CB AA335 43 36 0.7042 0.4033

SD CB AA342 67 54 0.7321 0.4955

UD CB AA346 55 41 0.6316 0.7428

ST CB AA348 47 42 0.5027 0.6528

SD CB AA349 72 20 1.2656 0.8958
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Table S1.9 Continued.

MD CB AA352 4 6 0.0345 0.0257

ST CB AA355 32 21 0.5136 0.4826

MD CB AA365 5 4 0.0524 0.0683

MD CB AA369 5 6 0.0092 0.0024

MD CB AA371 56 25 0.684 0.7455

ST CB AA378 78 37 0.6585 0.7489

MD LT AA013 3 7 0.2654 0.4162

ST LT AA025 50 40 0.113

SD LT AA030 67 44 0.8583 1.3481

ST LT AA035 73 62 0.4782 2.0208

UD LT AA047 54 34

MD LT AA055 12 13 0.0673 0.0692

MD LT AA057 2 6 0.1871 0.3126

SD LT AA063 40 32 0.5846 0.3423

SD LT AA086 85 60 0.7004 0.35523

SD LT AA095 60 37 0.5506 0.808

SD LT AA106 46 25 0.435 0.9877

UD LT AA109 77 37 0.7343 1.9727

ST LT AA111 40 41 0.3771 0.4716

ST LT AA122 64 39 0.5327 0.6236

SD LT AA124 35 32 0.2929 0.1549

ST LT AA126 33 19 0.2754 0.7225

MD LT AA139 2 3 0.3349 0.2019

UD LT AA147 41 48 0.548 0.7748

MD LT AA164 3 5 0.0328 0.0115

ST LT AA173 31 60 0.6219 1.0088

SD LT AA193 32 17 0.7655 0.5727

MD LT AA197 27 18 0.477 0.7145

UD LT AA215 73 45 0.5404 1.7485

SD LT AA222 15 26 0.988 0.4322

UD LT AA225 80 25 0.4738 0.4251

ST LT AA228 5 7

MD LT AA229 11 18 0.1878 0.2865

UD LT AA244 1 1 0.0193

ST LT AA252 25 19 0.3069 0.4641

UD LT AA254 1 0.01

MD LT AA256 4 6 0.3061 0.4705

UD LT AA265 75 48 0.921 0.4114

SD LT AA270 30 12 0.0416
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Table S1.9 Continued.

MD LT AA275 3 6

ST LT AA284 9 11 0.0283

ST LT AA298 10 11 0.1234 0.3279

SD LT AA300 45 21 0.4653 0.6575

ST LT AA306 12 11 0.1372 0.4592

UD LT AA314 16 18 0.3586 0.12278

UD LT AA322 50 26 0.4355 0.2982

SD LT AA325 85 35 1.0974 0.8364

UD LT AA326 68 32 0.282 0.4038

ST LT AA329 62 32 0.8544 0.5958

SD LT AA340 54 46 0.124 0.0385

SD LT AA354 52 26 0.5726 1.5944

UD LT AA356 72 52 0.8205 0.2121

ST LT AA359 43 36 0.3195 0.2125

SD LT AA363 17 21 0.3986

SD LT AA375 75 43 0.1938 0.0174

UD FW AA016 57 18 0.1613

UD FW AA017 101 15 0.2097

MD FW AA026 95 25 0.1346

UD FW AA036 64 19 0.1986

SD FW AA045 81 20 0.155

ST FW AA049 87 20 0.193

MD FW AA052 35 17 0.1384

UD FW AA054 83 17 0.2145

ST FW AA058 104 21 0.2711

SD FW AA060 37 23 0.2462

ST FW AA067 95 18 0.2034

UD FW AA069 78 12 0.2839

SD FW AA071 45 15 0.267

ST FW AA076 96 24 0.1737

UD FW AA091 76 18 0.2398

ST FW AA097 80 18 0.2111

ST FW AA099 125 21 0.2943

MD FW AA100 94 30 0.1774

ST FW AA112 70 18 0.2042

UD FW AA115 111 22 0.2223

ST FW AA119 129 24 0.3024

SD FW AA123 110 23 0.2222

SD FW AA127 69 19 0.1764
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Table S1.9 Continued.

MD FW AA130 72 16 0.167

ST FW AA132 163 34 0.286

MD FW AA134 72 21 0.147

MD FW AA138 114 18 0.1486

SD FW AA142 192 48 0.2404

UD FW AA149 95 27 0.2323

SD FW AA150 111 20 0.2256

SD FW AA155 78 15 0.116

SD FW AA156 97 20 0.2046

UD FW AA161 97 19 0.2198

UD FW AA167 131 22 0.275

MD FW AA170 48 13 0.143

MD FW AA172 65 24 0.1374

UD FW AA179 103 19 0.2376

SD FW AA183 171 28 0.2808

ST FW AA185 59 28 0.1638

SD FW AA198 72 18 0.2097

MD FW AA211 43 18 0.1664

UD FW AA213 96 25 0.2101

MD FW AA220 66 17 0.1523

MD FW AA227 70 16 0.1458

ST FW AA230 113 20 0.3006

ST FW AA236 91 20 0.3457

MD FW AA241 88 18 0.1366

MD FW AA242 102 20 0.1874

SD FW AA255 122 22 0.2588

UD FW AA257 112 22 0.2108

MD FW AA263 78 20 0.1772

MD FW AA278 107 22 0.1719

SD FW AA281 95 21 0.2356

UD FW AA285 115 18 0.2177

ST FW AA293 97 26 0.2599

MD FW AA301 98 22 0.2691

SD FW AA317 153 19 0.2933

ST FW AA330 101 8 0.2428

ST FW AA337 105 19 0.1666

SD FW AA361 57 20 0.1651

ST FW AA379 138 22 0.35

ST BS AA004 180 359 1.1466 1.835

90



Table S1.9 Continued.

UD BS AA014 86 83 0.6208 1.4985

ST BS AA019 105 226 0.5569 1.6612

MD BS AA033 74 281 1.119 2.6954

SD BS AA040 87 112 1.47 3.794

UD BS AA042 88 132 0.7419 2.4321

UD BS AA051 90 74 0.7422 2.0013

ST BS AA056 115 109 0.9997 2.3505

ST BS AA059 112 153 0.8701 1.5131

ST BS AA062 113 274 0.9233 2.592

MD BS AA064 78 209 1.2267 3.811

MD BS AA072 82 298 0.8774 1.519

SD BS AA075 90 66 0.8624 3.8218

ST BS AA080 96 308 0.2583 0.3933

MD BS AA082 104 125 0.6113 1.3944

SD BS AA098 70 54 1.0323 3.1497

ST BS AA101 110 132 0.602 1.4962

SD BS AA118 116 234 1.1038 4.2056

SD BS AA144 120 236 1.4602 2.2203

UD BS AA157 111 153 0.9606 1.9147

ST BS AA158 134 304 0.8833 3.6227

MD BS AA160 90 188 1.2234 4.409

UD BS AA162 87 120 0.8193 2.3029

MD BS AA163 92 97 0.4599 2.1533

MD BS AA165 67 98 1.1801 2.7645

MD BS AA168 85 135 0.6503 2.8478

SD BS AA169 83 119 1.299 3.3789

ST BS AA171 121 162 1.1103 2.786

SD BS AA181 119 177 0.904 2.3104

UD BS AA186 84 113 0.8381 3.0546

UD BS AA191 125 156 1.0492 2.729

SD BS AA209 89 139 1.074 2.8078

UD BS AA210 65 84 0.6737 2.1269

SD BS AA218 95 134 0.8098 2.9974

ST BS AA234 90 93 0.6321 1.5233

MD BS AA245 95 142 1.3896 3.5156

UD BS AA249 64 97 0.6202 2.0843

UD BS AA253 81 99 0.7009 1.8047

ST BS AA260 99 166 0.6836 2.4496

UD BS AA261 74 103 0.5202 1.0629
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Table S1.9 Continued.

UD BS AA267 110 188 0.8595 2.6763

SD BS AA268 86 128 0.6417 2.2179

SD BS AA271 90 74 0.6555 1.5805

ST BS AA274 100 181 0.4934 1.0019

ST BS AA279 126 118 0.6533 1.2182

SD BS AA287 91 131 1.1361 3.0523

SD BS AA299 92 124 0.9727 1.9379

MD BS AA302 96 199 0.867 1.8782

UD BS AA309 96 241 1.2462 1.7297

ST BS AA310 82 110 0.3959 0.5624

UD BS AA316 66 105 0.3597 1.0634

SD BS AA318 109 141 0.9649 2.1004

MD BS AA327 66 101 0.668 1.712

ST BS AA336 91 137 0.2807 0.3196

SD BS AA338 94 125 0.8408 1.7795

SD BS AA339 97 184 0.6453 0.8773

MD BS AA350 82 162 0.7026 1.6296

MD BS AA353 96 153 1.1528 2.0911

ST BS AA362 40 35 0.6931 1.8461

UD BS AA367 81 86 0.7595 1.8948

UD BS AA370 87 97 0.5758 0.831

MD BS AA380 102 226 1.1233 2.5433

MD BS AA381 97 127 1.1793 2.4704

MD BS AA384 102 177 0.9324 1.8652
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Figure S2.1 NMDS of Bray-Curtis dissimilarity distances of predicted KEGG KO community 
function via PICRUSt2 analysis.
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Figure S2.2 Heatmap of highly sensitive and specific indicator functional EggNOG annotations 
from metagenomic data. Each row corresponds to a COG, and each column corresponds to an 
individual soil core community. The top row signifies the level of soil disturbance of each core 
with blue = UD (n = 16), gold = SD (n = 15), and red = MD (n = 16). The color of each box 
corresponds to the normalized read count of the COG within each core.
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