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 Microbial consortia in the rhizosphere have a tremendous impact on crop traits and 

production but are often overlooked in agricultural research. Here, our goal was to 

utilize a variety of research frameworks and methodologies to develop a better 

understanding of the influence rhizosphere microbiomes can have on horticultural 

crop traits and production. Specifically, we sought to 1) search the literature for 

concepts and methodologies from other disciplines that may help understand 

rhizosphere interactions; 2) investigate group selection for enhanced plant productivity 

in the rhizosphere of Brassica rapa; 3) utilize plant transcriptomics to study the effects 

of beneficial microbial consortia derived from vermicompost on tomato foliar and fruit 

traits; and 4) determine the effects of intercropping on soil properties and production 

outcomes in horticultural cropping systems.   

 In our group selection experiment, we showed seed yield and nitrogen  

agronomic use efficiency can be altered in B. rapa by repeatedly selecting for 

rhizosphere microbiomes associated with increased aboveground biomass production, 

which may be mediated by group-level microbial behaviors such as nitrogen cycling. 

Our greenhouse study of vermicompost microbiomes revealed microbial consortia 

derived from vermicompost beneficially influence tomato growth and development by 

altering host gene expression. Our intercropping study revealed soil chemical and 

biological properties can be altered in response to crop diversification, which may lead 

to shifts in crop production outcomes and ecosystem-level properties.  



 

 Broadly, our work shows crop traits can be altered in response to microbiome 

manipulation, beneficial microbiomes can influence host traits via changes in plant 

gene expression, and aboveground management practices in horticultural systems can 

alter soil and plant properties relevant to production. Overall, this research 

demonstrates the usefulness of applying a variety of research frameworks and 

methodologies in developing a better understanding of the influence of rhizosphere 

microbiomes on crop traits. 
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Chapter 1: Microbial Group Dynamics in Plant 

Rhizospheres and their Implications on Nutrient Cycling 

 
Abstract 

Plant rhizospheres encompass a dynamic zone of interactions between 

microorganisms and their respective plant hosts. For decades, researchers have worked 

to understand how these complex interactions influence different aspects of plant 

growth, development, and evolution. Studies of plant-microbial interactions in the root 

zone have typically focused on the effect of single microbial species or strains on a 

plant host. These studies, however, provide only a snapshot of the complex 

interactions that occur in the rhizosphere, leaving researchers with a limited 

understanding of how the complex microbiome influences the biology of the plant 

host. To better understand how rhizosphere interactions influence plant growth and 

development, novel frameworks and research methodologies could be implemented. In 

this chapter, we propose applying concepts in evolutionary biology to microbiome 

experiments for improved understanding of group-to-group and community-level 

microbial interactions influencing soil nutrient cycling. We also put forth simple 

experimental designs utilizing -omics techniques that can reveal important changes in 

the rhizosphere impacting the plant host. A greater focus on the components of 

complexity of the microbiome and how these impact plant host biology could yield 

more insight into previously unexplored aspects of host-microbe biology relevant to 

crop production and protection. 
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1.1 Introduction 

With growing interest in host-microbe biology, a mixture of new and re-

established terms have been developed in recent years to describe complex 

associations of organisms that are heritable. The concept of the “holobiont” and its 

“hologenome” (i.e., a host and all of its microbial symbionts, and consequently, the 

collective genomes of the adaptive unit)1 signify the potential for natural selection to 

act, not only on the individual, but also on its suite of associations with its microbial 

members. While much of the discussion on the holobiont– hologenome theory has 

focused on animals and their microbiomes, the concept appropriately extends to plants 

and their associated microbiomes.  

There is an extensive history of research detailing the co-evolutionary forces 

dually acting on plants and their microbial symbionts. For example, research on 

vesicular-arbuscular mycorrhiza (VAM) has suggested that the highly beneficial 

symbiosis between the plant root and fungal symbiont has driven the diversification of 

plant root morphology as well as VAM structure and function2. In addition, decades of 

legume research suggest that interactions, such as plant sanctions against nitrogen-

fixing rhizobia, are largely what help stabilize the easily compromised legume-

rhizobium mutualism3. In more recent years, the advent of next generation sequencing 

and other -omics tools has generated interest in better understanding how more 

complex associations between plants and their microbiome, termed the 

“phytobiome”4, play a role in plant fitness, as well as plant health, growth, and 

development. 

 Similar to animal microbiomes, different compartments of a plant can harbor 
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functionally and taxonomically distinct sets of microbiomes—these include the 

phyllosphere microbiome encompassing the aboveground parts of plants, root and 

shoot endophytes (microbiomes colonizing root and shoot tissues), and the rhizosphere 

microbiome that inhabits soil surrounding plant roots and adhering to root surfaces5. 

Although the rhizosphere is not a plant organ or a physically intact compartment of the 

plant, this narrow band of soil surrounding roots harbors a tremendous diversity of 

microorganisms that are free-living or intricately linked to their plant hosts6. The root 

zone is an environment that is heavily enriched in compounds that are secreted by both 

plants and microorganisms, and play a key role in maintaining plant-microbe 

interactions7. The exudates include sugars, complex polysaccharides, amino acids, 

proteins, and a multitude of secondary metabolites8. An important component of these 

compounds includes signaling of host-microbe and microbe-microbe interactions9. 

With hundreds of different microbial taxa inhabiting a plant’s rhizosphere, the 

possibilities of interactions shaping nutrient dynamics impacting plant growth are 

expansive. In this chapter, we discuss the background research on community 

evolution and genetics that are applicable to rhizosphere controls on nutrient cycling. 

We then propose conceptual ideas for experiments that explicitly test group-level 

dynamics in rhizospheres that can be targeted to alter nutrient capture and utilization 

processes impacting plant performance. 

 

1.2 A novel framework for understanding rhizosphere microbiomes 

While it appears overwhelming to study complex interactions between a 

microbiome and its host plant, there is growing interest in broadening the concept of 
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heritability to be inclusive of a host and its microbiome10. It is conceivable that a 

plant’s rhizosphere microbiome is an ecological unit with heritable traits, although it is 

explicitly a physical extension of the host because it involves the soil habitat 

surrounding roots and not an intact unit of a plant. This concept of an “extended 

phenotype” is not new, but is derived from the concept proposed by Dawkins11 that 

states an organism’s phenotype should extend from its cellular components to its 

environment. Examples of extended phenotypes include manipulation of an 

organism’s physical environment and alterations to behaviors, both of which can start 

at the gene-level. Other concepts in evolutionary biology propose a broader view that 

heritability is shaped at multiple levels beyond the individual, such that natural 

selection acts on ecological units beyond the individual. Perhaps one of the most 

salient among them is the concept of multilevel selection, which is often referred to as 

group selection.  

Multilevel selection can be defined as natural selection acting on whole groups 

of organisms in addition to individuals, as initially proposed by Darwin12. During the 

latter half of the 20th century, many evolutionary biologists applied this concept to 

study the evolution of organisms, such as insects, small mammals, and humans12. 

While the framework typically has been used to study animals, very little work has 

been done to examine how the concept may extend to plants and their associated 

microbiomes. Applying the concept to the plant rhizosphere could help to elucidate the 

complex interactions occurring in microbe-microbe and microbe-plant networks that 

can be acted upon by natural and artificial selection at multiple levels. The application 

of this concept to microbiome science may be especially worthwhile given the types of 
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selective pressures that dictate microbial density-dependent rhizosphere processes, 

such as nutrient cycling.  

A key tenet of multilevel selection theory is that selection not only acts on 

individuals, but can act on multiple levels of organization across biological units to 

influence the observed phenotype (Figure 1.1)12. A classic example includes 

cooperative sharing of a common resource such as food within a group. Evolutionary 

biologists have long questioned how cooperative resource sharing could arise within a 

group, given that cooperation can lower one’s fitness according to the classic selfish-

gene view13. In the case of resource sharing among members of a group, those who 

utilize the resource in an uncooperative manner, sometimes referred to as “cheaters,” 

can circumvent paying the price of cooperation while reaping the benefits of utilizing 

the resource, thereby increasing their own fitness14. Such a scenario could ultimately 

lead to a “tragedy of the commons”15. Studies of microbial populations, however, have 

shown that groups of cooperative individuals could arise and outcompete cheaters if 

certain group-level selective pressures determine fitness outcomes at the population or 

community level16,17,18.  
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Figure 1.1 Applying group-level concepts in evolutionary biology to the study of 

microbiomes. A key tenet of multilevel selection theory is that selection not only acts 

on individuals, but can act on multiple levels of organization across biological units to 

influence the observed phenotype. For microbiota inhabiting rhizospheres, selection 

can act on different levels of organization (including simultaneously) consisting of 

genes, individuals, cells, groups, and the holobiont (i.e., plant host with its extended 

microbiome). The figure is adapted from Wilson and Wilson13.  

 

In the case of the plant rhizosphere, individual and group-level selective 

pressures constantly interact to shape the phenotype of the rhizosphere, although this 

is often overlooked when focusing on classical symbiosis studies. If perceptions of 

symbiosis expand to encompass multiple partnerships, including dozens of microbial 

taxa, it is then suitable to test the effect of group dynamics on nutrient cycling in the 

rhizosphere influencing plant growth. A plant growing in nitrogen-limited soils could 

gain a fitness advantage over competitors by enriching its rhizosphere for microbial 

communities that enhance nutrient capture and utilization capabilities19,20,21. 

For example, actively growing roots could signal for microorganisms that are 

capable of producing extracellular enzymes that release nitrogen bound in soil organic 

matter22,23. For prokaryotes, these mineralization processes are density-dependent and 

need a quorum of producers to sufficiently access key nutrients in soil24. The groups of 
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producers are not kin-based and can be formed from taxonomically diverse microbiota 

if they have the ability to biosynthetically produce the specific enzymes that are 

secreted into the soil. In this scenario, selection could favor microhabitats in 

rhizospheres that promote coordinated group behaviors that enhance plant access to 

nitrogen or phosphorus upon cell turnover, while the microorganisms benefit from 

having an abundant supply of carbon and other nutrients from plant roots (Figure 1.2). 

While the example illustrates how group dynamics at multiple levels of organization 

impact the fitness of the plant host, the microbial community, and specific individuals 

or related cells, the interaction has posed a significant challenge to test experimentally 

until recent years.  
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Figure 1.2 Enrichment of microbial groups in plant rhizospheres grown under 

nitrogen-limited soils. The illustrations depict a scenario in which bacteria form 

groups within the rhizosphere, with members that produce a specific extracellular 

enzyme (e.g., N-Acetyl glucoseaminidase, NAGase) targeting a particular substrate 

(e.g., chitin). Nitrogen that was bound to soil organic matter comprised of chitin is 

mineralized and captured by nearby microorganisms. Upon microbial cell turnover, 

these hotspots of inorganic nitrogen can be intercepted by actively growing plant 

roots. It is conceivable that plants and groups of microorganisms have formed 

complex associations that can be adaptive under resource limitation. Applying 

multilevel selection theory to microbiome studies could reveal novel cross-kingdom 

signaling mechanisms that challenge traditionally defined units of heritability. 

 

There are many more components to nutrient cycling that are microbially 

mediated, with potential group dynamics influencing plant growth. For example, 

microorganisms such as rhizobia and certain free-living diazotrophs can form groups 

that fix atmospheric nitrogen through metabolic processes and make the nutrient 

readily available for plant uptake25,26,27. In addition, certain microbial taxa are known 

to mobilize phosphorus in the soil via the production of extracellular compounds and 

enzymes, which increases phosphorus availability for plant use28,29,30. Other important 

plant nutrients, such as iron, can be made into plant available forms by groups of 

unrelated microbial taxa, through the production of compounds such as 
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siderophores30,31. Coordinated groups of microorganisms may also enhance plant 

nutrient uptake through more indirect mechanisms, such as stimulating root growth via 

phytohormone production, which can increase plant access to essential nutrients32. 

 

1.3 Observing multiple levels of selection in the plant rhizosphere  

 The application of multilevel selection theory to rhizosphere processes, such as 

nutrient cycling, offers researchers an opportunity to understand how multiple levels 

of selection shape a plant’s microbiome. Experimental tests of group dynamics in the 

rhizosphere impacting a plant phenotype are needed to help us understand the role of 

complex associations of microorganisms in determining plant growth, development, 

and fitness. In this section, we propose three concepts for experimental designs that 

could aid in elucidating the role of the rhizosphere microbiome in impacting various 

plant phenotypes via alterations in nutrient cycling processes.  

 

1.3.1 Microbial Experimental Systems and Network Analysis  

 Microbial experimental systems have allowed researchers to document shifts in 

population structure or adaptive changes in organisms over time33. The experiments 

were typically conducted under highly controlled conditions involving paired 

comparisons of cultivated bacterial strains or lower eukaryotes, to reveal outcomes of 

interactions. While the greatest utility of microbial experimental systems is the ability 

to control for environmental and biological variables that mask potential microbe-

microbe interactions, hierarchies of complexity can be introduced into the system to 

reveal more dynamic interactions. In recent years, a small number of these 
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experimental systems were developed to evaluate how changes in complex soil 

microbiomes can influence the biology of a plant following generations of selection 

for microbiota associated with the plant trait. For example, work by Swenson et al.34 

demonstrated that the aboveground biomass of Arabidopsis thaliana could be 

enhanced by artificially selecting for rhizosphere microbiomes that are known to 

increase plant biomass production. In a similar study using A. thaliana, flowering time 

was modified by soil microbiota through repeated selections of rhizosphere 

microbiomes, which was predicated based on the idea that selection can be performed 

on a plant’s phenotype while the agents of selection are comprised of the rhizosphere 

microbiome21. The experiment resulted in taxonomic and functional shifts in the 

microbiome across early versus delayed flowering plants, but at the time of the study, 

group-level behaviors were challenging to measure when studying soil microbiomes. 

 Since then, advances in sequencing technology and bioinformatic analysis 

have provided an opportunity to examine networks of associations across multiple 

microbial partners that may indicate coordination across taxa35. An experiment can be 

designed to test for associations among microbial taxa relevant to group-level 

processes, such as mineralization dynamics in the soil. Given that certain plant 

community traits could be predictive of soil microbiome composition36, plant-soil 

systems that show greater nutrient capture or use efficiency over time could indicate 

more associations among microbial taxa, including positive, negative, or neutral, that 

may aid in modeling complex interactions of microbial partners in a soil system. 

Network analysis involving soil microbiomes could indicate specific taxa that co-

occur consistently in an experimental system, which could signal targets for 



 

11 

 

assembling synthetic microbial communities in rhizosphere studies37. Top-down 

approaches involving the use of microbial experimental systems for generating plant 

trait associated microbiomes, followed by bottom-up approaches that use the resulting 

sequencing and bioinformatic data to design synthetic microbial communities, could 

help identify consortia that influence plant growth via alterations to nutrient cycling. 

These consortia of isolates could then be tested in various controlled environment and 

field settings, which would yield insight into interactions that alter plasticity of plant 

host traits. 

 

1.3.2 Observing Microbiome Controls Over Observed Phenotypes of the Plant 

Using -Omics Techniques  

 Advances in sequencing technologies provide opportunities to examine how 

microbiomes or individual strains of microorganisms impact plant traits through 

changes in plant gene expression38. While it is widely acknowledged that soil 

microorganisms alter plant developmental processes39, sequencing techniques such as 

transcriptomics, offer researchers an opportunity to observe these alterations at 

previously unexplored scales40. Microbial influences on its plant host can be observed 

at the gene level using plant transcriptional analysis methods, and then combined with 

network analysis to indicate individual genes or entire metabolic pathways that are 

impacted when a specific microbial partner or consortia of partners interacts with its 

host. Experiments can be designed to observe the effect of specific microorganisms on 

the development of plant traits, while observing changes in a host’s transcriptome over 

time. From these experiments, the effect of specific microbial associations in the 
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rhizosphere, including effects relevant to plant nutrition requirements, could be 

determined.  

 In addition to plant transcriptomics, other -omics techniques could be applied 

to plant-soil systems to better understand how rhizosphere microbiomes influence host 

biology under different conditions. For example, exometabolomics techniques could 

be used to characterize microbial metabolite utilization in the rhizosphere 

environment41. This data could then be used to determine microbial exometabolic 

niches in the rhizosphere, which may help link metabolite composition to microbial 

community structure42. Other techniques, such as proteomics, could be applied to the 

microbiome studies to determine how different functions of the microbiome influence 

the plant host43. By integrating these multiple -omics techniques, researchers can 

develop a more robust understanding of how rhizosphere microorganisms influence 

soil processes and plant host biology43. 

 

1.3.3 Genome-Editing Techniques to Uncover Plant Host Controls Over 

Microbiome Composition and Function  

 The development of genome-editing tools such as clustered regulatory 

interspaced short palindromic repeats (CRISPR)- Cas can be useful in modifying 

rhizosphere processes through changes in plant structure and physiology44. The 

CRISPR-Cas method works by using short RNA sequences to guide a Cas enzyme to 

a target site for alteration45. Systematic alterations in plant architecture or physiology 

could aid in mechanistic studies of how plants control microbiome assembly and 

function in the rhizosphere. For example, disruption of the mutualistic interactions 
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between microorganisms that aid in nutrient capture and plants that provide carbon 

sources for microbial growth could be designed through modification of root 

exudation processes via genetic engineering and gene-editing46. Plants that no longer 

provide readily available carbon sources to soil microorganisms involved in 

mineralization dynamics may show a distinct microbial community that specializes in 

more complex polysaccharides found in soil organic matter. In addition, root 

exudation processes could be modified to produce specific families of compounds in 

the rhizosphere. Taxonomic shifts in the rhizosphere community could then be 

documented with these shifts in root exudate composition, revealing plant selection for 

specific microbial taxa. Additionally, researchers could study plant selection for 

functionally distinct microbial taxa by altering host physiology via transcription 

factors, similar to the methods used by Su et al.47. These alterations could cause 

functional and taxonomic shifts in the rhizosphere, which could help further our 

understanding of selection for specific groups of microorganisms.  

 

1.4 Concluding Remarks and Future Directions  

 Currently, there is a growing interest in developing a broader understanding of 

host-microbe biology. Similar to human and other animals, different plant 

compartments harbor distinct microbiomes, which could evolve and adapt with their 

host to influence the observed phenotypes. In essence, fitness is both influenced by 

and shared among multiple levels—the individual plant host and groups comprising its 

microbiome. Thus, the application of evolutionary frameworks, such as multilevel 

selection, to plant microbiomes could be useful in developing a more robust 
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understanding of host-microbe interactions. Utilizing –omics techniques is key to 

uncovering potential mechanisms underlying group-level interactions in the 

rhizosphere. It is conceivable that cross kingdom signaling dominates rhizosphere 

processes, which suggests that the definition of heritability should be inclusive of an 

individual and its associated microbiome. The plant host may influence the 

composition and function of the resulting microbiome, but microorganisms have the 

ability to modify plant traits.  

 An applied outcome of studying group-level dynamics in the rhizosphere is the 

ability to incorporate concepts of the holobiont into plant breeding. Selection efforts 

that consider rhizosphere microbiomes as an extended phenotype of a plant could help 

identify potential mechanisms that enrich for subpopulations of the microbiome. These 

“plant cultivated” members of the rhizosphere could play essential roles in supporting 

the development of specific phenotypes of the plant that improve plant growth under 

biotic or abiotic stress.  

 However, plant genetics may not play a significant role in influencing the 

microbiome, but instead the plant may be highly susceptible to microbiome effects on 

plant traits. A greater understanding of how microbiomes influence the observed 

phenotype of a plant can help to tease apart the effect of environmental variables from 

biotic factors. For example, in studies involving genotype by environment interactions 

(G × E), phenotypic variation is assumed to be a result of plant genetics influenced by 

varying environmental conditions across field sites. In the near future, we expect that 

the low cost of microbiome sequencing methods will result in the adoption of rapid 

microbiome diagnostics revealing the role of microbiome variability across field sites 
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in influencing plasticity of the plant phenotypes. In essence, there will likely be a shift 

toward analysis of genotype by environment by microbiome interactions (G × E × M) 

in the coming years. 

 Finally, we believe that the current industry focus on examining single 

microbial isolate effects on plant traits will be replaced with more emphasis on 

complex interactions involving multiple players. The recent popularity of examining 

synthetic communities comprised of multiple microbial strains helps to advance 

microbiome science forward, but it would be beneficial to move beyond cultivation-

dependent methods. Applying selective filters to reduce the diversity of complex 

microbiomes associated with a plant trait could enable more top-down and bottom-up 

approaches comprised of cultivation dependent and independent multi-player 

interaction studies. While teasing apart the complexity of the rhizosphere will be 

incredibly challenging, such research could ultimately help develop a better 

understanding of how rhizosphere microbiomes influence plant growth, development, 

and fitness. 
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Chapter 2: Selection pressure on the rhizosphere 

microbiome can alter nitrogen use efficiency and seed yield 

in Brassica rapa 
 

Abstract 

Microbial experimental systems provide a platform to observe how networks 

of groups emerge to impact plant development. We applied selection pressure on the 

rhizosphere microbiome for increased biomass of a non-mycorrhizal plant host, 

Brassica rapa, across iterative cycles to examine adaptive bacterial group dynamics 

under soil nitrogen limitation. In the final and 9th generation of the experiment, 

selection pressure enhanced B. rapa seed yield and nitrogen use efficiency compared 

to our no selection (control) treatment, with changes in bacterial community profiles 

and interaction networks compared to the control and random selection treatment. Soil 

bacterial diversity declined in response to selection for high B. rapa biomass 

production suggesting a possible ecological filtering mechanism to remove bacterial 

taxa. Distinct sub-groups of interactions emerged among bacterial phyla such as 

Proteobacteria and Bacteroidetes in response to selection. Extended Local Similarity 

Analysis (eLSA) and quantification of bacterial community rewiring and change 

showed greater connectivity of the bacterial community, with more edges, shorter path 

lengths, and altered modularity through the course of selection for enhanced plant 

biomass. In contrast, bacterial communities under random selection and no selection 

showed less complex interaction profiles of bacterial taxa. These results suggest that 

group-level bacterial interactions could be modified to collectively shift microbiome 
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functions impacting the growth of the host plant under soil nitrogen limitation.  

 

2.1 Introduction 

In recent years, numerous plant microbiome studies have highlighted the 

intricate links between a plant host and its associated microbiomes1,2,3. In the 

rhizosphere, microbiomes play a key role in processes that affect plant fitness, such as 

nutrient cycling4,5 and disease suppression6,7. Given their influence on plant growth 

and health, microbial consortia in the rhizosphere have become targets for altering 

plant traits that may help improve agricultural productivity8,9. Several studies have 

demonstrated the ability to alter host traits via selection (i.e. directed microbiome 

manipulation) for microbial consortia in the root zone. For example, experimental 

evolution work by Swenson et al.10 demonstrated that plant biomass could be 

enhanced in Arabidopsis thaliana following inoculation with rhizosphere microbiomes 

selected based on their association with increased host biomass production over 

multiple generations. A similar study demonstrated microbiome modification of 

flowering time in A. thaliana11. Considering these findings, the creation of robust plant 

growth promoting rhizosphere microbiomes could be possible through careful 

conveyance of group-level selective processes (i.e. selective processes that affect 

whole groups of organisms rather than individuals alone) for rhizosphere microbial 

consortia associated with enhanced productivity and fitness.  

Microbiome sequencing data can provide a window into the changing 

communities and dynamics of group-level processes such as nutrient cycling in 

microbiome experiments over time. Microbial experimental systems that entail 
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simulations of both microbe-microbe and plant-microbe interactions can be designed 

as empirical studies to track the outcome of selective pressure on a group-level trait12. 

Resulting sequence data of the microbiome can be used to observe the emergence of 

interaction networks that could signify group-level processes developing through time. 

The significance of this network profile is the potential record of group selection 

processes unfolding within a system13, 14. A key tenet of group selection is that 

selective pressures at the group- and individual-levels constantly interact with one 

another to produce the observed phenotype of a population15. In the context of host-

microbe interactions, the microbiome can be shaped heavily by plants when the 

microbial environment and resource pool are largely defined by the host16. The 

resulting microbiome, in turn, alters different aspects of host growth and 

development4. A better understanding of the plant-microbiome feedback processes in 

the rhizosphere could reveal how group-level interactions collectively shape host 

phenotypes. 

For microbial experimental systems involving time series sequence data, it is 

important to consider what types of microbiome interactions can be interpreted in a 

network profile. Microbial taxa that are positively associated could indicate 

cooperative or antagonistic behaviors. For example, resource sharing could be 

extremely costly for individuals given that members in the community may utilize the 

resource in an uncooperative manner17, thereby increasing their own fitness while 

avoiding the cost of cooperation. Network models may not distinguish between these 

forms of interactions unless the experimental design explicitly controls for contrasting 

scenarios that determine if more cooperative communities can outcompete others 
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when certain group-level selective pressures are acting on the system18,19,20. In the case 

of the rhizosphere and its root-associated microbiome, group-level selection could be 

ubiquitous4,21,22 and may help explain the high rates of carbon losses from the plant via 

root exudation23 as an adaptive strategy to harbor beneficial microbiota in the root 

zone. Given that these forms of selective pressures are known to influence the 

microbiome, directed evolution in the rhizosphere for microbial communities that 

confer an ecosystem-level trait, such as enhanced aboveground biomass production, 

could be a possibility.  

 Here, we examined if plant productivity (i.e. aboveground biomass and 

seed yield) could be enhanced in the non-mycorrhizal host Brassica rapa through 

repeated selection for rhizosphere microbiota associated with increased aboveground 

biomass production over nine generations of plantings. The objective of this 

experiment is to examine changes in rhizosphere bacterial group dynamics across 

generations of selection for high biomass growth of a non-mycorrhizal plant under soil 

nitrogen limiting conditions. Arbuscular mycorrhizal fungi form associations with 

most terrestrial plant species that support nitrogen and phosphorus uptake of the plant 

host24,25, but the Brassica lineage of plants is dominated by species that do not serve as 

mycorrhizal hosts26. The loss of key symbiosis genes in non-host Brassicas occurred 

early in the lineage of the Brassicales order27, which suggests that these plants have 

evolved different strategies to acquire nitrogen and phosphorus from soil. We 

hypothesized that selection pressure on rhizosphere microbiomes for increased 

biomass of a non-mycorrhizal plant host growing under nitrogen-limiting conditions 

will lead to the assembly of distinct, highly-connected and interactive rhizosphere 
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bacterial groups associated with plant host nitrogen uptake strategies. Additionally, we 

hypothesize that enhanced soil N cycling would be a key mechanism by which the 

rhizosphere microbiome of a non-mycorrhizal plant host would enhance biomass 

growth and seed yield. 

The selection treatment for high biomass plants was compared with two types 

of control treatments: plants that were chosen through random selection (random 

treatment) and plants that were grown with cryopreserved soil microbial inocula that 

served as controls against microbial adaptation (control treatment). All three selection 

treatments in the experiment received the same bacterial inoculant in the first 

generation, derived from organic farm soils. Thus, the initial bacterial community was 

the same for all three selection treatments but diverged over time across generations of 

the selection experiment. The microbial inocula consisted of rhizosphere soil dispersed 

with sterile water into autoclaved soils. Each selection treatment consisted of 15 

replicated pots with identical autoclaved soil and B. rapa seeds across treatments and 

generations of plantings, which ensured that the microbial inocula were the dominant 

variable. The experimental design optimized soil bacterial passage across selection 

generations through use of the liquid dispersal medium and rapid generation times of 

the host plant (10-day growth of B. rapa Wisconsin Fast Plants). For a detailed 

illustration of the experimental design, see Figure 1.  We used amplicon sequencing of 

16S rRNA genes to observe shifts in bacterial community composition and interaction 

profiles across taxa. For bacterial community function, we assessed changes in plant 

nutrient use efficiency by measuring isotopic nitrogen (δ15N) of plant tissue to indicate 
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potential changes in soil N processing and nutrient metabolism within plants, which is 

a major determinant of plant productivity and yield.  

 

Figure 2.1 Experimental design of selection for rhizosphere microbiomes that enhance 

plant host yield. Selection pressure is placed on the rhizosphere microbiome for 

phenotypic changes (enhanced yield) of the host plant. For the 1st through 8th 

generations of the high biomass selection treatment, the rhizosphere soil from the four 

highest yielding units (from n=15 replicates) is composited into microbial inoculants 

for the subsequent generation of plantings. For the random selection treatment, four 

units (from n=15 replicates) are selected at random with rhizosphere harvested and 

used as microbial inoculants for the next planting. The control treatment consists of 

cryopreserved microbial inoculants that are identical to the start of the 1st generation of 

plantings and represent non-adaptive microbiomes (n=15 replicates). For all three 

selection treatments, seeds were collected to determine seed yield and nitrogen use 

efficiency (NUE) in the final (9th) generation. Units in all treatments and generations 

of plantings were comprised of the same B. rapa seed pool to minimize genetic 

diversity of the plant host. All units of the three selection treatments in the 1st 

generation received identical microbial inoculants derived from a mixture of organic 

farm soils. 
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2.2 Results 

2.2.1 Plant, soil, and microbiome samples 

 In the 9th and final generation of the experiment, the plants were allowed to set 

seed to determine selection pressure outcomes on B. rapa seed yield and nitrogen use 

efficiency. Only the harvested aboveground biomass is reported for plant data from the 

previous 1st through 8th generations, followed by seed yield in the 9th generation. 

Likewise, rhizosphere bacteria data are shown for the 1st through 8th generations, and 

the 9th generation sampling was avoided due to the prolonged growth of seed-bearing 

plants and low moisture soil conditions (and eventual desiccation) required for seed 

collection.  

 

2.2.2 Aboveground dry biomass production and seed yield 

To assess if our selection process enhanced plant productivity in the high 

biomass selection treatment, we compared the total dry aboveground biomass 

production and seed yield of the three selection treatments in the 9th generation. 

Analysis of aboveground dry biomass production (g) revealed significant effects of 

selection treatment (p=3.28e-05). Pot units in the high biomass and random selection 

treatments had 36% and 38% greater B. rapa aboveground dry biomass production 

compared to pots in the control treatment at the p=0.002 and p=0.0001 significance 

levels, respectively (Figure 2.2A). Aboveground dry biomass production between the 

high biomass and random selection treatments did not differ (p=0.98). Analysis of 

seed yield revealed significant effects of selection treatment (p=0.032). The seed yield, 

measured as the total g of seeds produced per pot unit, in the high biomass selection 
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treatment was 62% higher compared to the control treatment at the p=0.025 

significance level (Figure 2.2B). In contrast, the seed yield of the random selection 

treatment did not differ from the high biomass selection treatment (p=0.52) or the 

control (p=0.25).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.2 A.) Box plot displaying the average aboveground biomass production (g) 

of the pots in each selection treatment after the 9th generation of selection. B.) Box 

plot displaying the average seed yield (g) of the pots for each selection treatment after 

the 9th generation of selection.  
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2.2.3 Analysis of plant tissue N content 

Plant N uptake is one of the largest determinants of productivity28. We 

expected that increased soil N cycling would be a key mechanism by which the 

rhizosphere microbiome of a non-mycorrhizal plant host would enhance biomass 

growth and seed yield. Thus, we analyzed foliar N data from the 9th generation of the 

experiment to determine how selection may have altered microbial nutrient cycling 

activity. Analysis of total foliar N revealed effects of selection treatment in the 9th 

generation of the experiment at the p=0.031 significance level (Table 2.1). Plants in 

the high biomass selection treatment had 57% more total foliar N compared to plants 

in the control treatment at the p=0.028 significance level, while the total foliar N 

content of plants in the random selection treatment did not differ from the high 

biomass (p=0.6) or control (p=0.12) treatments. Analysis of foliar δ15N values in the 

9th generation revealed further effects of selection treatment (p=0.0013).  Plants in the 

high biomass selection treatment had 43% lower foliar δ15N values compared to plants 

in the random selection treatment, and 50% lower foliar δ15N values compared to 

plants in the control treatment at the p=0.0077 and p=0.0014 significance levels, 

respectively (Table 2.1). The foliar δ15N values of the random selection and control 

treatments did not differ from one another (p=0.46). Foliar % N did not differ between 

any selection treatments (p=0.22). Selection treatment also had a weak effect on N 

agronomic use efficiency (NUE), defined as seed yield (g) g-1 nitrogen added28, at a 

p=0.08 significance level. Plants in the high biomass selection treatment had a 

similarly weak relationship exhibiting a 113% greater NUE compared to the control 

treatment in the 9th generation (p=0.071) (Table 2.1). The NUE of the random 
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 1 

9
th

 Generation  Total foliar N (g) Foliar δ15N vs. 

At. Air 

% foliar N N agronomic 

efficiency (g seed/g 

N added) 

High biomass 0.0013 +/- 0.00014
a
 1.47 +/- 0.12

a
 0.89 +/- 0.035

a
 1.17 +/- 0.17

a
 

Random 0.0011 +/- 0.00013
ab

 2.58 +/- 0.21
b
 0.80 +/- 0.052

a
 0.95 +/- 0.21

ab
 

Control 0.00083 +/- 0.000057
b
 2.92 +/- 0.24

b
 0.97 +/- 0.082

a
 0.55 +/- 0.13

b
 

ANOVA     

Selection line 0.031** 0.0013** 0.22 0.08* 

 

 

    

1
st Generation Total foliar N (g) Foliar δ15N vs. 

At. Air 

% foliar N Aboveground dry 

biomass production 

(g) 

High biomass 0.0028 +/- 0.65
a
 5.35 +/- 0.65

a
 2.48 +/- 0.50

a
 0.11 +/- 0.019

a
 

Random 0.0028 +/- 0.31
a
 5.39 +/- 0.31

a
 2.04 +/- 0.38

a
 0.13 +/- 0.021

a
 

Control 0.0039 +/- 0.56
a
 5.91 +/- 0.56

a
 2.50 +/- 0.35

a
 0.14 +/- 0.023

a
 

ANOVA     

Selection line  0.81 0.71 0.68 0.55 

selection treatment did not differ significantly from the high biomass (p=0.6) and 

control (p=0.12) selection treatments. To ensure differences observed in plant 

phenotype between selection treatments in the 9th generation were a result of our 

selection process, we analyzed aboveground dry biomass production, % foliar N, 

foliar δ15N, and total foliar N from the 1st generation (Table 2.1), which showed no 

effect of selection treatment. 

Table 2.1 Group means and ANOVAs for total foliar N, foliar δ15N vs At. Air, % 

foliar N, and N agronomic efficiency for the three selection treatments at the 9th 

generation and group means and ANOVAs for total foliar N, foliar δ15N vs At. Air, % 

foliar N, and aboveground dry biomass production, for the 1st generation. N data are 

from analysis of four replicates chosen at random from each selection treatment in the 

9th and 1st generation. Average aboveground dry biomass in the 1st generation was 

calculated using 15 replicates from each selection treatment.  

 

*Significance at the p=0.1 probability level.  

**Significance at the p=0.05 probability level. 

***Significance at the p<0.01 probability level.  
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To link our foliar N measurements to plant productivity, we performed Pearson 

correlations using data from the 9th generation of the experiment. Total foliar N was 

found to have a strong positive correlation with aboveground dry biomass production 

(p=1e-04) (Figure 2.3A) and seed yield (p=0.0051) (Figure 2.3B).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.3 Pearson correlations between plant productivity and total foliar nitrogen 

(N) measurements in the 9th generation of the experiment. A.) Scatterplot and Pearson 

correlation of aboveground dry biomass production (g) vs. total foliar N (g) using 

plant phenotype data from the 9th generation. B.) Scatterplot and Pearson correlation 

of seed yield (g) vs. total foliar N (g) using plant phenotype data from the 9th 

generation.  
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2.2.4 Analysis of the rhizosphere bacterial community 

We analyzed bacterial community composition through interpretations of 16S 

rRNA gene sequences to assess changes in the composition and interaction profiles of 

microbial taxonomic groups and specific operational taxonomic units (OTU).  Plotting 

of the Bray-Curtis distances in an ordination followed by PERMANOVA revealed 

significant effects of Generation (p<0.001), Selection Treatment (p<0.001), and the 

interaction between the two factors (p<0.001) on bacterial community composition. 

Clustering patterns in our PCoA show the control samples from the 1st through the 8th 

generation cluster into one large group, while the high biomass and random selection 

samples separate from this group together as the generations of plantings progress 

(Figure 2.4). Differences in bacterial community composition between the selection 

treatments as the generations advanced are also displayed in our heatmap constructed 

using Euclidean distances and average linkage clustering (Supplemental Figure 2.1).  
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Figure 2.4 Principal coordinates analysis (PCoA) of the rhizosphere microbial 

community based on 16S rRNA gene sequencing on MiSeq Illumina. Circles indicate 

microbiomes from the high biomass selection treatment and triangles indicate those 

derived from random selection. The crosses represent the control selection treatment, 

which are used to measure against genetic drift and growth chamber adaptation. For 

the high biomass and random selection treatments, the different generations are 

represented by color: 1st generation is red, 2nd generation is orange, 3rd generation is 

yellow, 4th generation is green, 5th generation is blue, 6th generation is purple, 7th 

generation is pink, and 8th generation is grey. For the control selection treatment, all 

generations (1st through 8th) are represented in teal to highlight a distinct cluster of 

control samples. PERMANOVA revealed significant effects of Generation (p<0.001), 

Selection Treatment (p<0.001), and the interaction between the two factors (p<0.001) 

on bacterial community composition.  

 

 In order to assess the effect of Generation and Selection Treatment on 

abundances of specific bacterial taxa, which may help explain functional shifts in the 

rhizosphere bacterial community, we ran ANOVAs on the relative abundances of the 

top seven most abundant bacterial families. For our ANOVA models, we included 

Generation, Selection Treatment, and the interaction between the two as model 

factors, then report here pairwise comparisons of the abundances of different bacterial 

families in the 8th generation between the selection treatment. In other words, the 

ANOVAs and pairwise comparisons reported here are from analysis of the Generation 

x Selection Treatment interaction term. Our analysis shows shifts in the quantities of 

bacterial families such as Chitinophagaceae (p=0.022) (Supplementary Figure 2.2). 

Members of this family, which contains plant growth promoting species such as 

Arachidicoccus rhizosphaerae29, increased in relative abundance in the high biomass 

and random selection treatments by 378.1% (p=0.0007) and 329.5% (p=0.026) 

compared to the control treatment in the 8th generation (Supplementary Figure 2.2). 

Our analysis of Flavobacteriaceae (p =2.98e-7), which is a member of the widespread 
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Bacteroidetes phylum, and Oxalobacteraceae (p=1.6e-8), belonging to the 

functionally diverse Proteobacteria phylum, revealed further shifts in abundances 

between selection treatments in the 8th generation. The abundance of 

Flavobacteriaceae was 83.1% lower in the high biomass selection treatment (p<0.001) 

and 84.2% lower in the random selection treatment (p<0.001) compared to the control 

treatment. The abundance of Oxalobacteraceae was 51.1% lower in the high biomass 

selection treatment (p=0.0082) and 60.6% lower in the random selection treatment 

(p=0.0006), compared to the control treatment. Analysis of Sphingobacteriaceae, also 

a member of the Bacteroidetes phylum, revealed further shifts between selection 

treatments in the 8th generation (p=8.69e-9). When analyzing Sphinobacteriacaea 

abundance between selection treatments in the 8th generation, we found the high 

biomass selection treatment had 52.3% lower abundance compared to the random 

selection treatment (p<0.001) and 37.6% lower abundance compared to the control 

treatment (p=0.0136).  

Analysis of Shannon diversity indexes revealed differences in bacterial 

diversity between all three selection treatments (p=3.14e-08) (Figure 2.5). The control 

treatment had the greatest bacterial diversity, with a diversity index 3.7% greater than 

the random selection treatment (p=0.018) and 7.8% greater than the high biomass 

selection treatment (p<0.001). In addition, the random selection treatment had a 

diversity index 3.9% greater than the high biomass selection treatment (p=0.016). This 

decrease in diversity could be indicative of ecological filtering30 or a similar process in 

the high biomass selection treatment.  
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Figure 2.5 Analysis of mean Shannon diversity index for the three selection treatments using 

microbial data from all eight generations of soil samples sequenced.   

 

2.2.5 Microbiome network analysis 

To compare how bacterial group dynamics shifted between the different 

selection treatments in our experiment, we performed an Extended Local Similarity 

Analysis (eLSA) using bacterial sequence data from the 1st through 8th generation. 

Briefly, an eLSA is a modified version of Local Similarity Analysis (LSA), which 

measures local and potentially time-delayed co-occurrence patterns in time series 

data31. Unlike LSA, eLSA can reveal statistically significant local and potentially 

time-delayed association patterns in replicated time series data, such as the bacterial 

sequence data from this experiment. Results from the analysis can then be used to 

construct an association network consisting of nodes (representing bacterial 

Operational Taxonomic Units, or OTUs), edges (representing potential relationships 

between nodes), and modules (clusters of nodes), which together can be used to 

        a                            b                  c 
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visualize changes in microbial interaction networks (i.e. microbial ecological 

relationships).  

The eLSA revealed that the three selection treatments differ in edge 

connections with the same node set, which included OTUs that had a relative 

abundance above 1% in at least 1 sample. The high biomass selection treatment 

showed the greatest number of edge connections, followed by the random selection 

treatment, then the control treatment (Figure 2.6A). Notably, the high biomass 

selection treatment visually showed a densely connected cluster of OTUs not observed 

in the random or control selection treatments when the three networks are stacked 

(Figure 2.6B). When plotting the degree distribution (number of edges connected to a 

specific node) of all three selection treatments, the high biomass selection treatment 

had substantially more nodes that are more connected when the degree is larger than 

12 (Supplementary Figure 2.3A). Changing the alpha threshold for the eLSA analysis, 

which determines if a correlation between two OTUs is significant, yields consistent 

results where the network of the high biomass selection treatment is always the most 

dense and indicates robustness of eLSA on this data set (Supplementary Figure 2.3B).  

In addition to differences in edge connections between the three selection 

treatments, we found decreased modularity of the bacterial community under high 

biomass selection, which is indicative of a more highly organized network topology 

displaying tightly connected bacterial OTUs.  The high biomass bacterial communities 

showed the lowest modularity of 0.546, followed by 0.562 in the random selection 

group and 0.741 in the control group. Module size, taxonomic composition, and the 

interaction strength (connectivity, as indicated by the node size) differed across the 
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selection treatments and control. Figure 2.6C shows the two largest group formations 

within the network and their taxonomic profile. The greater density of the two major 

groups in the high biomass selection treatment compared to those generated from 

random selection shows stronger interconnection within the groups. 

To further quantify these visual differences, we used our sample edge lists to 

run a publicly available network model tool, known as NetShift32, which quantifies 

bacterial community rewiring and changes between two data sets. With the analysis, 

we sought to perform pairwise comparisons of global graph properties for the three 

selection treatments. Our analysis revealed the high biomass selection treatment 

overall had higher network density (portion of potential connections in a network that 

are actual connections), lower average pathlength (fewer edges between nodes), more 

total edges (more connections), and more exclusive edges than the random selection 

and control treatments (Figure 2.6D). The results indicate a more connected bacterial 

community in the high biomass selection treatment compared to the random and 

control treatments, which was also visually observed in our microbial network 

constructed from the eLSA.  
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Figure 2.6 Extended Local Similarity Analysis (eLSA) networks representing microbial taxa 

(OTU) interactions. A.) Networks of the three different selection treatments comprised of 

sequencing data from all eight generations. Size of the node is proportional to the degree of 

the node (the number of connections a node has). B.) Network of the combined three selection 

treatments. C.) Two largest modules (clusters) from each selection treatment and control using 

our network data. The networks represent OTU interactions for different selection treatments 

using sequencing data from all eight generations. Size of the node is proportional to the level 

of connectivity and colors represent taxonomic groups of bacteria. D.) Comparisons of 

network density, average path length, total edges, and exclusive edges between selection 

treatments using NetShift. We used the same edge lists generated for our LSA to run our 

NetShift analysis.  
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Figure 2.6 (Continued) 
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2.3 Discussion 

The objective of the experiment was to examine changes in rhizosphere 

bacterial group dynamics across generations of selection for high biomass growth of a 

non-mycorrhizal plant under soil nitrogen limiting conditions. In essence, we used a 

specific phenotype of the host plant (high aboveground biomass) to report the 

collective actions of a bacterial community that are modifiable over the course of 

selection4. We used an ecological filtering approach30 in this experiment to remove 

rhizosphere microbiota that were not associated with the four highest performing units 

for each generation of plantings in the high biomass selection treatment. The plants 

used in this experiment did not undergo selection pressure. Instead, seeds of the same 

parental origin were used across generations of plantings, which means the genetic 

profile of plants from the 1st through 9th generations were the same. The PCoA 

indicated divergence in the bacterial communities between the high biomass and 

random treatments starting in the 6th generation. The bacterial network analysis using 

eLSA and NetShift indicate that bacteria associated with increased aboveground 

biomass may be coordinating group-level behaviors that impact fitness traits, such as 

the higher seed yield in the high biomass selection treatment compared to the control 

treatment. Altogether, the stronger connectivity of specific taxonomic groups forming 

within the rhizosphere of the high biomass plants over time, along with the observed 

changes in bacterial community composition, may have contributed to shifts in plant 

seed yield and plant N dynamics.   

The eLSA network model revealed that the selection process had a significant 

effect on bacterial group dynamics in each treatment over the course of the 
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experiment. A notable outcome of the experiment was the formation of bacterial 

groups (modules) that differed in composition and interaction intensity across the 

selection treatments. Modules or clusters are biologically relevant units whose 

interaction patterns provide information in understanding the function of the 

network33.  For example, past research has suggested highly modular microbiota could 

play a key role in plant immune responses to pathogens34. The significance of these 

groups is how they may reveal emergent properties of microbiomes associated with 

alterations in the host’s phenotype, such as seed yield. In this study, the selective 

pressure on plant biomass resulted in lower diversity and higher connectivity in the 

high biomass selection treatment, suggesting a highly organized bacterial community 

formed in the rhizosphere.  

Analysis using NetShift provided quantitative data confirming changes in 

bacterial community dynamics across treatments. NetShift indicated a more 

interconnected bacterial community: lower average pathlength, which describes the 

average number of steps connecting one node to the next, and total edges, which 

represents connectedness among community members32. Previous work has 

highlighted the influence of external pressures on bacterial community properties, 

such as density. Faust et al. showed that microbial networks in bulk soils are generally 

less dense than host-associated networks35. Considering empirical results such as this, 

it is conceivable the selection pressure for increased plant biomass production resulted 

in highly connected assemblies of bacterial groups that coordinate complex functions 

that are beneficial to plant growth and N use efficiency.   

It is well known that the rhizosphere bacterial community regulates several 
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plant activities, such as nutrient uptake, through a variety of mechanisms. For 

example, rhizobia form nodules in legume roots and fix atmospheric nitrogen for their 

host36, while free-living microbes, such as phosphorus solubilizing bacteria, regulate 

plant P availability through collective production of extracellular enzymes37. It is 

possible that the changes observed in plant tissue N content in this experiment were a 

result of changes in the nutrient cycling activities of the rhizosphere bacterial 

community between the selection and control treatments. Our sequencing data indicate 

that the bacterial communities of the high biomass selection treatment showed distinct 

characteristics from the bacterial communities of the random selection and control 

treatments. Among these distinct characteristics were a decrease in bacterial diversity, 

which could indicate ecological filtering30 for more efficient N cycling 

microorganisms. An example is the shift in the relative abundance of 

Chitinophagaceae bacteria which have previously been shown to be associated with 

increased N cycling activity38.  

By repeatedly selecting for rhizosphere bacterial communities associated with 

greater aboveground biomass production, it is conceivable the rhizosphere bacterial 

communities in the high biomass selection treatment became enriched with taxa that 

aid in the mineralization of N, which is an essential nutrient for seed production and 

development39, 40,41. It is important to note that the plants in this study were grown 

under nitrogen limitation, specifically 20 ml of 100 ppm N fertilizer as one dose in 

each generation. In nitrogen-limiting conditions such as this, plants may enrich the 

rhizosphere for N capturing microorganisms via root exudation42, which could impact 

soil N availability or N use efficiency in the host.  
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Stable isotopes provide an opportunity to assess potential contributions of the 

rhizosphere microbiome to plant N utilization43,44. Changes in foliar δ15N result from 

corresponding alterations in the δ15N of the soil solution or some fundamental change 

in within-plant N metabolism, which is often interpreted as modifications in soil 

processes, especially nitrification and denitrification45. In this study, it is challenging 

to determine the soil or metabolic processes that were impacted between the 1st and 9th 

generations. However, the observed changes in foliar δ15N (Table 2.1) suggest some 

alteration in soil N cycling by the rhizosphere microbial community or metabolism in 

the high biomass selection treatment. There are several potential ways in which the 

rhizosphere could change soil N cycling. For example, differences in foliar δ15N 

values among the treatments could be a result of differential rates of nitrification and 

denitrification between groups46. Similarly, differences in δ15N values could indicate 

contrasts in fertilizer- versus soil-N use by plants across treatments47, which could be 

mediated by the microbiome. Plant fractionation of nitrogen isotopes may have 

differed across selection treatments48. The increases in total foliar N and N agronomic 

use efficiency, and the δ15N data altogether suggest alterations in rhizosphere N 

cycling and plant N utilization in the high biomass selection treatment. As shown in 

our regression analysis, this alteration in available N could be a major mechanism by 

which bacterial communities in the high biomass selection treatment altered the yield 

and NUE phenotypes of B. rapa.  

In addition to potentially promoting N cycling, the rhizosphere bacterial 

community in the high biomass selection treatment could have also promoted the 

uptake of other important plant nutrients, such as phosphorus49,50, but plant tissue P 
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and soil extractable orthophosphate were not analyzed in this study. It is also possible 

the shifts in the high biomass bacterial communities over the course of selection 

represent the elimination of organisms that inhibit plant productivity51, as we observed 

a decline in diversity in the high biomass selection treatment compared to the other 

two treatments. Our analysis revealed lower abundances of taxa belonging to the 

family Sphingobacteriaceae in the high biomass treatment. This lower abundance may 

have benefited plants in the high biomass treatment as members of this family have 

been associated with plant and animal diseases52,53. We expected ecological filtering 

of the bacterial community, and thus a decline in diversity as observed in our 

experiment, since our selection for high biomass production likely altered bacterial 

community assembly processes54,55. 

 We have shown in this experiment that it is possible to develop rhizosphere 

bacterial communities associated with desirable plant traits in agriculturally relevant 

crops, such as B. rapa, through artificial group selection over multiple generations. 

Our results show seed yield and plant tissue N may have been altered by the 

microbiomes assembled under high biomass selection. Random selection appears to 

also have effects on plant and soil responses. However, the more interconnected 

microbial network along with enrichment for N cycling bacterial taxa and changes to 

N cycling dynamics observed in the high biomass selection treatment suggest 

significant effects of high biomass selection that may ultimately drive enhanced seed 

yield and NUE compared to the no selection control, which was not observed in the 

random selection treatment. Our work demonstrates that group-level behaviors within 

the rhizosphere can be altered under selection and may serve a key role in modifying 
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plant host phenotypes related to productivity. This project contributes to the growing 

area of research showing that rhizosphere microbiomes influence crop traits and have 

the potential to promote plant productivity and yield56,57 without the use of genetic 

engineering or gene-editing techniques. As this experiment focused on bacterial 

communities, future studies could be designed to analyze how microbiome 

composition or behaviors can be modified to alter plant fitness and other phenotypes. 

These types of microbial experimental systems could ultimately help develop a better 

understanding of plant-microbe interactions that can be utilized for regenerative 

agriculture.  

 

2.4 Materials & methods 

2.4.1 Growth chamber conditions 

All plants in this experiment were grown in a growth chamber set at 350 µmol 

of light, 10% humidity, alternating between 28ºC for 16 hours and 23ºC for 8 hours 

for every generation (Percival-Cornell University Weill Hall Life Sciences Growth 

Chamber Facility, Ithaca, NY, USA). 

 

2.4.2 Selection on rhizosphere microbiomes 

Bacterial inoculants for the high biomass and random selection treatment were 

created using an iterative selection process over nine generations adapted from 

Swenson et al.10 and Panke-Buisse et al.11. In the 1st generation, 0.5 L pots were filled 

with LM-111 container soil (Lambert Peat Moss, Inc., Riviere-Ouelle, Quebec, 

Canada) that was autoclaved twice with a 24-hour resting period in between cycles. 
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After sterilization, the pots were inoculated with 20 mL of a bacterial inoculant 

created from field soils gathered from diverse organic farms in Ithaca, New York 

(42.4440° N, 76.5019° W). This initial bacterial inoculant was created by compiling 

and homogenizing the field soils, then adding 55 mL of the mix to 500 mL of 

sterilized deionized water. The mix was then shaken with 30 mL of sterilized glass 

beads at 180 opm for one hour. The resulting slurry was then filtered through four 

layers of sterilized food preparation cloth, which retains a large portion of the soil 

bacterial community in the filtered slurry while eliminating large soil particles. 

Aliquots of this mix were frozen at -20ºC to serve as bacterial inoculants for the 

control selection treatment in the following generations. In every generation, all three 

selection treatments (high biomass, random, control) had 15 replicate pots total. The 

high biomass and random selection inoculants were kept frozen at -20ºC for two days 

and thawed, along with the control inoculants, prior to the start of each generation. 

This additional process of freezing and thawing at each generation was set in place to 

minimize potential confounding differences between the control samples and the 

selection treatments. 

A single B. rapa seed pool consisting of a single genotype was gathered for use 

throughout the entire experiment. This prevented any genetic changes at the plant host 

level, helping to ensure any changes in plant phenotype observed in our experiment 

were a result of changes in the bacterial community. Before planting, seeds were 

surface sterilized with 2.5% bleach for 15 minutes and then rinsed with sterile water at 

least five times before seeding. Eight seeds were planted into each pot to ensure 

adequate germination. Pots were then thinned to five plants per pot upon emergence. 
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Pots were placed randomly into trays covered with sterile clear plastic domes to help 

prevent outside contamination. The trays were arranged randomly across two growth 

chamber benches. Plants were watered daily with filter sterilized water and received 

one dose of 20 mL filter sterilized Jacks 21-5-20 + Epsom salt fertilizer, at a 

concentration of 100 ppm N. Plants were grown for 10 days, then the stem and leaf 

aboveground biomass of all plants in each pot were harvested by cutting at the base of 

each plant’s cotyledon leaves. The composited plant samples from each pot were dried 

at 65ºC for 24 hours to record total aboveground dry biomass production (i.e, the 

biomass reported for each pot is the biomass production of all plants, not an average).   

Rhizosphere soils were collected and stored at 4ºC upon harvest. Soil was 

collected by gently breaking up the root ball, holding the roots, and gently shaking 

away unattached soil. For the high biomass selection treatment, we kept soils from the 

eight pots with the highest plant biomass production. Rhizosphere soil from the four 

plants with the greatest total aboveground biomass production in this selection 

treatment was used to create the high biomass inoculant for the following generation. 

After creating a homogenous mix of the four soils, 100 mL of the soil mix was 

dissolved into 500 mL of sterile DI water. The slurry was then shaken with 30 mL of 

sterile glass beads for one hour at 180 opm and filtered through four layers of sterile 

cheesecloth. The resulting mix was then used as the bacterial inoculant for plants in 

the successive generation of the high biomass selection treatment with each pot 

receiving 20 mL of the inoculant. For the random selection treatment, the rhizosphere 

soil from eight random plants was kept and soils from four random plants within this 

subgroup were used to create bacterial inoculants for the next generation of plants in 
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this selection treatment. The four randomly chosen soils were homogenized and 100 

mL was then mixed with 500 mL of sterile DI water, shaken at 180 opm with 30 mL 

of sterile glass beads for one hour, then filtered through four layers of sterile cheese 

cloth. This filtrate was then used to inoculate plants in the random selection treatment 

in the following generation with each plant receiving 20 mL of the mix. Soils from 

eight random plants were kept from the control selection treatment, which were only 

used for analysis of the rhizosphere bacterial community (i.e. they were not used to 

make bacterial inoculants for the following generations). We repeated this exact 

selection process for a total of 9 generations (Figure 2.1).  

At the final generation (9th generation), we grew the plants to seed in order to 

assess the effect of our selection process on B. rapa seed yield, which required plants 

to be grown for 31 days. Upon flowering (~18 days), plants were hand pollinated daily 

by transferring pollen to neighbor B. rapa plants. In order to initiate seed ripening, we 

ceased watering the plants two days before harvesting. After harvesting, stem and leaf 

tissue was collected and dried at 65ºC for 24 hours then weighed to record total dry 

aboveground biomass production. Seeds were collected from all plants every pot and 

weighed to assess seed yield. Because the plants required dried soil to set seed in this 

generation, we were not able to collect soil samples for sequencing the rhizosphere 

bacterial community for this final time point.  

 

2.4.3 Bacterial 16S rRNA gene sequencing 

Bacterial DNA was extracted from frozen rhizosphere soil samples collected 

from the 1st through 8th generation using a PowerSoil DNA Isolation Kit (Qiagen, 
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Hilden, Germany) following the manufacturers protocol for more absorbent soils. 

Approximately 150 to 200 mg of soil from each sample was used for extraction. 16S 

rRNA gene sequences were amplified using PCR primers described in Herlemann et 

al.58, which target the bacterial/archeal 16S rRNA gene variable region for pair-end 

Illumina (Illumina, Inc., San Diego, CA, USA) barcoded sequencing. After an initial 

clean-up of the samples using the HighPrep PCR Clean-up System (MAGBIO 

Genomics, Gaithersburg, MD, USA), unique Index Primers were attached to 

amplicons in each sample with a second PCR cycle. The indexed samples were 

cleaned and normalized using the SequalPrep Normalization Plate Kit (Thermo Fisher 

Scientific, Waltham, MA, USA). Sample normalization was followed by pooling 5 ul 

of each sample into one composite sample. The pooled sample was then ran on a 1.2% 

agarose gel with SyberSafe added and the target band was excised. The DNA was then 

extracted from the gel using the Wizard SV Gel and PCR Clean-Up System (Promega, 

Madison, WI, USA). The final pooled sample was then sent to the Cornell Genomics 

Facility (Cornell University, Ithaca, NY, USA) for sequencing on the Illumina MiSeq 

platform.  

 

2.4.4 Plant tissue N analysis 

N content and isotope ratio of plant tissue in this experiment was analyzed at 

the Cornell Stable Isotope Laboratory (COIL) using a Thermo Delta V isotope ratio 

mass spectrometer (IRMS) interfaced to an NC2500 elemental analyzer. Tissue from 

four random samples from each Generation x Selection Treatment group were 

submitted to COIL for analysis. Measurements of %N were used along with 
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aboveground dry biomass production to calculate total plant N.  

 

2.4.5 Statistics 

All statistical analyses were performed using R statistical software 

(Rproject.org). To analyze the effect of our selection process, we analyzed plant 

biomass production, seed yield, and N data from the 9th generation using linear 

modeling. We focused on plant data from this generation and analyzed it separate 

from other generations given it was the final generation of the experiment and was 

grown for a longer period than the generations before. One-way ANOVAs were 

performed for each model to determine the effect of selection treatment on each 

outcome in the 9th generation. Least squared means was then used to perform pairwise 

comparisons of group means between selection treatments. Normality of residuals and 

homoscedasticity were verified for each model using plotting methods. To show our 

selection process was responsible for any differences observed in our ANOVAs at the 

9th generation, we performed these same procedures on data from the 1st generation, 

which showed no differences in treatment means for any response variable (Table 

2.1). Data transformations were performed as necessary for all analyses to meet 

ANOVA assumptions.  

Pearson correlations were performed using foliar N data, aboveground dry 

biomass production, and seed yield data from the 9th generation to assess potential 

linkages between plant nitrogen uptake and productivity. Data were first visualized in 

scatterplots using the ggscatter function to verify linear relationships between 

variables. Normality for each variable was then verified using the Shapiro-Wilk 
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normality test. We then ran our correlation analysis using the cor.test function in R, 

which provided Pearson correlation coefficients along with p-values to indicate if a 

relationship was significant.  

 

2.4.6 Analysis of microbiome sequences 

The pipeline from the Brazilian Microbiome Project 

(http://www.brmicrobiome.org/) was modified to process our sequences. Mothur v. 

1.3613 was used to merge paired-end sequence (make.contigs), trim off primers 

(trim.seqs, pdiffs = 2, maxambig = 0), remove singletons (unique.seqs → split.abund, 

cutoff = 1) and classify sequences (97% similarity). OTUs that were suspected to not 

be of bacterial origin were removed (remove.lineage). Qiime v. 1.9.114 was used to 

cluster OTUs and create an OTU table.  

Following sequence processing, the dataset was rarefied to 2988 sequences per 

sample (i.e. the minimum number of reads per sample in this dataset). We then 

converted OTU counts in each sample to percentage, then calculated Bray-Curtis 

distances using vegdist. We then performed a PCoA analysis on the Bray-Curtis 

distances calculated using cmdscale. We then calculated % variance explained by the 

first two axes, then plotted the calculated Bray-Curtis distances in an ordination to 

visualize the effect of Generation and Selection Treatment on community 

composition. The adonis package was used to perform a PERMANOVA on our 

sequence data and assess the effects of Generation, Selection Treatment, and the 

interaction between the two factors on community composition. Due to a lack of 

adequate post hoc tests in adonis, we were not able to do pairwise comparisons. 
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PERMANOVA requires homogeneity of variance, which we analyzed using the 

betadisper function. Shannon diversity indices we calculated for each sample using the 

diversity function. We then created a linear model assessing the effect of Selection 

Treatment alone on the Shannon diversity indices of our samples (i.e. Generation and 

an interaction term were not included in the model), then ran an ANOVA on the 

model. We then used least squares means to do pairwise comparisons of diversity 

indices.  

Changes in the relative abundances (%) of different bacterial taxa across 

generations and selection treatment were visualized by creating stacked barplots. We 

first aggregated our OTU data, taxonomic data, and metadata using the phyloseq 

function, then identified the seven most abundant bacterial families using the sort 

function. We then calculated % abundance for each bacterial family in the different 

Generation x Selection Treatment groups then plotted the abundances in a stacked 

barplot. ANOVAs were then performed on the relative abundances of each taxonomic 

group using linear modeling and group means were compared using least squared 

means to quantitatively assess differences in taxonomic abundances across generations 

and selection treatments.  Normality of residuals and homoscedasticity were verified 

for each model using plotting methods, and transformations were performed as 

necessary to meet ANOVA assumptions. A heatmap was also created to further 

visualize changes in the relative abundances of bacterial taxa. We first identified the 

maximum abundance of each individual OTU in every sample, then filtered out OTUs 

with maximum abundances below 7.5%, which we found was an appropriate cutoff to 

visually see shifts in OTU abundances across generations and selection treatments in 
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our heatmaps. After filtering, we used the pheatmap function in R to visualize shifts in 

OTU relative abundances across generations and selection treatment using euclidean 

distances of OTU relative abundances and average linkage clustering.  

 

2.4.7 Extended local similarity analysis (eLSA) and network construction 

In order to study the effect of our selection process on bacterial community co-

occurrence patterns, which can represent important ecological interactions and 

processes59, we constructed dynamic networks for each selection treatment using 

bacterial sequence data from the 1st through 8th generation. To construct our networks, 

we employed Extended Local Similarity Analysis (eLSA), a similarity-based method 

that uses dynamic programming to build association networks from time series 

data31,60. The algorithm used is summarized in Supplementary Table 2.1. In a standard 

LSA method, we are provided sequence data in which only one sample is available for 

each time step for each sequence we have. We first used pairs of OTU time series data 

of the same length as inputs. Positive and negative correlation scores between each 

pair were then calculated, which we used to determine local similarity scores. Larger 

local similarity scores indicated stronger potential relationships between the two 

paired OTUs. However, this is too stringent in our case where multiple samples are 

available within one sequence for each time step. Hence, instead of using LSA, we 

applied the eLSA method in this work where a sufficient statistic is computed for each 

time step given all the samples observed at that time step and then applied the standard 

LSA method to compare the local similarity score. Here, we used the simple average 

method to summarize the replicated time series data31. For example, if we have 10 
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samples at each time step, we can then compute the average value of the 10 samples at 

the same time step and apply LSA on this new sequence data where the data at each 

time step is the average value for all samples. In this paper, we take the mean of all the 

samples observed at every time step. 

Next, we used our LSA scores between OTUs to construct a network 

representing the strong relationships within bacterial communities. We defined a graph 

Ԍ (V, Ԑ) where V = {v1, v2, ..., vm} represents different OTUs and (vi, vj) ∈ Ԑ if there 

is a strong correlation between OTUs represented by vi, vj. Strong correlations here 

are defined using the significance level α. 

To compute p-values for two OTU time series data O1 and O2, we first 

randomly permuted O1 and O2 and computed LS (O1, O2). P-value here was defined 

as the probability that this local similarity value is at least as large as the local 

similarity value with the non-permuted data. We computed an upper bound for the p-

value61. After establishing the upper bound for the p-value between O1 and O2, we 

defined a global significance level α and filtered the upper bounds with α. Specifically, 

if the p-value upper bound between OTU time series represented by vi and vj was 

larger than α, we drew an edge between vi and vj. For our analysis, only OTUs with a 

relative abundance of at least 1% in any of the samples were used, which gave us a 

network with 90 nodes representing different OTUs. We used a time delay of 1 and 

the significance level α to be 1.  
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Chapter 3: Transcriptome of Tomato (Solanum 

lycopersicum) Reveals Impacts of Root Microbiomes on Host 

Interactions 
 

Abstract 

We are interested in developing a better understanding of interactions between 

a host plant and its associated rhizosphere microbiome. The effects of the rhizosphere 

microbiome on the expression of specific genes and regulatory pathways of a host 

remain largely unknown. We inoculated tomato (Solanum lycopersicum) with 

microbiomes from vermicompost to study plant transcriptome responses. We 

hypothesized that tomatoes grown with living vermicompost microbiomes will display 

transcriptome changes in key nutrient pathways compared to heat-treated 

vermicompost and control (i.e. no compost) treatments. Illumina DNA sequencing 

indicated the rhizosphere bacterial community profile was distinct between the three 

treatments at harvest. Plant phenotypes remained largely unchanged between 

treatments, except for increases in aboveground biomass production and foliar δ15N 

values in the vermicompost and heat-treated vermicompost treatments at harvest and 

decreases in red ripe fruit phytoene content in the vermicompost and heat-treated 

vermicompost treatments. Our analysis of foliar and fruit tissue RNA sequences 

revealed distinct changes in gene expression in the vermicompost treatment, including 

upregulation of nutrient transporter genes compared to both the heat-treated 

vermicompost and control treatments. Overall, plant transcriptome analyses indicate 

bacterial communities in vermicompost influenced the expression of important tomato 

genes and regulatory pathways while phenotypic outcomes were harder to detect, 
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likely due to high levels of soil nutrients in this experiment. Nevertheless, these results 

highlight discrete molecular effects that rhizosphere microbiomes can have on tomato 

gene expression and regulatory pathways and the usefulness of molecular tools such as 

RNA sequencing in identifying molecular responses in phytobiome studies.   

 

3.1 Introduction 

Microbiomes are defined as the collection of microbial cells in a given 

environment1. They can be found in a variety of settings, including in and around 

multicellular eukaryotic organisms such as plants. Each compartment of a plant from 

the roots to the leaves harbors taxonomically and functionally distinct microbiomes2,3. 

Similar to animals, plant microbiomes determine a variety of host traits and can either 

be detrimental or beneficial to the host4,5,6. As a result, there is growing appreciation 

for the need to develop a molecular understanding of the responses and effects 

rhizosphere microbiomes have on plant hosts and associated traits. Several trials 

involving the experimental manipulation of rhizosphere microbial communities have 

demonstrated how microbial consortia can alter plant traits such as aboveground 

biomass production and flowering time7,8, which may be a result of microbial nutrient 

cycling, phytohormone production, and other processes that influence plant 

productivity9. While much progress has been made in understanding the effect of the 

microbiome on host phenotypic traits, the effects microbial consortia in the 

rhizosphere can have on the expression of genes and regulatory pathways of a plant 

host remain largely unknown and likely represent some of the initial responses of plant 

tissues to microbiomes and changes in microbiome composition. 
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Prior studies have highlighted the influences of environmental factors on plant 

growth and development, including gene expression and regulatory pathways. For 

example, Neugart et al.10 showed the expression of genes associated with the 

production of secondary metabolites in kale plants is dependent on temperature and 

light intensity, while transcriptomic sequencing of tobacco plants by Yan et al.11 

showed biochar application after topping resulted in increased amino acid and lipid 

synthesis. In addition to such abiotic factors, biotic components of the environment 

such as pathogens have also been shown to alter plant transcriptomes. For example, 

research by Meng et al.12 demonstrated tobacco infection with Phytophthora 

nicotianae elicits the expression of genes associated with disease-resistance proteins 

along with several other proteins. Other studies have also highlighted similar effects of 

plant pathogens on host transcriptomes13,14, yet the effect of whole plant-associated 

microbial consortia has received less attention. This is likely due at least in part to the 

complexity of microbiome communities15.  Nevertheless, given the effect of the 

environment on gene expression and rhizosphere microbiome research showing effects 

of experimentally manipulated communities on host plant phenotypes, it is reasonable 

to hypothesize that plant transcriptomes will shift in response to changes in the 

rhizosphere microbiome. As they are likely to reflect early steps in the chain of events 

connecting microbiome-plant interactions to microbiome-influenced plant traits, 

understanding how the plant transcriptome changes in response to whole microbial 

consortia is necessary in developing a better understanding of plant-microbiome 

interactions. 
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Here we analyze the effects of rhizosphere microbiomes on tomato (Solanum 

lycopersicum L.) foliar and fruit responses with an emphasis on gene expression and 

regulatory pathway changes. We performed a greenhouse trial in which tomato plants 

were grown to maturity in sterilized potting soil treated with one of three microbial 

inoculants: a microbial inoculant created from vermicompost (V), a microbial 

inoculant created from heat-treated vermicompost (HT), which served as a control for 

increased nutrient levels in the vermicompost inoculant, or a no-compost control 

inoculant made only from sterilized microbial growth broth (C). Each treatment had 

five replicate tomato plants. Given the beneficial effects vermicompost has been 

shown to have on plant performance16, we hypothesized that tomatoes grown with 

living vermicompost microbiomes will display transcriptome responses, especially for 

key nutrient-associated pathways and possibly with measurable phenotypic outcomes 

as well. Our objectives for this study were thus to: (i) assess the influence of 

rhizosphere microbiomes derived from vermicompost on the host transcriptome and 

(ii) record any effects of the rhizosphere microbiome derived from vermicompost on 

tomato foliar and fruit phenotypes. 

 

3.2 Results 

3.2.1 Soil microbiome composition 

In order to assess the effect of treatment on rhizosphere microbial community 

composition, we sequenced bacterial and fungal DNA from rhizosphere soils collected 

at harvest. Principle coordinate analysis (PCoA) of bacterial sequence data showed 

samples clustered based on treatment (Figure 3.1A). This suggests a significant effect 
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of treatment on bacterial community composition, which was verified using 

PERMANOVA (p=0.015). Treatment did not have a significant effect on bacterial 

Shannon diversity indexes (p=0.44) or relative abundances of the most abundant 

bacterial phyla (Figure 3.1BC). Analysis of rhizosphere fungal communities revealed 

no significant effect of treatment on fungal community composition (p=0.39), fungal 

Shannon diversity (p=0.88), or relative abundances of the most abundant fungal phyla 

(Supplementary Figure 3.1ABC).  
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Figure 3.1 Comparisons of bacterial community sequencing data between treatments 

A.) Principle coordinate analysis (PCoA) comparing bacterial community composition 

between the three treatments. PERMANOVA shows significant effect of treatment on 

community composition (p=0.015). B.) Boxplot comparing Shannon diversity indexes 

between treatments. C.) Stack barplot displaying relative abundances of the most 

abundant bacterial phyla across the treatments.   
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3.2.2 Tomato foliar and fruit phenotypes 

We compared a suite of foliar and fruit phenotypes between treatments in order 

to link rhizosphere microbial community composition to host plant traits. Analysis of 

foliar phenotypes revealed plants in the vermicompost and heat-treated vermicompost 

treatment had significantly greater aboveground dry biomass production compared to 

plants in the control treatment at the p=0.0099 and p=0.0088 significance levels, 

respectively (Table 3.1). Aboveground dry biomass production did not differ between 

plants treated in the vermicompost and heat-treated vermicompost treatments 

(p=0.99). There were no significant differences in percent foliar nitrogen or total foliar 

nitrogen between the three treatments (Table 3.1). Foliar δ15N vs. atm. air values, 

which is a proxy for soil nitrogen cycling activity, was significantly higher in the 

vermicompost (p=0.0003) and heat-treated vermicompost (p<0.0001) treatments 

compared to the control treatment (Table 3.1). Foliar δ15N differed between the 

vermicompost and heat-treated vermicompost treatments at the p=0.0785 significance 

level, with plants in the heat-treated vermicompost treatment showing an increase in 

foliar δ15N values.  
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Table 3.1 Group means and ANOVAs for total aboveground dry biomass (g), % foliar 

N, total foliar N (g), foliar δ15N vs. at. air values, and average fruit size (g) measured 

at harvest.  

*Significance at the p = 0.05 level.  

**Significance at the p = 0.01 level.  

***Significance at the p < 0.001 level.  

 

Average tomato fruit size did not differ between treatments (Table 3.1). 

Analysis of fruit ethylene production revealed no significant effects of treatment 

(Supplementary Figure 3.2). Analysis of fruit carotenoid production revealed 

significant effects of treatment on the production of phytoene at the red ripe 

developmental stage (p=0.028), with plants in the control treatment having 

significantly greater phytoene compared to the vermicompost and heat-treated 

vermicompost treatments at the p=0.054 and p=0.024 significance levels, respectively 

(Figure 3.2). The production of phytofluene, lycopene, beta-carotene, and lutein did 

not differ between treatments (Supplementary Figure 3.3ABCD). Additionally, fruit 

chlorophyll a and b content did not differ between treatments at any of the 

developmental stages (Supplementary Figure 3.4AB).  
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Figure 3.2 Boxplot comparing tomato fruit phytoene content (μg/g fruit) for each 

treatment at the mature green, breaker, and red ripe stages.  

 

3.2.3 Analysis of Differentially Expressed Genes (DEGs) 

 To gain insight into microbial influences on host plant physiological processes, 

we performed RNA sequencing on tomato foliar and fruit tissue. Foliar tissue was 

collected from each plant at four weeks old and at maturity, while mature green, 

breaker, and red ripe fruits were harvested from each plant to analyze effects of 

treatment on fruit ripening processes. Analysis of RNA sequences revealed numerous 

differentially expressed genes (DEGs) between treatment groups (Supplementary 

Table 3.1). Observation of the 1000 genes showing the greatest change in expression 

at the p=0.05 significance level showed that in mature foliar tissue at harvest, copper, 

zinc, vacuolar iron ion, and phosphate transporter genes were upregulated in the 

vermicompost treatment compared to both the heat-treated vermicompost and control 

treatment. Several WRKY transcription factor genes were also upregulated in the 
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vermicompost treatment compared to the heat-treated vermicompost and control 

treatments. In foliar tissue harvested at four weeks, genes associated with phosphate 

transporters, chitinases, and various kinases were upregulated in the vermicompost 

and heat-treated vermicompost treatments compared to the control treatment. In red 

ripe fruits, genes associated with chlorophyll binding proteins, rubisco related genes, 

and cell wall protein X77373 were upregulated in the vermicompost treatment 

compared to the heat-treated vermicompost and control treatments.  

 Repeating the analysis to examine the 1000 genes showing the greatest change 

in expression with a significance level below p=0.01 revealed similar results 

(Supplementary Table 3.2). In mature foliar tissue at harvest, genes associated with 

phosphate, nitrate, copper, zinc, sugar, peptide, heavy metal, and vacuolar iron ion 

transporters were upregulated in the vermicompost treatment compared to the heat-

treated vermicompost and control treatments. Several phosphatase and kinase genes 

were also upregulated in the vermicompost treatment compared to the other two 

treatments. Meanwhile, defensin, sesquiterpene synthase, and terpene synthase genes 

were downregulated in the vermicompost treatment compared to the sterile 

vermicompost and control treatments. In foliar tissue harvested at four weeks, heavy 

metal transporter and WRKY transcription factor genes were upregulated in the 

vermicompost and heat-treated vermicompost treatments, while genes associated with 

the RADIALIS transcription factor and fatty acid hydrolases were downregulated in 

the vermicompost treatment. In red ripe fruits, several chlorophyll binding proteins, 

cell wall protein X77373, and RuBP carboxylase small subunits genes were 

upregulated in the vermicompost treatment compared to the heat-treated 
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vermicompost and control treatments.   

 

3.3 Discussion 

 Here we report the effects of rhizosphere microbiomes from vermicompost on 

tomato foliar and fruit phenotypes and transcriptomes. Our analysis of soil 

microbiomes in this experiment showed bacterial community composition was 

significantly different between our three microbial treatments, which was verified 

using PERMANOVA. Given results from past experiments with vermicompost16, we 

hypothesized microbial communities derived from vermicompost would significantly 

alter tomato gene expression especially as related to nutrient metabolism, transport 

and associated regulatory pathways in addition to possibly altering plant phenotypes as 

compared to control treatments. Although microbiomes from vermicompost did not 

markedly alter plant phenotypes compared to the heat-treated vermicompost and 

control treatments, analysis of foliar and fruit transcriptomes revealed transcriptome 

alterations among the vermicompost inoculant and controls. These changes included 

the upregulation of key nutrient transporters in foliar tissue and the upregulation of 

chlorophyll binding protein genes in red ripe fruits. Together, our results suggest 

vermicompost microbiomes may alter different aspects of tomato growth and 

development and demonstrate the usefulness of whole genome transcriptome profiling 

in studying plant-microbe interactions.  

 Our sequence data of rhizosphere bacterial communities showed community 

composition was significantly different between the three treatments, indicating 

robustness of our inoculation method. Rhizosphere bacterial communities in this 
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experiment showed overall shifts in community profile, but not differences in 

diversity. Previous rhizosphere microbiome research has shown ecological filtering 

(i.e. decreases in diversity) in the microbiome may lead to changes in microbiome 

function17, which could influence plant phenotypes. Such a pattern could be indicative 

of host plants selecting for microbial consortia that confer a fitness advantage15. Given 

the fitness benefits microorganisms in vermicompost likely have on host plant traits, 

we hypothesized a similar pattern may emerge in this experiment in the vermicompost 

treatment, but did not observe shifts in bacterial or fungal diversity in any of the 

treatments. This may be due in large part to our experimental set up. Tomato plants in 

this experiment were fertilized three times a week with 150 ppm N Peter’s excel 

fertilizer to assure plant survival. Under more nutrient-limited conditions, plant 

selection for microbial consortia conferring a fitness advantage is expected to become 

stronger18. However, with our higher N fertilizer regime and with additional nutrients 

from the microbial inoculants, ecological filtering in the rhizosphere by tomato plants 

in this experiment may not have been as strong, resulting in shifts in community 

composition but weaker ecological filtering in the rhizosphere.  

 Fungi play a central role in a variety of rhizosphere processes, including 

nutrient solubilization, plant nutrient capture, and disease suppression19,20,21. Previous 

research in tomato has highlighted the beneficial effects of genera such as arbuscular 

mycorrhizal fungi (AMF) on plant growth22. Given the growth promoting effects 

vermicompost has been shown to have, we expected the abundance of growth-

promoting fungi such as AMF to increase in the vermicompost treatment. However, 

no observed aspects of fungal community composition differed between any 
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treatments in this experiment. Previous experiments have shown bacterial and fungal 

communities in the rhizosphere can adapt and shift composition independent of one 

another23. Further, these types of community shifts could still influence plant 

performance and soil processes. Our data suggest this type of pattern may have 

occurred in this experiment, with bacterial communities in vermicompost being more 

significant in determining host plant traits such as gene expression.  

 Plant phenotypes demonstrating statistical change in this experiment were 

aboveground biomass production and foliar δ15N, a proxy for soil nitrogen cycling 

with increased values generally representing enhanced nitrogen cycling activity24, in 

the vermicompost and heat-treated vermicompost treatments as well as a decrease in 

fruit phytoene at the red ripe stage in the vermicompost and heat-treated 

vermicompost treatments. We hypothesized microorganisms within vermicompost 

promote soil nutrient cycling and plant nutrient uptake would indeed enhance 

aboveground biomass production and nitrogen capture. As fruit set and yield can be 

inversely correlated with vegetative growth in high nutrient environments25,26, this 

may be the reason fruit yield was not increased. The increase in aboveground biomass 

production and in foliar δ15N in the vermicompost and heat-treated vermicompost 

treatment may have been due to growth promotion via two different mechanisms. In 

the vermicompost treatment, plants could have captured more nutrients via 

microbially-mediated upregulation of nutrient transporter genes, as shown in our 

transcriptome data with the upregulation of genes such as nitrate transporter 1:2 

(Solyc05g006990) and high-affinity nitrate transporter-like protein (Solyc03g112100). 

On the other hand, plants in the heat-treated vermicompost treatment could have more 
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readily accessed nutrients released during microbial cell lysis as a result of the heating 

process, which is supported by the observed increase in foliar δ15N.  

 Fruit maturation and quality traits such as ethylene production and carotenoid 

content remained largely unchanged between the treatments. However, we did observe 

a statistically significant change in phytoene content at the red ripe developmental 

stage, with fruits from the vermicompost and heat treated vermicompost treatment 

showing a decrease in phytoene compared to the control treatment.  The carotenoid 

pathway is a complex multistep process that is regulated by numerous genetic, 

hormonal, and external factors27. The accumulation of the predominant downstream 

carotenoids that accumulate in tomato fruit (lycopene and beta-carotene) remained 

largely unchanged. The observed difference in phytoene accumulation, the first 

committed product in carotonogenesis, which in many plant tissues including ripening 

tomato fruit accumulates only transiently, suggests some effect of treatment on 

carotenoid pathway flux. While phytoene is the first product in the carotenoid 

pathway27, effects of vermicompost microbiomes on carotenoid production could be 

through reduction of early pathway activities and/or acceleration of later activities 

prior to lycopene and beta-carotene synthesis or in downstream carotenoid catabolism.   

 Analysis of foliar and fruit transcriptomes revealed several effects of the 

vermicompost microbiome that were not directly captured through plant trait analyses 

but possibly related to increased vegetative growth. Indeed, at both stringency levels, 

we observed the upregulation of several important nutrient transporter genes in the 

foliar tissue of plants in the vermicompost treatment compared to the heat-treated 

vermicompost and control treatments. This suggest microbiomes from vermicompost 
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altered plant nutrient uptake processes, which could have been achieved through 

microbial cycling of soil nutrients or changes in plant biology via phytohormone 

production, which is supported through our transcriptome data showing the 

upregulation of growth hormone genes such as gibberellin 20-oxidase-3 

(Solyc11g072310). It is again worth considering the growth conditions in this 

experiment. As previously discussed, plants were fertilized three times a week with 

150 ppm N Peter’s excel fertilizer, a more liberal fertilizer regime, in order to ensure 

plants grew to maturity, produced fruit, and survived until harvest. Additionally, no 

other stressors were applied during the course of the experiment.  Considering this, it 

is conceivable that the upregulation of nutrient transporter genes by the microbiomes 

derived from vermicompost may confer a fitness advantage if stress is imposed on the 

plants. Previous research has shown these type of interactions occurring in 

microbiome studies28,29,30, with growth promotion activities by microbiomes becoming 

more significant under stressed conditions.  

 In fruit tissue, chlorophyll binding proteins and cell wall protein X77373 genes 

were upregulated in the red ripe fruits of vermicompost at both the p=0.05 and p=0.01 

stringency levels, suggesting effects of vermicompost microbiomes later in growth. 

Previous research has found cell wall protein X77373 may be involved with disease 

resistance in fruit31, suggesting vermicompost microbiomes may activate disease 

resistance genes along with plant nutrient transporter genes. The upregulation of 

chlorophyll binding protein genes in the vermicompost treatment suggest an effect on 

fruit developmental processes and specifically a delay in the chloroplast to 

chromoplast transition. This result along with our analysis of fruit phytoene content at 
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the red ripe stage further suggests vermicompost microbiomes alter earlier steps of 

carotenoid production in fruits.   

 

3.4 Conclusion 

 Here, we report the effects of vermicompost rhizosphere microbiomes on 

tomato foliar and fruit traits compared to a heat-treated and sterile control. 

Rhizosphere microbiome sequencing showed differences between all three microbial 

treatments, indicating robustness of our inoculation method and potential shifts in not 

only microbiome composition but also corresponding influence on the plant host. We 

hypothesized plants grown with vermicompost microbiomes would show increased 

productivity compared to plants grown with the two control inoculants, and indeed 

observed changes in N uptake and vegetative growth. Analysis of foliar and fruit 

transcriptome data further revealed vermicompost microbiomes upregulated genes 

associated with nutrient transport and disease resistance, in addition to genes 

associated with altering the transition in fruit maturation to ripening, together 

highlighting the growth promoting capabilities of vermicompost microbiomes. We 

speculate under more stressed environmental conditions the growth promoting effects 

of vermicompost microbiomes may be more significant. Our results highlight the 

effects of rhizosphere microbiomes on host transcriptomes and regulatory pathways 

and demonstrate the usefulness of molecular techniques such as plant transcriptomics 

in capturing these effects at a finer level to both explain observed phenotypic 

differences and informing development of hypotheses to be tested in future studies. 
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3.5 Materials & methods 

3.5.1 Creation of microbial inoculants 

The rhizosphere microbiomes in this experiment were derived from microbial 

inoculants created in lab. For the vermicompost inoculant, 150 g of Worm Power 

(Avon, NY, USA) vermicompost was dissolved in 300 ml of sterile 10% Luria Broth, 

which was used in place of sterile water to help stimulate microbial growth. Sterilized 

glass beads were then added and the mixture was homogenized using a shaker set at 

180 opm for 1 hour. After, the mix was then filtered through 4 layers of sterilized 

cheese cloth and the resulting slurry was used as our vermicompost inoculant. For the 

sterile vermicompost inoculant, we followed the same procedure using Worm Power 

vermicompost that was autoclaved twice with a 48-hour resting period between cycles, 

which significantly reduces the microbial community. This treatment was included to 

control for the effects of the plant nutrients in Worm Power likely remaining in the 

vermicompost inoculant. For the control inoculant, sterile 10% Luria Broth was used 

with nothing added.  

 

3.5.2 Greenhouse trial 

Tomato plants (Ailsa Craig) were grown in a plant growth facility at Boyce 

Thompson Institute, Ithaca, NY, USA. To start, we filled 15 magenta boxes with 

sterilized potting soil (50% metromix 360, 50% cornell mix + osmocote) to grow our 

seedlings. Each magenta box was randomly assigned to one of the 3 bacterial 

treatments, giving us 5 plants per treatment. Before planting, each box received 20 ml 

of a solution made of 16 ml of one of the microbial inoculants and 4 ml of 500 ppm 
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Peter’s excel fertilizer (15-5-15). The solution was then mixed into the soil to keep the 

medium moist and evenly distribute the fertilizer and inoculant solution. We then 

planted one pre-germinated Ailsa Craig seed into each magenta box and watered each 

seedling with 10 ml of sterile water. 

After planting, the magenta boxes were placed in a growth chamber set at 250 

µmol of light, 10% humidity, alternating between 28ºC for 16 hours and 23ºC for 8 

hours for three weeks. During this phase, plants were hand watered with sterile water 

as needed. Seedlings were then hardened off in the growth chamber, transplanted into 

6-inch pots filled with sterilized potting soil, then placed in a seedling greenhouse to 

be hardened off before the rest of the experiment. The seedling greenhouse had day 

temperatures between 25ºC and 27ºC, night temperatures between 18ºC and 20ºC, and 

natural light and humidity. The seedlings were hand watered every day with tap water 

during this phase. After 1 week, tomatoes were transplanted into 1-gallon pots filled 

with sterilized potting soil and placed in a new greenhouse with day temperatures 

between 24ºC and 26ºC, night temperatures between 21ºC and 23ºC, and natural light 

and humidity. Plants were watered daily with tap water and fertilized with 150 ppm N 

Peter’s excel fertilizer three times a week. The plants were kept in this greenhouse for 

the remainder of the experiment. Aboveground plant matter and rhizosphere soil 

samples were harvested three months after transplanting. 

 

3.5.3 Analysis of tomato fruit phenotypes 

To analyze the effect of microbiome treatment on fruit ethylene production, we 

harvested 1-2 fruits at the breaker stage from each plant during the trial and analyzed 
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ethylene production based on modified procedures outlined in Nguyen et al.32. To 

allow wound ethylene to subside, fruits were left on the lab bench overnight before 

analysis. The following day, fruits were placed into sealed 250 ml air-tight mason jars 

and incubated for 3 hours. We then drew 1 ml air samples from each mason jar and 

analyzed the sample using an Agilent 6850 GC System equipped with a flame 

ionization detector. Ethylene concentrations were then calculated by comparison with 

a standard of known concentration and normalizing of fruit mass. We recorded one 

measurement per fruit everyday for five days.   

To analyze how fruit carotenoid production may change in response to the 

rhizosphere microbiome, we harvested 2 mature green, 2 breaker, and 2 red ripe fruits 

from each plant and performed carotenoid extractions. After being harvested and 

remaining on the lab bench overnight, fruits were cut, frozen in liquid nitrogen, and 

ground to a fine powder. We then aliquoted ~100 mg of frozen ground tissue into 2 ml 

tubes with glass beads and lyophilized the samples. Each tube then received 50 μl of 

magnesium carbonate (MgCO3) at a 0.003M concentration followed by 500 μl of 

100% ethyl acetate. The tubes were then shaken for 30 seconds, incubated at 4ºC for 

15 minutes, then shaken again. Samples were then centrifuged at max speed for 5 

minutes, then the supernatant was transferred to a clean 2 ml tube. The samples were 

then dried down completely in a rotovap and then analyzed as reported previously33. 

Fruit size was recorded for all harvested fruits and used to compare average fruit size 

between treatments across the fruit developmental stages.  
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3.5.4 Foliar and fruit tissue RNA extractions 

In order to assess the effect of the rhizosphere microbiome on growth and 

developmental processes, we performed RNA extractions on tomato foliar and fruit 

tissue. We gathered foliar tissue from plants at four weeks old and at harvest. Foliar 

tissue was sampled from random leaves on each plant and the composite sample was 

then immediately frozen, ground in liquid nitrogen, and stored at -80ºC until 

extraction. Fruit tissue was gathered from 2 mature green, 2 breaker, and 2 red ripe 

fruits from each plant. Upon harvesting, fruits were left on the lab bench overnight to 

allow wound ethylene to subside. Fruits were then cut, frozen, and ground in liquid 

nitrogen. Powdered fruit samples were then stored at -80ºC until extraction.  

RNA was extracted from foliar and fruit tissue by adding 800 μl of a modified 

RLT buffer and 800 μl of chloroform to our samples. The samples were then vortexed, 

centrifuged at 12000 rpm for 10 minutes, then the supernatant was transferred to a new 

tube. The supernatant was then mixed with half the volume of 100% ethanol, then 

transferred to spin columns. The samples were then centrifuged for 1 minute at 8000 

rpm, then washed twice with 80% ethanol. Spin columns were then spun at 12000rpm 

for one minute, then transferred to new 1.5 ml tubes. We then added 55 μl of DEPC 

water to each column, incubated the columns for 2 minutes, then spun them down for 

1 minute at 12000rpm. Samples were then quantified and ran on a 1% agarose gel to 

check the RNA quantity and quality of each sample. Total RNA from foliar and fruit 

tissue was then used to construct strand-specific RNA libraries as described in Zhong 

et al.34.  
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3.5.5 Analysis of tomato foliar phenotypes 

 After harvest, all plants were placed in a drying oven set at 60ºC for one week 

and total aboveground dry biomass was then recorded. Dried foliar tissue from each 

plant was used for analysis of foliar tissue nitrogen content at the Cornell Stable 

Isotope Laboratory (Cornell University, Ithaca, NY, USA) using a Thermo Delta V 

isotope ratio mass spectrometer (IRMS) interfaced to an NC2500 elemental analyzer. 

The analysis provided information on δ15N as well as %N, which was used along with 

total aboveground dry biomass to calculate total foliar N.   

 

3.5.6 Soil microbiome DNA extractions 

 Bacterial and fungal DNA was extracted from rhizosphere soil samples 

collected at harvest using a PowerSoil DNA Isolation Kit (Qiagen, Hilden, Germany) 

following the manufacturers protocol. Approximately 200-250 mg of frozen 

rhizosphere soil from each pot was used for each extraction. We then amplified the 

16S rRNA and ITS gene sequences to capture bacterial and fungal taxonomic data, 

respectively35. Following amplification, we performed an initial clean-up of the 

samples using a HighPrep PCR Clean-up System (MAGBIO Genomics, Gaithersburg, 

MD, USA) and then attached unique index primers to our amplicons with a second 

PCR cycle. Indexed samples were then cleaned and normalized with a SequalPrep 

Normalization Plant Kit (Thermo Fisher Scientific, Waltham, MA, USA) then pooled 

into one composite sample. The pooled sample was then ran on a 1.2% agarose gel 

with SyberSafe added and then the target band was excised. The pooled DNA was 

then extracted from the excised gel with a Wizard SV Gel and PCR Clean-Up System 
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(Promega, Madison, WI, USA) and then submitted to the Cornell Genomic Facility 

(Cornell University, Ithaca, NY, USA) for Illumina (Illumina, Inc., San Diego, CA, 

USA) barcoded sequencing. 

 

3.5.7 Statistics 

Plant phenotype data were analyzed using R statistical software (Rproject.org). 

To determine the effect of our microbiome treatment on total aboveground dry 

biomass, foliar nitrogen content, and fruit size, we utilized linear models with one-way 

ANOVAs. Normality of residuals and homoscedasticity were verified for each model 

using plotting methods. Data transformations were performed as necessary in order to 

meet ANOVA assumptions. Following significant ANOVA outcomes, we used least 

squared means to perform pairwise comparisons of group means between microbiome 

treatments.  

Mixed effect modeling with the lmer function in R was used to determine the 

effect of treatment and time on fruit ethylene production. Treatment and day were 

treated as mixed effects, while plant and fruit replicates were treated as random 

effects. ANOVA assumptions were verified using plotting methods. The effect of 

treatment and fruit ripening stage on carotenoid and chlorophyll content was 

determined using linear mixed effect modeling with the lme function. Lme allowed us 

to separate variance components for each developmental stage, which we found 

produced the lowest Akaike Information Criterion (AIC) value for our model. 

Following significant outcomes, post-hoc analyses using the emmeans function were 

performed to do pairwise comparisons of group means.  
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3.5.8 Foliar and fruit tissue RNA sequence processing and analysis 

Raw RNA-Seq reads were processed to remove adaptors and low-quality 

sequences using Trimmomatic (version 0.36) with default parameters36. Cleaned reads 

shorter than 40 bp were discarded. The remaining cleaned reads were aligned to the 

ribosomal RNA database37 using bowtie (version 1.1.2)38 allowing up to three 

mismatches, and those aligned were discarded. The remaining high-quality cleaned 

reads were aligned to the tomato reference genome (SL3.0 and ITAG3.2) using 

HISAT2 (version 2.1.0)39. Based on the alignments, raw read counts for each gene 

were calculated and then normalized to reads per kilobase of exon model per million 

mapped reads (RPKM). Raw read counts were then fed to DESeq240 to identify 

differentially expressed genes (DEGs), with a cutoff of adjusted P value < 0.05 and 

fold change > 2. 

 Next, we performed gene ontology (GO) enrichment analyses to identify sets 

of genes that were over and under expressed when comparing tissue from different 

treatments. For each pairwise GO enrichment analysis, we first filtered out genes with 

expression p-values above the 0.05 and 0.01 threshold levels, respectively. We then 

compiled a list of the 1000 genes that showed the greatest change in gene expression. 

We then used agriGO v241 to identify enriched GO terms. Based on the enriched GO 

terms, we then identified specific genes that were over and under expressed between 

treatments.  
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3.5.9 Soil microbiome DNA sequence processing and analysis 

In order to process our soil microbiome sequences, we used a modified version 

of the pipeline from the Brazilian Microbiome Project 

(http://www.brmicrobiome.org/). Mothur v. 1.3613 was used to merge paired-end 

sequence (make.contigs), trim off primers (trim.seqs, pdiffs = 2, maxambig = 0), 

remove singletons (unique.seqs → split.abund, cutoff = 1) and classify sequences 

(97% similarity). OTUs that were suspected to not be of fungal or bacterial origin 

were removed (remove.lineage). Qiime v. 1.9.114 was then used to cluster OTUs and 

create our bacterial and fungal OTU tables for analysis.  

After obtaining bacterial and fungal OTU tables, the bacterial dataset was 

rarefied to 10705 sequences per sample and the fungal dataset was rarefied to 37 

sequences per sample. We then calculated differences in community composition 

between samples using Bray-Curtis distances. These values were then utilized to 

create an ordination to visualize differences in microbial community fingerprints 

between microbiome treatments. We then utilized the adonis package in R to perform 

a PERMANOVA, which allowed us to assess the effect of treatment on bacterial and 

fungal community composition. Shannon diversity indexes were calculated for each 

treatment and compared using ANOVA and stacked relative abundance plots were 

created to further visualize shifts in microbial community composition. ANOVAs 

were then utilized to determine the effect of treatment on relative abundances of the 

most abundant bacterial and fungal phyla.  
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Chapter 4: Spatial Crop Diversity Alters Soil Properties and 

Influences Fruit Yield of Tomatoes 

 

Abstract 

 In recent years, interest has grown in developing a better understanding of how 

biodiversity in agriculture may promote multiple ecosystem functions and 

sustainability. Management practices such as intercropping, which involves the 

cultivation of multiple crop species in a single field at a time, have been shown to have 

beneficial effects on aboveground agroecosystem functions such as pest regulation. 

However, few studies have investigated the effects of intercropping on belowground 

ecosystem functions in agriculture. Here, we performed a field trial in which we 

sought to assess how intercropping may alter soil properties and influence horticultural 

crop productivity. The experiment consisted of growing tomato plants in either 

monocrops or with tobacco and kale in intercropped plots. We found that plots where 

tomato was intercropped with tobacco had significantly higher soil nitrate compared to 

monocrop and kale intercrop plots, while plots where tomato was intercropped with 

kale had higher soil phosphorus compared to tobacco plots and lower soil δ13C values 

compared to both tobacco intercrop and monocrop plots. Further, analysis of soil 

microbial communities showed significant effects of intercropping on community 

composition, including the abundances of key nutrient cycling microbial taxa such as 

acidobacteria. Analysis of tomato foliar transcriptomes showed altered transcriptional 

profiles later in the season, while analysis of fruit production showed tomatoes 
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intercropped with tobacco had higher average fruit yield compared to tomato 

monocrops. Ultimately, these results show intercropping can influence ecosystem 

functions in agriculture and alter several soil properties, but the effects are dependent 

on the crops that are cultivated. 

 

4.1 Introduction 

 In conventional agroecosystems, management practices often prioritize 

achieving high crop yields at the cost of other important ecosystem functions. One 

example is the usage of synthetic nitrogen fertilizers, which promote crop productivity 

but can reduce soil biodiversity, long-term soil fertility, and lead to leaching and 

increased nitrous oxide emissions1,2,3. With threats to agricultural productivity such as 

climate change and growing inaccessibility to agronomic resources such as 

phosphate4, interest has grown in developing more sustainable cultivation methods 

that can promote multiple ecosystem functions while also maintaining or enhancing 

crop yields.  

 Increasing biodiversity in cropping systems may be a useful strategy to 

promote multiple ecosystem functions in agriculture. Diversified cropping systems, 

those that involve the cultivation of different species/varieties of crops at different 

spatial/temporal scales5, draw on the biodiversity-ecosystem functioning relationship 

in which increased biodiversity is associated with enhanced ecosystem functioning6. 

While most studies of the relationship between biodiversity and enhanced ecosystem 

functioning have focused on natural ecosystems, there is strong evidence that the 

relationship exists in agricultural settings as well and could be leveraged in developing 
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more sustainable management practices. For example, diversified crop rotations (i.e. 

temporal crop diversity) have been shown to decrease pest and pathogen pressure7, 

enhance drought stress tolerance in crop plants8, and under certain conditions increase 

crop yield9.  

 Intercropping, which involves imposing spatial crop diversity by cultivating 

two or more commodity crops in a single field at the same time, may be another useful 

strategy for increasing ecosystem functions in agriculture. In recent years, several 

studies have shown intercropping can enhance multiple ecosystem functions and 

influence crop production outcomes. For example, a meta-analysis by Zhang et al.10 

showed intercropping cereal with faba beans reduced plant disease incidence, which 

was likely driven by greater host functional divergence. In addition, work by Dong et 

al.11 showed that intercropping can promote yield in four different intercropping 

systems, which was likely driven by niche differentiation between crop species. 

Although intercropping has been shown to promote these aboveground ecosystem 

functions, the effects on belowground ecosystem functions and how these effects may 

translate into changes in crop productivity remain to be explored.  

 Previous research in both managed and unmanaged terrestrial ecosystems 

suggest spatial plant biodiversity can drive a variety of soil ecosystem functions. For 

example, work by Lange et al.12 showed enhanced plant species richness can promote 

carbon sequestration in grasslands by diversifying carbon species available for soil 

microbial metabolism. Further, meta-analyses by Shackelford et al.13 showed that 

cover cropping can promote several soil ecosystem functions, including soil organic 

matter formation and weed suppression. Considering findings such as these, imposing 
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spatial crop diversity via intercropping may alter several soil ecosystem functions and 

produce measurable differences in soil properties that can influence crop productivity, 

yet few studies have explored these potential linkages.  

 In the present study, we sought to investigate how intercropping may promote 

multiple ecosystem functions by characterizing the effects of intercropping on soil and 

crop properties. The study consisted of growing tomato plants in replicated microplots 

subjected to either a monocrop treatment or one of two intercrop treatments. The first 

intercrop treatment consisted of tomato intercropped with tobacco (a close genetic 

relative), while the second treatment consisted of tomato intercropped with kale (a 

more distant genetic relative). We hypothesized intercropping would alter several soil 

ecosystem functions and produce measurable differences in soil chemical and 

biological properties, which would improve crop performance. A suite of soil 

properties, including soil nutrition, stable isotope ratios, and bacterial and fungal 

community composition, were recorded to assess how intercropping might alter 

belowground ecosystem functions. To identify potential linkages between 

belowground changes and horticultural crop production outcomes, we recorded 

average aboveground biomass production and fruit yield of tomato plants and 

performed RNA sequencing on tomato foliar tissue to understand how plants respond 

to diversification at the physiological level.  
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4.2 Results 

4.2.1 Soil nutrition and stable isotope analysis 

 In order to assess the effect of intercrop treatment on soil nutrition, we buried 

plant root simulator (PRS) probes manufactured by Western Ag Innovations 

(Saskatoon, Saskatchewan, CA) in each experimental microplot for four weeks during 

the middle of our growing season. Analysis of PRS probes after burial showed several 

effects of intercrop treatment on soil nutrition. We observed a significant effect of 

treatment on soil nitrate content (p=0.004), with tobacco intercrop plots having 

significantly greater soil nitrate compared to monocrop and kale intercrop plots at the 

p=0.06 and p=0.003 significance levels, respectively (Figure 4.1A). Despite changes 

in soil nitrate, we found soil ammonium content remained unchanged between the 

three treatments (p=0.97) (Figure 4.1B). Further analysis revealed intercrop treatment 

also had a significant effect on soil phosphorus (p=0.047), with kale intercrop plots 

having significantly higher soil phosphorus compared to tobacco intercrop plots 

(p=0.04) (Figure 4.1C).  Meanwhile, monocrop plots showed no differences in soil 

phosphorus between the tobacco (p=0.71) or kale intercrop plots (p=0.15). Treatment 

was also found to have a significant effect on soil iron, copper, lead, and boron 

(Supplementary Table 4.1).  

 Analysis of soil carbon and nitrogen stable isotope ratios from aggregated soil 

cores collected at harvest revealed a significant effect of treatment on soil δ13C 

(p=0.033). We found kale intercrop plots had significantly lower δ13C compared to 

tobacco intercrop (p=0.034) and monocrop plots (p=0.098) (Figure 4.1D). Meanwhile, 

treatment had no effect on soil %N, %C, or δ15N (Supplementary Table 4.1). 
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Figure 4.1 A.) Comparison of soil nitrate content (mg / mg2 ion exchange membrane 

SA) between treatments. B.) Comparison of soil ammonium content (mg / mg2 ion 

exchange membrane SA) between treatments. C.) Comparsion of soil phosphorus 

content (mg / mg2 ion exchange membrane SA) between treatments. D.) Comparison 

of soil δ13C vs. VPDB values between treatments.  
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Figure 4.1 (Continued) 
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4.2.2 Soil microbial community analysis 

 To assess the effect of intercrop treatment on soil microbiome composition, we 

analyzed bacterial and fungal sequencing data collected three weeks after planting and 

at harvest using aggregated soil cores from each microplot. Analysis of 16S sequences 

using ordination followed by PERMANOVA revealed a significant effect of treatment 

(p=0.042) and sampling date (p=0.05) but not the interaction between the two factors 

(p=0.91) on bacterial community composition (Figure 4.2A). The Shannon diversity 

index did not differ between sampling dates (p=0.54), treatment (p=0.75), or sampling 

date x treatment groups (p=0.42) (Supplementary Figure 4.1). Meanwhile, analysis of 

the relative abundances of the top eight most abundant bacterial phyla revealed 

significant effects of sampling date (p=0.063) and treatment (p=0.03) on the 

abundance of acidobacteria (Figure 4.2B), with members of the phyla becoming 

enriched in the kale intercrop treatment compared to the tobacco intercrop treatment 

(p=0.023). No effects of treatment were detected on the abundances of other bacterial 

taxa.  
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Figure 4.2 A.) Principle coordinates analysis (PCoA) of soil bacterial communities 

based on 16S rRNA gene sequencing on MiSeq Illumina. Sampling Date x Treatment 

groups are represented by colored ellipses. Monocrop three weeks after planting is 

represented in red, Tobacco three weeks after planting is represented in orange, Kale 

at three weeks after planting is represented in yellow, Monocrop at harvest is 

represented in green, Tobacco at harvest is represented in blue, and Kale at harvest is 

represented in purple. B.) Stacked barplot displaying relative abundances of the top 8 

most abundant bacterial phyla across the different Sampling Date x Treatment groups.  
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 Analysis of ITS sequences using ordination followed by PERMANOVA 

revealed a significant effect of sampling date (p=0.003) but no significant effects of 

treatment (p=0.15) or the interaction between sampling date and treatment (p=0.33) on 

fungal community composition (Figure 4.3A). Additionally, we found sampling date 

(p=0.89), treatment (p=0.9), and the interaction between the two factors (p=0.89) did 

not significantly affect the Shannon diversity indexes of soil fungal communities 

(Supplementary Figure 4.2). Analysis of the top eight most abundant fungal phyla 

revealed date (p=0.0014) and treatment (p=0.056) had significant effects on the 

relative abundance of mortierellomycota, with the abundance of mortierellomycota 

increasing in the kale intercrop plots compared to the monocrop plots (p=0.054) 

(Figure 4.3B).  
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Figure 4.3 A.) Principle coordinates analysis (PCoA) of soil fungal communities 

based on ITS gene sequencing on MiSeq Illumina. Sampling Date x Treatment groups 

are represented by colored ellipses. Monocrop three weeks after planting is 

represented in red, Tobacco three weeks after planting is represented in orange, Kale 

at three weeks after planting is represented in yellow, Monocrop at harvest is 

represented in green, Tobacco at harvest is represented in blue, and Kale at harvest is 

represented in purple. B.) Stacked barplot displaying relative abundances of the top 8 

most abundant fungal phyla across the different Sampling Date x Treatment groups.  

 

 Several of the most abundant fungal phyla in the dataset were only present in 

very low relative abundances and completely absent in many of the treatment x 

sampling date groups. Given this data structure, we report here our observations 

without statistical modeling. We found chytridiomycota decreased in abundance in the 

kale intercrop and monocrop plots at harvest, while the abundance of glomeromycota 

increased in abundance in the kale plots at harvest. Rozellomycota decreased in 
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abundance in the kale and monocrop plots, while the abundance of zoopagomycota 

decreased in kale plots at harvest and increased in tobacco plots at harvest.  

 

4.2.3 Tomato RNA sequencing 

 To assess the effect of intercropping treatment on tomato plant physiology, we 

performed RNA sequencing on tomato foliar tissue collected from a single 

representative plan from each treatment across four sampling dates during the growing 

season. Analysis of tomato foliar RNA sequences from the three intercrop treatments 

showed gene expression remained mostly unchanged between treatments during the 

first two sampling dates (Supplementary Table 4.2). In the later sampling dates, 

tomato foliar transcriptomes showed more Differentially Expressed Genes (DEGs) 

between treatments. At harvest, we observed the ammonium transporter AF118858 

(Solyc03g045070.1.1) gene was upregulated in tomato plants from the kale and 

tobacco intercrop treatments, while a different ammonium transporter gene 

(Solyc10g076480.2.1) was upregulated in tomatoes from the monocrop treatment at 

the p=0.05 significance level (Supplementary Table 4.3). In addition, we observed an 

upregulation of the bidirectional sugar transporter SWEET gene 

(Solyc05g024260.3.1) in plants from the tobacco and kale intercrop treatments.   

 

4.2.4 Plant phenotypic analysis 

 Foliar carbon and nitrogen stable isotope ratios were measured using dried 

tissue samples collected from four representative plants from each plot four times 

throughout the growing season to find potential linkages between soil properties and 
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plant nutrition. Analysis of foliar isotope data revealed no effect of treatment on %N, 

δ15N, %C, δ13C (Supplementary Figure 4.4). Additionally, we found treatment had no 

effect on average aboveground biomass production per plant at harvest (p=0.33) 

(Supplementary Figure 4.4). Meanwhile, analysis of the effects of treatment and fruit 

ripening stage (non-ripe vs. ripe fruit) on average fruit yield per plant at harvest 

revealed significant effects of treatment (p=0.047) and the interaction between 

treatment and ripening stage (p=0.0033). We found average fruit yield of tomatoes 

grown with tobacco was significantly higher than tomatoes that were grown in 

monocrop (p=0.043), while average fruit yield of tomato plants intercropped with kale 

did not differ from the tobacco intercrop (p=0.24) or monocrop treatments (p=0.75) 

(Figure 4.3). Analysis of the interaction between treatment and ripening stage revealed 

average non-ripe fruit yield being significantly greater in tobacco intercrop plots 

compared to kale intercrop (p=0.0065) and monocrop plots (p=0.0007).  
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Figure 4.3 Average total tomato fruit yield per plant between the three treatments at 

harvest. Letters represent pairwise comparisons of average yield between treatments at 

each developmental stage (i.e. non-ripe and ripe). Treatments are color coded, with 

monocrop in red, tobacco in green, and kale in blue.  

 

4.3 Discussion 

 Diversified cropping systems show great promise for promoting sustainability 

in agriculture, but much remains unknown about how practices such as intercropping 

may impact belowground ecosystem functions in agricultural production. The goal of 

this experiment was to investigate how intercropping may alter soil chemical and 

biological properties in horticultural systems, which we hypothesized would influence 

tomato plant traits such as yield. Results from our experiment showed intercropping 

had several effects on soil chemistry and biology as well as tomato fruit yield and 

other physiological traits. However, these effects were dependent on what plant 

tomato was intercropped with. In plots where tomato was intercropped with tobacco, 

also a solanaceous crop, we observed an increase in soil nitrate, abundances of 

microbial phyla such as glomeromycota, and average tomato fruit yield compared to 

tomato monocrops. In plots where tomato was intercropped with kale, a more distantly 

related brassica crop, we observed an increase in soil phosphorus compared to tobacco 

intercrop plots, a decrease in soil δ13C values compared to both monocrop and tobacco 

intercrop plots, and an increase in the abundance of microbial phyla such as 

acidobacteria and glomeromycota compared to monocrop and tobacco plots. 

Ultimately, these results show intercropping could alter soil ecosystem functions in 

agriculture and produce measurable changes in soil properties relevant to crop 

production, but the effects are dependent on what commodities are cultivated together.  
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 The observed differences in soil nutrition in the intercropped treatments may 

have been driven by differences in plant physiology. Several brassica plant species 

such as kale do not form mycorrhizal associations and must mine for soil phosphorus 

via other mechanisms. One of the primary mechanisms through which brassica plants 

mine for phosphorus is through the production of root exudates, which includes the 

release of organic acids and nutrient cycling enzymes that contribute to soil 

phosphorous cycling and eventual plant uptake14. The release of these exudates may 

have not only enhanced soil phosphorus, but also stimulated soil organic matter 

mineralization in kale plots15, which is supported by the observed decrease in δ13C in 

these plots16.  

 The increased soil nitrate in tobacco plots could be explained by reduced 

nitrate uptake by tobacco plants. Tobacco plants have shallow root systems that 

mainly occupy higher soil layers and are generally inefficient at absorbing nutrients17. 

Further, due to its inefficient nutrient absorption, previous research has shown 

nitrogen application rates must be carefully planned in tobacco in order to prevent 

leaching and volatilization17. In the context of intercropping, slower nutrient uptake by 

tobacco plants could lead to higher soil nitrate levels and absorption of nitrogen by the 

tobacco’s companion crop. In this experiment, tobacco plants senesced weeks before 

the tomato plants were harvested, which may have additionally reduced tomato 

competition for soil nitrate. Considering this, tobacco intercropping might be useful in 

developing novel soil nitrogen management techniques.  

 The observed shifts in soil microbial community composition were also likely 

driven by differences in the plant species cultivated in each plot. In plots where tomato 
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was intercropped with kale, we observed an increase in the abundance of microbial 

phyla such as acidobacteria. Members of this bacterial phyla are abundant in soil 

environments and play a key role in ecological processes such as decomposition and 

mineralization18. Previous research has shown acidobacteria are sensitive to pH and 

are particularly abundant in more acidic environments18. As kale plants could have 

acidified the soil environment for phosphorus acquisition, they may have also 

contributed to enhanced abundances of acidobacteria. Although it is unknown what 

specific species of acidobacteria were enriched in this study and the functional 

significance of acidobacteria remains to be explored19, this result nonetheless 

represents a potential functional shift in the soil microbiomes of kale plots.  

 In addition to an increase in the abundance of acidobacteria in kale plots, we 

also observed an increase in the abundance of glomeromycota in both the kale and 

tobacco plots. Members of this phyla form arbuscular mycorrhizas with terrestrial 

plants and aid in the acquisition of important soil resources such as water and 

phosphorus20. Previous agricultural research has shown management practices can 

affect abundances of glomeromycota in the soil and influence root colonization rates21. 

Results from our study indicate intercropping can influence glomeromycota 

abundances, likely via shifts in root exudation and soil chemistry as observed in this 

study22,23.  

 RNA sequencing of field grown plant tissue could be a useful method through 

which to assess how plants respond to changes in management practices at a 

physiological level24. In this experiment, we performed RNA sequencing of tomato 

foliar tissue to assess how hypothesized changes in soil properties due to intercropping 
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may affect plant physiological processes such as nutrient transport. We found tomato 

foliar gene expression remained unchanged earlier in the growing season, but later in 

the growing season we observed differential expression of several genes, including the 

expression of ammonium transporters. The ammonium transporter AF118858 

(Solyc03g045070.1.1) gene was upregulated in tomato plants intercropped with kale 

and tobacco, while in tomatoes grown in monocrops we saw the ammonium 

transporter (Solyc10g076480.2.1) gene was upregulated. As ammonium transporters 

are involved in a variety of physiological processes25, we hypothesize these 

differences in ammonium transporter expression represent differing plant responses to 

the soil environment in our treatments. In addition to changes in ammonium 

transporter gene expression, we also saw an upregulation of the bidirectional sugar 

transporter SWEET (Solyc05g024260.3.1) gene in tomato plants grown in tobacco 

and kale plots. Bidirectional sugar transporter SWEET genes are involved in a number 

of physiological processes26 and may represent other physiological changes in tomato 

plants intercropped with tobacco and kale.  

 We hypothesized in this experiment that intercropping would enhance 

ecosystem functioning and lead to several changes in soil biological and chemical 

properties. Further, these changes in soil properties would alter tomato plant traits, 

including fruit yield. While average aboveground biomass remained unchanged 

between treatments, analysis of average ripe and non-ripe fruit yields showed 

significant effects of intercrop treatment on average yield. Specifically, tomato plants 

intercropped with tobacco had higher non-ripe and total fruit yield compared to the 

other two treatments. The enhanced soil nitrate in tomato plots could explain this 
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difference in plant phenotypes. Fruit production represents a significant nitrogen 

demand for tomato plants27. As nitrate is more readily utilized by tomatoes, it is 

possible that greater soil nitrate led to enhanced average fruit production. The 

observed differences in non-ripe fruit yield also indicate changes to soil properties 

could alter tomato fruit developmental processes. Fruit production and development 

are complex processes that can be influenced by several environmental factors28. 

While the effects of soil chemistry and biology on fruit traits and ripening are not well 

understood, our data suggest they can be important drivers of fruit production and 

future research should investigate linkages between soil properties and fruit traits.   

 Ultimately, our experiment shows that imposing spatial crop diversity through 

intercropping could promote ecosystem functions in agriculture and alter soil 

properties relevant to production. However, the effects of intercropping on soil and 

crop properties are dependent on the crops cultivated. Data from this experiment 

shows intercropping tomatoes with tobacco, a close genetic relative, can enhance soil 

nitrate levels while intercropping tomatoes with kale, a more distant genetic relative, 

can enhance soil phosphorus. These changes in soil properties could lead to changes in 

plant physiology and phenotypic outcomes such as fruit yield, as observed in the 

tobacco plots in this experiment. Future work should focus on teasing apart the 

specific mechanisms through which intercropped plants alter ecosystem functions, 

what the effect of intercropping with other crop species may be, and how 

intercropping may be optimized or combined with other practices such as crop 

rotations to enhance multiple ecosystem services in agricultural settings.  
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4.4 Materials and Methods 

4.4.1 Cultivation of crop seedlings 

 All crops used in this experiment were first cultivated in a greenhouse until 

planting. Tomato (M82), tobacco (Nicotiana quadrivalvis, The Plant Good Seed 

Company, Ojai, CA, USA), and kale (Darkibor, Johnny’s Selected Seeds, Winslow, 

ME, USA) seeds were planted into seedling trays filled with 50% metromix 360, 50% 

cornell mix + osmocote container soil. Trays were then kept in a seedling greenhouse 

with day temperatures between 25ºC and 27ºC, night temperatures between 18ºC and 

20ºC, and natural light and humidity. All plants were hand watered with tap water and 

fertilized with Peter’s excel fertilizer (N-P-K) during this phase. After 5 weeks in the 

greenhouse, seedlings were then hardened off and transplanted into the field.  

 

4.4.2 Field trial 

 The field trial was performed at Caldwell Field at Cornell University. The field 

plot consisted of 12 microplots, each randomly assigned to 1 of the 3 treatments. The 

first treatment consisted of tomato plants grown in monocrops, which served as our 

control treatment. The second treatment consisted of tomato intercropped with tobacco 

and the final treatment consisted of tomato intercropped with kale. We chose tobacco 

and kale as companion crops to assess if growing tomato with a close and distant 

genetic relative has any significant effect on soil ecosystem functions and properties. 

Each microplot consisted of 5 rows of plants. The outer two rows of each microplot 

were buffer rows consisting of tomato plants only, while the inner two rows were 
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planted according to the microplot’s assigned treatment. In monocrop plots only 

tomatoes were planted, while in intercrop plots tomato plants were planted with either 

tobacco or kale in a pattern within a single row.   

 Plastic mulch was placed over each row for weed control. A drip irrigation line 

was used throughout the growing season and programmed to water plants everyday. 

The program was adjusted during periods of high soil moisture. We used Neptune’s 

Harvest (Gloucester, MA, USA) organic fertilizer (2-4-1 N-P-K) to fertilize our plots 

once every two weeks following the manufacturer’s recommendation for outdoor 

plants. In line with organic management practices, we refrained from any pesticide 

usage throughout the experiment.  

 

4.4.3 Soil and plant sampling 

 5 soil cores were gathered from each microplot using an ethanol sterilized soil 

corer every three weeks until harvest starting 3 weeks after transplanting in order to 

assess the effect of date and intercrop treatment on soil microbiome composition. 

Cores were collected from a diagonal transect across the middle bed of each plot to 

capture bulk and rhizosphere soil. The 5 cores from each plot were aggregated into a 

plastic bag, mixed, sieved, then kept at -20ºC for downstream analysis.  

 Plant root simulator (PRS) probes manufactured by Western Ag Innovations 

(Saskatoon, Saskatchewan, CA) were buried 5 weeks after transplanting following the 

manufacturer’s recommendations in order to assess the effect of intercropping on soil 

nutrient dynamics. Four pairs of anion and cation PRS probes we buried in the center 

of each microplot. Probes were left buried for 4 weeks, then harvested and washed 
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with deionized water. The probes were then sent to Western Ag Innovation for 

analysis of ammonium and nitrate using colorimetrical methods as well as soil P, K, S, 

Ca, Mg, Fe, Mn, Cu, Zn, B, Al, Pb, and Cd using inductively coupled plasma optical 

emission spectrometry (ICP-OES).  

 Tomato foliar tissue was harvested from a single representative plant from 

each plot four times throughout the growing season in order to assess the effect of date 

and intercrop treatment on foliar carbon and nitrogen stable isotope ratios and the 

foliar transcriptome. For transcriptomic analysis, ~0.5 g of tissue was gathered from 

each representative plant, then immediately placed on dry ice and submerged in liquid 

nitrogen in the lab. Frozen foliar samples were then kept at -80ºC for downstream 

RNA extractions. For foliar isotopic measurements, tissue was dried at 60ºC for at 

least 3 days, then ground using a mortar and pestle for analysis. Foliar samples 

gathered throughout the growing season and soil samples gathered at harvest were sent 

to the Cornell Stable Isotope Laboratory (COIL) for analysis on a Thermo Delta V 

isotope ratio mass spectrometer (IRMS) interfaced to an NC2500 elemental analyzer. 

 

4.4.4 Soil microbiome sequencing 

 Soil microbial DNA was extracted from aggregated soil samples using a 

PowerSoil DNA Isolation Kit (Qiagen, Hilden, Germany) following the 

manufacturer’s protocol. Approximately 200 mg of soil from each sample was used 

for extraction. 16S rRNA and ITS gene sequences were amplified using PCR primers 

described in Caporaso et al.29 for barcoded sequencing. After an initial clean-up of the 

samples using the HighPrep PCR Clean-up System (MAGBIO Genomics, 
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Gaithersburg, MD, USA), unique Index Primers were attached to amplicons in each 

sample with a second PCR cycle. The indexed samples were cleaned and normalized 

using the SequalPrep Normalization Plate Kit (Thermo Fisher Scientific, Waltham, 

MA, USA). Sample normalization was followed by pooling 5 ul of each sample into 

one composite sample. The pooled sample was then ran on a 1.2% agarose gel with 

SyberSafe added and the target band was excised. The DNA was then extracted from 

the gel using the Wizard SV Gel and PCR Clean-Up System (Promega, Madison, WI, 

USA). The final pooled sample was then sent to the Cornell Genomics Facility 

(Cornell University, Ithaca, NY, USA) for sequencing on the Illumina MiSeq 

platform. 

 

4.4.5 Tomato foliar RNA sequencing 

 RNA was extracted from frozen tissue samples by first adding 800 μl of a 

modified RLT buffer and 800 μl of chloroform to our samples. The samples were then 

vortexed, centrifuged at 12000 rpm for 10 minutes, then the supernatant was 

transferred to a new tube. The supernatant was then mixed with half the volume of 

100% ethanol, then transferred to spin columns. The samples were then centrifuged 

for 1 minute at 8000 rpm, then washed twice with 80% ethanol. Spin columns were 

then spun at 12000rpm for one minute, then transferred to new 1.5 ml tubes. We then 

added 55 μl of DEPC water to each column, incubated the columns for 2 minutes, then 

spun them down for 1 minute at 12000rpm. Samples were then quantified and ran on a 

1% agarose gel to check the RNA quantity and quality of each sample. Total RNA 

from foliar and fruit tissue was then used to construct strand-specific RNA libraries as 
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described in Zhong et al.30.  

 

4.4.6 Statistical analyses of soil and plant measurements 

 The effects of intercropping on soil properties and plant phenotypes were 

analyzed using R statistical software. To assess the effect of intercropping on soil 

chemistry and CN stable isotope ratios, one-way ANOVAs on linear models with 

treatment as the sole factor were used. Two-way ANOVAs with sampling date and 

treatment as factors were used for analysis of foliar CN stable isotope ratios. 

Following significant outcomes, pairwise comparisons of group means was performed 

using the emmeans package in R. Mixed-effect modeling was used to analyze 

potential differences in average tomato aboveground biomass production in each plot 

and average fruit yield of ripe and non-ripe tomato fruits after harvest. All ANOVA 

assumptions were verified using plotting methods. Data transformations were 

performed as necessary in order to meet assumptions.  

 

4.4.7 Processing and analysis of soil microbiome sequences 

 A modified version of the pipeline from the Brazilian Microbiome Project 

(http://www.brmicrobiome.org/) was utilized to process soil microbiome sequences. 

Mothur v. 1.3613 was used to merge paired-end sequence (make.contigs), trim off 

primers (trim.seqs, pdiffs = 2, maxambig = 0), remove singletons (unique.seqs → 

split.abund, cutoff = 1) and classify sequences (97% similarity). OTUs that were 

suspected to not be of fungal or bacterial origin were removed (remove.lineage). 

Qiime v. 1.9.114 was then used to cluster OTUs and create our bacterial and fungal 

http://www.brmicrobiome.org/
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OTU tables for analysis.   

 After processing, we found the reads for bacterial and fungal OTUs from our 

second sampling date were low quality, thus decided to only examine microbial data 

from the first and final sampling dates. The bacterial OTU table was rarefied to 163 

reads per sample and the fungal OTU table was rarefied to 66 reads per sample, which 

was the minimum number of reads for both datasets. We then calculated differences in 

community composition between samples using Bray-Curtis distances. These values 

were then utilized to create an ordination to visualize differences in microbial 

community fingerprints between microbiome treatments. We then utilized the adonis 

package in R to perform a PERMANOVA, which allowed us to assess the effect of 

sampling date, treatment, and the interaction between the two on bacterial and fungal 

community composition. Shannon diversity indexes were calculated for each 

treatment and compared using a two-way ANOVA with sampling date, treatment, and 

the interaction between the two as factors. Relative abundances of bacterial and fungal 

phyla were compared using two-way ANOVAs with date, treatment, and the 

interaction between the two as factors. Some fungal phyla had low relative abundances 

with many factor groups having average abundances of zero. Given the data structure 

for these phyla, we report absolute values without statistics for these phyla.  

 

4.4.8 Processing and analysis of tomato foliar tissue RNA sequences 

 Raw RNA-Seq reads were processed to remove adaptors and low-quality 

sequences using Trimmomatic (version 0.36) with default parameters31. Cleaned reads 

shorter than 40 bp were discarded. The remaining cleaned reads were aligned to the 
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ribosomal RNA database32 using bowtie (version 1.1.2)33 allowing up to three 

mismatches, and those aligned were discarded. The remaining high-quality cleaned 

reads were aligned to the tomato reference genome (SL3.0 and ITAG3.2) using 

HISAT2 (version 2.1.0). Based on the alignments, raw read counts for each gene were 

calculated and then normalized to reads per kilobase of exon model per million 

mapped reads (RPKM). Raw read counts were then fed to DESeq2 to identify 

differentially expressed genes (DEGs), with a cutoff of adjusted P value < 0.05 and 

fold change > 2.  
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