
DEVELOPING AND APPLYING MASS SPECTROMETRY-BASED OMICS TO STUDY 

PLANT-MICROBIOME INTERACTIONS IN POPULUS SPP. USING A 

REDUCTIONIST APPROACH 

 

 

 

 

A DISSERTATION PRESENTED FOR THE 

DOCTOR OF PHILOSOPHY 

DEGREE 

THE UNIVERSITY OF TENNESSEE, KNOXVILLE 

 

 

 

 

 

MANASA REDDY APPIDI 

DECEMBER 2024  



ii 

ACKNOWLEDGMENTS 

I would like to express my sincere gratitude to my advisor, Dr. Robert Hettich, for his 

unwavering guidance and support throughout my PhD journey. His mentorship, encouragement 

and understanding during challenging times have been invaluable, and I am deeply appreciative 

of the opportunities he has provided me over the past five years.  

I am also profoundly grateful to Dr. Paul Abraham for his mentorship and insightful 

guidance, which were instrumental in the completion of my dissertation. My sincere thanks go to 

the remaining members of my PhD committee- Dr. Jennifer Morrell-Falvey, Dr. Gladys 

Alexandre, Dr. Margaret Staton for their valuable feedback and support throughout this process. I 

would also like to thank the Genome science and technology (GST) program and all my project 

collaborators. 

I extend my thanks to the other staff members and students of the Hettich lab group for their 

invaluable contributions to my PhD journey. Their constructive discussions, thoughtful 

suggestions and willingness to share their expertise created a collaborative environment that 

greatly enriched my PhD experience.  

I am also deeply appreciative of the support and friendship of my GST cohort. The shared 

experiences, insightful conversations and constant encouragement fostered a sense of community 

that I will always cherish.  

Finally, I am immensely thankful for the unwavering love and support of my family, who 

have been my constant source of strength throughout my education and career. A special thanks 

to my husband, Sandeep Kannuri, for his patience, encouragement, and steadfast belief in me 

during the challenges of my PhD journey. His support has been the foundation of my success, 

and I am forever grateful. To my son, Aadvik, who fills my life with immense joy and inspires 

me to strive for excellence every day- thank you for being my light and my motivation to achieve 

my best. 

 

  



iii 

ABSTRACT 

Microbes are ubiquitously associated with plants and play a crucial role in plant’s health and 

fitness. Due to their pivotal roles in plant health, it is important to understand how the 

microbiomes assemble and establish themselves in various plant niches. Of the various plant 

niches, the rhizosphere serves as a reservoir of beneficial microbes which are selectively 

recruited by the plant. The molecular mechanisms that facilitate these associations between the 

plant and microbes are not fully known. Studying plant-microbe interactions in nature is 

challenging due to the complexity and technical limitations. However, reductionist approaches 

using constructed microbial communities and laboratory-controlled experiments have proven to 

be valuable in advancing our knowledge of plant-microbe interactions as they simplify the 

complexity of natural systems and thereby allowing us to focus on specific interactions.  High-

throughput omics technologies provide invaluable information in studying these complex and 

dynamic plant microbiomes. Metaproteomics can identify and quantify thousands of proteins and 

provide insights into microbiome composition and functions of individual members of the 

microbiome. Metabolomics helps in studying the chemicals released by plants and microbes that 

serve as nutrients and/or chemical signals to establish interactions with each other. In this 

dissertation, liquid chromatography coupled with mass spectrometry-based metaproteomics and 

metabolomics approaches have been used to advance our understanding of interactions between 

the Populus spp. and its rhizosphere microbiome. The research presented here describes (1) 

application of metaproteomics in understanding microbial functions in a constructed microbial 

community and assembly of stable microbiomes, (2) methodological advancements to achieve 

spatially resolved metaproteomes along plant root axis, (3) understanding microbial functions 

and responses to plant root chemicals using metaproteomics, (4) application of untargeted 

metabolomics to characterize root and exudate metabolite profiles of Populus trichocarpa. In 

summary, this dissertation has contributed significantly to understanding the responses of 

rhizosphere bacterial species associated with Populus spp., development of novel methods with 

new capabilities and experimental platforms that can be easily applied to other plant-microbe 

studies. 
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CHAPTER 1: INTRODUCTION TO UNDERSTANDING PLANT-MICROBE 

INTERACTIONS USING LIQUID CHROMATOGRAPHY COUPLED MASS 

SPECTROMETRY-BASED METAPROTEOMICS AND METABOLOMICS 

Plant-microbe interactions 

A plethora of microbial communities are hosted by plants and interacted with continuously in 

nature. These interactions include symbiotic associations that are mutually beneficial to both 

microbe and plant host, commensal associations in which only one species benefits while the 

other one neither benefits nor is harmed and pathogenic associations that are harmful to plant 

hosts1. The beneficial interactions between plants and microbes are known to improve plant 

growth and survival by conferring multiple advantages to their plant host, such as increasing 

nutritional acquisition2, overcoming abiotic stresses3 and activating defense pathways against 

pathogens4. The plant fitness is a consequence of associations between plant and microbes that 

form a complex, multi-organism system, which collectively forms a plant holobiont5. In the 

recent years, there has been an increased focus on studying the plant holobiont to unravel the 

interdependencies between the plant and their microbiome6, as the knowledge gained from these 

studies has the potential to drive innovations in plant productivity for sustainable agriculture7, 8. 

The growing recognition of plant holobiont concept raises several important questions to be 

answered such as what are the driving factors of microbiome assembly, the processes involved in 

plants differentiating between symbiotic and pathogenic microbes, effects of abiotic stressors on 

plant-microbe interactions and effects of microbe-microbe interactions on plant-microbe 

interactions5, 9 and consequently requires application of advanced omics technologies to address 

them. The structure and composition of the plant holobiont undergoes changes due to inherent 

dynamic interactions with the biotic and abiotic factors of the environment10, during which the 

plant and microbes work together to adapt to the changing environmental conditions. Studying 

the underlying genetic, molecular, and metabolic relationships between plants and associated 

microbes across various environmental conditions would provide better understanding of the 

plant holobiont. This knowledge is crucial for enhancing plant health and fitness by developing 

strategies for improved and sustainable agricultural practices.  
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Importance of studying Populus spp. and its associated microbiome  

Populus spp. is an economically important, leading candidate plant for bioenergy 

production11, 12. It is a woody perennial organism and has become a model organism in plant 

biology due to its broad distribution across North America, fast growth, vegetative propagation 

potential and the relative ease with which it can be manipulated for experiments12-14. Populus 

trichocarpa was the first tree species that had its genome sequenced14. Populus roots and its 

rhizosphere serves as a hub for diverse interactions between the plant host, bacteria and fungi, 

which makes it an excellent model system to study the plant-microbe interactions15. Additionally, 

a culture collection of 3,211 unique bacterial isolates is available for investigating the 

interactions between Populus and its associated bacterial strains16. The fundamental 

understanding of interactions between Populus and its associated microbiome will provide 

valuable information for improving the plant health and growth which will be helpful for 

bioenergy production, carbon cycling and sequestration.  

Rhizosphere microbiome 

Microbes are ubiquitously present on almost every part of the plant both belowground and 

aboveground. The microbes assemble into diverse communities because of dynamic and 

complex associations with plant and environment17. These microbial communities can be 

categorized into epiphytes that are found on plant surface, endophytes that are present inside 

plant tissues, phyllospheric microbes that grow on leaf surfaces, and rhizospheric microbes that 

are found in soil surrounding the roots7. Each of these serve as unique niches for interacting with 

plant host. Among these, rhizosphere microbiome is considered to significantly impact the plant 

health18, 19 as it enhances the nutrient uptake and offer protection against pathogens20. Therefore, 

it is essential to understand the various processes and associations between plant roots and 

microbes in the rhizosphere (Figure 1.1).  

Plants release 5–21% of their photosynthetically fixed carbon into surrounding soil through 

its roots in the form of root exudates, sloughed cells or mucilage21. The root exudates consist of 

primary and secondary metabolites, including sugars, amino acids, and phenolics22. The root 
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Figure 1.1: Interactions in the rhizosphere. Plant-microbe interactions: Plant roots secrete root 

exudates and phytochemicals that interact with microbial populations to form niches. Some 

metabolites released by plant roots play a role in attracting beneficial microbes (indicated by 

green arrow), while others repel or eliminate pathogens (indicated by red arrow). Microbe-plant 

interactions: Beneficial microbes promote plant growth via various mechanisms including 

nutrient chelation and transporting them to plants, phytohormone production, secrete antibiotics 

to protect plants from pathogens. Microbe-microbe interactions: Cooperative interactions by 

nutrient cross-feeding or competitive interactions for resources such as nutrients or space. Figure 

generated using BioRender.com. 
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exudates are known to play a crucial role in rhizosphere microbiome assembly and 

composition23.  Plant selectively recruits microbes from soil to their rhizosphere by releasing root 

exudates24. The root exudates consist of metabolites that play a role in attracting beneficial 

microbes by providing nutrients to them and/or acting as signaling molecules for establishing 

interactions while others may play a role in deterring or eliminating pathogens25. The rhizosphere 

microbes confer several advantages to plant host such as improved nutrient availability by 

nutrient chelation and transporting them to plants, growth promotion by producing 

phytohormones, secrete antibiotics to protect plants from pathogens26. The rhizosphere bacteria 

help in mineralizing and breaking down organic forms of major nutrients such as phosphorus, 

nitrogen and potassium in soil and converting them into inorganic forms which the plant can 

uptake and utilize27, 28.  The bacteria in rhizosphere can stimulate plant root growth by producing 

indole acetic acid, a plant hormone that is involved in plant growth29, 30. The beneficial microbes 

in the rhizosphere employ various mechanisms to protect the plant from adverse effects of 

pathogens by competition for space at the root surface and for essential nutrients. Some microbes 

produce secondary metabolites to inhibit the growth or kill pathogens and thereby protecting the 

plant31. In addition to plant-microbe interactions, complex intraspecies and interspecies microbial 

interactions also occur in the rhizosphere. These interactions could be cooperative by nutrient 

cross-feeding or competitive interactions for essential resources such as nutrients or space32. The 

plant associated microbial communities do not represent random assembly of microbial members 

but are governed by complex interactions among the microbes, the plant host and the 

environmental conditions17, 33. However, the underlying mechanisms of rhizosphere microbiome 

assembly are not well understood.  Studying the complex processes involved in the rhizosphere 

microbiome assembly are crucial as they will provide insights for improving plant health and 

productivity. 

Bridging the holistic and reductionist approaches to study plant associated microbiome 

To study plant-microbe interactions, researchers adopt either holistic approaches that 

embrace the natural complexity of these systems or reductionist approaches that allow more 

control of experimental factors in study and focus on specific interactions34.  Both these 

experimental approaches are on opposite ends of the complexity-control spectrum (Figure 1.2).  
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Figure 1.2: Experimental approaches to study plant-microbe interactions. Holistic approaches 

are inherently complex and offers less control on environmental variables. In contrast, 

reductionist approaches simplify the system and offer control to manipulate experimental 

conditions to determine the effects of specific components of plant-microbe systems. Figure 

generated using BioRender.com. 
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Use of both the reduced and high complex systems is crucial in obtaining a complete 

understanding of these complex plant-microbe interactions35. Using the reductionist approaches, 

low levels of genotypic and functional diversity are studied under controlled environmental 

conditions, which enables reproducible investigations of plant-microbe interactions36. 

Engineered habitats such as EcoFabs are used in reductionist approaches to control the 

complexity while enabling omics measurements37. The simplicity and control in reductionist 

approaches enables interpretability and understanding of the plant-microbe interactions, 

however, this strategy is not suitable for studying the importance of higher-order ecological 

processes on plant holobiont. In contrast, the holistic approaches are used to study plant-microbe 

interactions across complex natural environments and capture the ecological interactions 

between genotype, environment and functional variables and their relative influence on the plant 

holobiont38, 39. But the increase in complexity in holistic approaches presents a challenge for all 

omics techniques due to sparse data generated and methodological limitations. Additionally, it 

would be extremely challenging to dissect specific interactions and study them at the mechanistic 

molecular level. It is now very well known that plant-microbe interactions and microbial 

communities are highly dependent on entire ecosystem40. Experimental designs that can act as a 

bridge in between the holistic and reductionist approaches are essential in addressing some of the 

limitations in using only either one of these approaches in advancing our understanding of 

processes that govern the plant microbial communities34.  

A potential approach to address the limitations of studies on highly complex natural 

communities and also those studies examining interactions between a monoculture and a plant 

host is to utilize constructed microbial communities. The constructed microbial communities or 

synthetic microbial communities (SynComs) are microbial consortia that are designed to 

represent the natural microbiome composition and functions at some scale, while reducing the 

complexity of natural microbiome and still preserving some of the important interactions 

between microbes and their hosts41. This approach has garnered significant attention in recent 

years in microbiome research39. SynCom construction requires careful design, selection criteria, 

and available culture collections of microorganisms that can effectively represent and resemble 

the natural microbiome. The experimental approaches using SynComs with less complexity can 

be used to understand specific interactions and gradually build the complexity of the system by 
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adding more microbes, plant host, environmental variables etc. for a comprehensive 

understanding of  microbial dynamics and their functionality in rhizosphere39. 

Omics technologies to study plant-associated microbiomes  

Advancements in high throughput sequencing platforms and various omics technologies 

including genomics, transcriptomics, proteomics, and metabolomics have greatly improved our 

understanding of the complex plant-microbe systems. Each omics technology can answer 

different questions related to plant holobiont (Figure 1.3). Metagenomics helps in identifying 

which microbial species are present in the plant environment and reveals the functional potential 

of microbes by measuring the DNA from microbiomes. Metatrancriptomics measures microbial 

RNA transcripts and is valuable in understanding which microbial genes are actively expressed. 

Metaproteomics provides functional information by measuring proteins produced in the 

microbial community. Metabolomics further provides insights into chemical signals between 

plants and microbes by measuring metabolites produced by plant and microbes. Each omics 

technology has its own advantages and limitations to study these systems42. Integrated multi-

omics studies can provide a more comprehensive understanding of plant holobiont but are 

challenging because the processes of gene expression, translation and metabolite production 

operate on distinct timescales from each other. Additionally, metabolism is greatly influenced by 

the environmental factors, which makes it difficult to isolate the effects of environment factors 

from genetic outcomes43. 

Over the past several years, our understanding of the structure and diversity of the plant 

endosphere, phyllosphere and rhizosphere microbiomes has expanded due to 16S ribosomal 

RNA (rRNA) sequencing44, 45. Similarly, DNA barcoding of Internal Transcribed Spacer (ITS) 

region of the nuclear DNA has been instrumental for our understanding of fungal diversity46. The 

core microbiome members that engage with plants consistently are identified using the high-

throughput sequencing methods using marker genes (e.g., 16S rRNA, ITS)47, 48 ,but these 

methods lack the functional information. Therefore, it is important to follow up or integrate the 

taxonomic approaches with approaches that can provide functional information such as 

metagenomics, metatranscriptomics, metaproteomics, and metabolomics as there is increasing  
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Figure 1.3: Omics approaches for studying plant associated microbiomes. Metagenomics to 

study which microbial species are present and metabolic potential, metatranscriptomics to 

determine gene expression, metaproteomics to understand function and metabolomics to study 

metabolites produced in the plant- microbe system. Figure generated using BioRender.com. 
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evidence of functional redundancy in microbiomes that have different species49. It is predicted 

that integrating metagenomics with other downstream meta-omic approaches is essential for 

understanding the interactions between plants and microbes that shape the core microbiome taxa 

and their functions50, 51. 

Characterizing plant microbiome functions using metaproteomics 

Metaproteomic analysis characterizes the entire suite of proteins expressed in a microbial 

community at a given timepoint, providing information on composition and functions in 

microbiomes52. The mass spectrometry-based metaproteomics is a powerful tool in 

characterizing microbial proteins and has become a critical component of microbiome research 

in various environments, as it enables the study of multiple interactions that occur 

simultaneously in an ecosystem53. In recent years, several studies have applied metaproteomics 

to advance our understanding of microbial functions in plant such as maize54, rice55, 56. To 

perform metaproteomic experiments, several important things involved in the workflow need to 

be taken into consideration, including biomass availability, choice of sample preparation 

protocols and LC-MS/MS approaches to study each individual system57. The biological diversity 

(i.e., the number of species present and their relative abundances) of the microbial communities 

being analyzed directly affects the proteome coverage of the population. In a typical 

experimental run, thousands of proteins can be identified and often the proteome coverage is 

biased towards proteins that are highly abundant in the dominant species of the populations. This 

makes measuring the low abundant proteins more challenging. The fewer low abundant proteins 

or proteins from less dominant species that are playing prominent functional roles in biological 

processes are overshadowed by highly expressed proteins. The dynamic range, which is the 

difference between the least abundant and most abundant signals in a given measurement and 

proteome coverage, number of proteins identified for large-scale metaproteomics can be 

increased by using multidimensional protein identification technology (MudPIT), a 

multidimensional chromatography technique to separate complex protein samples prior to 

analyzing samples on mass spectrometry58. Another important consideration for metaproteomic 

experiments is the sample biomass. Typically, several micrograms of protein will be required for 

adequate analysis by mass spectrometry. The protein extraction from the limited biomass of 



10 

plant-associated microbiota for metaproteomics is one of the challenging steps due to the high 

ratio of plant to microbial proteins in the sample, which makes microbial protein detection 

difficult and therefore requires method optimizations59 and new method developments. Further, 

availability of reference metagenomic and/or metatranscriptomic databases are required for 

metaproteomic analysis; these serve as reference protein databases to match peptide spectra 

obtained from mass spectrometry analysis57.  

Metabolomics to study the metabolites produced by plant and microbes in plant holobiont 

Metabolites are the direct effectors driving the fundamental processes of recognition and 

communication between the plant and microbes. They are exchanged across symbiotic, 

commensal, parasitic and pathogenic interactions between the organisms. From the genome 

predictions, it is known that the plants, and their associated microbes have the ability to produce 

thousands of molecules that interact with and influence their ecosystems60. Mass spectrometry-

based metabolomics is one of the key technologies that is used currently to characterize these 

diverse chemical inventories produced by plant and microbes61. During the past few years, the 

insights gained from the metabolomics studies have been crucial in understanding the influence 

of plant metabolites in shaping their microbial communities and the effects of microbially 

derived metabolites on plant hosts and their ecosystems25, 61, 62. In plant-microbe studies, 

metabolomics is often applied to characterize the plant root exudate profiles and their impact on 

the microbes present in the surrounding environment63, 64. Additionally, the effects of associated 

microbes on host metabolism are also studied using metabolomic approach. While in situ 

analysis of metabolites provides the most relevant data for understanding the plant-microbe 

interactions, this can be very challenging due to several factors. Environmental factors such as 

soil properties are highly variable, and it would be difficult to replicate the experiments. 

Additionally, the metabolomic results from in situ analysis can be confounded by consumption 

and/or breakdown of metabolites by other organisms in soil and presence of other biomaterials in 

the surrounding environment65. Consequently, most metabolomic studies employ a reductionistic 

approach. Studies focused on understanding the effect of rhizosphere on microbiome 

composition and function were mostly conducted in sterile or semi-sterile environments 

including soil or artificial systems such as hydroponic systems66-68. Our understanding of root 
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exudate compositions of Arabidopsis69-71 , rice72, 73 and maize74 and their impact associated 

microbiomes75, 76 has increased due to the significant technological developments in mass 

spectrometry. There are only a fewer number of metabolomics studies conducted in field77, 78 or 

greenhouse soil environments79, 80. Recent experimental advances are promising for addressing 

challenges related to metabolomic analysis in non-sterile soil matrices81.  

Overview of dissertation 

It is well-established that microbiomes have a significant influence on plant health. However, 

the limited understanding of specific mechanisms driving the dynamics of plant-associated 

microbial communities represents a critical knowledge gap. This dissertation seeks to advance 

our understanding of plant-microbe interactions of Populus spp. and its rhizosphere microbiome 

by developing and applying liquid chromatography coupled mass spectrometry-based 

metaproteomics and metabolomics methods to gain insights into factors driving microbiome 

assembly and the functions of microbiome that were previously unknown. Synthetic microbial 

communities are invaluable in plant-microbiome research as they bridge the gap between the 

single microbe-plant and whole community-plant experimental approaches. This dissertation 

employed a constructed microbial community that taxonomically and functionally resembles a 

natural Populus bacterial community for fundamental understanding of microbiome assembly 

under various experimental conditions and additional layers of complexity such as plant host 

were introduced, to address more intricate questions regarding the spatial and temporal dynamics 

in microbiome composition along the plant root axis, their functional responses to plant root 

chemical environment. Root exudates, a key player influencing microbiome assembly were also 

studied in this dissertation.  

This dissertation is divided into seven chapters including this introduction chapter. Chapter 2 

describes the experimental methods used in chapters 3-6 including proteomic and metabolomic 

sample preparations, chromatography, mass spectrometry acquisition and downstream processing 

methods. 

Chapter 3 focuses on gaining fundamental understanding of microbiome assembly using 

metaproteomic measurements of constructed microbial communities grown under different 
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conditions. First, we explored the inter-microbial interactions and adaptation strategies employed 

by bacterial microbes in a ten-member constructed community grown in complex and minimal 

nutrient media conditions. The results from this study provided insights into the functions and 

metabolic activities of microbes that enabled them to persist in the stable microbial community 

observed. To further investigate whether the initial inoculum ratios of the bacterial strains have 

influence on which strain becomes abundant in the community, the three bacterial strains that 

persisted in the stable community were selected and a simplified three-member community was 

constructed using different initial inoculum ratios. By performing proteomic analysis on 

community samples collected at various timepoints, we uncovered the temporal functional 

dynamics of the individual bacterial strains in these simplified communities. 

While the first research chapter focuses only on the microbiome composition due to microbe-

microbe interactions, Chapter 4 focus on microbiome assembly in presence of plant host. In this 

chapter, a novel peptide extraction method for metaproteomic characterization using plant-agar 

systems is described. Additionally, spatial sampling of root-associated microbiomes along the 

plant root axis to study microbial composition and function is demonstrated. Distinct 

microbiome compositions were observed surrounding distinct root regions, these observations 

led us to further investigate the spatial dynamics in root exudates, that are known to shape 

microbial community composition.  

Chapter 5 focused on understanding the microbial responses and community composition in 

response to plant root chemical environment. In this chapter, the application of a novel filter-

based experimental set up on plant roots was demonstrated to specifically isolate and study the 

microbial responses to chemicals released by the plant roots. In this study, proteomic analysis of 

both monocultures and mixed community grown in presence of plant was conducted to 

investigate plant-specific responses. The study provided insights into functional behaviors of 

bacterial strains in response to plant root chemical environment that facilitated their growth and 

survival in rhizosphere. 

Chapter 6 describes the comprehensive spatial-temporal analysis of Populus sp. root and 

exudate metabolite profiles by applying LC-MS/MS based untargeted metabolomics approach. In 

this study, a plant-agar system that facilitated spatial sampling of root exudates surrounding 
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distinct root regions was used and a biphasic extraction method was employed to capture the 

diversity of root exudates. This chapter provides an in-depth analysis of differences in root and 

exudate metabolite profiles due to the influence of genotype and nutrient conditions.  

Chapter 7 summarizes the contributions of research described in this dissertation in 

advancing our understanding of plant-microbe interfaces of Populus sp. and its rhizosphere 

microbes and future perspectives.
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CHAPTER 2: METHODOLOGIES FOR MASS SPECTROMETRY-BASED 

METAPROTEOMICS AND UNTARGETED METABOLOMICS ANALYSIS 

Overview of Liquid chromatography coupled mass spectrometry (LC-MS/MS) 

Liquid chromatography coupled with tandem mass spectrometry (LC-MS/MS) is a powerful 

analytical technology to analyze complex biological mixtures including proteins and 

metabolites82, 83. It effectively separates, identifies and quantifies the vast number (thousands) of 

analytes present in biological samples without extensive purification. The wide dynamic range 

i.e., the ability to detect high and low abundant compounds in a single measurement using LC-

MS/MS allows for a comprehensive profiling of molecules present across a broad abundance 

range in a complex sample mixture. A major advantage of LC-MS/MS based analysis of 

biological samples is its agnostic untargeted approach of not requiring prior knowledge of 

composition of sample mixture and can identify the compounds by matching the fragment ions to 

spectral libraries. It offers both qualitative and quantitative results in a single measurement84. In 

this dissertation, LC-MS/MS was applied in proteomics/metaproteomics and metabolomics 

experiments. 

Liquid chromatography 

Samples for proteomics and metabolomics analysis for plant-microbiome research are 

inherently complex containing thousands of biomolecules. Given the complexity of the samples 

utilized in this dissertation research, direct analysis without separation would lead to incorrect 

identification and quantification of individual analytes in the sample mixture due to the 

overlapping signals and hence there is need for analytical instrumentation that can effectively 

separate the complex sample mixture. The separation of analytes helps in detecting the low 

abundance molecules in the presence of high abundant ones. Liquid chromatography (LC) is an 

analytical technique used to separate the analytes in the sample mixture by passing a liquid 

mobile phase through a solid stationary phase. The analytes are separated based on their 

physicochemical properties such as hydrophobicity (reverse-phase), size (size exclusion 

chromatography), charge (ion exchange chromatography)85. There can be wide distribution of 
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physicochemical properties of the analytes in biological samples. A combination of one or more 

chromatographic separations may be required for a better resolution of the complex sample 

mixtures. 

One-dimensional liquid chromatography 

One-dimensional liquid chromatography (1D-LC) is a standard chromatographic technique 

where the analyte mixture is separated using a single chromatographic column and this is the 

most employed technique. 1D-LC is easy to set up as it uses a specific stationary phase and 

mobile phase to separate the analytes based on their interactions with stationary phase. In 1D-

LC, different stationary phase materials can be used such as reversed-phase (RP), strong‐cation 

exchange (SCX), and hydrophilic interaction liquid chromatography (HILIC). The selectivity of 

chromatographic separation depends on the interactions of the analyte with the stationary phase 

and therefore an appropriate stationary phase should be selected based on the analytes. Other 

factors that can influence the separation and needs consideration are column length, particle sizes 

of stationary phase and mobile phase solvents86.  

Reversed-phase (RP) is the most used stationary phase in LC-MS analysis of biomolecules86-

88. It uses a non-polar stationary phase, and the separation is based on the hydrophobic 

interactions of the analyte molecules with the stationary phase. The sample containing the 

analyte mixture is loaded onto the RP column using mobile phase solvent that contains low 

percentage of organic solvent. RP has retention power for polar analytes also which makes it a 

popular choice88. After the analytes interact and bind to the non-polar stationary phase, they are 

separated using gradient elution, where the proportion of organic solvent is gradually increased 

in the mobile phase over the chromatographic run time. This allows the analytes with different 

polarities to elute from the column sequentially, with the more hydrophobic analytes eluting last 

as the organic solvent increases in the mobile phase89. A octadecyl or C18-bonded silica column 

is most commonly used stationary phase material in RP-LC88. 

The chromatographic performance is significantly improved by using UPLC (ultra 

performance liquid chromatography) with columns with smaller particle size such as 1.7 μm 

compared to HPLC (high performance liquid chromatography) as UPLC can operate at much 

higher pressures such as 10,000 psi. UPLC offers significant advantages in resolution, speed, and 

https://www-sciencedirect-com.ornl.idm.oclc.org/topics/materials-science/silicon-dioxide
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sensitivity of measurements90. Further, nanoflow LC (nano-LC), which uses capillary column 

with smaller inner diameter results in smaller droplets during the electrospray ionization and 

enables relatively more ions to convert to gas phase compared to conventional LC. Using nano-

LC, improved ionization efficiency can be obtained for both peptides and small molecules. As 

nano-LC operates at lower flow rate compared to microflow LC, there is less dilution of sample 

and therefore requires minimal sample amount91, 92. In this dissertation, nano flow UPLC was 

employed with nanospray emitter with 75 µm ID and 250 nL/min flow rate. 

Multidimensional chromatography 

Although 1D-LC is effective in separating most analytes, it can be challenging to effectively 

separate very complex samples such as metaproteomes and may result in coelution of peptides 

due to limited peak capacity. Therefore, for more complex sample mixtures, a multidimensional 

chromatography approach is applied for increased resolution of analytes93. Typically, a two-

dimensional (2D-LC) approach which uses two sequential columns with different separation 

mechanisms is utilized for complex samples94, 95. This allows significantly higher peak capacity 

and better resolution by separating analytes based on first separation property in first dimension, 

followed by second separation based on another separation property in the second dimension of 

2D-LC94.  Multidimensional chromatographic separation can be achieved by several approaches 

to achieve deeper and orthogonal separation, by using RP in combination with other stationary 

phase materials such as strong cation exchange (SCX), strong anion exchange (SAX), or RP at 

different pH93. Typically, in a 2D-LC approach employed for proteomic analysis, orthogonal 

separation is achieved by both hydrophobicity and charge by using SCX as first dimension and 

RP stationary phase as second dimension (Figure 2.1)58, 96. For this a triphasic column called a 

back column is utilized, with first RP segment, followed by SCX and then RP segments. First, 

the sample is loaded onto RP segment, washed and desalted by flowing solvent with low organic 

content, then solvent with high organic content is flowed to elute the analytes from RP onto the 

SCX where the analytes are separated based on their charge. For analyte separation using SCX, 

step elution using increasing amounts of ammonium acetate is used to elute the analytes onto the 

RP segment where the analytes are separated based on their hydrophobicity using a gradient 

elution with increasing concentrations of solvent with higher organic content. The eluted analytes  
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Figure 2.1: Multidimensional liquid chromatography column. A triphasic column using reverse 

phase (RP) C-18 for clean-up, followed by strong cation exchange (SCX) resin and C-18 for 

orthogonal separation based on charge and hydrophobicity. A series of salt cuts are used to elute 

analytes from SCX and then eluted from RP by using a gradient with increasing organic solvent 

content. The eluted peptides are then separated on front RP column and ionized using ESI.  
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are passed onto the front column with RP for separation and then directed into electrospray 

ionization source. In this dissertation, 2D-LC approach was employed for proteomic and 

metaproteomic analysis. 

Mass spectrometry 

Mass spectrometry (MS) is a powerful analytical technique used to measure the mass-to-

charge (m/z) ratio of ions. MS can provide qualitative information (m/z on x-axis) and 

quantitative information (intensity on y-axis) of the measured ions. Mass spectrometers consist 

of three main components (1) an ionization source to converts the analytes into gas phase ions 

(2) a mass analyzer to measure the m/z of ions and (3) a detector to qualitatively and 

quantitatively detect the ions. Although mass spectrometry was originally developed to measure 

isotope abundances and elemental masses for applications in physics, it is now widely used 

across biological research97. The ability to analyze biomolecules using mass spectrometry is due 

to the advances development of soft ionization techniques such as electrospray ionization (ESI) 

and matrix-assisted laser desorption ionization (MALDI) that can convert the biomolecules into 

ions98.  

Ionization sources 

The first step in mass spectrometry analysis is the ionization of analytes i.e., conversion of 

analytes from liquid or solid phase into gas-phased ions. Several ionization methods including 

electron ionization (EI), chemical ionization (CI), atmospheric pressure chemical ionization 

(APCI), electrospray ionization (ESI), matrix-assisted laser desorption/ionization (MALDI), 

desorption electrospray ionization (DESI) are currently available for ionization, each with their 

its own advantages and applications99. The choice of the ionization method depends on the type 

of analytes that are being measured. Two ionization methods MALDI and ESI are extensively 

used in biological research, because these are soft ionization techniques that imparts minimal 

energy to the analyte molecules during the ionization process. This helps to maintain the 

structural integrity of the fragile biomolecules during conversion to gas phase100-102. MALDI 

utilizes a solid matrix, and ionization is facilitated via laser energy98. MALDI produces singly 

charged ions of analytes which minimizes the spectral complexity and is widely applied for MS 
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imaging studies103. ESI depends on the formation of charged droplets that release ions from the 

surface called the ion evaporation model or via complete solvent evaporation called charge 

residual model99. In this dissertation research ESI has been used and is described in detail in the 

following section. 

Electrospray ionization (ESI) 

ESI is the ionization method which converts the analytes in liquid phase to gas-phase ions at the 

source of a mass spectrometer for subsequent mass analysis (Figure 2.2). ESI is the most used 

ionization source for LC-MS analysis because of its compatibly and sensitivity. During ESI there 

is minimal to no fragmentation of the analytes due to its soft ionization nature. It allows analysis 

of both positively charged and negatively charged analyte ions as it generates protonated 

([M + H]+) or deprotonated ions ([M − H]−) depending on the solvents and ionization mode. In 

ESI-MS based peptide analysis for bottom-up proteomics, positive ionization mode is preferred 

as most peptides are expected to ionize in positive ion mode compared to negative ion mode104. 

The peptides, particularly those generated using trypsin digestion have multiple proton-accepting 

sites and this makes them to exist as singly, doubly or multiply charged ions105.However, acidic 

peptides  that contain high amounts of acidic amino acid residues such as aspartic acid and 

glutamic acid are difficult to ionize using positive mode and may require negative ion modes, but 

this will result in complex MS/MS spectra that is difficult to interpret by using traditional 

methods106. 

To convert the analytes from liquid phase to gas phase ions, ESI uses electrical energy and 

involves three steps (1) fine spray of charge droplets are dispersed, (2) solvent evaporation and 

(3) ion ejection from the charged droplets107. The analyte sample eluting from LC column is 

directed through an emitter tip (1-5 μm for nanoESI), during which a high voltage (~2.5-6kV) is 

applied. The applied voltage can be either negative or positive based on the nature of the analyte 

being measured and it produces charged droplets that are sprayed out from the emitter tip into the 

atmosphere forming a taylor cone, this process is called nebulization99. The presence of a sheath 

gas, usually nitrogen flowing around the emitter during the nebulization process assists in 

formation of spray droplets from the tip. These charged droplets pass through a heated capillary 

on the mass spectrometer for complete solvent evaporation from the spray droplets to form ions.   
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Figure 2.2: Schematic illustration of electrospray ionization (ESI) process. The charged analytes 

in sample solution are separated by liquid chromatography and large solvent droplets containing 

charged analytes are sprayed towards the heated capillary of the mass spectrometer from the 

chromatographic column emitter. The solvent evaporates as the large solvent droplets move 

towards the heated capillary and forces the ions together until charge repulsions causes the ions to 

leave the droplet. The charged ions are then pulled into the mass spectrometer due to the high 

voltage between the emitter and mass spectrometer. Figure generated using BioRender.com.  
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The ion formation involves solvent evaporation and Coulomb fissions or Coulomb explosion of 

the charged droplets, which results in formation of smaller droplets. As the solvent evaporates, 

the repulsions between charges at the surface of the droplets overcomes the cohesive force of the 

surface tension and the charged droplets become unstable. The gas-phase ions are directly 

released from the large, charged droplets, this occurs at Rayleigh limit. This results in the 

formation of small, charged droplets. In the charge residual model, the analyte ions will be 

released by complete evaporation of the solvent. The resulting ions formed by ESI at 

atmospheric pressure then pass through an orifice into the mass spectrometer for mass analysis99, 

107. 

ESI is widely used as it is suitable for a wide range of compounds with broad range of 

polarity and varying molecular weights. However, one of the major drawbacks of ESI is the ion 

suppression that can occur because of the presence of a high concentration of nonvolatile 

analytes as it can change the efficiency of droplet formation which then inhibits release of ions 

into the gas phase. In samples with high concentration of analyte molecules, there could be 

competition for limited charges or space available on the surface of the droplet and this can also 

decrease the efficiency with which the ions are formed. There are several strategies to overcome 

ion suppression during ESI including sample purification such as solid-phase extraction (SPE), 

liquid–liquid extraction (LLE), or protein precipitation, modification of the chromatographic 

conditions by changing the mobile phase additives to shift the retention times of the analytes 

away from the eluting region that is affected by ion suppression, switching to the negative ion 

mode which results in fewer analytes to be ionized and therefore the matrix effect is lower, 

reducing the amount of sample being introduced to the ESI chamber by diluting the sample, 

reducing the injection volume, or reducing the flow rate. Nano-ESI used substantially lower flow 

rates, which allows fewer analyte and nonvolatile molecules to be injected into the ESI source 

and therefore enhances the desolvation process of the sample droplets99. For these reasons, 

nanoflow-ESI has been employed in this dissertation research.  

Mass analyzer and detector 

Following the ionization of analytes, the next critical step in mass spectrometry analysis is 

qualitative (m/z) and quantitative (intensity) detection of ions, and this function is performed by 
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a mass analyzer and detector. Mass analyzers selectively separate the ions based on their m/z for 

detection by manipulating the ion motion in electric and/or magnetic fields. There are several 

types of mass analyzers available for the sorting the ions for detection and measurement of 

analyte ions including quadrupole,  ion trap, time-of-flight (TOF) and Fourier transform ion 

cyclotron (FT-ICR) analyzers, however, the results obtained are greatly impacted by the 

instrument capabilities and complexity of the sample being studied108. The combination of the 

mass analyzer with the detector is the ultimate determining factor of the quality and reliability of 

the results. Therefore, it is crucial to carefully select a mass analyzer and analytical figures of 

merit, the factors that are used to evaluate the analytical performance of the mass spectrometer 

are useful in evaluating and selecting a mass analyzer.  

Analytical figures of merit 

The analytical figures of merit need to be compared to determine the MS instrumentation that 

is appropriate for a given research study. Of the several figures of merit that can be used to 

evaluate the MS instrumentation, mass resolution, mass accuracy, dynamic range, mass range, 

detection limits and scan speed are important in determining the instruments suitability for 

specific research109. 

The mass resolution is defined as m/Δm, where m is the mass (m/z) of the ion and Δm is the 

peak width measured at full-width half-maximum, FWHM. There is another method also used 

for calculating mass resolution, called the 10% valley method. According to this method, the 

resolution is calculated by m/Δm for two peaks with equal intensities in a mass spectrum at 

masses m and m-Δm that are separated by a valley of 10% height of either peak. The resolving 

power is the ability to distinguish or resolve two ions with a small difference in m/z values. 

Based on the resolution, mass analyzers can be classified as unit-mass-resolution or high-

resolution instruments109. Mass accuracy is defined as how accurately an instrument measures 

the mass (m/z) of an ion. The exact mass (m/z) of an ion is its theoretical calculated mass. The 

accurate mass of an ion is experimentally determined m/z, that is measured with an appropriate 

degree of accuracy and precision. The mass error is the absolute (in mu) or relative difference (in 

ppm) between the exact mass and the experimentally determined mass of ion and is used as a 

measure of mass accuracy of the instrument109. Mass accuracy is influenced by mass resolution 
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of an instrument, low resolution instruments has a mass accuracy of 0.1mu, whereas the high 

resolution instruments enable high accuracy measurements by distinguishing between ions with 

similar nominal masses (0.01Da)109. Dynamic range of a mass analyzer can be defined as the 

range between the least and highest abundant ions that can be detected in each measurement. 

Dynamic range is an important figure of merit when analyzing complex sample mixtures 

containing a broad of analyte molecules with varying abundances. Mass range is the difference 

between the smallest and largest mass (m/z) of ions that can be measured. Scan speed is the time 

required to collect a complete mass spectrum and faster scan speeds are desirable for high-

throughput measurements110. The detection limit of the mass analyzer is the lowest concentration 

of the analytes that can be detected by the instrument and is above the signal to noise ratio.  

Several mass analyzers are currently available, and a mass analyzer is selected based on the 

research question at hand and performance characteristics of the instrument to fulfill that 

requirement.  Most current mass spectrometry systems have high sensitivity and acquisition 

speeds that can be applied for a wide range of research applications. For highly complex 

biological samples such as metaproteome samples used in this dissertation, fast scanning 

instruments with high resolution, high mass accuracy (~5ppm range), wide dynamic range (few 

orders of magnitude), and high sensitivity instruments are preferred. To combine the 

performance characteristics from different mass analyzers, hybrid instruments are developed by 

using different mass analyzers in the same instrument.  

Q Exactive plus mass spectrometer 

Q Exactive Plus is a hybrid quadrupole-Orbitrap mass spectrometry system and has 

significantly improved figures of merit (Figure 2.3). The orbitrap is an ion trap mass analyzer, 

that uses an oscillating electric field to capture and separate the ions and analyze their masses 

based on their oscillation frequencies111. Q Exactive plus mass spectrometer (Thermo Scientific) 

was used for all the research presented in this dissertation. The Q Exactive plus consist of six 

main components, they are radio-frequency (RF lens), Advanced Active Beam Guide (AABG) 

for ion transmission, quadrupole mass filter for selection of precursor ions, c-trap for 

intermediate storage of ions, collision cell for high energy collisional dissociations (HCD) and 

orbitrap analyzer for mass analysis of ions. The analyte sample is introduced into the ion source   
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Figure 2.3: Schematic of Q Exactive plus hybrid quadrupole-orbitrap mass spectrometer. The 

figure was taken from the Themo Scientific manual. 
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at the front-end using nano-LC system. The solvated ions pass through the RF lens, it focuses the 

ions into a tight beam and transmit them through advanced active beam guide that filters out 

uncharged neutral ions from entering the quadrupole. The quadrupole rod assembly functions as 

an ion transmission device, it can also filter the transmitted ions according to its mass-to-charge 

ratios, the filter characteristic of quadrupole is configured by applying RF and DC voltages to the 

rods. The transmitted ions are then transferred into C-trap, where the ions are accumulated, and 

their energy is decreased using nitrogen gas. The ions are then injected into orbitrap analyzer, 

where image current detection is used to acquire mass spectra. For MS/MS, the MS1 precursor 

ions are transferred into the HCD cell for fragmentation into fragment ions, these are then 

collected into C-trap as ion packets and sent to orbitrap for detection and mass analysis. This is 

repeated for all the selected most abundant precursor ions based on the top-N method selected to 

generate fragment ions and obtain MS/MS spectra112. The Q Exactive plus performance 

characteristics include those that are desirable for the analysis of analyte mixtures from complex 

proteome and metabolome samples. These include mass range of orbitrap of 50-6000 m/z, fast 

scan speed upto 12 Hz, resolving power of 140,000, mass accuracy <1ppm, dynamic range of 

>5000:1 allows results with high throughput, high confidence, femtogram sensitivity, detection 

of trace-level and highly abundant ions in same scan. 

Tandem mass spectrometry MS/MS and data acquisition 

In mass spectrometry analysis, tandem mass spectrometry or MS/MS uses the two stages of 

mass analysis where parent/precursor ions are fragmented in a collision cell to generate fragment 

ions and further analyzed. MS/MS analysis provides increased confidence in the analyte 

identification by detection of both precursor and fragment ions113. There are several different 

methods available for ion fragmentation, of which collisional induced dissociation (CID) and 

higher energy collisional dissociation (HCD) are most routinely used for precursor fragmentation 

because of their speed and sensitivity114. The precursor ions are isolated and fragmented by 

inducing collisions with inert gases such as nitrogen, helium at a specific energy. In CID, ions are 

fragmented in an ion-trap whereas in HCD the ions are fragmented in a collision cell instead of 

an ion trap and then transferred back to orbitrap through the C-trap for analysis at high 



26 

resolution114, 115. HCD employs higher energy dissociations than CID and enables a wider range 

of fragmentation. In this dissertation, Q Exactive plus mass spectrometer with HCD is used.  

Data can be collected in different modes in tandem mass spectrometry namely data 

dependent acquisition (DDA) and data independent acquisition (DIA) (Figure 2.4). In DDA 

mode, first all precursor ions are detected in the survey MS spectrum, followed by selection of 

the precursor ions that have the highest intensity based on predefined top-N method for 

fragmentation in the collision cell, these are then analyzed and detected as the MS/MS spectrum. 

In DIA, all precursor ions are analyzed in MS mode simultaneously and then fragmented in the 

collision cell using high-collision energy to generate multiple fragment ions from multiple 

precursor ions which are then detected in one MS/MS spectrum113. Although DIA is becoming 

popular in recent years, DDA is used primarily in biological research. DDA with top-N where N 

could be 5 or 10 was used in this dissertation research. 

LC-MS/MS analysis of biomolecules can be performed using targeted or untargeted 

approaches. Using the targeted approach, a small number of specific known analytes of interest 

are measured, while the untargeted approach analyzes all molecules that are measurable in a 

given sample. While targeted approach has several advantages including specificity and 

quantification of specific analytes, untargeted approach enables measuring all analytes including 

chemical unknowns and untargeted approach was employed throughout this dissertation work.  

General considerations for LC-MS/MS experiments 

A typical LC-MS/MS experiment involves several important steps including experimental 

design, sample collection, sample preparation, measurements, data processing and analysis. 

Careful attention must be given to each of these steps and optimized based on the research 

question to be addressed as they can significantly influence the quality of the results116.  

Experimental design is a critical step of any experiment and requires careful planning to ensure it 

can address the research question at hand. Determining appropriate controls and replicates 

should be one of the important considerations in designing an experiment. Including both 

biological and technical replicates help in identifying variability and ensures statistical power for 

analysis of data generated. Biological samples such as plants and bacteria used in this  
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Figure 2.4: Overview of data acquisition strategies in tandem mass spectrometry (MS/MS). In 

data dependent acquisition (DDA), a predefined number of most abundant precursor ions are 

selected and fragmented for MS/MS analysis. In data independent acquisition (DIA), the full 

scan range is divided into several windows and selects all ions in each window for fragmentation 

and subsequent MS/MS analysis. Figure generated using BioRender.com.  
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dissertation have inherent variation and there is a need for including biological replicates in 

experimental design to determine whether the differences observed are an effect of experimental 

treatment condition or the inherent sample to sample variation. More number of replicates is 

better but a minimum of three biological replicates is recommended. Additionally technical 

replicates, which are repeated measurements of the same sample will help in determining the 

precision of the measurements by identifying any variation in results that can occur due to 

instrument performance. However, many studies do not include technical replicates due to cost 

or lack of sample material.  

Sample collection and storage is another important consideration for biological samples. 

Generally, the plant and bacterial samples used in this dissertation research are collected quickly 

and stored at low temperatures at -80°C for long-term stability of samples. For metabolomic 

analysis, the samples are frozen immediately after collection using liquid nitrogen to reduce the 

metabolic activity. After sample collection, sample preparation is one of the critical steps during 

which proteins/metabolites are extracted and processed for LC-MS measurements. The choice of 

reagents and solvents used in the extractions greatly influences the extraction efficiency and 

therefore there is a need to carefully consider these choices and compatibility with MS should 

also be ensured.  

Chromatographic separation is another critical factor as effective separation of analytes is 

required for analyzing complex biological samples84. Selection of the chromatographic 

parameters including the mobile phase solvents, column, elution gradient, flow rate and run time 

needs to be optimized for efficient separation of analytes. The mobile phase solvents are selected 

based on the chromatographic stationary phase being used and the analyte samples that need to 

be separated. 

Mass spectrometry parameters play a vital role in the sensitivity and specificity of detection. 

Mass accuracy, collision energies, and ion mode (positive or negative) are essential for the 

identification of analytes reliably. Lastly, data analysis also plays a major role in the quality of 

the results obtained. Data processing and analysis involves using spectral libraries, database 

searches, and statistical analysis to analyze and interpret the generated datasets. To ensure robust 
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downstream analysis, careful considerations for various data processing steps such as false 

discovery rates (FDR), data normalization, and imputation are necessary.  

The choice of extraction protocols, types of liquid chromatography and mass spectrometry 

instrumentation, data acquisition and data analysis methods depend on the type of samples being 

analyzed to answer a specific research question. The following sections in this chapter provide 

details about the methods applied for the research presented in Chapters 3-6 of this dissertation. 

LC-MS/MS based proteomics and metaproteomics  

Proteomics is a large-scale characterization of proteins of an organism. It provides valuable 

insights into protein expression and functions which makes it a powerful tool to understand 

biological responses to experimental conditions117. Metaproteomics extends the proteomic 

analysis to complex microbial communities at a given point in time118. Metaproteomics enables 

the study of functional activity and interactions in diverse ecosystems by comprehensively 

analyzing the proteins produced by all the microbes within a community. It is useful in 

understanding community’s functions in response to environment, metabolic processes, 

interactions with host etc57. In this dissertation, for both proteomics and metaproteomics analysis 

advanced mass spectrometry techniques (LC-MS/MS) were employed to gain insights into 

protein expression at both the organismal and community levels. 

LC-MS/MS based (meta)proteomic measurements can be conducted using three approaches 

namely bottom-up, middle-down and top-down approaches. In the bottom-up proteomics 

approach proteins are digested with an enzyme such as trypsin, and the resulting small tryptic 

peptides (0.8-3 kDa) are analyzed by mass spctrometry119, 120. Similar to bottom-up approach, the 

middle-down approach also involves digestion of proteins into peptides, but in a restricted 

manner that produces longer peptides (2.5 – 8 or 10 kDa) than the peptides generated using 

bottom-up approach. Middle-down approach uses proteases such as OmpT, Sap9, IdeS that can 

cleave proteins to produce longer peptides120.In top-down proteomics, the protein is ionized 

directly without digestion, it allows for improved sequence coverage and detection of post-

translational modifications (PTMs)121. While each of these approaches have their own 

advantages, bottom-up approach is traditionally used in proteomics studies due to inherent 
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advantages of this approach including easy and better separation using LC, uniform ionization 

and better fragmentation in MS, proteome coverage122. In this dissertation, bottom-up approach 

was employed for proteomic and metaproteomics analysis described in chapters 3-5. 

Bottom-up proteomics workflow 

In general, bottom-up proteomics experiment consists of several steps including sample 

collection and sample preparation, peptide analysis using LC-MS/MS and data analysis (Figure 

2.5). Each of these steps needs careful consideration depending on the samples being analyzed 

and their complexity. The various steps involved in bottom-up proteomics in this dissertation are 

described in the following sections. 

Sample collection and sample preparation for proteomics 

It is important to consider the sample type being analyzed and the complexity as it can dictate 

the amount of starting material required and the sample preparations steps for efficient extraction 

of proteins. For proteomic analysis of microbes typically a few micrograms of sample is 

required, whereas for metaproteomics of plant associated microbiome the amount of starting 

material required is much higher due to the limited microbial biomass that can be extracted from 

plant tissues59. Care should be taken to collect the samples at the same time and preserved 

properly until further processing to eliminate any biases that could arise due to differences in 

sample collection and storage. The collected samples must be flash frozen immediately at -80°C 

to prevent proteolysis due to cellular proteases.  

After sample collection, the first step in a bottom-up proteomics workflow is sample preparation, 

which includes cell lysis, protein extraction, protein denaturation and protein digestion. For a 

comprehensive analysis of proteins in a given sample, sample preparation is the first critical step 

as the quality and quantity of proteins extracted plays a major role in the quality of the obtained 

reults105, 123. Both physical and chemical methods can be used for cell lysis. The physical 

methods of cell lysis include mechanical disruption methods such as sonication or bead 

beating124, while the chemical lysis methods use detergents such as sodium dodecyl sulfate 

(SDS) or Sodium deoxycholate (SDC)  that destabilizes the cell membranes of the cells and 

solubilize proteins125. In some protocols, a combination of addition of detergent, heating to high  
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Figure 2.5: Overview of a typical bottom-up proteomics workflow. A typical bottom-up 

proteomics workflow includes (A) sample preparation that includes cell lysis, protein extraction 

and enzymatic digestion to peptides (B) Liquid chromatography coupled with tandem mass 

spectrometry (LC-MS/MS) measurements for peptide separation and mass spectrometry analysis 

(C) data processing to identify peptides from acquired MS/MS spectra by matching to reference 

databases, followed by protein inference and downstream data analysis for biological 

interpretation of data. Figure generated using BioRender.com. 
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temperatures such as 90°C and mechanical disruption methods are used for cell lysis, and protein 

denaturation. Several methods exist for protein extraction including trichloroacetic acid 

(TCA)/acetone extraction, chloroform/methanol extraction, protein aggregation capture which 

efficiently separate the proteins from other biomolecules in the cell lysate126-128. Depending on 

the complexity of the sample matrix and interfering compounds such as in soil, extraction of 

proteins for proteomics can be challenging and may require optimization of existing methods or 

development of new methods129, 130. In this dissertation, a novel method for peptide extraction 

from agar matrix was developed, the details of which are described in chapter 4. 

Following cell lysis and protein denaturation, free thiol groups are blocked to prevent 

disulfide bond formation. Chemical reducing agents such as Dithiothreitol (DTT), 2-

mercaptoethanol, tris(2-carboxyethyl)phosphine, or tris(3-hydroxypropyl)phosphine, are 

generally used for reducing the disulfide bonds and iodoacetamide (IAA), acrylamide, N-

ethylmaleimide, or 4-vinylpyridine are used for alkylation131.  

After protein extraction, reduction and alkylation, proteolytic digestion of proteins is 

performed by using a protease to generate peptides. The choice of protease depends on the 

research question as most proteases cleave peptides at specific cleavage sites132.Trypsin, a serine 

protease is a preferred protease for most LC-MS/MS based bottom-up proteomic experiments 

due to its specificity in cleaving proteins at carboxyl side of arginine and lysine and generates 

peptides with average length of 14 amino acids, which are amenable to both chromatographic 

separation and mass spectrometric analysis133. The generated tryptic peptides are cleaned and 

desalted to remove any salts, detergents and buffers that could contaminate the samples. It is 

crucial to remove these contaminants from samples as they could interfere with the MS 

measurements. Reversed-phase C18 columns are commonly used for peptide cleanup and 

desalting134.  

In this dissertation, a combination of SDS, heating to 90-95°C and sonication or bead beating 

were used for cell lysis and denaturation, followed by reduction using 10mM Dithiothreitol 

(DTT) and alkylation using 30mM iodoacetamide (IAA). For protein extraction, the protein 

aggregation capture method128 that uses magnetic beads to capture the precipitated proteins in 

https://www-sciencedirect-com.ornl.idm.oclc.org/topics/food-science/mass-spectrometry
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solution is used, followed by two sequential trypsin digestions using 1:75 trypsin to protein ratio 

and incubate at 37°C with constant shaking at 1000rpm for overnight and 3 hours. 

Peptide separation using liquid chromatography followed by tandem mass spectrometry analysis 

The sample mixture containing tryptic peptides for (meta)proteomic analysis are first 

subjected to liquid chromatography separation to reduce co-elution of peptides for enhanced 

identification during MS analysis135. RP-LC described previously in this chapter is the preferred 

method used in proteomics to separate peptides based on their hydrophobicity136. For efficient 

separation of complex peptide mixtures resulted from microbiome samples used in this 

dissertation research, two-dimensional LC using SCX and RP was employed for orthogonal 

separation based on charge and hydrophobicity. For the back column, a triphasic column using 

RP-SCX-RP was constructed as described previously and the back column was connected to 

front RP column which is 75 µm fused silica capillary column packed with C18, 1.7 µm particle 

size, 30cm in length. After the peptides are loaded and cleaned on the first RP segment of back 

column, they are passed on to SCX segment where they are separated based on their charge and 

eluted using salt pulses. The number of salt pulses and concentrations depend on the complexity 

of the sample being analyzed. In this dissertation, three salt pulses of 35mM, 50mM, and 1M 

ammonium acetate were utilized for peptide separation using SCX. For separation using RP, a 

180minute gradient was utilized. The eluted peptides are ionized using ESI and mass 

spectrometry data was acquired using a Q Exactive plus (Thermo Scientific) mass spectrometer 

in data dependent acquisition mode using the top-10 method, where the top 10 most abundant 

precursor ions are selected from the MS1 scan and fragmented into fragment ions in MS/MS. 

The ions generated during peptide fragmentation during MS/MS are called "b" and "y" ions, 

where "b" ions represent fragments with the charge on the N-terminus of the peptide and "y" ions 

represent fragments with the charge on the C-terminus. The b and y ions are crucial for peptide 

sequencing as they enable identification of the amino acid sequence by analyzing the mass-to-

charge ratio of these fragments137, 138.  
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Data processing and downstream analysis of proteomics data 

The acquired MS/MS raw spectral data needs to be processed for peptide identification and 

quantification. For this, different approaches including database search or de novo sequencing 

approaches can be utilized139, 140. In this dissertation, peptide identification was performed using 

the reference database search approach for all proteomic analysis described in chapters 3-5.  

Reference database search for peptide identification and quantification 

The reference database search approach for peptide identification and quantification relies on 

availability of genome sequenced data which can be used to generate the reference databases of 

proteins and computer algorithms that enable matching the MS/MS spectral data to peptide 

sequences140. The protein database that has complete representation of organisms in the sample 

needs to be selected for such analysis. In this approach, in-silico digestion of the proteins present 

in the reference database is performed to generate theoretical mass spectra based on the enzyme 

(e.g. trypsin) and number of allowed missed cleavages. The experimentally obtained MS/MS 

spectra are compared with the theoretical spectra generated from reference database and selects 

the peptide-spectrum matches (PSM) that have best match scores and filters the PSMs based on 

applied false discovery rate (FDR). Several computational algorithms such as are SEQUEST, 

MASCOT, MS Amanda are available140-142, however they all follow similar principle for peptide 

identification.  In this dissertation, SEQUEST-HT search engine was used within proteome 

discoverer (Themo Scientific) software. The main scoring function of SEQUEST is XCorr, it 

measures the closeness of fit between the experimental and theoretical spectra. XCorr score is 

calculated by using a correlation factor which assesses the background correlation for each 

MS/MS spectra. XCorr is high if the direct comparison is significantly greater than background. 

The XCorr is a robust method for estimating the accuracy of the match. The sequence of the 

candidate peptide that has highest XCorr is then used to identify the protein through a reference 

protein database search. During the reference database search, decoy sequences are generated 

from reversed or random protein sequences and are appended to the reference database. The 

peptide hits on the decoy sequence are used as a true negative which is used as an internal 

standard to estimate and adjust the false discovery rates (FDR). Percolator, a software tool 
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developed for fast and accurate calculate the FDR was used within proteome discoverer 

workflow143. 

After the peptides sequences are identified, the next step is protein inference144. Protein 

inference can be challenging due to the shared peptide sequences between the proteins. When 

these shared peptide sequences are identified in the database search, it is difficult to map them to 

the original protein accurately and may lead to misassignments. There are several approaches to 

overcome this challenge with protein inference. Of these, one approach is to only consider the 

peptides that are uniquely mapping to a protein; however, this approach comes with a limitation 

of significantly reduced identifications. In another approach, protein groups are used by 

clustering proteins in the database with a sequence similarity cutoff and peptides unique to the 

protein group are used for the analysis.  There is another approach for peptide matching to 

protein groups, this approach uses Occam’s razor principle to identify the smallest set of proteins 

that can explain the observed peptides and master protein, a top-ranked protein based on number 

of peptide sequences, sequence coverage and number of PSMs is identified in a group145. After 

the proteins are identified by any of the described protein inference methods, protein 

quantification is done to obtain relative abundance values. In this dissertation, label-free 

quantification, a quantification technique that does not require isotope labeling of proteins is 

performed. Using label free quantification, the samples are independently analyzed and 

compared across the conditions for relative quantification. Label-free quantification of proteins 

can be performed using peptide peak areas or area under the curve, ion intensities or spectral 

counts and then sum them to obtain protein quantification values146. In this dissertation, the area 

under the curve (AUC) approach which uses the peptide signal intensities measured through the 

extracted ion chromatograms is utilized for relative protein quantification. 

Data processing ana statistical analysis 

The resulting data with their abundance values from the reference database search needs to 

be further processed before performing statistical analysis for biological interpretation of the 

data. The data processing steps include normalization to adjust for any technical bias or 

variations during the analysis, imputation of missing abundance values and data filtering for 

robust downstream analysis. Several data normalization methods are used for proteomics data 
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including LOESS, variance stabilization (Vsn), mean or median normalization147. The data is 

log-transformed as it facilitates comparison of abundance fold changes between sample groups. 

Data imputation of missing values helps in improving the data coverage prior to statistical 

analysis148. In this dissertation, data is normalized using a combination of LOESS and mean 

centering methods and log-2 transformed using InfernoRDN software149, followed by data 

filtering and imputation using perseus software150.  

In proteomics studies a large number of proteins are identified, and of these identifying the 

proteins that display changes in their abundances between experimental conditions is useful in 

answering specific research questions. To identify which proteins are displaying changes in their 

abundances significantly between conditions, statistical analysis such as t-test or ANOVA, 

followed by post-hoc tests are performed to gain biological insights. Functional analysis of the 

significant differentially abundant proteins is performed to identify the pathways and biological 

processes that are changing. Gene ontology (GO), Kyoto Encyclopedia of Genes and Genomes 

(KEGG), Clusters of Orthologous (COG) groups are some of the functional annotation tools that 

are used to assign functional information to proteins. Following the statistical testing and 

functional analysis, data is visualized using various plots such as heatmaps, volcano plots to 

identify trends in the proteomics data. 

LC-MS/MS based metabolomics 

Metabolomics is the study used to identify and quantify small molecules (<1500 Da) in 

biological samples151 . With advancements in mass spectrometry, thousands of metabolites can 

be rapidly measured simultaneously from biological samples152. Given the complexity of 

metabolites in a biological sample, a separation technique is employed prior to detection using 

MS153. LC-ESI-MS is a preferred analytical technique in metabolomics analysis due to the 

chromatographic separation that reduces sample complexity, high throughput, soft ionization 

capability of electrospray ionization, and enables good coverage of metabolites83, 154.  

Depending on the objective of the metabolomics experiment, LC-MS/MS analysis could be 

performed using targeted or untargeted approaches. Typically, in targeted analysis a small 

number of known metabolites of interest are specifically targeted for identification and 
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quantification155. The methods for metabolite extraction, data acquisition and analysis need to be 

carefully selected to detect the metabolites of interest in targeted approaches. Targeted 

metabolomics enables validation and absolute quantification of selected metabolites of interest. 

Untargeted metabolomics approach allows comprehensive analysis of all the measurable analytes 

in a sample including chemical unknowns152. In plant-microbiome research, one of the major 

focus is to uncover the interactions between the plant and associated microbiome and untargeted 

metabolomics enables comprehensive profiling of metabolites produced in plant-microbiome 

systems without prior knowledge of their identity and it captures the full diversity of chemical 

signals and metabolites both known and novel compounds involved in these interactions156. In 

this dissertation, an untargeted metabolomics approach was employed to study the Populus root 

and exudate profiles.  

Untargeted metabolomics workflow 

Metabolomics analysis involves several important steps including sample collection, 

metabolite extraction, LC-MS/MS measurements, data processing and analysis (Figure 2.6). 

Root exudates are incredibly complex mixtures of chemical compounds and have wide chemical 

diversity157, 158. Therefore, considerations should be given to every step involved in the analysis 

for unbiased metabolomics analysis of root exudates. 

Sample preparation for metabolomics 

Metabolite extraction is a crucial step in sample preparation for metabolomics experiments as 

it determines the range and quality of metabolites extracted. Several extraction methods 

including solid phase extraction, liquid extraction are used for extracting metabolites based on 

the sample and LC-MS compatibility159. Each of these extraction techniques has their own set of 

advantages and limitations. Liquid extraction is a commonly used extraction technique for LC-

MS metabolomics where metabolites are extracted using solvents. Extractions can be performed 

using a single solvent, called monophasic extraction or two solvents, called biphasic extraction. 

The choice between these extraction methods can significantly impact the metabolite coverage. 

Using monophasic extractions, metabolites are extracted in a single phase. The single solvent 

used for monophasic extractions could be a mixture of aqueous and organic solvents that are   
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Figure 2.6: Overview of untargeted metabolomics workflow. Metabolites are extracted from 

samples using solvents, followed by liquid chromatography for separation and tandem mass 

spectrometry analysis. The raw mass spectra are processed for metabolite identification and 

downstream data analysis is performed for biological interpretation. Figure generated using 

BioRender.com.  
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miscible with each other. This method is simple to use, however selective extraction of certain 

classes of metabolites may be challenging with monophasic extractions. Monophasic extraction 

methods are typically used for untargeted metabolomics analysis aimed for broad metabolite 

coverage. Biphasic extractions use two immiscible solvents, usually an aqueous phase (e.g., 

water) and an organic phase (e.g., chloroform or ethyl acetate) and results in the separation of 

polar and non-polar metabolites into two distinct phases. This method allows selective 

partitioning of polar and non-polar metabolites into their respective phases, thereby facilitating 

efficient recovery of these compounds separately. However, biphasic extractions could be more 

labor-intensive and time-consuming compared to monophasic extractions. Therefore, the 

selection of extraction method depends on the metabolites of interest and the study goals. Root 

and exudate metabolites contain wide range of polar and non-polar compounds and a biphasic 

extraction method using equal volumes of LC-MS grade water and ethyl acetate was utilized in 

this dissertation to efficiently extract the wide range of metabolites produced by plants160. After 

extraction, the aqueous extract is lyophilized to concentrate the metabolites using lyophilizer and 

the ethyl acetate extract is evaporated at room temperature. The metabolites are solubilized using 

solvents compatible for LC-MS/MS analysis. 

LC-MS/MS measurements for Untargeted metabolomics  

Plant root metabolites and exudate samples are complex mixtures consisting of thousands of 

metabolites and requires efficient separation prior to MS measurements157. LC-MS/MS is one of 

the most widely used techniques for plant metabolomics. LC-MS analysis detects a high number 

of metabolites and allows coverage of thousands of most organic and some inorganic metabolites 

including the secondary metabolites produced by plants. It is sensitive for thermo-labile and 

polar metabolites161, 162. The choice of various chromatographic parameters including 

chromatographic column, solvents used influences the data quality and completeness. The plant 

root exudates can vary considerably in terms of polarity. This makes it important to use proper 

separation technique with desired hydrophobicity or hydrophilicity to gradually elute the 

metabolites present in samples. The two widely used stationary phases for separation of 

metabolites includes the reverse phase liquid chromatography and hydrophilic interaction 

chromatography163. HILIC is used for separating metabolites based on hydrophilic interactions of 
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metabolites with stationary phase while RP separation is based on hydrophobic interactions. In 

this dissertation, reversed-phase (RP) chromatography is used because it can separate a wide 

range of compounds, including some polar primary metabolites160. A 30-minute gradient elution 

was employed for separation of metabolites using solvent with high aqueous content (95% water, 

5% acetonitrile, 0.1% formic acid) and gradually increase the flow of solvent with high organic 

(70% acetonitrile, 30 % water, 0.1% formic acid). This gradient elution allows elution of both 

polar and non-polar metabolites. The metabolites after LC separation are analyzed by mass 

spectrometry. To obtain broad metabolite coverage, usually both positive and negative ion modes 

are utilized for untargeted metabolomics analysis, because different compounds have different 

ionization behaviors which lead to varying detection in across ion modes164, 165. In this 

dissertation, the metabolites separated by RP-LC were analyzed with Q Exactive plus mass 

spectrometer operated in positive ionization mode only due to the large number of samples in 

this study. The scan range for the measurement was 135 to 2000 m/z with MS resolution of 

70,000 and MS2 at a resolution of 17,500. A stepped collision energy of 10, 20 and 40 eV was 

utilized for fragmentation of 5 most intense precursor ions in each scan cycle. All data was 

acquired in profile mode.  

Untargeted metabolomics data processing and analysis 

Untargeted metabolomics data processing workflow includes several steps that convert the 

raw MS spectral data into lists of metabolite features detected, estimate their abundances and 

then assign chemical annotations. There are several computational programs and softwares 

available that are designed to accurately identify the precursor and fragment m/z of ions 

measured in a given experiment and compare them across all sample groups for identification 

and reliable quantification166. Open source softwares such as MZmine, XCMS, MS-DIAL, 

MetaboAnalyst and vendor-based softwares such as Compound discoverer, MassHunter are 

available for processing of raw mass spectrometry files167-170. The open source softwares are 

equipped with GUI that is user friendly. All of these softwares in principle would take raw MS 

files as an input and carry out subsequent preprocessing steps including peak detection, extracted 

ion chromatogram building and resolving of different features to obtain relative quantification, 

followed by peak alignment of all the detected features across the entire experiment often termed 
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as feature alignment166. Following this, for the compound annotations the softwares rely on 

matching the fragment spectra to reference library spectra171. The final desired output from these 

softwares would be in a tabular format with rows comprised of metabolite features detected and 

columns providing information for their putative identification, observed m/z, retention time, 

peak area in each sample group, difference between observed and measured m/z. In this 

dissertation, compound discoverer software (Thermo Scientific) was used to process the 

untargeted metabolomics data and for metabolite annotation, NIST-2020 spectral library and 

GNPS spectral libraries were used. 

The untargeted metabolomics data is further processed by filtration, imputation and 

normalization. Data filtering is crucial to remove any unwanted noise in the data or to filter out 

metabolite features present in experimental blanks172. Further untargeted metabolomics data has 

missing values that need to be imputed prior to performing any downstream analysis. Various 

imputation methods exist, including replacing missing values with zero, k-nearest neighbors 

(kNN), singular value decomposition (SVD)173. Following the data pre-processing, 

metabolomics data need to be normalized to remove any variation in data due to technical 

reasons for which several normalization methods are available174. The resulting data is analyzed 

using various statistical analysis depending on the research goals. ANOVA or t-test are 

performed depending on the number of sample groups to compare the means between the 

groups, and significantly changing metabolites are identified between conditions.  Multivariate 

analysis such as Principal Component Analysis (PCA), Partial Least-Squares Discriminant 

Analysis (PLS-DA) are used to visualize the data and explore the relationships between various 

sample groups in a given experiment175. Various machine learning approaches including random 

forest classification are used in metabolomics data analysis for classifying samples based on 

metabolite profiles and identifying key metabolites that drive the classification176. Data can be 

visualized using several plots such as heatmaps, bar charts, box plots etc. In this dissertation, 

data filtration methods applied for metabolomics data are described in detail in chapter 6. Data 

imputation, normalization and various statistical analysis are performed using MetaboAnalyst 

version 6.0170 and the details are described in chapter 6. 
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Summary 

This chapter describes the general workflows for LC-MS/MS based metaproteomics and 

untargeted metabolomics analysis including sample preparation, measurements, data acquisition 

and data analysis steps utilized in conducting the research presented in this dissertation. Briefly, 

proteomic and metaproteomic analysis of bacterial samples from monocultures and constructed 

microbial communities was performed and described in chapters 3-5. The Populus trichocarpa 

root and exudate metabolite samples were analyzed by an untargeted metabolomics approach, 

which is described in chapter 6. The methodologies described in this chapter were adopted or 

customized based on the research question to be addressed and the details are provided in 

individual chapters of this dissertation.
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CHAPTER 3: A METAPROTEOMIC APPROACH TO STUDY MICROBIAL 

COMMUNITY STRUCTURE AND INTER-MICROBIAL INTERACTIONS IN 

CONSTRUCTED MICROBIAL COMMUNITIES 
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Introduction 

Plants have complex microbiomes that are associated with them and impacts plant’s fitness 

and productivity. The intra and interspecies microbial interactions within or outside plant tissues 
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are closely connected to essential processes such as water and nutrient acquisition, stress 

response, and enhancing plant resilience against diseases or herbivores by priming the host 

defense mechanisms177-180. Although the co-evolution of binary interactions between plants and 

their associated microbiomes is supported by extensive research, the complex ecological 

interactions between microbes and the evolution of microbe-microbe interaction mechanisms 

occurring in nature remains poorly understood. Additionally, to what extent does the inter-

microbial interactions shape the microbial assemblages and function in nature and the molecular 

mechanisms used by microbes to cooperate, compete, and persist in complex microbial consortia 

remains unclear. 

Various forms of inter-microbial interactions exist in nature such as competition for 

resources, synergism, antagonism, and these interactions can be modified by the influence of the 

environment. It is crucial to unravel these diverse and dynamic interactions between microbes 

and predict their competitive and cooperative potentials to fully understand the microbial 

dynamics in its environment. The functional contributions of individual microbes in a 

community including their metabolic functions, inter-species interactions, and community 

dynamics can be predicted using several computational and mathematical modeling approaches. 

In general, the modeling approaches utilize ordinary differential equations (ODEs), annotated 

genomes and sequence read abundances181. The temporal dynamics of microbial interactions can 

be studied using the generalized Lotka–Volterra (gLV) models based on ordinary differential 

equations. A recent non-linear modeling approach called compositional Lotka-Volterra (cLV) 

approach, based on relative abundances demonstrated its ability to predict microbial trajectories 

accurately over time in a community182. The extent of resource competition and microbial 

metabolic interactions can be predicted using constraint-based genome-scale metabolic models 

such as flux balance analysis (FBA)183. Besides these computational and mathematical modeling 

approaches, ecology-guided models can also predict the metabolite cross-feeding interactions 

based on metagenomic and metabolomic data and are valuable in understanding the community 

dynamics184. Overall, these microbial modeling approaches provide a guide to begin 

understanding the functional state of microbial consortia and their competitive and cooperative 

metabolic interactions. However, to fully understand the dynamics of microbial communities and 
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the underlying principles influencing them, integrating the predictive models with experimental 

data for example those obtained from experiments using constructed microbial consortia. 

Generally, two complementary methodological frameworks can be applied to study microbial 

communities: holistically in natural environments or in laboratory-controlled conditions. Both 

approaches have contributed significantly in advancing the plant microbiome research34. 

Studying the total rhizosphere proteome using the holistic approach can provide fundamental 

knowledge on interactions between plant, microbes and their surrounding environment. 

However, protein extraction from soil is extremely challenging because of the complexity of soil 

matrix which leads to low quantity and quality of the extracted proteins185. Alternatively, we can 

achieve a detailed understanding of relatively simple subsets of a microbial community and the 

emergent properties that dictate microbial composition and function first and then test these in 

more adding additional building blocks of complexity (such as hosts, community members) for 

different environmental conditions (e.g., liquid media, soil). With the increasing complexity of 

the system, certain principles are expected to become less relevant, and these findings will begin 

to uncover higher-order interactions. 

The defined microbial communities of cultivated microbes provide a clear experimental 

framework to explore microbe-microbe interactions and their mechanisms. The defined 

community assemblies coupled to omics-based technologies offers a powerful approach to 

achieve higher predictive power for understanding the genotype-to-phenotype associations. A 

crucial step to understand microbial community dynamics is acquiring high-resolution, 

quantitative data that reflects in situ conditions. The microbial community dynamics have been 

estimated mostly using data generated by 16 S rRNA gene amplicon sequencing. However, there 

are inherent limitations to these approaches186. The members in microbial consortia experience 

active vs. dormancy dynamics and at any given point in time, only a subset of microbial 

population is active, while others are in a dormant state with reduced metabolic rates187, 188. To 

understand the functional contributions of microbes to ecosystems, it is crucial to distinguish 

between active and inactive microbial taxa. To address this, both 16 S rRNA transcript and 16 S 

rRNA gene sequencing data are paired together by normalizing the measured rRNA levels by the 

abundances of individual members188. However, due to the poor correlation between rRNA 

content or RNA/DNA ratios and growth rates, 16 S rRNA/rRNA gene sequencing can be best 
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interpreted as potential microbial activity188.Metaproteomics is a powerful approach for accurate 

estimation of biomass from viable and functioning cells189, 190 and allows the large-scale 

identification and quantification of proteins from microbial communities which facilitates 

characterization of microbial membership, their functional roles and interspecies interactions in 

the community190.  

In addition to direct associations with plants, members of the rhizosphere microbiome adapt 

to local changes in the environmental factors including resource availability, which impacts the 

growth of individual microbial populations and the inter-species interactions. Stochastic changes 

in the microbiome assemblies have been demonstrated to have significant downstream effects 

and leading to formation of alternative communities that can change the ecological dynamics191. 

First, to study microbe-microbe interactions during the microbial assembly of Populus 

rhizosphere microbiome, a reductionist approach using a defined microbial community 

consisting of ten taxonomically diverse bacterial strains previously isolated from roots and 

rhizosphere of Populus species192, 193 was utilized. The assembly process was interrogated for the 

10-member microbial consortia co-cultured in a defined minimal (MOPS + glucose) or a 

complex (R2A) growth medium by performing serial passaging using a 1:10 dilution for 15 

passages to form stable communities193. The changes in relative microbial population sizes for 

the community when passaged in different growth environments were analyzed using 16S rRNA 

gene amplicon Illumina sequencing and metaproteomic analysis192, 193. The community 

composition and organism relative abundances stabilized after around 5 passages and resulted in 

a few dominant strains depending on the growth medium193. The distinct stable microbial 

community compositions observed when grown in different growth media could be due to the 

differences in the chemical environment that largely affects the growth rates of individual 

microbial members. The relative abundances assessed using metaproteomics data 

identified Pseudomonas sp. GM17 to be the dominant member of the microbial community 

regardless of the growth media and environmental disturbances due to passaging192. Discrete 

transition phases of community composition were observed across the serial passages in R2A 

media where shifts in community membership and relative abundances of individual strains 

suggest the dynamic inter-species interactions during the community assembly and selection 

process for stable microbiome formation. The proteomic analysis showed that Pseudomonas sp. 

https://www-sciencedirect-com.ornl.idm.oclc.org/topics/biochemistry-genetics-and-molecular-biology/amplicon
https://www-sciencedirect-com.ornl.idm.oclc.org/topics/biochemistry-genetics-and-molecular-biology/illumina-dye-sequencing
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expressed several proteins involved in the biosynthesis of siderophores, which provide fitness 

advantage to microbes. Additionally, proteins related to antibiotics and secondary metabolites, 

known to have biocontrol activity and facilitate antagonistic behavior were identified in 

proteomic analysis of Pseudomonas sp.192.  Its high growth rate and antagonistic behavior helped 

Pseudomonas sp. GM17 to dominate in the community by outcompeting or preventing the 

growth of other microbial species192, 193. To overcome the unfavorable conditions such as 

antibiotics produced by other microbes, limited nutrients or reduced oxygen levels in their 

surrounding environment, microbes express certain coping mechanisms to persist in the 

community. The analysis of proteins expressed by Pantoea sp. YR343 showed higher proportion 

of proteins related to stress responses in minimal MOPS media, while in complex media 

increased abundance of proteins related to carotenoid biosynthesis, motility, and antibiotics 

resistance were observed suggesting its adaptive mechanisms to overcome the unfavorable 

conditions192. This metaproteomic analysis also revealed Bacillus sp. formed spores as an 

adaptive response to the unfavorable conditions in the community192. Both 16S rRNA gene 

amplicon sequencing and metaproteomics results showed three members Pseudomonas sp. 

GM17, Pantoea sp. YR343 and Sphingobium sp. AP49 persisted in the stable community after 

15 passages in R2A media192, 193. 

To further investigate how microbes form stable communities in nutrient-rich environments, 

without obligate metabolic interdependencies for growth and the effects of initial inoculum ratios 

on the community structure, the three bacterial strains Pseudomonas sp. GM17, Pantoea sp. 

YR343 and Sphingobium sp. AP49 that persisted in the stable consortium emerged from the ten-

member mixture of bacteria grown under nutrient-rich conditions were selected to construct 

simplified 3-member communities. The three bacterial strains were co-cultured using varying 

initial inoculation ratios and were serially transferred every 48 hours for five passages in R2A 

media to determine the effects of initial inoculum ratios on the resulting community structure. 

The use of different inoculum ratios should provide insights into priority effects in defining 

community composition194, 195. Plating counting and qPCR analysis results showed that the three 

species co-exist throughout the five passages196. The relative abundances of the species 

calculated at different timepoints during the serial transfers using qPCR and plate counting 

showed that Pseudomonas sp. GM17 dominates the community 48 hour after inoculation in 
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communities with varying initial inoculum ratios196. To understand the competitive interactions 

influencing the community composition, the initial passage was temporally probed and 

metaproteomic analysis was performed to dissect the functional behaviors of individual bacterial 

species during the assembly process of communities with varying initial inoculum ratios. 

Materials and methods 

Text and figures adapted from Wang et al., 2024. mSystems. 

Preparation of 3-member communities with varying initial ratios 

The bacterial strains Pantoea sp. YR343, Pseudomonas sp. GM17 and Sphingobium sp. 

AP49 were selected for the three-species community experiment. Bacterial monocultures were 

inoculated from R2A agar plates and grown in 10 mL of R2A medium overnight at 30°C with 

shaking at 200 rpm for preparing seed cultures. The three bacterial strains were also grown in 

isolation. The three-species communities were constructed under three different initial inoculum 

ratio conditions including 1:1:1, 1:0.001:1 and 0.001:1:0.001 of Pantoea sp. YR343, 

Pseudomonas sp. GM17, and Sphingobium sp. AP49 (Figure 3.1). To prepare initial inoculum 

for communities, an overnight culture of each bacterial strain was normalized to 107 CFU/mL by 

calibration curve between OD600 and CFU/mL. For community with equal initial ratios (1:1:1), 

one hundred microliters of each strain were combined with 9.7-mL R2A liquid medium to attain 

a final volume of 10 mL. For communities with 1:0.001:1 and 0.001:1:0.001 initial inoculum 

ratios of Pantoea sp. YR343, Pseudomonas sp. GM17, and Sphingobium sp. AP49, one or two of 

the corresponding strains were diluted 1,000-fold to 104 CFU/mL and then one hundred 

microliters of each strain were combined with 9.7-mL R2A liquid medium to attain a final 

volume of 10 mL. All cultures were grown in triplicate in R2A media at 30°C with shaking at 

200 rpm. The monocultures were collected at an early stationary phase, and community samples 

were collected at eight time points 0 hr, 4 hr, 8hr, 12 hr, 16 hr, 24 hr, 36 hr and 48 hr. At each 

timepoint, complete 10mL sample was collected and centrifuged to pellet the cells. Cell pellets 

were stored at -80°C until processed for proteomic analysis. 

 



49 

 

 

Figure 3.1: Three-member communities with varying initial inoculum ratios. Cell pellets were 

collected for metaproteomics analysis at eight timepoints 0 hr, 4 hr, 8 hr, 12 hr, 16 hr, 24 hr, 36 hr 

and 48 hr (n=3 for each timepoint). Figure generated using BioRender.com. 
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Cellular protein extraction for proteomics 

All cell pellets were solubilized in 300 µL of lysis buffer [4% sodium dodecyl sulfate (SDS) 

in 100-mM Tris, pH 8.0], followed by sonication (30% amplitude, 10-s pulse with 10-s rest, 2-

min total pulse time using a Branson digital sonifier; Branson Ultrasonics Corporation, CT) and 

incubation at 90°C for 10 min. The cell lysates were centrifuged at 21,000 × g for 10 min at 

room temperature to remove any cell debris, and proteins were quantified with a Nanodrop One 

spectrophotometer (Thermo Scientific). Samples were reduced and alkylated, followed by 

protein extraction by protein aggregation capture method and enzymatic tryptic digestion as 

previously described192. The samples were adjusted to 0.1% formic acid (FA) (Fisher Chemical, 

Fair Lawn, NJ), vortexed, and allowed to sit for 10 min. The samples were placed on a magnetic 

rack, and supernatants containing the peptides were added to prewet Vivaspin 10-kDa molecular 

weight cut off (MWCO) filters (Sartorius, Bohemia, NY) and centrifuged at 12,000 × g for 15 

min at room temperature. Tryptic peptide flow throughs were collected, and peptide 

concentrations were measured using the Nanodrop One spectrophotometer (Thermo Scientific) 

and transferred to the autosampler vials for liquid chromatography-tandem mass spectrometry 

(LC-MS/MS) measurements. 

Protein identification and quantification 

All peptide samples were analyzed as previously described using two-dimensional LC-

MS/MS with a few modifications in separation192. Community sample peptide mixtures were 

separated and analyzed across three successive strong cation exchange (SCX) fractions of 

increasing concentrations of ammonium acetate (35mM, 50mM, and 1M). The bacterial isolate 

peptide mixtures were separated using the same separation regime, albeit with only one SCX 

fraction (1M). All MS raw data files were analyzed using the Proteome Discoverer software v.2.5 

(Thermo Fisher Scientific, Cleveland, OH). Each raw data file was processed by SEQUEST HT 

database search algorithm140 and percolator197 was used to evaluate confidence in peptide-to-

spectrum (PSM) matching. Peptide and PSMs with q<0.01 were considered identified and at 

least one unique peptide sequence was required for proteins. Protein relative abundances were 

calculated by summing together peptide extracted ion chromatograms. 
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Statistical analysis 

Protein abundance values were log2-transformed, normalized using LOESS and mean-

centered across entire dataset using InfernoRDN software149. Data subsets for each bacterial 

strain were extracted and further mean-centered using InfernoRDN. For a robust downstream 

analysis, the analysis was limited to proteins that were identified in at least two out of three 

biological replicates in at least one sample group. Imputation was performed for the proteins 

with missing abundance values using random values drawn from the normal distribution (width 

0.3, downshift 2.8) using Perseus software v.1.6.12.0150. Pairwise comparisons using Student’s t-

tests were performed between different timepoints to identify the differences in protein 

abundance values. Proteins are characterized as significantly differentially abundant if they pass 

the significance threshold of p-value ≤0.05 and absolute log2 fold-change difference > 1. 

Pairwise comparisons were performed for each bacterial strain to identify the differences 

between the community with equal initial rations at 48-hour timepoint and monoculture datasets. 

Results 

Differential proteomic analysis reveals enhanced metabolic activity in synthetic microbial 

community compared to monoculture in nutrient-rich conditions  

The three bacterial strains Pantoea sp. YR343, Pseudomonas sp. GM17 and Sphingobium sp. 

AP49 were grown in isolation and in three-member communities with different initial inoculum 

ratio including 1:1:1, 1:0.001:1 and 0.001:1:0.001 of Pantoea sp. YR343, Pseudomonas sp. 

GM17, and Sphingobium sp. AP49. Proteomic analysis identified thousands of proteins for each 

bacterial strain grown as monocultures and collected at stationary phase (Figure 3.2). The 

metaproteomic analysis identified tens to thousands of proteins for the bacterial strains across the 

entire experiment including eight timepoints for the three different communities constructed with 

varying initial inoculum ratios (Figure 3.3).  

To understand the microbial functions as a result of the community dynamics and 

interspecies interactions in a community, the proteomes of each of the three bacterial 

monocultures at stationary phase were compared with proteomes in the 3-member community  



52 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.2: Qualitative assessment of proteomes of bacterial monocultures. Number of proteins 

identified for each bacterial monoculture at early-stationary phase. Each bar represents a 

biological replicate. 
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Figure 3.3: Qualitative assessment of proteomes of bacterial strains in community. Number of 

proteins identified for each bacterial strain in 3-member synthetic communities with varying 

initial inoculum ratios collected at eight timepoints. Each timepoint has 3 replicate samples 

represented by 1,2,3 in the figure. 
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Figure 3.4: Overlap of proteins between monocultures and 1:1:1 community at 48 hr timepoint. 

Venn diagrams showing the number of quantifiable proteins that are uniquely identified or shared 

between the three bacterial strains in the three-member community with equal initial inoculum 

ratios (YR343-GM17-AP49 1:1:1) at 48 hr and their monocultures at early stationary phase in 

R2A medium (A) Pseudomonas sp. GM17 (B) Pantoea sp. YR343 (C) Sphingobium sp. AP49. 
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with equal initial ratios (1:1:1) at 48 h timepoint (Table S4, refer online version). Majority of the 

identified proteins were found to overlap between the monoculture and community proteomes 

for Pseudomonas sp. GM17 and Pantoea sp. YR343, but still had a large number of proteins that 

were uniquely identified when grown in the community (Figure 3.4). An opposite trend was 

observed for Sphingobium sp. AP49, where a higher proportion of proteins were uniquely 

identified when grown as a monoculture (Figure 3.4), which could be due to the relatively lower 

number of proteins detected for Sphingobium sp. AP49 than Pseudomonas sp. GM17 

and Pantoea sp. YR343 when grown in the mixed community (Figure 3.2 and 3.3).  

Statistical analysis using Student’s t-tests was performed between proteomic data obtained 

from community with equal initial inoculum ratios at 48 hr and monoculture at stationary phase 

samples to identify the differentially abundant proteins (Figure 3.5). The proteomes of these 

bacterial strains exhibited significant differences when grown in community compared to 

monocultures. In Pantoea sp. YR343 41% of proteins were significantly differentially abundant 

in community, 64% in Pseudomonas sp. GM17 and 91% in Sphingobium sp. AP49. Of the 

significantly changing proteins, a higher proportion displayed increase in abundance in 

community compared to their corresponding monocultures in both Pantoea sp. YR343 (85%) 

and Pseudomonas sp. GM17 (81%). However, in Sphingobium sp. AP49, 95% of the 

significantly changing proteins displayed decrease in abundance in community, this could be due 

to fewer proteins identified in community samples for Sphingobium. 

The proteins that showed significant increase in abundance when grown in the community 

compared to the monocultures for Pseudomonas sp. GM17 shows increased metabolic activity as 

indicated by the KEGG pathway analysis performed using Interactive Pathways Explorer (iPath 

v3, https://pathways.embl.de/)198. Several metabolic processes including the carbohydrate 

metabolism, amino acid metabolism, energy metabolism, lipid metabolism displayed increased 

activity in Pseudomonas grown in community compared to monoculture (Figure 3.6). Similarly, 

Pantoea sp. YR343 also exhibited increased metabolic activity when grown in community 

(Figure 3.7). 
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Figure 3.5: Volcano plots showing the significant differentially abundant proteins for each 

bacterial species at 48 hr timepoint in the three-member community with equal initial inoculum 

ratios (GM17-YR343-AP49 1-1-1) compared to their monocultures at early stationary phase in 

R2A medium (A) Pantoea sp. YR343 (B) Pseudomonas sp. GM17 (C) Sphingobium sp. AP49.  
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Figure 3.6: Global KEGG map of metabolic pathways for Pseudomonas sp. GM17. KEGG KO 

terms associated with Pseudomonas sp. GM17 proteins that displayed significant increase in 

abundance in community with equal initial inoculum ratios (GM17-YR343-AP49 1-1-1) 

compared to Pseudomonas sp. GM17 monoculture at early stationary phase in R2A medium. 
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Figure 3.7: Global KEGG map of metabolic pathways for Pantoea sp. YR343. KEGG KO terms 

associated with Pantoea sp. YR343 proteins that displayed significant increase in abundance in 

community with equal initial inoculum ratios (GM17-YR343-AP49 1-1-1) compared to Pantoea 

sp. YR343 monoculture at early stationary phase in R2A medium. 
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The influence of various initial inoculum ratios on the resulting community structures and 

temporal dynamics assessed by metaproteomics 

A time-series experiment across 48 hrs was performed for metaproteomics analysis to 

decipher the functional temporal dynamics of the three bacterial strains in 3-member 

communities with various initial inoculum ratios. Relative organism population size estimates 

were determined by summed protein abundances for the eight sampling timepoints (0, 4, 8, 12, 

16, 24, 36 and 48 hr) of the 3-member communities and temporal shifts were observed in 

population sizes of bacterial strains in the communities with varying initial inoculum ratios. In 

the community with equal initial inoculum ratios, Pseudomonas sp. GM17 was the most 

abundant member (52.0%) at the end of 48 hr, whereas Pantoea sp. YR343 was the second most 

abundant member (45.2%). Although, the relative abundance of Sphingobium sp. AP49 (2.8%) 

was much less, it still maintained its presence in the community. In the community where the 

initial inoculum had lower amount of Pseudomonas (YR343- GM17-AP49 1: 0.001:1), Pantoea 

sp. YR343 was the most abundant member (57.4%) at 48 hr, however surprisingly Pseudomonas 

sp. GM17 became the second abundant strain with 32.6% relative abundance and Sphingobium 

sp. AP49 which was started with a higher amount equal to Pantoea was the least abundant 

member (10.0%). As expected, in community with higher initial inoculum of Pseudomonas 

(YR343- GM17-AP49 0.001: 1: 0.001), Pseudomonas sp. GM17 dominated the community at 48 

h with 91.6% relative abundance. Although the initial inoculum amount of Pantoea was much 

lower, it was able to make up to 6.8% of the community at 48 hr (Figure 3.8). 

Interestingly, the time points at which the community structure has undergone major shifts 

were observed to be dependent on the initial amount of Pseudomonas sp. GM17 in the mixture. 

In the community with equal initial inoculum ratios (YR343- GM17-AP49 1: 1: 1), shifts in 

population sizes occurred gradually between 4 hr to 16 hr, and in community where it was a 

minority member in the initial inoculum (YR343- GM17-AP49 1: 0.001:1), the community shifts 

were observed at later time points between 16 hr and 24 hr, where the relative abundance of 

Pseudomonas sp. GM17 was increased and Pantoea’s relative abundance was decreased (Figure 

3.8). Interestingly, in all three initial inoculum ratio conditions at 48 hr timepoint, all three 

bacterial strains were able to maintain their presence although Sphingobium was the least 

abundant to other two community members. The results indicate that although initial inoculum  
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Figure 3.8: Assessment of population sizes of bacterial strains in three-member communities. 

Community composition assessed using summed protein abundances obtained from 

metaproteomic analysis of three communities with varying initial inoculum ratios of bacterial 

strains collected at eight timepoints, with 3 biological replicates per timepoint. Individual bar 

represents a replicate for a given timepoint. 
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ratios of the bacterial strains had a minimal effect on final community composition, it 

significantly affected the temporal dynamics that lead to the final community structure.   

Increased metabolic activity of Pseudomonas sp. GM17 contributes to its dominance in the 

community  

To understand the functions of Pseudomonas contributing to increase in its population size 

that occurred between 4hr and 16hr timepoints in equal initial inoculum community, one-way 

ANOVA was performed followed by hierarchical clustering analysis. The majority of the 

proteins that are significantly differentially abundant (90.5%, 2084 of 2302 proteins) were 

clustered together and displayed increasing abundance between these timepoints (Figure 3.9A). 

The gene ontology (GO) enrichment analysis was performed for the proteins belonging to this 

cluster using ClueGO v2.5.6, in cytoscape199 and the significantly enriched GO terms belonged 

to several metabolic processes indicating increasing metabolic activity of Pseudomonas across 

the timepoints (Figure 3.9B). 

Similarly, to identify the differentially abundant proteins in Pseudomonas sp. GM17 in 

GM17- YR343- GM17-AP49 1: 0.001:1 community, Student’s t-tests was performed between 

the 16 hr and 24 hr timepoints. The proteome of Pseudomonas has undergone significant changes 

during these 8 hrs with about 89% of identified proteins displayed increase in abundance. The 

GO enrichment analysis of these proteins revealed the biological processes that were highly 

abundant at 24 hr compared to 16 hr, these include several metabolism related pathways 

including carbohydrate and amino acid metabolic processes, cellular macromolecule biosynthetic 

process, and cellular component organization (Figure 3.10). These results provide insights into 

Pseudomonas functional state in community, highlighting activation of several metabolic 

processes which support bacterial growth by providing energy and building blocks necessary for 

survival and growth. 

Overall, the analysis of community composition at different timepoints in communities that 

started with varying inoculum ratios and the differential proteomic analysis for Pseudomonas 

between the timepoints that showed maximum effect on population size shifts highlighted that 

the temporal dynamics of these proteome changes is dependent on the organism’s starting 

inoculation ratio. Interrogating these temporal dynamics provided detailed insights into the  
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Figure 3.9: Functional analysis of Pseudomonas sp.GM17 in community with equal ratios. (A) 

One-way hierarchical clustering (rows=Euclidean distances) of Z-scores of log2-transformed 

protein abundances for significant differentially abundant proteins (multiple-sample test analysis 

of variance was performed in Perseus software, permutation-based false discovery rate <0.05; 

number of randomizations=250) across 4 h to 16 h timepoints, revealed a major cluster (cluster-

1) with highest membership of proteins. (B) The piechart representing the significant GO terms 

resulted from GO enrichment analysis of biological process category (right-sided hypergeometric 

test, p-value <=0.05, Bonferroni correction) of proteins from cluster-1. The % represents the 

percentage of terms per group.  

A 

B 
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Figure 3.10: Gene ontology enrichment results for Pseudomonas sp. in YR343- GM17-AP49 1: 

0.001:1 community. The piechart representing the significant GO terms resulted from GO 

enrichment analysis of biological process category (right-sided hypergeometric test, p-value 

<=0.05, Bonferroni correction) of proteins that showed significant increase in abundance at 24 hr 

compared to 16 hr timepoint. The % represents the percentage of terms per group. 
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increased metabolic shifts and how that correlates with changing community compositions 

across time. Pseudomonas exhibited its remarkable metabolic flexibility that allows it to grow 

regardless of the initial disadvantage of lower starting inoculum in this study.  

Besides the metaproteomic analysis described here, the community structures were simulated 

by generalized Lotka-Volterra and dynamic flux balance analysis to gain mechanistic predictions 

into the community emergence when grown in a nutrient-rich environment196. Based on the 

significantly decreased growth rates of these three strains when grown in community when 

compared to monocultures, it was predicted that the interspecies interactions in the community 

are competitive interactions.  Both metabolic flux balance analysis and metaproteomics results 

showed that the competitive relationships within the community were not altered by different 

starting inoculum ratios196.  

Conclusions 

Comprehensive understanding of intricate ecological interactions between microbes, 

including the mechanisms driving the inter-species interactions and the extent to which these 

interactions shape the microbial community are crucial in understanding the microbial 

ecosystem, yet they are not well understood. The reductionist approach presented in this chapter 

provided a tractable opportunity to study naturally occurring complex microbial interactions in a 

controlled laboratory environment. Together with high-resolution metaproteomics, an accurate 

assessment of microbial population sizes was obtained for the constructed microbial community 

while simultaneously providing valuable insights into temporal dynamics in the proteomes of 

bacterial strains that helped in elucidating the biological processes underpinning the final 

community composition across three distinct communities with varying initial inoculum ratios. 

The proteomic comparisons of bacterial strains when grown as a monoculture and in a 

community highlights the extensive proteome remodeling that occurs when an organism grows 

in a multispecies community under nutrient-rich conditions. Simple constructed communities 

similar to those described in this chapter coupled with metaproteomics can enhance our 

fundamental knowledge of microbial interactions and community dynamics that can further be 

tested by integrating more building blocks into experimental design to increase the complexity of 
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the system. These synthetic community studies also provide a starting point for designing and 

probing microbial consortia for desired biological functions in nature. 
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CHAPTER 4: DEVELOPMENT OF AN EXPERIMENTAL APPROACH TO ACHIEVE 

SPATIALLY RESOLVED PLANT ROOT-ASSOCIATED METAPROTEOMICS USING 

AN AGAR-PLATE SYSTEM 

Author contributions 

Text and figures were adapted from the following published journal article: 

Appidi, M.R., Bible, A.N., Carper, D.L., Jawdy, S.S., Giannone, R.J., Hettich, R.L., Morrell-

Falvey, J. and Abraham, P.E., 2022. Development of an experimental approach to achieve 

spatially resolved plant root-associated metaproteomics using an agar-plate system. Molecular 

Plant-Microbe Interactions, 35(8), pp.639-649. 

Manasa R. Appidi’s contributions include study design, metaproteomic sample preparation, data 

collection and data analysis, writing and revisions of the manuscript. 

Note: All the supplemental material including supplementary figures and tables mentioned in 

text are available at https://doi.org/10.1094/MPMI-01-22-0011-TA and their numbering reflects 

that of the online material. 

Introduction 

Plants are continually interacting with microbes, some of which benefit the host while others 

thrive at the host's expense1. Microbes can be found across several regions of the plant, including 

the phyllosphere (above the ground), endosphere (inside plant tissues both above- and 

belowground), and rhizosphere (belowground region surrounding the roots)5. There are many 

interacting factors that ultimately shape the composition of the associated microbiomes, with the 

relative success of microbial establishment and persistence largely dependent on how well an 

individual competes for host-mediated resources. Across the plant root system, the deposition of 

a complex mixture of secondary metabolites, amino acids, secreted enzymes, and cell lysates has 

been shown to play a role in shaping microbial communities200-202 yet how microbiomes emerge 

and function along the plant root axis remains poorly understood. 

https://doi.org/10.1094/MPMI-01-22-0011-TA
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In general, complex plant–microbe systems can be studied using either a holistic or 

reductionist approach. Characterizing biological systems with a holistic approach generates a 

more realistic assessment but with less control over the many biotic and abiotic factors 

influencing experimental observations. Reductionist approaches, on the other hand, offer more 

control but observed outcomes may be less applicable to our understanding of natural systems 

because nature's many complexities are not fully considered. As such, research efforts working to 

bridge the holistic-reductionist divide are crucial to advancing our understanding of these 

complex biological systems34, 203. By first building a detailed understanding of relatively simple 

biological systems, high predictive power can eventually be achieved through combining 

different abiotic or biotic factors to recapitulate natural environments. As more complex systems 

are studied, certain principles governing plant–microbe interactions are expected to become more 

or less relevant, and these realizations will begin to uncover higher-order interactions influenced 

by experimental designs. 

In the absence of plant hosts, experimental manipulations of nutrient availability on 

microbial community assemblage and compositional trajectory are often performed via serial 

dilution192, 193, 204. The outcome of these experimental manipulations can uncover how different 

compositions of microbes may coexist or competitively exclude one another based on resource 

availability192, 205. Understanding the fundamental implications of resource competition on 

microbial community assembly and functions along a plant root is important but is currently 

limited by methodological challenges. 

Plant root-associated microbiomes are most effectively characterized by extraction methods 

that aim to maximize depth and coverage of the microbial biomass without disrupting the plant 

host tissue to minimize measurement interference55. Of course, studies aiming to interrogate 

endophytic microbes within plant tissue becomes significantly more difficult due to competing 

plant biomass and, therefore, require more elaborate extraction procedures not described here206. 

Current methods to extract and subsequently characterize root-associated microbes are most 

often achieved via physical removal of microbial cells from the surface of the root via washing 

with or without sonication procedures207. It should be expected that the success of these 

approaches will be influenced by the overall amount of microbial biomass available for 
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characterization; therefore, overall root size and microbial growth and activity are important 

factors that must be considered. 

It is now well known that different plant species select for distinct microbiome communities 

along their root systems through differences in rhizodeposition of resources208. The dynamic 

nature of root growth and development leads to a continuous temporal and spatial change in the 

amount and composition of rhizodeposits and, in turn, dynamic changes in the local microbiome 

compositions and functional activity209. For example, at root tips, plants may slough off cells and 

secrete mucilage whereas, further up the root, exudates are passively released via root hair 

cells210-212. Currently, extraction methodologies that facilitate spatiotemporal characterization of 

root-associated microbiomes are yet to be realized. 

Plant agar-plate culture systems are widely used213 and would offer an appropriate platform 

for laboratory-controlled manipulation of root-associated microbiome assemblage to understand 

the influence of nutrient availability along the root axis. The semisolid agar matrix facilitates 

microbial movement and allows microbes to form communities based on the variable chemical 

environments surrounding the root. However, a method to spatially extract and characterize root-

associated microbiomes at a molecular level using this agar-based platform has yet to be 

developed. Here, we describe and ground-truth a method by which microbiomes can be extracted 

from an agar matrix. In particular, we focus on an extraction method designed for mass 

spectrometry-based metaproteomics because it provides accurate estimates of both microbial 

relative abundances and functional activity189, 214. We utilized a synthetic community (SynCom) 

consisting of 10 taxonomically diverse bacterial strains to characterize the spontaneous assembly 

and function of a Populus trichocarpa root-associated microbiome. The method described herein 

is easy to implement and facilitates spatially resolved metaproteomics of microbial communities 

along the plant root axis. More broadly, this method can be used to characterize a myriad of 

biological systems employing agar-based culture systems. 
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Materials and methods 

Preparation of plants, bacterial cultures, and a SynCom 

Populus trichocarpa (genotype B819) shoot tips were cut from greenhouse-grown plants and 

sterilized for 4 h by rotating in a 50-ml solution of 1× Murashige-Skoog (MS) basal media with 

vitamins and glycine (Caisson) and 5% plant-preservative mixture (PPM) (Plant Cell 

Technology). Once sterilized, the shoot tips were rinsed in sterile H2O and rooted in a growth 

chamber (16-h daylength, 15.6 μmol full-spectrum LED) in 1× MS basal medium with vitamins 

and glycine (Caisson), 0.05% morpholineethanesulfonic acid hydrate (Sigma-Aldrich), 3% 

sucrose, 0.1% PPM (Plant Cell Technology), 0.5% activated charcoal (Sigma-Aldrich), and 

0.18% Gelzan (Plant Media) to establish stock plants. After rooting and growing to an adequate 

size, axenic shoot tips were subcultured from stock plants and placed into new enclosed 

containers of the tissue culture media described above and grown for 3 weeks in the same growth 

chamber until rooted. 

A previously described microbial SynCom consisting of 10 bacterial strains previously 

isolated from P. deltoides root systems were used192, 193. Bacterial strains used in this SynCom 

were Bacillus sp. BC15, Caulobacter sp. AP07, Duganella sp. CF402, Pantoea sp. strain 

YR343, Paraburkholderia sp. strain BT03, Pseudomonas sp. strain GM17, Rhizobium sp. strain 

CF142, Sphingobium sp. strain AP49, Streptomyces sp. strain YR139, and Variovorax sp. strain 

CF31316, 215-222. Overnight cultures of all 10 bacterial strains were grown in R2A liquid media 

(Teknova)223 at 28°C and 250 rpm. For the SynCom, the 10 bacterial cultures were normalized to 

an optical density at 600 nm of 2.40 and equal volumes of the 10 cultures were combined to 

generate the bacterial inoculum used in these studies. 

Plant-agar culture growth conditions 

Rooted P. trichocarpa plants were removed from initial growth media (which leaves the plant 

roots mostly clean with no debris) and roots were submerged in 25 ml of 1/4× Hoagland's media 

(Hoagland modified basal salt mixture; PhytoTech Labs) supplemented with 0.1% sucrose, 0.3% 

agarose, and the SynCom community at a concentration of approximately 107 cells/ml in a sterile 
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Petri dish. Each plant-agar culture was incubated for 24 h (n = 3) or 48 h (n = 3) in a sterile 

plastic container to maintain humidity at 28°C in growth chambers with 16-h days alongside agar 

control plates (n = 3 for 24 and 48 h) that were similarly produced but lacked plant hosts (Figure 

4.1A). 

Extracting microbiomes directly associated with the plant root system for metaproteomics 

To characterize microbiomes directly associated with the root surface, plant roots (biological 

triplicates) were excised with a sterile scalpel and transferred to Eppendorf tubes and washed in 

300 µl of sodium dodecyl sulfate (SDS) lysis buffer (4% SDS [Sigma-Aldrich] in 100 mM Tris, 

pH 8.0) by vortexing gently to liberate microbial cells bound to roots. The roots were removed, 

and crude lysate suspensions were sonicated (30% amplitude, 10-s pulse with 10-s rest, 2-min 

total pulse time) (Branson digital sonifier) and boiled at 90°C for 10 min to complete microbial 

lysis. The cell lysates were centrifuged at 21,000 × g for 10 min at room temperature to remove 

any cell debris. Samples were reduced by adjusting to 10 mM dithiothreitol (Sigma Life Science) 

by incubating at 90°C for 10 min, followed by alkylation with iodoacetamide (Sigma Life 

Science) added to a final concentration of 30 mM and incubation for 15 min in darkness. 

Proteins were then extracted from the precleared lysates by protein aggregation capture128. 

Briefly, Sera-Mag beads (5 µl at 50 µg/µl) (GE Healthcare Life Sciences) were washed with 

liquid chromatography-mass spectrometry (LC-MS)-grade acetonitrile (ACN) (EMD Millipore 

Corp.) on a magnetic rack. Tubes were removed from the magnetic rack, and lysate was added 

and then adjusted to 70 % ACN to induce protein aggregation onto beads. Samples were allowed 

to settle for 10 min, gently resuspended, and allowed to settle for another 10 min. The samples 

were placed on a magnetic rack and the supernatant was removed, followed by washing with 1 

ml of ACN and 1 ml of 70 % ethanol (EMD Millipore Corp.) while on a magnetic rack. The 

samples were removed from the magnetic rack and 50 µl of Tris buffer was added. Proteins 

bound to beads were processed with two sequential aliquots of sequencing-grade trypsin 

(Thermo-Scientific) for an overnight and 3-h enzymatic digest using a 1:75 (wt/wt) 

protein/trypsin ratio at 37°C with constant agitation (1,000 rpm). The samples were then adjusted 

to 0.1 % formic acid (FA) (Fisher Chemical), vortexed, and allowed to sit for 10 min. The 

samples were placed on a magnetic rack and supernatants containing the peptides were added to 

prewet Vivaspin 10 kDa MWCO filters (Sartorius) and centrifuged at 12,000 × g for 15 min at  
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Figure 4.1: Experimental design to achieve spatially resolved plant root-associated microbes 

using an agar system. (A) A synthetic community (SynCom) containing 10 bacterial strains in 

equal numbers inoculated in 1/4× Hoagland's media + 0.1% sucrose + 0.3% agarose; control agar 

plates containing SynCom without a plant; plant (Populus trichocarpa B819) in agar containing 

SynCom; agar plugs excised from control agar plates containing SynCom without plant at 0, 24, 

and 48 h (n = 3); and agar plugs excised from root base, root tip, and distant regions for each 

plant in agar containing SynCom at 24 and 48 h (n = 3). (B) In-solution cell lysis, enzymatic 

protein digestion, and peptide extraction using Sera-Mag beads. 
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room temperature. Tryptic peptide flowthroughs were collected, and peptide concentrations were 

measured using the Nanodrop One spectrophotometer (Thermo-Scientific) and transferred to the 

autosampler vials for LC tandem MS (MS/MS) measurement. 

Note that the root wash extraction described above was performed on a sample collected 48 h 

post inoculation (n = 3) with the 10-member SynCom and this measurement was paired with a 

“whole root plug” extract that is described below. These paired samples facilitated a 

metaproteomics comparison between microbiomes adhered to the root (i.e., root wash) versus 

those in close proximity (i.e., agar plug) (discussed above). 

Extracting microbiomes from agar for metaproteomics 

Microbial cell populations in agar were selectively excised using a sterilized scalpel to assess 

microbiome changes in composition and function across time and in response to the plant root 

system. To characterize how the SynCom microbiome changes across time in the absence of a 

plant root system, agar plugs were obtained from culture plates that lacked a plant root system at 

0 h (control plug 0 h), 24 h (control plug 24 h), and 48 h (control plug 48 h) in biological 

triplicate. Note, because the amount of microbial cells surrounding a plant root system are 

expected to change for different plant hosts and starting inocula, the size (i.e., volume) of the 

agar plug should be evaluated per biological system. In this study, agar plugs equivalent to 

0.5 ml were sufficient for each sample and, thus, used throughout this study. The agar plugs 

obtained at 0 h were excised immediately after the media turned into a semisolid state in order to 

assess whether extractions from agar alter microbiome measurements when compared with those 

obtained from the starting SynCom inoculum. The SynCom liquid control stock sample was 

prepared in biological triplicate by washing pelleted cells with phosphate-buffered saline to 

remove media and resuspending cells in 100 mM ammonium bicarbonate. 

For plant-agar cultures, agar plugs were excised to obtain four spatial measurements: whole 

root, root tip, root base, and a region distant from the plant root system (approximately 3 to 4 cm 

distant from root, near the edges of the Petri dish). Whole-root agar plug samples were collected 

at 48 h and the other locations were collected at 24 and 48 h in biological triplicate. To ensure 

sufficient material for subsequent extractions, multiple agar plugs were pooled together; for 
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example, agar plugs from all root tips for each plant were pooled. Prior to additional sample 

processing, all agar plugs (0.5 ml) were liquified by heating for 10 min at 90°C in a heat block. 

Samples were processed by adding an equal volume of lysis buffer (4% sodium deoxycholate 

[SDC] in 100 mM ammonium bicarbonate) (Sigma-Aldrich) to bring the final concentration to 

2% SDC and kept warm to avoid solidification of agar. Note, SDC was selected as the detergent 

because, unlike SDS, it permits trypsin activity and is easily removed224. The samples were 

sonicated (30% amplitude, 10-s pulse with 10-s rest, 2-min total pulse time) (Branson digital 

sonifier), then incubated at 90°C for 10 min. The cell lysates were centrifuged at 21,000 × g for 

10 min at room temperature to remove any cell debris and proteins were quantified with a 

Nanodrop One spectrophotometer (Thermo-Scientific). Samples were reduced and alkylated as 

described in the section above. Samples were heated again briefly to reliquify the agar and 

allowed to cool down; then, proteins were processed with two sequential aliquots of sequencing-

grade trypsin for an overnight and 3-h enzymatic digest using a 1:75 (wt/wt) protein/trypsin ratio 

at 37°C with constant shaking (1,000 rpm). Each sample was acidified with 1% FA, vortexed, 

and centrifuged at maximum speed for 10 min at room temperature to precipitate and remove 

SDC. Samples were transferred to new Eppendorf tubes where Sera-Mag beads (GE Healthcare 

Life Sciences) were used to aggregate and remove the agar from the samples. For each sample, 

Sera-Mag beads (approximately 5 µl at 50 µg/µl, previously washed and resuspended in equal 

volume of ACN) were added and final volumes were adjusted to 70% LC-MS-grade acetonitrile 

(EMD Millipore Corp.). Twice, samples were vortexed gently and allowed to rest for 10 min to 

allow for aggregation of the agar matrix onto the magnetic beads. Eppendorf tubes were then 

transferred to a magnetic rack where the supernatant solution containing peptides was removed 

and subsequently transferred to new tubes (Figure 4.1B). Importantly, care was taken to not 

aspirate Sera-Mag beads. To remove residual SDC, hydrated ethyl acetate was added to each 

sample at a 1:1 (vol/vol) ratio, vortexed, and centrifuged for 10 min at maximum speed. The 

lower aqueous layer containing the peptides was collected and cleaned again with ethyl acetate. 

The final lower aqueous layer containing peptides was transferred into new Eppendorf tubes, 

then vacuum-dried to completion using a SpeedVac Concentrator (Thermo-Fischer Scientific). 

The peptides were resolubilized in 0.1% trifluoroacetic acid and cleaned on a Pierce peptide 

desalting spin column (Thermo Scientific) per the manufacturer's instructions. Concentrated 
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peptides were resuspended in a 25-μl aqueous solution (0.1% FA) and subsequently quantified 

using a Nanodrop One spectrophotometer (Thermo Scientific). Peptides were transferred to auto-

sampler vials for LC-MS/MS measurements. 

Protein identification and quantification 

All peptides were analyzed using two-dimensional LC on an Ultimate 3000 RSLCnano 

system (Thermo-Fisher Scientific) coupled with a Q Exactive Plus mass spectrometer (Thermo-

Fisher Scientific). For each sample, a 2-μg inject of digested peptide mixture was flowed across 

an in-house-built strong cation exchange (SCX) Luna trap column (5 µm by 150 µm by 50 mm) 

(Phenomenex) followed by a nanoEase symmetry reversed-phase (RP) C18 trap column (5 µm 

by 300 µm by 50 mm) (Waters) and an aqueous solvent (5% ACN and 0.1% FA), then washed 

for 10 min. The loaded peptide mixtures were separated and analyzed across three successive 

SCX fractions of increasing concentrations of ammonium acetate (35 mM, 50 mM, and 1 M), 

each followed by a 100-min linear organic gradient (250 nl/min flow rate) from 5% aqueous 

solvent (5% ACN and 0.1% FA) to 30% organic solvent (80% ACN and 0.1% FA) to separate 

peptides across an in-house-pulled nanospray emitter (75 µm by 350 mm) packed with C18 

Kinetex RP C18 resin (1.7 µm) (Phenomenex). All MS data were acquired with Thermo Xcalibur 

(version 4.2.47) using the top N method, where N could be up to 10. Target values for the full-

scan MS spectra were 3 × 106 charges in the 300 to 1,500 m/z range with a maximum injection 

time of 25 ms. Transient times corresponding to a resolution of 70,000 at m/z 200 were chosen. A 

1.6 m/z isolation window and fragmentation of precursor ions was performed by higher-energy 

C-trap dissociation with a normalized collision energy of 27 eV. MS/MS scans were performed at 

a resolution of 17,500 at m/z 200 with an ion target value of 1 × 105 and a 50-ms maximum 

injection time. Dynamic exclusion was set to 20 s to avoid repeated sequencing of peptides. All 

MS raw data files were analyzed using the Proteome Discoverer software (version 2.5) (Thermo-

Fisher Scientific) 225. Each MS raw data file was processed by the SEQUEST HT database 

search algorithm 140 and confidence in peptide-to-spectrum (PSM) matching was evaluated by 

Percolator 197. Peptide and PSMs were considered identified at q < 0.01 and proteins were 

required to have at least one unique peptide sequence. Protein relative abundance values were 

calculated by summing together peptide extracted ion chromatograms. Organism relative 
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abundances were calculated by dividing their summed protein abundances from the sum total of 

all quantified protein abundances189, 192. 

Statistical analysis 

Proteins with at least one unique peptide were exported from Proteome Discoverer. Log2-

transformation of protein abundances was performed followed by local regression (LOESS) 

normalization and mean-centering across the entire dataset using InfernoRDN software 

(v1.1.7793)149. To identify the differences in the proteome expression of the bacteria between 

different sample groups, PERMANOVA was performed across the control, distant from root, root 

tip, and root base samples at 24- and 48-h time points using the vegan package (v.2.5-7) in R226. 

Protein abundances subset for each bacterial strain of the SynCom were extracted from the 

normalized dataset and further mean-centered using InfernoRDN. To improve the robustness of 

downstream analysis, the analysis was limited to proteins that were identified in at least two of 

three replicates of at least one sample group. The abundance values for proteins with missing 

values were imputed with random values drawn from the normal distribution (width 0.3, 

downshift 2.8) using Perseus software (v.1.6.12.0)150. To identify the proteins that are 

differentially expressed across the measured proteomes, ANOVA was performed (permutation-

based false discovery rate [FDR] < 0.05; number of randomizations = 250) across experimental 

conditions. Proteins that passed the significance threshold of P value ≤ 0.05 were characterized 

as significantly differentially abundant. One-way hierarchical clustering of standardized Z-scores 

using Euclidean distances for rows was performed for significantly changing proteins. For the 

clusters obtained, GO enrichment tests were performed using a Fischer's exact test using the 

OmicsBox software tool (v.1.4.11) (https://www.biobam.com/omicsbox). Biological process and 

molecular function GO terms that had an FDR-controlled P value < 0.05 were considered 

enriched. 
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Results and discussion 

A novel approach to extract and characterize root-associated microbiomes using 

metaproteomics 

Currently, extraction methods employing washing are used for metaproteomic 

characterization of root-associated microbiomes56, 227. Here, we evaluated the performance of a 

detergent-based wash solution (i.e., root wash) and compared it with the novel peptide extraction 

method from agar (i.e., agar extraction) (discussed below). For both methods, high-resolution 

mass spectrometry-based metaproteomics was employed to characterize the microbiome directly 

associated with a 3-week-old P. trichocarpa root surface 48 h post inoculation with a 10-member 

SynCom. 

We found large differences in the number of total proteins identified and the plant root protein 

contamination between the two methods. For the root wash method, we identified 5,776 proteins, 

and approximately 37% (Figure 4.2A and 4.2B) of these were from Populus roots. Although 

metaproteomics has been applied in several root-related studies56, 228, 229, to our knowledge, there 

are no previous measurements that could be used to appropriately benchmark these results. 

Moreover, comparing these results to other studies is not trivial given that microbiome 

complexity (composition and function) is context specific. Nevertheless, qualitatively, these 

measurements achieved a similar depth in the number of organisms and proteins identified when 

compared with a measurement performed on a cell pellet obtained from the inoculum used for 

SynCom inoculation (Figure 4.3A). In general, this comparison suggests that the amount of 

biomass available for metaproteomic measurements in this plant–microbe root system was not a 

limitation. 

The ability to selectively extract and characterize microbiomes from the agar surrounding the 

whole plant root system is expected to improve the depth and context of metaproteomic 

measurements for three major reasons: (i) avoiding an extraction directly from the root surface is 

expected to reduce the number of identified plant proteins; (ii) the amount of microbial biomass 

is not limited by root surface area; and (iii) spatial sampling provides locational context which, if 

varied across the root or nutritional gradients, enables the sampling of potential niche members  
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Figure 4.2: Proteins extracted from root-associated microbiomes using different extraction 

methods for plant-agar samples at 48 h. (A) Average number of proteins identified (n = 3). Error 

bars represent standard error of mean. (B) Percentage of proteins identified for synthetic 

community (SynCom) and Populus trichocarpa. (C) Relative organism abundances for the 

bacterial strains using their summed protein abundances. 
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Figure 4.3: Global proteomics metrics using novel agar extraction method. (A) The average 

number of proteins identified from control liquid stock 0-h. (B) The average number of proteins 

identified from control plugs at 0-h, 24-h and 48-h (n=3). (C) The average number of proteins 

identified from root tip, root base and distant from root plugs at 24-h and 48-h (n=3). Error bars 

represent standard error of mean. 
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or functional signatures that would otherwise be missed. Therefore, we compared the results 

from the root wash (whole root wash, 48 h) to an experimentally paired agar plug excised from 

the surrounding root (whole root plug, 48 h). Indeed, the overall metaproteomics depth achieved 

by this novel extraction method far surpassed the washing method alone (approximately 53% 

gain in protein IDs). In total, the extract and measurement from the collected whole root agar 

plug resulted in a higher number of proteins identified (8,853 proteins) with a notably lower 

percentage of plant proteins (3.3%) observed (Figure 4.2A and 4.2B). Additionally, 

approximately 90% of the proteins identified by the root wash method overlapped with the 

associated whole root agar plug. 

Although the overall depth of the metaproteome coverage improved, the microbiome 

composition is expected to be spatially influenced by the plant root system. Therefore, we used 

metaproteomics to estimate relative microbial biomass amounts189 (Figure 4.2C) 

(Supplementary Table S1, refer online version) and performed an analysis of variance (ANOVA) 

test to assess the similarity of composition and relative abundance of organisms between the 

microbiome directly associated with the plant root system (root wash) and the microbiome in 

agar immediately surrounding the root (agar extraction). For this particular comparison, the 

overall microbiome composition was statistically unchanged (P = 1). Individually, however, a 

relatively low-abundance member (Rhizobium sp. strain CF142) did slightly vary in abundance 

between the two extractions (Table 4.1). The observed change in the abundance of this particular 

microbe could be indicative of a biological deviation from the averaged microbial population 

directly interacting with the root surface; however, an alternative explanation is that the increased 

metaproteomics depth resulting from reduced plant root protein “contamination” improved the 

accuracy of the estimated average composition of root-associated microbes. Furthermore, the 

agar-plug extraction method increased measurement reproducibility, as demonstrated by derived 

organism ratios across replicates (Figure 4.2C). Regardless, the estimated microbial 

compositions are nearly indistinguishable between the two approaches but, more importantly, the 

success of the agar-plug extraction method provides exciting new opportunities to achieve 

spatially resolved metaproteomics along the plant root axis. 
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Table 4.1: LIMMA results using the relative abundances of the individual taxa comparing the 

agar sample to the root wash. Positive log fold change indicates increase in agar relative to root. 

A Benjamini-Hocherberg correction for multiple tests was applied. 

Organism logFC adj.P.Val 

Rhizobium sp. CF142 0.0403 0.0396 

Bacillus sp. BC15 0.0014 0.0622 

Pantoea sp. YR343 -0.0968 0.3069 

Pseudomonas sp. GM17 0.0973 0.3099 

Caulobacter sp. AP07 0.0201 0.3099 

Paraburkholderia sp. BT03 -0.0321 0.316 

Duganella sp. CF402 -0.0319 0.3309 

Streptomyces mirabilis YR139 0.0004 0.3309 

Sphingobium sp. AP49 0.0017 0.8825 

Variovorax sp. CF313 -0.0004 0.9401 
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Spatially resolved metaproteomics along the plant root axis 

Spatiotemporal patterns of microbiome assembly, organization, and function are expected to 

exist along the plant root axis209, 230 yet it remains unknown how, why, when, and where 

particular microbes successfully compete for plant-derived nutrients. Therefore, the ability to 

obtain high-quality metaproteomic datasets from agar motivated us to characterize the temporal 

and spatial assembly of the SynCom community along the P. trichocarpa plant root system. 

Prior to studying the assembly and function of the SynCom along the plant root axis, we 

employed the newly developed extraction method to assess community composition changes 

between 0-, 24-, and 48-h time points in the absence of the plant (control) when allowed to grow 

in a modified growth media (discussed below). To support early microbial growth and motility, 

the Hoagland's growth media commonly used for growing plants was supplemented with 0.1% 

sucrose and 0.3% agarose (Figure 4.1A). On average, the number of identified proteins 

increased across the time points (Figure 4.3B), and this is likely a result of increases in available 

biomass as well as changes in the metaproteome expression profiles. Importantly, the estimated 

starting SynCom composition was statistically unchanged when extracted from the inoculum or 

using the newly developed agar extraction method (P = 1) (Figure 4.4). Based on a 

permutational multivariate analysis of variance (PERMANOVA) (P = 0.004), the overall 

community composition changed significantly in control across the 48-h period (Figure 4.5). 

Individually, nine members exhibited a significant change in their relative abundance between 

the time points (Table 4.2). In this particular environment (i.e., media sans P. 

trichocarpa), Pantoea sp. strain YR343 increased in relative abundance to become a dominant 

member of the SynCom at the 24-h time point. However, this was no longer apparent at the 48-h 

time point, whereby Caulobacter sp. strain AP07 and Rhizobium sp. strain CF142 became the 

two most dominant members. 

The same starting SynCom solution was then applied to a 3-week-old P. trichocarpa root 

system and allowed to grow for 48 h. To assess the influence of the plant root system on SynCom 

assembly, agar plugs were excised to obtain three spatial measurements: root tip, root base, and a 

region distant from the plant root system. Each discrete location was characterized at 24- and 48-

h time points (Supplementary Table S1, refer online version). Similar to the no-plant SynCom  
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Figure 4.4: Assessment of microbial relative population sizes based on their summed protein 

abundances. Relative population sizes of microbes in control liquid stock 0-h and control plug 0-

h, n=3. 
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Figure 4.5: Assessment of microbial relative population sizes based on their summed protein 

abundances. Averaged organism relative abundances (n = 3) are illustrated for identified 

microbes in control plugs at 0, 24, and 48 h and three discrete locations surrounding the plant 

root system (root tip and base and a region distant from the root) at 24- and 48-h time points. 
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Table 4.2: ANOVA results for each member in the 10-member SynCom based on the relative 

abundances over time. 

 

Organism DF p-value 

Rhizobium sp. CF142 2 0.000865 

Bacillus sp. BC15 2 0.07 

Pantoea sp. YR343 2 0.00129 

Pseudomonas sp. GM17 2 4.91E-08 

Caulobacter sp. AP07 2 3.33E-05 

Paraburkholderia sp. BT03 2 9.22E-07 

Duganella sp. CF402 2 2.44E-08 

Streptomyces mirabilis YR139 2 0.0017 

Sphingobium sp. AP49 2 4.32E-06 

Variovorax sp. CF313 2 4.67E-06 
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measurements, the average number of identified proteins generally increased from the 24- to 48-

h time point and proteins identified per sample group ranged from 2,500 to 3,500 across the 

sample groups (Figure 4.3C). Overall, biological reproducibility between agar was high 

(average Pearson correlation coefficients of approximately 0.89).  

To assess the effect of plant, spatial location, and time on the SynCom, PERMANOVA was 

performed on Euclidean distances using the metaproteomics data collected. Overall, the plant 

root system had the greatest influence on the measured microbiomes (50%), followed by the 

interaction between plant and time (24%), and time (14%) (Figure 4.6A; Table 4.3). 

Intriguingly, there was a notable difference between microbiome compositions in the control agar 

plug at the 48-h time point and the region distant from the root at the 48-h time point. Both 

sample groups were expected to have similarly assembled communities at the 48-h time point 

because the influence of plant nutrients was absent or presumably lacking. Given the observed 

differences in microbiome composition, this result suggests that the plant root's zone of influence 

reaches significantly outward to the edges (approximately 3 to 4 cm from nearest root) of the 

plant-agar culture plates. Here, the root-associated microbiome composition largely favored the 

abundance of Pantoea sp. strain YR343, with its relative abundances increasing in the SynCom 

along the root system and the greatest abundance being observed at the root base. Additionally, 

four individual members of the SynCom had relative abundances that were significantly 

changing across the plant root axis (Table 4.4). For example, Rhizobium sp. strain CF142 

became the second most dominant member at the root tip at the 48-h time point (Figure 4.5). 

Detecting functional changes in microbial activity along the plant root axis 

Beyond estimating microbiome compositions, metaproteomics can improve our 

understanding of how a distinct subset of SynCom members was able to grow and thrive along 

the plant root system in this particular environment54, 231. To this end, we interrogated the 

proteome data of Pantoea sp. strain YR343, the most dominant plant-root-associated microbe, to 

assess its functional profile across the 24- and 48-h time points with and without the plant root 

system. Altogether, this analysis included 1,803 proteins representing approximately 37% of the 

encoded Pantoea sp. strain YR343 reference proteome. Importantly, this amount of proteome  
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Figure 4.6: Association with plant shows higher variation in proteome expression of synthetic 

community. (A) Nonmetric multidimensional scaling (NMDS) plot based on Euclidean distances 

of 10-member proteomics data showed higher variation is observed in relation to association 

with the plant (permutational multivariate analysis of variance [PERMANOVA], R2 = 50.2%) 

followed by the interaction between the relation to plant and time (24%) and then time (13.9%). 

(B) NMDS plot based on Euclidean distances of Pantoea sp. strain YR343 proteomics data 

showed that higher variation is observed in relation to association with plant (PERMANOVA, R2 

= 65.7%) followed by the interaction between the relation to plant and time (17.1%) and then 

time (8.4%). 
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Table 4.3: PERMANOVA results of Euclidean distances of proteins. (A) From all 10-member 

SynCom and (B) Pantoea sp. YR343 using the spatial location along the plant and time of 

sampling. 

A.  

 ADONIS 10-member SynCom results  

Variable  Df  R2  P  

Spatial location   3  0.502  0.001  

Time  1  0.139  0.001  

Spatial location: Time  3  0.24  0.001  

 

B.  

 ADONIS Pantoea sp. YR343 results  

Variable    Df  R2  P  

Spatial location   3  0.657  0.001  

Time  1  0.084  0.001  

Spatial location: Time  3  0.171  0.001  
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Table 4.4: ANOVA results for each member in the 10-member SynCom based on the relative 

abundances at the 48h time across spatial locations. 

 

Organism DF p-value 

Rhizobium sp. CF142 2 0.139 

Bacillus sp. BC15 2 0.0517 

Pantoea sp. YR343 2 0.0699 

Pseudomonas sp. GM17 2 8.72E-04 

Caulobacter sp. AP07 2 0.0513 

Paraburkholderia sp. BT03 2 2.09E-01 

Duganella sp. CF402 2 1.85E-01 

Streptomyces mirabilis YR139 2 0.027 

Sphingobium sp. AP49 2 1.45E-02 

Variovorax sp. CF313 2 1.50E-03 
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coverage is similar to what was achieved in prior proteomic studies of this individual bacteria232, 

233. 

Factors influencing microbiome composition were similar to those affecting proteome 

expression of Pantoea sp. strain YR343. PERMANOVA results indicate that the plant root 

system has a major influence (66%) on proteome expression, followed by the interaction of plant 

and time (17%) and time (8%) (Figure 4.6B; Table 4.3). To identify the differentially abundant 

proteins in Pantoea spp. across the measured proteomes, an ANOVA test was performed; 1,720 

proteins were determined to have a significant difference in relative protein abundance across the 

sample groups (P value ≤ 0.05). One-way hierarchical clustering was performed providing a 

comprehensive picture of protein regulation across the experimental conditions (Figure 4.7). In 

total, four major clusters were observed. The cluster with the most membership (cluster 3; 566 

proteins) consists of proteins with increased relative abundance in all plant root extractions when 

compared with the control samples at the 24- and 48-h time points. In other words, cluster 3 

represents proteins upregulated in relative abundance in the presence of the 3-week-old P. 

trichocarpa root system. A gene ontology (GO) enrichment analysis on the proteins in cluster 3 

revealed 36 overrepresented GO terms for biological processes and molecular functions 

(Supplementary Table S6, refer online version). These GO terms included but were not limited to 

ion binding, cell motility, transport, response to stress, membrane organization, generation of 

precursor metabolites, and energy. At a high functional level, these molecular processes explain 

how Pantoea sp. strain YR343 responds to the plant root chemical environment where it 

competes for available resources through overexpression of several motility-related proteins such 

as methyl-accepting chemotaxis proteins, response regulator proteins with CheY-like receiver 

domains, chemotaxis signal transduction proteins, and reprogramming its growth and metabolic 

activities. 

Conclusions 

Functional genomic measurements for plant-root-associated microbiomes are often 

challenged by the performance of available extraction methods185. In nature, plant root systems 

are surrounded by complex soil chemistries and physical properties that will vary by biome (e.g.,  
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Figure 4.7: Hierarchical clustering results for Pantoea sp. strain YR343. One-way hierarchical 

clustering (rows = Euclidean distances) of Z-scores of log2-transformed protein abundances for 

significantly regulated proteins (multiple-sample test analysis of variance was performed in 

Perseus software, permutation-based false discovery rate < 0.05; number of randomizations = 

250) across experimental conditions for Pantoea sp. strain YR343 revealed four major clusters of 

proteins. 
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related to how microbiome communities and functions are altered by plant root rhizodeposition 

at certain points in space or time. 

In order to address knowledge gaps precluded by too much complexity, experimental 

representation of biological systems is instead refined to key parameters and their interplay. For 

plant-microbe interactions, these reductionist approaches are performed using a variety of 

artificial components234, 235 or engineered laboratory systems and permit us to answer important 

questions currently unobtainable in natural ecosystems37, 236. For example, the widely used plant-

agar system offers a well-controlled platform, with low-to-medium complexity, that would 

permit us to answer several important questions. How do microbiome communities assemble in 

the presence of a plant root system? How does composition and function change along the plant 

root system at certain points in time and space? Does assembly and maintenance of root-

associated microbiomes observed with a specific plant genotype remain the same for other host 

genotypes? Unfortunately, a method to assess spatiotemporal plant–microbe interactions along 

the root system in plant-agar systems at a molecular level is yet to be realized. 

In order to address this technical limitation, we developed a novel peptide extraction method 

for high-resolution metaproteome characterization of plant-agar systems. After inoculating a 3-

week-old Populus plant root system with a 10-member SynCom and allowing growth for a 48-h 

period, we compared the performance (number of proteins identified) and resulting estimates of 

organism relative abundances between a root wash method and the newly developed agar 

extraction method. When comparing the two methods, we observed statistically unchanged 

estimates of microbiome composition and deeper metaproteome measurements (approximately 

53% gain in protein identifications) for the agar extraction method, supporting the utility of the 

agar extraction method for whole-root characterization of microbiomes. More importantly, we 

demonstrated that this method affords new capabilities in sampling the spatial composition and 

function of root-associated microbiomes along the plant root axis. 

For this particular plant–microbe biological system, substantial changes in composition and 

function were observed from the root base to the root tip, and even at a region distant from the 

plant root system. These findings have significant implications in our understanding of how 

microbiomes respond to plant rhizodeposition and how nutrient availability can affect the nature 
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of microbiome assembly in different niche environments, particularly those associated 

with Populus spp. In fact, this study was designed to complement a previous work that used the 

same 10-member SynCom but assessed microbiome assembly in a liquid culture environment 

with rich or minimal media192. The high-level observation that the same 10-member SynCom 

forms different assemblies across varying methodological frameworks is quite intriguing because 

we can now work to identify rules of assembly, and understanding these rules will give us greater 

insight into predicting how microbiomes assemble in different environments. More broadly, we 

anticipate that this novel extraction approach will benefit other soft-agar plate studies that study 

nutrient exchange among microbes237. 

Quite surprisingly, we recognized that the 10-member SynCom community assembled in this 

study is nearly identical in composition to that observed in a previously studied clay soil matrix 

that was measured using 16S ribosomal RNA gene amplicon sequencing16. The major difference 

between the two experiments is that it took 21 or 2 days to form nearly identical communities in 

potted soil or plant-agar, respectively. We posit that environmental matrix properties such as 

hydration levels, which affect the diffusion of plant rhizodeposits and microbial mobility, 

resulted in these temporal differences. Although we anticipate that community assembly will 

become more distinct between the plant-agar system and more natural soils, the relatedness with 

clay soil matrix addresses concerns about the plant-agar system being too artificial. 
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CHAPTER 5: UNRAVELING HOW BACTERIAL ADAPTATION STRATEGIES IN THE 

MICROBIOME ARE SHAPED BY THE CHEMICAL ENVIRONMENT OF THE PLANT 

RHIZOSPHERE 
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Note: All the supplemental material including supplementary figures and tables mentioned in 

text are available at https://doi.org/10.1094/PBIOMES-08-24-0081-R and their numbering 

reflects that of the online material. 

Introduction 

The rhizosphere represents a dynamic and complex environment where chemical and 

physical factors play crucial roles in shaping microbial communities238, 239. Plant roots release a 

variety of compounds, such as root exudates, which serve as a rich nutrient pool for microbial 

populations and signals for plant-microbe interactions240, 241. These exudates, comprised of 

sugars, organic acids, amino acids, and other compounds, create a unique chemical milieu that 

attracts and sustains a diverse array of microorganisms212, 241, 242. Simultaneously, the physical 

structure of the rhizosphere, influenced by root morphology and soil composition, further 

contributes to the niche-specific conditions243, 244. The intricate interplay of chemical and 

physical parameters in the rhizosphere dictates the composition and functioning of associated 

microbial communities, impacting plant health and nutrient cycling245. Bacteria that are 

beneficial to the plant are collectively referred to as plant growth-promoting rhizobacteria (or 

https://doi.org/10.1094/PBIOMES-08-24-0081-R
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PGPR), and they influence plant growth and health by exerting a range of functions such as 

phosphate solubilization, nitrogen fixation, enhancing water availability, suppression of 

pathogenic activity, and synthesis of phytohormones246-248. The intricate interactions between 

plants and PGPR within the rhizosphere underscore the complexity of functional dynamics in 

this critical zone and emphasize the pivotal role these bacteria play in fostering and modulating 

plant health. Beyond their direct interactions with the plant host, plant-associated bacteria 

interact with other soil organisms, competing for space and resources in the complex soil 

ecosystem249. Comparative genomic analyses of diverse bacteria have uncovered specific genes 

that are enriched in plant-associated bacteria compared to their non-plant-associated 

counterparts, particularly in genes related to carbohydrate metabolism220. Similarly, meta-

transcriptomic investigations of microbial communities in the rhizosphere have unveiled specific 

pathways and gene products crucial for survival in this dynamic environment250, 251. Furthermore, 

the characterization of mutants in genetically tractable organisms has identified additional 

bacterial gene products contributing to plant association252, 253. Despite significant strides in 

unraveling the drivers of plant association, there remain considerable knowledge gaps regarding 

how environmental conditions in the rhizosphere, along with interactions among diverse 

organisms, shape the composition and functionality of the plant microbiome. To this end, 

metaproteomics can provide important complementary information about the detailed metabolic 

activities of microbial communities, thereby helping to expand our understanding of these 

dynamics and provide insights into the complex interplay between plant-associated bacteria and 

the surrounding environment. 

To gain a deeper understanding into the chemical and physical cues that drive plant-microbe 

interactions, researchers often employ synthetic microbial communities consisting of defined 

mixtures of microorganisms39, 254, 255. These model systems help delineate the functions of 

specific microbial taxa in plant-microbe interactions, not only on an individual basis, but also 

within the larger context of the microbial community. Key mechanisms underlying the 

establishment of symbiotic relationships, nutrient cycling, and the overall resilience of plant-

associated microbial ecosystems can be uncovered by manipulating synthetic communities in 

controlled experiments. This approach provides valuable insights into the fundamental principles 

governing plant-microbe interactions. In our previous studies, a metaproteomic analysis of a 
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synthetic microbial community consisting of ten bacterial strains isolated from Populus deltoides 

roots grown under varying nutrient conditions revealed a number of functions and adaptation 

strategies employed by the most abundant bacterial species in the community in response to 

interspecies interactions and nutrient competition in a simplified liquid media192, 193. The 

bacterial strains in the ten-member constructed community were selected to be representative of 

the diversity found within the natural poplar microbiome192, 193, 256. In the current study, we 

aimed to better understand how these ten bacterial species alter their proteome in the presence of 

a plant host which influences microbial behavior through chemical cues and physical 

interactions.  Historically, these types of studies present a unique set of challenges, including 

limited bacterial biomass, inherent difficulty in separating bacteria from plant root tissue, and 

extraction of plant proteins that may influence measurements of the bacterial proteome257. 

Recent strides in methodologies, particularly those employing a plant in an agar system, have 

facilitated the extraction of microbial proteomes from the agar surrounding plant roots and 

provided insights into the spatial dynamics of microbial recruitment and community 

composition258. Despite these advances, there is a need for novel approaches that can effectively 

surmount the existing challenges associated with studying microbial functions that are most 

likely influenced by the chemical environment of the plant.  

In this study, we employ a unique approach for analyzing bacterial responses to the plant 

rhizosphere chemical environment by applying bacteria to a filter that is in contact with the plant 

roots.  The use of a filter allows for chemical exchange between the bacteria and the plant roots 

but prevents physical interactions between them, thereby facilitating efficient bacterial collection 

for proteomics analyses. While this reductionistic approach was designed as a practical solution 

to studying how bacteria respond to the chemical environment of a plant, we acknowledge the 

constraints associated with this experimental design, namely that the bacteria are not in direct 

contact with the plant root, which precludes measurement of contact-dependent responses and 

that the quantity and composition of the applied bacterial samples may not reflect the spatial and 

temporal organization of the natural community. For these reasons, we take care to qualify our 

results in the framework of our experimental approach and avoid over-reach about the more 

complicated in vivo system.  Using this approach, we investigated the proteome profiles of ten 

bacterial strains originally isolated from the Populus rhizosphere. Our experimental design 
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involved assessing the bacterial proteomes when grown individually and in a synthetic 

community in both the presence and absence of a plant. Our findings demonstrate discernible 

differences in the behavior of individual bacterial strains in response to the chemical 

environment of a plant host and within a plant-associated bacterial community. This study 

contributes to our understanding of the dynamic interplay between bacteria and their 

surroundings and provides valuable insights into bacterial functional adaptations in response to 

the plant host and other species within the microbial community.  

Materials and methods 

Preparation of plants, bacterial cultures, and growth conditions 

Sterile cuttings of Populus trichocarpa genotype BESC819 plants were generated from shoot 

tips of greenhouse-grown plants and grown in Murashige-Skoog (MS) media for three weeks for 

rooting in plant growth chambers as described previously253.  Bacterial strains used in this study 

are listed in Table 5.1. All strains were grown in 100 mL liquid R2A media (Teknova) with 

shaking at 28°C.  Most strains were grown overnight, but slower growing strains, including 

Rhizobium sp. CF142 and Streptomyces sp. YR139, were grown for two days.  The Pantoea sp. 

YR343 transposon mutant MCP2190::Tn5 was described previously252. 

Expression of plant-responsive promoters on Populus roots using filter-based system 

Pantoea sp. YR343 (pPROBE-DGC2884) was grown overnight in R2A media with shaking 

at 28°C252.  Cells were collected by centrifugation at 5,000 rpm for 5 minutes (Eppendorf 5424 

microcentrifuge), then washed and resuspended in PBS at a final optical density of 2.11 (at 600 

nm).  Next, we placed 3-week old rooted Populus cuttings on the surface of agar plates 

consisting of 0.25 X Hoagland’s modified basal salt mixture (PhytoTech Labs) with 0.1% 

sucrose and 1.5% agar.  A sterilized 0.45 µm nylon filter (Millipore) was placed along the length 

of the plant root or on top of the media as a control.   Washed cells were then spotted as 5 µL 

drops on the sterilized filter strips and incubated in a plant growth chamber at 24°C with a 12-

hour light and 12-hour dark photoperiod.  After 24 hours, cells were scraped from filters and  
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Table 5.1: Bacterial strains utilized in this study 

Bacterial strain Phylogeny 

Streptomyces mirabilis YR139 Actinobacteria 

Bacillus sp. BC15 Firmicutes 

Caulobacter sp. AP07 α-Proteobacteria 

Rhizobium sp. CF142 α-Proteobacteria 

Sphingobium sp. AP49 α-Proteobacteria 

Duganella sp. CF402 β-Proteobacteria 

Paraburkholderia sp. BT03 β-Proteobacteria 

Variovorax sp. CF313 β-Proteobacteria 

Pantoea sp. YR343 γ-Proteobacteria 

Pseudomonas sp. GM17 γ-Proteobacteria 

Engineered Strains Reference 

YR343 (pPROBE-DGC2884) 252 

MCP2190::Tn5 mutant (mCherry) 252 

Pantoea sp. YR343:GFP 253 
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imaged for expression of GFP (green fluorescent protein) using a Zeiss LSM710 confocal 

microscope equipped with a 63X objective.  

Bacterial inoculation on Populus roots using a filter-based system 

We used 0.25 X Hoagland’s modified basal salt mixture (PhytoTech Labs) with 0.1% sucrose 

and 1.5% agar in standard 100 mm diameter petri dishes for studying bacterial responses to plant 

root chemicals.  Fresh cultures of bacterial cells were collected by centrifugation at 5,000 rpm 

for 5 minutes in a F13-14x50cy rotor.  Cells were washed in sterile PBS, then adjusted to a 

volume of 10 mL at an optical density at 600 nm (OD600) of 6.0.  Next, we added individual 

plants to petri dishes filled with the plant media. On top of each plant root, we added a sterilized 

0.45 µm nylon filter (Millipore) and took care to ensure the membrane contacted roots only, not 

stems or leaves. We then added 1 mL of cell culture to the filter.  For control experiments that 

had no plants, we placed a sterilized 0.45 µm nylon filter on the plant media directly and then 

added 1 mL of cell culture.  For the 10-member community, all ten strains were mixed in equal 

ratios and inoculated onto nylon filters both in the presence and absence (control) of a plant root 

as described above for individual strain inoculation. In order to avoid damaging the plants, lids 

were removed from the petri dishes for the duration of the experiment and replaced with a 

sterilized 8-ounce PhytoCon clear plastic container (PhytoTech labs) to maintain adequate 

humidity and a sterile environment.  All containers were placed into a reach-in plant chamber 

and incubated at 24°C with a 12-hour light and 12-hour dark photoperiod for 48 hours prior to 

harvesting the bacteria.  Bacterial cells were harvested for proteomics by rinsing filters with PBS 

and collecting cell pellets in microcentrifuge tubes.  Cell densities were measured to allow for 

standardization during data analysis. 

Cellular protein extraction for proteomic analyses 

Cell pellets were resuspended in 300 µL of lysis buffer (4% sodium dodecyl sulfate (SDS) in 

100 mM Tris, pH 8.0) by vortexing. Samples were heated at 90°C in a heat-block for 10 minutes 

followed by sonication for 2 mins (30% amplitude, 10-s pulse with10-s rest, 2-min total pulse 

time) (Branson digital sonifier) and heated for additional 10 minutes at 90°C. Samples were 

centrifuged at maximum speed for 10 minutes to remove the cell debris and the cell lysates were 
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collected into a fresh tube. Proteins were quantified using a Nanodrop One spectrophotometer 

(Thermo Scientific). Samples were reduced with 10mM dithiothreitol (DTT) and incubated at 

90°C for 10 minutes. Samples were then alkylated by incubating with 30 mM iodoacetamide 

(IAA) for 15 minutes in the dark to prevent the reformation of disulfide bonds. Proteins were 

agglutinated on Sera-Mag beads using Protein Agglutination Capture method as described 

previously128. Proteins were digested with two separate and sequential aliquots of sequencing 

grade trypsin (Promega) at 1:75 (wt/wt) protein:trypsin ratio. Proteins were first digested 

overnight, followed by 3 hours. The digestions were done at 37°C at constant shaking. The 

samples were acidified with formic acid to 0.5% formic acid concentration and vortexed.  

Vivaspin 500 columns (10 kDa MW cutoff filter) were equilibrated with 500µL of 100mM tris, 

pH 8.0 and centrifuged at 12,000 x g for 15 minutes. Tryptic peptides were added to the 

equilibrated Vivaspin columns and centrifuged at 12,000 x g for 15 minutes and the flow-through 

was collected. Care was taken to not aspirate Sera-Mag beads. Peptides were quantified using a 

Nanodrop One spectrophotometer (Thermo Scientific) and transferred to the auto-sampler vials 

for LC-MS/MS measurement. 

Protein identification and quantification 

All peptides were analyzed using two-dimensional (2D) liquid chromatography (LC) on an 

Ultimate 3000 RSLCnano system (Thermo Fisher Scientific, USA) coupled with a Q Exactive 

Plus mass spectrometer (Thermo Fisher Scientific, USA). For each sample, a 2 μg inject of 

digested peptide mixture was flowed across an in-house built strong cation exchange (SCX) 

Luna trap column (5µm, 150µm X 50mm; Phenomenex, USA) followed by a nanoEase 

symmetry reversed phase (RP) C18 trap column (5µm, 300µm X 50mm; Waters, USA) an 

aqueous solvent (5% ACN, 0.1% FA) and then wash for 10 min. The loaded peptide mixtures 

were separated and analyzed across three successive SCX fractions of increasing concentrations 

of ammonium acetate (35mM, 50mM, and 1M), each followed by a 100-minute linear organic 

gradient (250 nL/min flow rate) from 5% aqueous solvent (5% ACN, 0.1% FA) to 30% organic 

solvent (80% ACN, 0.1% FA) to separate peptides across an in-house pulled nanospray emitter 

(75 µm X 350 mm) packed with C18 Kinetex RP C18 resin (1.7 µm; Phenomenex, USA). All 

MS data were acquired with Thermo Xcalibur (version 4.2.47) using the top N method where N 
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could be up to 10. Target values for the full scan MS spectra were 3 x 106 charges in the 300 – 

1,500 m/z range with a maximum injection time of 25 ms. Transient times corresponding to a 

resolution of 70,000 at m/z 200 were chosen. A 1.6 m/z isolation window and fragmentation of 

precursor ions was performed by higher-energy C-trap dissociation (HCD) with a normalized 

collision energy of 27 eV. MS/MS scans were performed at a resolution of 17,500 at m/z 200 

with an ion target value of 1 x 105 and a 50 ms maximum injection time. Dynamic exclusion was 

set to 20 s to avoid repeated sequencing of peptides. All MS raw data files were analyzed using 

the Proteome Discoverer software (version 2.5, Thermo Fisher Scientific, USA)225. Each MS raw 

data file was processed by the SEQUEST HT database search algorithm140 and confidence in 

peptide-to-spectrum (PSM) matching was evaluated by Percolator197. Peptide and PSMs were 

considered identified at q < 0.01 and proteins were required to have at least one unique peptide 

sequence. Protein relative abundance values were calculated by summing together peptide 

extracted ion chromatograms. Organism relative abundances were calculated by dividing their 

summed protein abundances from the sum total of all quantified protein abundances189. 

Statistical analysis 

Proteins with at least one unique peptide were exported from Proteome Discoverer. Log2-

transformation of protein abundances was performed followed by LOESS normalization and 

mean-centering across the entire dataset using InfernoRDN software v1.1.7793149. For the 

community samples, protein abundances subset for each bacterial species were extracted from 

the normalized dataset and further mean-centered using InfernoRDN. To improve the robustness 

of downstream analysis, the analysis was limited to proteins that were identified in at least two 

out of three replicates of at least one sample group. The abundance values for proteins with 

missing values were imputed with random values drawn from the normal distribution (width 0.3, 

downshift 2.8) using Perseus software v.1.6.12.0150. To identify the proteins that are differentially 

abundant in the presence of a plant compared to the control for each bacterial species, a student’s 

t-test was performed and proteins that pass the significance threshold of p-value ≤ 0.05 and 

absolute Log2-fold change greater than 1 are characterized as significantly differentially 

abundant. 

 

https://github.com/PNNL-Comp-Mass-Spec/InfernoRDN/tree/v1.1.7793
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Root colonization assays 

Colonization experiments were performed as described previously253.  Briefly, wild type 

Pantoea sp. YR343 and the MCP2190::Tn5 mutant (affecting PMI39_02190) were grown 

overnight in R2A media as described above.  We treated 3-week-old P. trichocarpa BESC819 

plants that were transplanted into a clay soil supplemented with Hoagland’s nutrient solution 

with approximately 107 cells per plant.  Plants and bacteria were grown for three weeks as 

described above, then harvested for analysis of colony forming units and imaging of root 

colonization.  To facilitate imaging, we used a GFP-labeled wild type strain and a mCherry-

labeled MCP2190::Tn5 strain that was generated previously 252.  Imaging was performed using a 

Zeiss LSM710 confocal microscope. 

Results 

A filter-based system enables the study of bacterial responses to the plant root chemical 

environment without physical contact with the plant 

The ability to examine how plant root association influences bacterial physiology has been 

hampered by the difficulty of separating root-associated bacterial biomass from plant material to 

allow for robust proteomic analyses.  As a compromise, we reasoned that bacterial responses to 

the plant host could be examined using a filter-based system that allows chemical exchange 

between the plant root and bacterial inoculum but maintains physical separation to facilitate 

bacterial sample collection (Figure 5.1).  Control experiments were performed by growing 

bacteria on a filter in the absence of a plant (Figure 5.1A) and compared to bacteria on a filter 

placed over a plant root (Figure 5.1B, 5.1C).  For these experiments, we utilized nylon filters 

with a 0.45 µm pore size due to the convenience of sterilization, overall durability, and common 

use in metabolomics studies259, suggesting minimal negative effects on chemical communication 

between the plants and bacteria.  To test this experimental design, we utilized a previously 

characterized plant-responsive reporter strain of Pantoea sp. YR343 in which GFP expression is 

driven by the promoter of a gene encoding a diguanylate cyclase (PMI39_02884) that is active in 

and the presence of a plant host252.  A nylon filter was placed on the roots of P. trichacarpa 

BESC819 on an agar plate containing 0.25 x Hoagland’s media supplemented with 0.1% sucrose  
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Figure 5.1: Overview of experimental design and proof-of-concept. The experimental design 

consisted of agar plates with nylon filters that were inoculated with bacteria and placed on agar 

plates as (A) a control or (B) on the roots of an axenic Populus trichocarpa BESC819 plant. (C) 

plant root after removal of the filter with bacteria. (D, E) GFP expression in Pantoea sp. YR343 

(pPROBE-DGC2884) cells grown on filters in the (D) absence or (E) presence of a plant root.  

GFP expression is controlled by a plant responsive promoter that responds to chemical signals 

detected through the filter.  
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and Pantoea sp. YR343 reporter strain was applied to the filter and allowed to incubate for 24 

hours.  A control filter with the reporter strain was placed on a separate agar plate to examine the 

response in the absence of the plant.  Comparison of GFP fluorescence levels from the Pantoea 

sp. YR343 reporter strain showed significantly higher fluorescence in the presence of the plant 

root compared to the control filter indicating that the promoter of gene PMI39_02884 can be 

activated under these experimental conditions (Figure 5.1D, 5.1E). This result is consistent with 

the assumption that bacteria can respond to the chemical environment of the plant through the 

filter.  

Quantification of bacterial proteomes revealed varying responses to the presence of a plant by 

individual isolates  

Based on the results above, we proceeded to investigate the impact of the plant-associated 

chemical environment on the responses of ten bacterial species previously isolated from Populus 

deltoides roots192, 193. Each bacterial species was grown individually and inoculated onto nylon 

filters both in the presence and absence (control) of a plant root. Following incubation for 48 

hours, the bacterial cells were collected from filters for proteomic analyses. In this global 

proteomic measurement, taxon-specific proteins were identified across the ten bacterial strains 

grown individually, with comparable measurement depths between strains grown in the absence 

or presence of plant roots (Figure 5.2, Supplemental Table 1, refer online version).  

To identify the responses of these bacterial strains to the plant root environment, a differential 

proteomic analysis was performed for each strain. To assess changes in the abundances of 

individual proteins in the presence of plant compared to controls for each strain, a student’s t-test 

was performed and proteins with significant differences (p-value < 0.05, and absolute log2 FC 

>1) in protein abundances were identified (Supplemental Table 2, refer online version). In 

response to the plant root chemical environment, these bacterial strains displayed varying 

degrees of changes in their proteome regulation (Figure 5.3). For example, a large percentage of 

the Bacillus sp. BC15 proteome underwent significant changes (~54%); a similar trend was 

observed in Duganella sp. CF402 (~50%). However, the directionality of change is opposite in 

these two strains, with 87% of the differentially abundant proteins showing an increase in 

abundance in Bacillus sp. BC15, whereas 85% of the differentially abundant proteins showed a  
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Figure 5.2: Average number of proteins identified (n=3) in proteomic analysis of ten bacterial 

strains grown individually in the absence or presence of the plant. Error bars represent standard 

deviation of mean.  
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Figure 5.3: Stacked bar charts showing the number of differentially abundant proteins for ten 

bacterial strains grown individually in the presence of a plant compared to when grown in the 

absence of a plant. 
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decrease in abundance in Duganella sp. CF402 when grown in the presence of a plant. In 

Pantoea sp. YR343, although only 33% of its measured proteins displayed significant changes in 

the presence of a plant compared to the control, more proteins (56%) showed an increased 

abundance, similar to Bacillus sp. BC15.  All other bacterial strains displayed a similar trend as 

Duganella sp. CF402, where the majority of the significantly changing proteins exhibited 

decreases in abundance in the presence of a plant. The shifts in protein abundances across these 

bacterial strains highlight strain specific patterns in response to the plant root environment under 

these experimental conditions. 

The plant-associated chemical environment impacts the microbiome population structure 

We then investigated the impact of the plant-associated chemical environment on proteomic 

changes of these ten bacterial strains when grown together in a mixed community. Based on 

previous studies of the 10-member community in plant root colonization256, we prepared a 

mixture of all ten strains in equal ratios that was then inoculated onto nylon filters both in the 

presence and absence (control) of a plant root. After 48 hours of incubation, the bacterial cells 

were collected from filters for metaproteomic analyses. Taxon-specific proteins were identified 

for the community samples from control experiments and when grown in the presence of plant 

roots (Figure 5.4A, 5.4B and Supplemental Table 3, refer online version). The depth of the 

measurements decreased somewhat for each strain compared to when grown individually yet 

remained comparable between the presence or absence of plants. Due to variations in 

measurement depths for each strain when grown individually and in a community setting, we 

deemed it was more informative to compare functional categories rather than protein inventories 

to discern plant-driven and community-driven responses in these bacterial strains.  

First, to identify the impact of Populus root chemical environment on the microbiome 

population structure after 48 hours, the relative abundances of each bacterial strain in the 

community were assessed and compared between control and with plant samples using summed 

protein abundances (i.e., summed total relative protein abundance per organism divided by the 

summed total protein abundance of community) (Figure 5.5). To assess how the plant affects the 

microbial community, PERMANOVA was performed using the metaproteomics data. Overall,  
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Figure 5.4: Overview of number of proteins identified in metaproteomics analysis for ten 

bacterial strains grown in a mixed community in the absence or presence of a plant. (A) Average 

number of proteins identified for the 10-member community grown in the absence or presence of 

a plant (n=3). Error bars represent standard deviation of mean. (B) Average number of proteins 

identified for each bacterial strain in the 10-member community grown in the absence or 

presence of a plant. 
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Figure 5.5: Relative population sizes of ten bacterial strains in the mixed community grown in 

the absence or presence of a plant assessed using summed protein abundances.  
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the change in the relative protein abundances for the community was not statistically significant 

(p=0.1). However, the individual organism's relative abundances changed between the control 

and in the presence of the plant. Five members (Bacillus sp. BC15, Pantoea sp. YR343, 

Paraburkholderia sp. BT03, Pseudomonas sp. GM17, and Variovorax sp. CF313) of the 10-

member community showed statistically significant increases in their relative abundances when 

grown with the plant compared to the control. Three species (Caulobacter sp. AP07, Duganella 

sp. CF402 and Sphingobium sp. AP49) showed statistically significant decreases in their relative 

organism abundance, while changes in relative abundances of Rhizobium sp. CF142 and 

Streptomyces sp. YR139 were not statistically significant (Supplemental Table 4, refer online 

version).  

Individual proteome information of each bacterial strain was extracted from the 

metaproteomics data, and a differential analysis was performed between control samples and 

those grown in the presence of a plant for each strain to identify individual strain responses to the 

plant root environment when present in a mixed community. Proteins with significant differences 

(p-value < 0.05, and absolute log2 FC >1) in abundances were identified for each strain in the 

community (Supplemental Table 5, refer online version). Varying degrees of proteomic changes 

were observed across the ten strains in the mixed community in response to the plant root 

environment (Figure 5.6). Interestingly, Bacillus sp. BC15 again exhibited significant changes in 

abundance in a large portion of its proteome (~88%) in response to the presence of a plant root, 

of which 86% showed increase in abundance. Similarly, ~57% of the proteins in Pantoea sp. 

YR343 showed significant changes in abundance, with ~84% of them increasing in abundance. 

In all other bacterial strains, the majority of the significantly changing proteins exhibited 

decreases in abundance in the presence of a plant.  

Bacteria shift metabolic function at a taxon-specific level in response to the plant root 

chemical environment  

To gain insights into the metabolic potential of the microbiome in the presence of a plant, we 

began by first assessing the overall functional changes for each of the ten bacterial strains grown 

individually in the presence of a plant compared to a control (no plant) condition (Figure 5.7).   
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Figure 5.6: Stacked bar charts showing the number of differentially abundant proteins for ten 

bacterial strains grown in a mixed community in the presence of a plant compared to when 

grown in the absence of a plant. 
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Figure 5.7: Functional analysis of bacterial strains grown individually in the absence or presence 

of a plant using Clusters of Orthologous Groups (COGs). Stacked bar charts show percentages of 

differentially abundant proteins in response to the presence of a plant. COG categories A : RNA 

processing and modification,  B : Chromatin structure and dynamics,  J : Translation, ribosomal 

structure and biogenesis,   K : Transcription, L : Replication, recombination and repair, C : 

Energy production and conversion, E : Amino acid transport and metabolism, F : Nucleotide 

transport and metabolism,  G : Carbohydrate transport and metabolism, H : Coenzyme transport 

and metabolism, I : Lipid transport and metabolism, P : Inorganic ion transport and 

metabolism, Q : Secondary metabolites biosynthesis, transport and catabolism, D : Cell cycle 

control, cell division, chromosome partitioning, M : Cell wall/membrane/envelope biogenesis, N 

: Cell motility, O : Post-translational modification, protein turnover, chaperones, T : Signal 

transduction mechanisms, U : Intracellular trafficking, secretion, and vesicular transport, V : 

Defense mechanisms, W : Extracellular structures, Z : Cytoskeleton, S : Function unknown, N/A 

: Not Assigned. 
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We classified the differentially abundant proteins into specific functional categories using the 

Clusters of Orthologous Group (COG), employing eggnog v5.0 in eggnog-mapper v2 

(http://eggnog-mapper.embl.de/)260, 261. Proteins that have several COG categories assigned were 

counted for each COG category. The analysis was extended beyond the isolated conditions to 

explore how these metabolic processes change within the context of a constructed community 

(Figure 5.8). Notably, a substantial majority of the differentially abundant proteins identified in 

all bacterial strains were associated with COG categories related to metabolic processes, 

specifically C (energy production and conversion), E (amino acid transport and metabolism), F 

(nucleotide transport and metabolism), G (carbohydrate transport and metabolism), H (coenzyme 

transport and metabolism), I (lipid transport and metabolism), and P (inorganic ion transport and 

metabolism). In all isolates, we observed both increases and decreases in the abundances of 

proteins found in these COG categories, suggesting that the strains were undergoing dynamic 

metabolic remodeling in response to the chemical environment of the plant. Amino acid transport 

and metabolism was the most common set of proteins that showed increased abundance within 

the metabolism category for each of the microbes when grown with the plant.  We also found 

that in the category related to inorganic ion transport and metabolism, Pantoea sp. YR343 and 

Caulobacter sp. AP07 showed the largest abundance increase in these proteins.  Sphingobium sp. 

AP49, on the other hand, was one of the few isolates to show a significant increase in the 

abundance of proteins related to lipid metabolism. 

While observing changes in metabolism of individuals in the presence of a plant revealed 

common responses to the chemical environment surrounding the plant, introduction of a 

microbial community yielded insights into the metabolic flexibility of microbes in an 

environment where other bacteria may be competing for similar resources.  In this study, we 

found that Bacillus sp. BC15 was seemingly unaffected by the addition of the other microbial 

isolates and exhibited an increased abundance across several categories of metabolic proteins.  

Pantoea sp. YR343 also continued to display increased abundance across several metabolic 

categories, with a notable increase in proteins related to nucleotide metabolism. Surprisingly, 

Sphingobium sp. AP49 showed a dramatic decrease in the overall number of metabolism-related 

proteins that showed increased abundance in the presence of a plant.  Lastly, we also noticed  
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Figure 5.8: Functional analysis of bacterial strains grown in a mixed community in the absence 

or presence of a plant using Clusters of Orthologous Groups (COGs). Stacked bar charts show 

percentages of differentially abundant proteins in response to the presence of a plant. COG 

categories A : RNA processing and modification,  B : Chromatin structure and dynamics,  J : 

Translation, ribosomal structure and biogenesis,   K : Transcription, L : Replication, 

recombination and repair, C : Energy production and conversion, E : Amino acid transport and 

metabolism, F : Nucleotide transport and metabolism,  G : Carbohydrate transport and 

metabolism, H : Coenzyme transport and metabolism, I : Lipid transport and metabolism, P : 

Inorganic ion transport and metabolism, Q : Secondary metabolites biosynthesis, transport and 

catabolism, D : Cell cycle control, cell division, chromosome partitioning, M : Cell 

wall/membrane/envelope biogenesis, N : Cell motility, O : Post-translational modification, 

protein turnover, chaperones, T : Signal transduction mechanisms, U : Intracellular trafficking, 

secretion, and vesicular transport, V : Defense mechanisms, W : Extracellular structures, Z : 

Cytoskeleton, S : Function unknown, N/A : Not Assigned.  
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increased abundance in proteins involved in carbohydrate metabolism and transport, particularly 

for Paraburkholderia sp. BT03, Pseudomonas sp. GM17, Streptomyces sp. YR139, and 

Variovorax sp. CF313, in the presence of the community compared to when grown individually 

with the plant. Because our assessment of COG categories indicated shifts in microbial 

metabolism in the presence of a plant, we specifically investigated the responses of ATP-binding 

cassette (ABC) transporter proteins, one of the largest superfamilies of transporters within the ten 

bacterial strains. The quantitative analysis shown in Figure 5.9 revealed noteworthy changes in 

the transporter protein abundances across the ten bacterial strains. The largest number of ABC 

transporter proteins were identified in the proteomics data from Rhizobium sp. CF142 and 

Variovorax sp. CF313 in both the individual isolate and community experiments. When grown 

individually, all of the isolates showed a larger fraction of ABC transporter proteins that were 

significantly less abundant in the presence of the plant compared to the fraction that was 

significantly more abundant, with the exceptions of Bacillus sp. BC15 and Pantoea sp. YR343. 

Although fewer ABC transporters were identified in the community dataset overall, the trends 

seen in the individual isolate data were repeated for the majority of isolates, with the exceptions 

of Paraburkholdaria sp. BT03 and Pseudomonas sp. GM17, which showed slightly higher or 

equal fractions of ABC transporters that were significantly more abundant in the presence of the 

plant compared to the fraction that was significantly less abundant (Figure 5.9). 

Whether inoculated individually or as part of a mixed community, Bacillus and Pantoea 

exhibited a significant increase in the abundance of proteins across a large percentage of their 

proteomes when grown in the presence of plant. This augmented proteome expression is 

paralleled by an increase in the relative population sizes of these strains within the community in 

the presence of a plant compared to the control. Notably, among the ten bacterial strains in the 

community, Pantoea sp. YR343 increased in its relative population size to become the third most 

abundant member in the community at 48 hours in the presence of a plant.  In contrast, Pantoea 

sp. YR343 was among the least abundant members in the absence of the plant (Figure 5.5). 

These findings strongly suggest that the proteomic responses, characterized by an increase in 

protein abundance, contribute to the success of Bacillus and Pantoea in the community in the 

presence of a plant. Note that even though Pantoea's favorable response to the presence of the   
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Figure 5.9: Stacked bar charts illustrating the distribution of identified ABC transporters in ten 

bacterial strains. Each bar represents the total number of ABC transporters identified for a 

bacterial strain in this study, with segments further divided to depict the counts of ABC 

transporters that increased in abundance (red), decreased in abundance (blue), or showed no 

significant change in abundance (grey) in the presence of a plant.   
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plant is known, the details of the molecular mechanism driving this beneficial association are not 

known. To delve deeper into the underlying mechanisms and functions driving this shift in 

relative abundance, we further investigated the proteins that increased in abundance in response 

to presence of a plant for both Bacillus and Pantoea. 

Bacillus sp. BC15 becomes metabolically active in the presence of a plant  

The findings from the differential proteomic analysis for Bacillus sp. BC15 grown in the 

absence or the presence of a plant (as isolates or as individuals within a community), highlighted 

the dynamic changes in its proteome as a response to plant root. To understand the role of the 

proteins that increased in abundance in the presence of a plant, a gene ontology (GO) enrichment 

analysis was performed, utilizing a right-sided hypergeometric test and applying a Benjamini-

Hochberg correction to pathways with a p-value less than or equal to 0.05. The focus was 

specifically on the biological process category, and the analysis was conducted using ClueGO 

v2.5.6, a Cytoscape plug-in application199 (Figure 5.10). The GO enrichment analysis on 

proteins that increased in abundance when Bacillus sp. BC15 was grown individually revealed 

several GO terms as significant; these include but are not limited to organonitrogen compound 

metabolic process, carbohydrate metabolic process, sulfur compound metabolic process, lipid 

metabolic process, cellular nitrogen compound metabolic process (Figure 5.10A and 

Supplemental Table 6, refer online version). Together, these functions suggest a response of 

Bacillus sp. to the presence of plant roots involving specific metabolic adaptations, consistent 

with the COG analyses (Figure 5.7). 

The GO enrichment analysis for Bacillus sp. BC15 grown in the community also showed 

similar results where several GO terms associated with the proteins that increased in abundance 

in the presence of the plant were found to be significant, these predominantly are involved in 

several metabolic processes, cellular component biogenesis, generation of precursor metabolites 

and energy (Figure 5.10B and Supplemental Table 6, refer online version). This overlap of 

significant GO terms highlights similar functional responses by Bacillus to the influence of a 

plant root, whether grown individually or in community. 

Protein level analysis revealed an increase in abundance of proteins associated with active 

metabolism in Bacillus in the presence of a plant. Additionally, several proteins involved in  
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Figure 5.10: Functional changes in Bacillus sp. BC15 as a response to the chemical environment 

of the plant root. Gene ontology (GO) networks representing the significant results from GO 

enrichment analysis of biological process category (right-sided hypergeometric test, p-value 

<=0.05, Benjamini-Hochberg correction) of proteins that increased in abundance in the presence 

of a plant. GO enrichment analysis was performed using ClueGo application in Cytoscape 

(minimum number of genes/GO term = 3, % genes for group merge for GO term grouping = 50) 

when grown (A) individually or (B) in a mixed community. 
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various sporulation stages and small, acid-soluble spore proteins were identified in the dataset, 

some of which are differentially abundant when grown with the plant, suggesting a subset of the 

population is sporulated (Supplemental Table 7, refer online version). However, the functional 

analysis of Bacillus proteins that increased in abundance in the presence of a plant whether 

grown individually or in community suggests that these proteins are primarily involved in 

metabolism and cellular processes. This suggests that the Bacillus population becomes 

metabolically active in response to chemical cues produced by the plant.   

Pantoea sp. YR343 shows increased abundance of proteins related to chemotaxis, motility, 

nutrient transport, and metabolism in response to the plant root chemical environment 

To better understand the functions of proteins that showed increased abundance in Pantoea 

sp. YR343 in the presence of the plant, we performed a gene ontology (GO) enrichment analysis 

as described above. When Pantoea was grown individually in the presence of the plant, 

significant GO terms were found in signal transduction and cell motility (Supplemental Table 8, 

refer online version). When Pantoea sp. YR343 was grown in a community in the presence of a 

plant, this analysis revealed significant GO terms associated with translation, organonitrogen 

compound metabolic process, cellular component assembly, cellular amino acid metabolic 

process, generation of precursor metabolites and energy, and membrane organization 

(Supplemental Table 8, refer online version).   

We next compared the differentially abundant proteins of Pantoea sp. YR343 grown individually 

or in a community to determine whether we could identify a common response to growth in the 

presence of a plant.  Somewhat surprisingly, only a small number of proteins were found in both 

datasets, with the majority increasing in abundance (Figure 5.11A and Supplemental Table 9, 

refer online version).  The functions of these common proteins include cell motility, nutrient 

transport, and metabolism as common responses to the presence of a plant. Among the proteins 

that increased in abundance in the presence of plants were several methyl-accepting chemotaxis 

proteins, a response regulator with a CheY-like receiver domain and flagellar machinery proteins 

(flagellin, flagellar motor switch protein FliM, flagellar M-ring protein) that are crucial for 

chemotactic responses and motility of bacteria (Figure 5.11B). The methyl-accepting chemotaxis 

proteins detect the environmental signals and initiate a chemotactic response in bacteria.  This  
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Figure 5.11: Proteomic analysis of Pantoea sp. YR343 in response to the chemical environment 

of a plant root. (A) Overlap of differentially abundant proteins (based on Student’s t-test 

performed between proteins identified in Pantoea sp. YR343 grown in the absence or presence 

of a plant) between individual (left) and mixed community (right) conditions. Each node 

represents a unique protein accession, and the color indicates whether the relative protein 

abundance increased (red), decreased (blue), or increased in one condition but decreased in 

another (yellow) in presence of plant compared to absence of plant. Figure generated using 

DiVenn 2.0 262. (B) Heatmap illustrating the relative protein abundances of chemotaxis and 

motility related proteins of Pantoea sp. YR343 when grown individually and in mixed 

community. (C) Heatmap illustrating the relative protein abundances of transporter proteins of 

Pantoea sp. YR343 when grown individually and in mixed community.  (D) Bar chart showing a 

transposon insertion in gene (PMI39_02190) encoding a chemoreceptor (Protein ID J3C3Z1) 

shows reduced colonization compared to the wild type strain based on colony counts (E) 

Confocal images of Populus roots colonized by wild-type Pantoea sp. YR343 cells expressing 

GFP (left) compared to the MCP mutant expressing mCherry (right).    
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signal is transduced through the chemotaxis machinery and affects the flagellar motor complex 

allowing the bacteria to move towards favorable conditions such as root exudates. In addition, 

several transporter proteins essential for uptake of essential nutrients increased in abundance 

when Pantoea sp. YR343 was grown in the presence of a plant, including ABC-type transport 

system (sugar, ribose, amino acid, thiamine, iron), phosphotransferase system (PTS) proteins 

involved in uptake of sugars (glucose, Mannose/Fructose/Sorbose family), maltose operon 

periplasmic protein MalM involved in maltose uptake, and ammonium transporters involved in 

uptake of ammonium,(Figure 5.11C). Increased abundance of these transport proteins suggests 

that these resources may be more readily available in the presence of plant roots or it may reflect 

metabolic strategies employed by Pantoea sp. YR343 that allow these cells to thrive and 

compete within the chemical environment surrounding the plant root. Several proteins involved 

in carbohydrate metabolic processes (phosphofructokinase, a key regulatory enzyme in 

glycolysis), amino acid biosynthesis (histidine biosynthesis bifunctional protein HisB, involved 

in biosynthesis of histidine, an essential amino acid) and amino acid metabolism (methionine 

synthase II, involved in metabolism of methionine, an essential amino acid) also increased in 

abundance in the presence of a plant. The increase in abundance of proteins involved in transport 

of nutrients as well as metabolic processes suggest a coordinated regulation of proteins in 

Pantoea in response to of the chemical environment surrounding the plant root.  

Finally, we examined the loss of function phenotype of one of the common proteins, a 

methyl-accepting chemotaxis protein (MCP). Pantoea sp. YR343 has 21 predicted methyl-

accepting chemotaxis proteins based on a pfam search of proteins possessing a pfam00015 

“MCP signal” domain, of which 10 MCPs showed an increase in abundance in the presence of 

the plant.  During previous studies, we isolated a transposon mutant affecting one of these MCPs, 

encoded by PMI39_02190252.  Using fluorescently labeled wild type and mutant strains, we 

assessed colonization of P. trichocarpa BESC819 and found that the MCP mutant strain was 

significantly impaired in root colonization compared to the wild-type strain based on plating and 

imaging assays (Figure 5.11D, 5.11E). These data suggests that the increased abundance of this 

protein in the presence of the plant is functionally significant and plays a role in efficient root 

colonization.  
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Discussion 

The significance of the plant root chemical environment in shaping microbiome assembly is 

well-established24, 263, 264. In this study, we employed an in-depth proteomics approach to 

understand the functional adaptations of microbes in response to plant chemical signals. 

Historically, proteomics analysis of microbes associated with plants has proven difficult because 

microbial proteins are often swamped by those of the plant, thus requiring novel approaches to 

study each component separately.  Here, we employed a simple nylon filter-based system in 

which bacteria were inoculated on a filter that was placed on plant roots, allowing chemical 

communication between the plant and bacteria but not physical contact. While this system can be 

used to examine responses to plant root exudates, it excludes responses driven by soil factors or 

physical interactions with the plant root.  We validated this approach by using a plant-responsive 

reporter strain of Pantoea sp. YR343 which showed increased GFP fluorescence due to promoter 

activation in the presence of a plant root compared to control conditions indicating that the cells 

were able to respond to the chemical environment of the plant through the filter252.   

To study responses of individual bacterial strains, an aliquot of culture (as described in 

methods) was inoculated on filters either with or without a plant. To study community responses, 

we started with equal ratios of ten bacterial strains to minimize the bias due to unequal starting 

ratios. This approach of using equal initial ratios allows each species to have an equal 

opportunity for interactions both with the plant root, as well as other microbes, and ensures the 

proteomic changes are attributable to experimental conditions i.e, plant root chemical signals 

rather than initial ratios. In both the microbial isolates as well as the microbial community 

samples, the proteome measurement depths for individual strains grown in the absence or 

presence of the plants were comparable. Not surprisingly, the measurement depths for individual 

strains grown in the community were lower compared to the proteomic measurements of 

individually grown bacteria.  The proteome coverage observed for the metaproteomic studies, 

however, are similar to other metaproteomic studies using constructed microbial communities189.  

The proteome profiles of individual bacterial strains in a constructed community are 

influenced by many factors, including interspecies interactions and competition for nutrients and 

space which ultimately impact the biomass and measurement depth of each strain in the 
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community sample. To discern whether the changes observed in the proteomes of bacterial 

strains grown in the absence or the presence of plant are driven by biological effects rather than 

measurement-depth, we employed a rank-based sorting of proteins based on abundances, which 

revealed that the decreases in protein abundances within specific functional categories are not a 

systemic change, supporting the conclusion that the observed proteomic changes are biological. 

Within the functional categories, we observed that in most of the bacterial strains the 

majority of significantly changing proteins decreased in abundance in the presence of the plant 

compared to the control.  Because we only collected one timepoint in this study, however, it is 

unclear whether this result represents a step in the transition from growth in R2A liquid medium 

to the plant environment or is indicative of sustained growth in the presence of the plant. It is 

also possible that the quantity of bacteria applied to the filter was higher than would be sustained 

by plant exudates in the native rhizosphere, leading to nutrient limitation over time.  To 

distinguish between these possibilities, it would be informative to collect multiple samples over a 

longer time period to determine how the cells adapt to the plant environment.  

Metaproteomic analyses revealed population size shifts in the community in the presence of a 

plant and the bacterial species that displayed positive responses to the plant environment were 

pinpointed. The observed relative abundance changes of bacterial strains suggest a dynamic 

response to the chemical milieu of the rhizosphere (Figure 5.5). Notable increases in organism 

relative abundances exhibited by Bacillus sp. BC15 and Pantoea sp. YR343 when grown with a 

plant underscores the intricate interplay between bacterial community structure and the plant root 

environment.  However, it is essential to acknowledge that generalizing these responses might 

oversimplify the complex dynamics at play. Therefore, gaining a nuanced understanding of the 

adaptive strategies employed by individual species becomes crucial for understanding the 

molecular mechanisms governing these responses.  

Within this study, we observed that most of the differentially abundant proteins identified 

were in metabolism-associated COG categories and displayed both increases and decreases in 

abundance with respect to the presence of a plant. In the community, all the identified ABC 

transporters in Bacillus and about 60% in Pantoea increased in abundance in response to the 

presence of the plant.  These observed changes in transporter protein abundances and relative 
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organism abundances in these strains strongly suggested a strategic reprogramming of nutrient 

acquisition strategies in the presence of a plant and underscored the significance of not only the 

sheer quantity but also the dynamic regulation of transporter proteins in bacterial adaptations to 

the plant milieu. Upregulated nutrient transporters imply an active pursuit of essential resources, 

potentially indicating symbiotic relationships or competitive interactions within the microbial 

community. Integrating these transporter results with the increase in abundance of metabolism 

related proteins, we observe a coordinated interplay between nutrient uptake and metabolic 

pathways in Bacillus and Pantoea. While Bacillus sp. BC15 and Pantoea sp. YR343 both exhibit 

the highest levels of metabolism-related protein upregulation, there are interesting adaptations 

within the remaining members of the community when competing with Bacillus and Pantoea.  

For example, Paraburkholderia sp. BT03 and Pseudomonas sp. GM17 show a notable increase 

in the number and categories of metabolism-related genes that are upregulated in the presence of 

a community on a plant.  We also observed an increase in abundance for proteins that fall into the 

category of nucleotide metabolism in most of the strains when grown in a community on the 

plant, with the exception of Sphingobium sp. AP49, Caulobacter sp. AP07, and Duganella sp. 

CF402.    

Our proteomic data also indicated the presence of proteins involved in sporulation in Bacillus 

sp. BC15. Bacillus sp. are known to survive harsh environmental conditions by forming 

endospores that remain quiescent with minimal metabolic activity. Under favorable conditions, 

there is a morphogenic transition from dormant spores that then germinate into a metabolically 

active vegetative cell265, 266. Previous studies have shown that Bacillus sp. BC15 forms spores in 

R2A media, however, the dynamics of spore formation in this growth condition are not well 

understood192.  While inoculating Bacillus sp. BC15 in the form of spores in this study was not 

intentional, our data indicate that Bacillus undergoes germination into vegetative cells from 

dormant spores and becomes metabolically active in the presence of the plant suggesting that 

there are plant-specific cues capable of signaling germination.  

Chemotactic bacteria have been shown to have a competitive advantage for plant 

colonization267.  Consistent with this, we observed that proteins related to chemotaxis were 

highly represented among the upregulated proteins on the plant both with and without the 

community.  Using a transposon mutant that was identified in a previous study of Pantoea sp. 
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YR343252, we were able to show that loss of function of one of the methyl-accepting chemotaxis 

proteins (encoded by PMI39_02190) that is more abundant in the presence of the plant resulted 

in reduced plant colonization compared to the wildtype strain. It will be of particular interest to 

determine to which plant-related compounds the bacteria are responding and how bacterial 

colonization patterns correspond to the distribution of those compounds. Combined with the data 

about metabolism and transport, these data suggest that under these conditions, Pantoea sp. 

YR343 is well-adapted to survival in the presence of a plant.  This result is consistent with 

previous studies using a plant agar-based system in which Pantoea sp. YR343 displayed a 

significant increase in its relative abundance in the presence of a plant258. The identified 

functions of Pantoea as a response to plant chemical environment cover a spectrum of activities 

that collectively enable it to sense, respond, and adapt to the dynamic conditions presented by the 

plant root environment. These adaptations are crucial for establishing beneficial interactions, 

nutrient acquisition, and survival in the rhizosphere. Further studies focusing on these specific 

protein functions and their roles in interaction with Populus roots will provide more detailed 

insights into the molecular mechanisms underlying Pantoea’s adaptation to the Populus root 

environment.   

Our comparative proteomic and metaproteomic analysis have provided unique and detailed 

insights into the responses of various bacterial species to the plant root environment, 

demonstrating how these species respond and adapt on both an individual level, as well as the 

community level, in order to effectively navigate nutrient availability and competition in the 

rhizosphere. 
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CHAPTER 6: UNTARGETED METABOLOMIC ANALYSIS TO CHARACTERIZE THE 

DYNAMIC ROOT AND EXUDATE METABOLOMES OF POPULUS TRICHOCARPA  

Author contributions 

Manasa R. Appidi contributed to study design, sample preparation for metabolomics analysis, 

LC-MS/MS measurements and data analysis.  Dr. Paul Abraham provided detailed input into 

experimental design, MS data acquisition, and assistance with data analysis/ interpretation and 

figures. 

Introduction 

Plants release their photosynthesized carbon through their roots into soil. This process called 

exudation can occur through various passive and active transport mechanisms including diffusion 

and secretion242, 268, 269. Plant roots exudates contain wide range of compounds including primary 

metabolites (e.g. sugars, amino acids, organic acids) and secondary metabolites (e.g. phenolic 

compounds, terpenoids) into its surrounding environment269. The root exudates play several 

pivotal roles in contributing to plant development, plant-soil-microbe interactions, modify soil 

properties and carbon sequestration240, 268, 270. The exudates are known for their role in shaping 

the root associated microbiome composition by providing nutrients to microbes and serve as 

chemical signals that attract beneficial microbes and defense signals against pathogens, which 

impacts the plant health and development76, 202, 271. Root exudation is a complex and dynamic 

process. The composition of the exudates is impacted by several factors including plant species, 

age of the plant, several external biotic factors such as microbes and abiotic factors such as water 

and nutrient availability22, 272. Given their integral role in plant health and soil chemistry, 

studying the root exudates under various stress conditions is crucial for advancing our 

understanding of how plants adapt to different environmental conditions.  

Populus is a short-rotation woody crop, used as a biofuel feedstock11, 12. Modifying plant 

traits by genetic engineering can improve the conversion of plant biomass to biofuel and 

bioproducts273. Lignin is one such plant trait altered in these efforts as it can enhance biomass 

processing for biofuel production by reducing lignin recalcitrance, and thereby making the 
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extraction of sugars from cellulose more efficient274. However, altering lignin content can have 

pleiotropic effects on the plant (impacting other traits, like plant growth and metabolism)275. It is 

hypothesized that changes in lignin content in Populus sp. would alter its root physiology, 

metabolism, and exudation. These changes are known to subsequently impact associated 

microbiome composition and function276, which play a major role in plant health. Therefore, it is 

crucial to study the dynamics in the root and exudate metabolomic profiles of plants with varying 

lignin contents. The studies focused on understanding the differences in the root and exudate 

profiles of Populus genotypes with varying lignin contents are currently lacking. To address the 

above-mentioned limited research in Populus sp., we aimed to capture the differences between 

the root intracellular and exudate metabolite profiles of two Populus trichocarpa genotypes 

BESC-24 and BESC-375 varying in lignin contents, BESC-24 has relatively low-lignin content 

compared to BESC-375277, 278. Additionally, the effect of different nutrient availability 

conditions, one of the important abiotic factors that impacts the root and exudate metabolome 

was assessed by collecting roots and exudates.  

Root exudation is spatio-temporally dynamic process with varying composition and 

concentrations of metabolites around different root zones collected at different timepoints that 

further impacts the surrounding soil chemistry and microbiome composition, making it essential 

to study these spatio-temporal dynamics279. Studies focused on root exudate analysis typically 

involve collecting whole exudate samples with less emphasis on spatial sampling of exudates63, 

276. Hydroponic culture systems are most commonly used in the root exudate studies but are not 

suitable for spatial sampling of exudates157. Quantitative analysis of root exudates across space in 

soil-based systems is also challenging due to the methodological difficulties and any changes in 

soil physical characteristics can lead to altered root exudation profiles157,280. To overcome these 

limitations with hydroponics and soil-based systems, in this study we used a widely used plant-

agar system that enables spatial sampling of root exudates from distinct root regions. Further, to 

capture the temporal dynamics in the root and exudate metabolic profiles, the samples were 

collected at two timepoints i.e., 48 hr and 72hr after the plants were transferred to agar plates. 

These timepoints were selected to capture the temporal differences in metabolomic profiles after 

allowing the plants to acclimatize to the experimental conditions.  
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Here, we hypothesized that (1) Populus trichocarpa genotypes with differing lignin content 

will exhibit distinct variations in root metabolites, (2) metabolomic profiles extracted from roots 

and root exudates of P. trichocarpa will differ significantly, (3) distinct metabolite profiles will 

be identified between different nutrient availability conditions, (4) there will be spatial and 

temporal differences in metabolite abundances along the plant root axis. To analyze the 

metabolite profiles of roots and exudates, LC-MS/MS based untargeted metabolomics approach 

was used. To our knowledge, this is the first comprehensive untargeted metabolomics report of 

Populus root metabolome and spatio-temporally resolved exudate profiles of two Populus 

genotypes with varying lignin content, grown under different nutrient conditions. 

Material and methods 

Populus genotypes and growth conditions 

To assess the effect of variations in lignin contents on root metabolome and exudate profiles, 

two genotypes of Populus trichocarpa namely BESC-24 (low-lignin) and BESC-375 (high-

lignin) were used in this study. Axenic stem cuttings of these genotypes were propagated from 

axenic stock plants. Briefly, axenic sub-cultured shoot tips of each genotype were rooted in 1X 

Murashige and Skoog (with micro and macronutrients, vitamins and glycine from Caisson 

Laboratories) with 0.05% MES hydrate (Sigma), 3% sucrose (Sigma), 0.5% activated charcoal 

(Sigma), 0.01% PPM (Plant Cell Technology) and 0.18% Gelrite (Sigma). The pH of the media 

was adjusted to 5.7 using KOH before autoclaving. Plants were kept in a growth room for 4-5 

weeks until roots developed under a 16-hour/8-hour day/night regime (120µmol m-2s -1) at 22°C. 

Plants were transferred to experimental conditions after roots were established. 

Experimental design 

Plant in agar experimental platform is employed in this study, which facilitates in sampling 

of both the root tissue and spatial sampling of root exudates. Two independent variables were 

included in this study (A) plant genotype (Populus trichocarpa BESC-24 and BESC-375) and 

(B) nutrient availability (nutrient-rich media containing ¼ strength Hoagland’s basal salt in 0.3% 

agarose and nutrient-limited condition without Hoagland’s basal salt in 0.3% agarose) (Hoagland 
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modified basal salt mixture; PhytoTech Labs) (Figure 6.1). At the beginning of the experiment, a 

total of 24 rooted plant cuttings per genotype were randomly selected and half of them were 

transferred to petri dishes containing nutrient-rich media and remaining half of the plants were 

transferred to nutrient-limited media (n=12 for each nutrient condition per genotype), with roots 

submerged in 25 ml media. To avoid the plant leaves touching the surface of the media, the petri 

dish lids were replaced with sterile plastic containers. Media controls (n=3 for each nutrient 

condition) without the plant were also prepared. All plants and media controls were kept in 

growth chambers with 16-h days at 28°C. Half of the plants for each treatment condition (a 

combination of genotype and nutrient condition) were collected at each of the two timepoints 48 

hr and 72 hr to observe the temporal changes in the metabolite profiles of root and root exudates 

(n=6 plants for a combination of genotype, nutrient condition and timepoint). At each timepoint, 

the root tissues from each plant were excised with a sterile scalpel, transferred to a separate 

Eppendorf tube, frozen immediately in liquid nitrogen and stored at -80°C until further 

processing.  Additionally, equal volumes of agar plugs surrounding distinct root regions (root 

base, root tips, and distant regions from root base and root tip) were excised to capture the spatial 

dynamics of root exudation, frozen immediately in liquid nitrogen and stored at -80°C until 

further processing. 

Metabolite extraction from root tissue 

The root tissue was dried using a freeze-drier (Labconco Equipment Co., KS, USA) and the dry 

weights were recorded for each plant. Root tissue was ground into fine powder by cryogrinding 

in liquid nitrogen (Spex SamplePrep 2010 Geno/Grinder), followed by metabolite extraction 

using a biphasic extraction method. Briefly, equal volumes of ice-cold hydrated ethyl acetate and 

LC-MS grade water (total volume = 2mL) were added to powdered root tissue and vortexed for 

one minute at maximum speed. Samples were incubated on ice for 10 minutes, and subjected to 

vortexing again, followed by overnight incubation on ice on in the fridge (4°C). Samples were 

centrifuged for 10 minutes at max speed (21000 g) at 4°C. The ethyl acetate and aqueous 

supernatant fractions were separated into fresh tubes by aspiration. The ethyl acetate extracts 

were dried completely in chemical fume hood and resuspended in 50 μL of organic solvent (70% 

acetonitrile with 0.1% formic acid). The aqueous extracts were filtered using pre-wet 10KDa  
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Figure 6.1: Schematic representation of the experimental design. Axenic rooted stem cuttings of 

Populus trichocarpa BESC-24 and BESC-375 genotypes were transferred to nutrient-rich and 

nutrient-limited media conditions in plant-agar system. Root tissues and spatially resolved 

exudate samples were collected at 48 hr and 72 hr after transfer. n=6 plants for each timepoint for 

a combination of genotype and nutrient condition. Figure generated using BioRender.com. 
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centrifugal filters (Sartorius Vivaspin® 2 Centrifugal Concentrator Polyethersulfone) by 

centrifugation at 4,500 x g) to remove any residual media or particles. The aqueous extracts were 

then lyophilized and resuspended in 50 μL of aqueous solvent (98% LC-MS water, 2% 

acetonitrile with 0.1% formic acid). All samples were stored short-term at 4°C until LC-ESI-

MS/MS measurements. 

Metabolite extraction from agar plugs for root exudates  

The agar plugs collected for root exudate sampling were freeze- dried and metabolites were 

extracted using a biphasic extraction protocol described above for root tissue. After the extraction 

and overnight incubation, the samples were centrifuged for 10 minutes at max speed (21000 g) at 

4°C. The agar precipitate was discarded after the aqueous and organic supernatant fractions were 

separated and transferred to new Eppendorf tubes. The aqueous and organic extracts were dried 

and reconstituted as described in the above section. 

Metabolite analysis using Liquid chromatography- tandem mass spectrometry (LC-MS/MS)  

All samples were analyzed by liquid chromatography coupled tandem mass spectrometry 

(LC-MS/MS) using high pressure liquid chromatography coupled with a Q- Exactive Plus mass 

spectrometer (Thermo Fisher Scientific). For each sample, 10 µL of the resuspended extract was 

injected and chromatographic separation was performed across an in-house-pulled nanospray 

emitter (75 μm x 150 mm) packed with 1.7 μm C18 Kinetex RP C18 resin (Phenomenex) by a 

30-min linear organic gradient (250 nL/min flow rate) from 5% aqueous solvent (2% acetonitrile 

and 0.1% formic acid) to 100% organic solvent (70% acetonitrile and 0.1% formic acid). All MS 

data were acquired with Thermo Xcalibur (version 4.3), using the top N method where N could 

be up to 5. Data was acquired using positive ionization mode. Target values for the full scan MS 

spectra were 3 x 106 charges in the 135 to 2000 m/z range with a maximum injection time of 100 

ms. Transient times corresponding to a resolution of 70,000 at m/z 200 were chosen and a 2.0 

m/z isolation window and isolation offset of 0.5 m/z were used. Fragmentation of precursor ions 

was performed by stepped higher-energy C-trap dissociation (HCD) with normalized collision 

energies of 10, 20, and 40 eVs. MS/MS scans were performed at a resolution of 17,500 at m/z 
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200 with an ion target value of 1.6 x 105 and a 50 ms maximum injection time. Dynamic 

exclusion was set to 10 s to avoid oversampling measurements of abundant metabolites.  

Untargeted metabolomics data processing and analysis 

The MS raw data files for aqueous and ethyl acetate fractions were analyzed separately using 

compound discoverer software, version 3.3.1 (Thermo Fisher Scientific). The Input Files node 

was used to submit all the raw data associated with each extraction fraction. The Select Spectra 

node was used with polarity mode Is +. The Detect Compounds node was used with default 

parameters of 5 ppm mass tolerance, 10,000 minimum peak intensity, use most intense isotope 

only, chromatographic peak detection S/N threshold 1.5, remove baseline false, and compound 

detection of [M+H] +1,[M+2H] +2, [M+3H] +3,[M+H-H2O]+1,[M+K] +1, [M+Na] +1. The Group 

Compounds node was used with 5 ppm mass tolerance, 0.2 min retention time (RT) tolerance, 

peak alignment was set to false, preferred ions [M+H] +1, [M+2H] +2, [M+3H] +3 and area 

integration set to most common ion. The peak rating filter threshold of 4 for a minimum of 3 

files. The Search mzVault node was used with precursor mass tolerance of 10 ppm with the 

HighChem HighRes algorithm to compare MS2 spectra from raw files to the NIST_2020_MSMS 

High Resolution library and GNPS spectral libraries (ALL_GNPS downloaded from 

https://external.gnps2.org/gnpslibrary on 12/08/2023). A scripting node was included in the 

processing workflow to add InChiKey identifiers for the obtained compound annotations. 

Compounds that have MS/MS fragment matching score of >0.5 support a Class 2 

identification281. Metabolite features with poor peak integration were resolved through 

automated data processing step, where peak areas from indistinguishable features (based on their 

annotated molecular weight and delta mass) were aggregated using a custom R script (available 

at https://github.com/dlcarper/Metabolite-Condensing-Script). Relative abundances of each 

compound were assessed by the integrated peak areas across samples. The data was further 

filtered to remove compound features that had an average abundance value equal to or less than 

the abundances observed in the media control samples. Permutational multivariate analysis of 

variance (PERMANOVA) was performed to assess the experimental factors that have a 

significant influence on the metabolite profiles measured in this study. Additional data post-

processing was conducted using MetaboAnalyst v6.0282, default settings were applied for 
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handling the missing values in the dataset and log10 data transformation was performed to 

reduce skewness. The data appeared uniformly distributed and consistent, and further 

normalization steps were deemed unnecessary. Partial Least Squares Discriminant Analysis 

(PLS-DA) was then performed to evaluate differences between the two genotypes and between 

root and rhizodeposition samples. Additionally, ANOVA-Simultaneous Component Analysis 

(ASCA) was applied to assess the interactions between environment (nutrient condition) and 

time (48 hr and 72 hr) specifically within the BESC-24 genotype. A modest leverage threshold of 

0.7 was set to balance sensitivity and specificity, minimizing overfitting while capturing the main 

effects. The alpha was also set to 0.05 to maintain a standard threshold for identifying 

statistically significant interactions between environment and sampling time. 

Results and discussion 

Global results of untargeted metabolomic analysis and data processing to obtain non-

redundant metabolite feature lists 

The plant metabolic processes and exudates are influenced by many factors in nature such as 

their genetics, environmental conditions and biotic and abiotic stressors. For a comprehensive 

understanding of root metabolome and its exudation, it is important to include several factors in 

the study design. The multifactorial design allows us to study the influence of each factor and 

their interactions on the metabolite profiles, providing a relatively holistic understanding of the 

plant exudates compared to studies that focus on effects of single factor on plant root 

metabolites. In this study, we aimed to obtain a comprehensive view of root and exudate 

metabolic profiles of Populus genotypes with varying lignin content grown under nutrient-rich 

and nutrient-limited conditions as nutrient availability in the plant’s environment is known to be 

one of the abiotic factors that impacts its metabolism and exudation28. The plant-agar system 

utilized in this study enabled collection of both roots and exudates for untargeted metabolomic 

analysis, which is important for comprehensive understanding of metabolites produced and 

exuded by the plant roots. The root and exudate samples are collected from plants grown for two 

timepoints 48 hr and 72 hr after transferring to petri dishes to observe the temporal changes in 

the metabolite profiles for each treatment group. Further, spatially resolving exudates along the 
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plant root axis is necessary to study the spatial dynamics of the root exudation. In this study, we 

demonstrated the feasibility of using a cost-effective plant in agar system for spatial sampling of 

root exudates. At each timepoint, whole root tissue from each plant was collected without spatial 

sampling due to limited biomass given the age and size of the of the plants. However, the root 

exudate samples were spatially sampled from distinct spatial locations within the root zone (root 

base, root tip and regions distant from root) to capture the spatial dynamics of root exudation and 

its gradient (Figure 6.1).  

A biphasic extraction method was employed for both root and exudate samples to capture the 

diverse array of metabolites including both polar and non-polar compounds, untargeted 

metabolomics analysis was performed to investigate the influence of several experimental 

factors. Current methods for the root exudate analysis rely mostly on monophasic extractions, 

which might be limited in its extraction efficiency of the wide range of metabolites including 

polar (e.g. sugars, amino acids) and non-polar compounds (e.g. fatty acids, lipids) produced and 

exuded by plant roots. The biphasic extraction method used in this study enhances extraction of 

metabolites that may be poorly extracted using a monophasic extraction method.  

The acquired MS data was processed separately for aqueous and ethyl acetate solvent extractions 

using compound discoverer (version 3.3.1) and 128787 and 87753 features (mass/retention time 

pairs) were identified for aqueous and ethyl acetate extractions respectively (Figure 6.2A). The 

resulting data matrices were processed to address redundant peak identifications and poor peak 

integration by implementing a data processing step that aggregates the peak areas from 

redundant features that were indistinguishable by annotated molecular weight and annotated 

delta mass (Da), to obtain non-redundant lists of feature identifications (24096 and 16360 

features in polar and non-polar fractions respectively) (Figure 6.2A). To ensure the accuracy of 

the metabolite quantification using our processing step to obtain the non-redundant feature lists, 

the mean abundance values of sucrose from the refined list was compared with manually curated 

abundance values using Skyline software and a correlation of 0.69 was observed, demonstrating 

a reasonable agreement between the in-house implemented processing step and manual 

integration approaches.    
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Figure 6.2: Number of metabolite features (A) In original datasets from compound discoverer 

results and refined non-redundant datasets in both aqueous polar and ethyl acetate organic 

fractions. (B) Filtered datasets consisting of only the features with mean abundances of 

experimental treatments greater than in media controls and features with non-missing values in at 

least 50% of one sample group across the experiment.  
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To improve the robustness of downstream analysis, the datasets were further filtered to keep 

only the features with mean abundances of experimental treatments greater than media controls 

and include only the features with non-missing values in at least 50% of one sample group across 

the experiment. The filtered lists consist of 17365 features for aqueous extraction and 11547 

features in ethyl acetate extraction (Figure 6.2B).  Of the total metabolite features in these 

filtered lists, only about 10.9% in aqueous and 15.9% in ethyl acetate extraction have compound 

annotations based on spectral matching to NIST 2020 and/or GNPS libraries (Figure 6.2B).  Of 

the several thousands of metabolite features identified in this study, only about 10-16% has 

compound annotations and chemical class information. This limited knowledge of metabolite 

identification represents a significant limitation in understanding the functional roles of the 

observed metabolites. Although not yet identified, the unannotated metabolite features represent 

less studied and potentially novel compounds. Therefore, it is crucial to report both annotated 

and unannotated metabolite features to represent the full complexity of the measured metabolite 

profiles of roots and exudates. Additionally, reporting unannotated metabolites helps in enriching 

the metabolomics databases and aid in potential future identification of these compounds which 

is essential for advancing the field of untargeted metabolomics. 

The compounds in the filtered lists were ranked based on their summed abundance values across 

different experimental conditions in each solvent extraction to identify the most abundant 

metabolite features and the effect of experimental treatments on their relative abundances. 

Glutamine, an amino acid commonly found in exudates269, 283 was observed to be one of the 

highly abundant metabolite features in aqueous extraction. Across the aqueous dataset with 

various sample groups, the relative abundance of glutamine was observed to be dynamic with 

higher in root tissue samples compared to the exudate samples in both genotypes (Figure 6.3A), 

suggesting its predominant role within the plant. In the ethyl acetate extraction, 9- 

octadecenamide, a fatty acyl compound known for its role in stress responses in plants was one 

of the highly abundant metabolites, whose relative abundance might be a result of differences in 

cell wall chemistries of the two genotypes as its relative abundance is higher in sample groups 

from BESC-24 genotype compared to BESC-375 (Figure 6.3B). Previous studies showed that 

abundance of 9-Octadecenamide was found to be in higher in exudates of plants in response to  
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Figure 6.3: Box plots showing Log2 abundance values across experimental conditions for most 

abundant identified compounds in each extraction solvent (A) Glutamine in aqueous polar 

fraction (B) 9-Octadecenamide in ethyl acetate organic fraction.   
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heavy metal stress284. Additionally, 9-Octadecenamide is known for its antimicrobial, anti-

inflammatory, and antioxidant activities285. 

To understand what chemical classes of metabolites are present and abundant in this untargeted 

analysis, chemical classification of the annotated compounds (compound that have spectral 

match to known compound in spectral libraries) was performed using ClassyFire 286 and it 

revealed that metabolite features belonging to superclass organoheterocyclic compounds were 

most abundant in aqueous extraction contributing to ~54% of total relative abundance of 

annotated features that have chemical classification information available (Table 6.1). In the 

ethylacetate extraction, lipids and lipid-like molecules were most abundant with ~57% of total 

relative abundance of annotated features (Table 6.1). 

Multivariate analysis of metabolite profiles to assess effects of various experimental factors 

To assess the influence of various experimental factors including genotype, environment, 

time, and location (intracellular vs. extracellular) on the overall metabolite profiles measured in 

this study, permutational multivariate analysis of variance (PERMANOVA) was performed 

separately on datasets for each extraction solvent (Table 6.2). The PERMANOVA results 

revealed that genotype has a highest significant effect (p<0.05) on the metabolite profiles (27% 

for aqueous and 30% for ethyl acetate extraction), followed by location (15% for aqueous and 

17% for ethyl acetate extraction) in both solvent extractions. Significant effects of interaction 

between genotype and location (7% for aqueous and 6% for ethyl acetate extraction) was also 

detected. To visualize the differences between the metabolite profiles of the sample groups (roots 

and exudates for two genotypes), NMDS plots (Non-Metric Scaling Plot) were used (Figure 

6.4).  

Interestingly, the clustering patterns of NMDS showed a clear separation of four groups 

comprising of intracellular and extracellular metabolite profiles for each of the two genotypes. 

Notably, the intracellular and extracellular clusters of BESC-375 aggregated closely compared to 

BESC-24, suggesting there is less variation between the intracellular and extracellular metabolite 

profiles of BESC-375. The NMDS plot showed subclusters within the cluster belonging to 

BESC-24 exudates. As the exudate data consist of several factors including nutrient and time, the 

subclusters within BESC-24 exudates were examined to identify the underlying factors for this   
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Table 6.1: Chemical classification results for the annotated metabolite features (A) aqueous 

polar fraction (B) ethyl acetate organic fraction. 

A. Aqueous polar fraction 

Super class 

Summed 

relative 

abundance 

Number of 

compounds  

Relative 

abundance 

(%) 

Number of 

compounds (%) 

Organoheterocyclic compounds 2.7E+13 409 53.7% 21.8% 

Organic acids and derivatives 1.4E+13 263 26.8% 14.0% 

Lipids and lipid-like molecules 5.2E+12 418 10.3% 22.3% 

Organic oxygen compounds 1.6E+12 192 3.1% 10.3% 

Benzenoids 1.3E+12 318 2.7% 17.0% 

Phenylpropanoids and polyketides 7.1E+11 171 1.4% 9.1% 

Nucleosides, nucleotides, and analogues 4.9E+11 25 1.0% 1.3% 

Organic nitrogen compounds 2.9E+11 25 0.6% 1.3% 

Organometallic compounds 1.9E+11 2 0.4% 0.1% 

Alkaloids and derivatives 2.7E+10 15 0.1% 0.8% 

Lignans, neolignans and related compounds 1.2E+10 25 0.0% 1.3% 

Organohalogen compounds 3.7E+09 2 0.0% 0.1% 

Organic 1,3-dipolar compounds 2.0E+09 4 0.0% 0.2% 

Organosulfur compounds 1.1E+09 3 0.0% 0.2% 

B. Ethyl acetate organic fraction 

Super class 

Summed 

relative 

abundance 

Number of 

compounds  

Relative 

abundance 

(%) 

Number of 

compounds (%) 

Lipids and lipid-like molecules 2.0E+13 641 57.1% 35.7% 

Benzenoids 5.0E+12 218 14.1% 12.1% 

Organoheterocyclic compounds 4.2E+12 289 11.9% 16.1% 

Organic oxygen compounds 2.9E+12 160 8.1% 8.9% 

Organic acids and derivatives 1.6E+12 141 4.4% 7.9% 

Phenylpropanoids and polyketides 1.2E+12 274 3.4% 15.3% 

Organic nitrogen compounds 2.4E+11 21 0.7% 1.2% 

Organometallic compounds 6.3E+10 3 0.2% 0.2% 

Lignans, neolignans and related compounds 2.6E+10 29 0.1% 1.6% 

Organohalogen compounds 1.7E+10 1 0.0% 0.1% 

Nucleosides, nucleotides, and analogues 1.7E+09 8 0.0% 0.4% 

Alkaloids and derivatives 6.1E+08 9 0.0% 0.5% 

Organosulfur compounds 2.1E+07 1 0.0% 0.1% 
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Table 6.2: PERMANOVA results of Bray Curtis distances of metabolomics data (A) aqueous 

polar fraction (B) ethyl acetate organic fraction. 

A. Aqueous polar fraction 

Factor R2 Pr(>F) 

Genotype 0.27 0.001 

Location 0.15 0.001 

Nutrient 0.08 0.001 

Genotype:Location 0.07 0.001 

Genotype:Nutrient 0.05 0.001 

Timepoint 0.03 0.001 

Nutrient:Timepoint 0.02 0.001 

Genotype:Timepoint 0.02 0.001 

Genotype:Nutrient:Timepoint 0.02 0.001 

Genotype:Nutrient:Location 0.01 0.001 

Nutrient:Location 0.01 0.001 

B. Ethyl acetate organic fraction 

Factor R2 Pr(>F) 

Genotype 0.30 0.001 

Location 0.17 0.001 

Genotype:Location 0.06 0.001 

Nutrient 0.05 0.001 

Timepoint 0.03 0.001 

Genotype:Timepoint 0.03 0.001 

Nutrient:Timepoint 0.03 0.001 

Genotype:Nutrient:Timepoint 0.02 0.001 

Genotype:Nutrient 0.02 0.001 
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Figure 6.4: Nonmetric multidimensional scaling (NMDS) plots based on Bray Curtis distances 

of metabolomics data (A) Aqueous polar fraction data showed higher variation is observed in 

relation to genotype (permutational multivariate analysis of variance [PERMANOVA], R2 = 

27%) followed by the location (15%), (B) Ethyl acetate organic fraction data showed higher 

variation is observed in relation to genotype (permutational multivariate analysis of variance 

[PERMANOVA], R2  = 30%) followed by the location (17%). 
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separation. The metabolite profiles obtained from two timepoints (48 hr and 72 hr) of nutrient-

limited condition clustered together, whereas the metabolite profiles obtained from the two 

timepoints of nutrient-rich condition clustered separately from each other and nutrient-limited 

condition. PERMANOVA results showed environment (nutrient condition) also has significant 

impact on metabolite profiles (8% in aqueous and 5% in ethyl acetate). Overall, these results 

suggest that there are temporal dynamics driven by the nutrient condition in BESC-24 exudate 

profiles. 

Comparison of metabolite profiles between genotypes 

As observed from PERMANOVA analysis, the metabolite profiles of the two genotypes BESC-

24 and BESC-375 are significantly different from each other. It is difficult to quantitatively 

assess the differences between the metabolite profiles of these two genotypes as there are 

differences in their cell wall chemistries which could influence the metabolite profiles. 

Additionally, we observed differences in the root physiology but lack advanced image-based 

phenotyping data to accurately normalize the data to account for these differences on metabolite 

profiles. The root system architecture which includes root length, density, surface area, root hair 

development etc. influences how the roots interact with its environment influencing nutrient and 

water uptake, exudation, which in turn affects the metabolome composition and their 

concentrations. Therefore, only qualitative assessment of the metabolite profiles obtained from 

the two genotypes was conducted. In aqueous extraction consisting of 17365 features, a total of 

15349 features were identified for BESC-24 genotype and 10799 features were identified for 

BESC-375 genotype (Figure 6.5A). In the ethyl acetate extraction, a total of 11547 features were 

identified including 10426 features for BESC-24 and 6822 features for BESC-375 (Figure 

6.5B). These results indicate that BESC-24 has a more complex metabolic profile compared to 

BESC-375. Upset plots were generated to identify the common and shared metabolite features 

between the genotypes and showed large overlaps between the metabolite profiles of these 

genotypes, 50.6% of total identified features were shared in polar extraction and 49.4% in non-

polar extraction. A significantly higher proportion of metabolite features identified were unique 

to BESC-24 genotype (37.8% and 40.9% in polar and non-polar extractions respectively). There 

were several metabolite features that were found to be unique to BESC-375 (11.6% and 9.7% in  
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Figure 6.5: Upset plots showing overlap of compounds between the genotypes (A) Aqueous 

polar fraction, (B) Ethyl acetate organic fraction. 
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polar and non-polar extractions respectively) (Figure 6.5A and 6.5B). The higher number of 

features identified in BESC-24 correlated with the higher average number of primary roots and 

dry biomass when compared to BESC-375 (Figure 6.6). It is essential to consider root system 

architecture in the future studies of root and exudate metabolomics.  

Previously, using the unsupervised NMDS method for multivariate data analysis, the 

separation between the two genotypes was observed. To identify which metabolites, contribute 

most to that differentiation between the genotypes and drive the separation, Partial Least Squares 

Discriminant Analysis (PLS-DA), a supervised analysis was performed on the data subsets for 

each extraction separately using MetaboAnalyst (Version 6.0). PLS-DA provides Variable 

Importance in Projection (VIP) scores to rank the metabolite features by their contribution to the 

separation. Based on the VIP scores, the key metabolites that differentiated between the 

genotypes were identified. Of the several metabolites identified, there were only a few 

metabolites that are annotated and have chemical classification information available. Among 

these, the metabolite features that have good spectral match with the search databases were 

further selected to understand the trends in their abundances across the experimental conditions.  

For example, loliolide in ethyl acetate extraction was found to be highly abundant in several 

sample groups of BESC-24 compared to BESC-375 (Figure 6.7). Loliolide is a compound 

belonging to chemical class benzofurans. Loliolide is found in many plant metabolites known for 

its role in defense response by activating jasmonate-related pathways287, 288. In wheat and rice, 

loliolide is produced and secreted by roots in response to biotic and abiotic stressors 287. In this 

study, the relative abundance of loliolide did not change significantly in root samples between 

nutrient-rich and nutrient-limited conditions in BESC-24. However, varying trends were 

observed across other experimental conditions displaying dynamics due to nutrient condition and 

sampling timepoints. 

Comparison of intracellular and extracellular metabolite profiles 

Location was the second highest significant factor that influenced the metabolite profiles 

based on PERMANOVA. To identify and compare the diversity of metabolites present in root 

intracellular and exudate samples, a qualitative analysis between the two locations was 

performed for each genotype separately. The quantitative comparison of the metabolites between 
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Figure 6.6: Root trait data (A) Average number of primary roots for each genotype (n=24), error 

bars represent standard deviation (B) Average root dry biomass for each genotype (n=24), error 

bars represent standard deviation. 
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Figure 6.7: Box plots showing Log2 abundance values across experimental conditions for 

Loliolide, an important metabolite feature in ethyl acetate organic fraction differentiating between 

the genotypes based on PLS-DA analysis. 
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roots and exudates was avoided as the root metabolite profiles were obtained from whole root 

system per plant, whereas for the exudates, the samples were collected from around distinct root 

regions that may cause variability in metabolite concentrations due to spatial heterogeneity and 

metabolite diffusion. It is challenging to account for these variations to conduct quantitative 

comparison of root intracellular and extracellular metabolite profiles. The data subsets for each 

genotype were extracted from aqueous and ethyl acetate extraction datasets and compared solely 

based on presence and absence of metabolites (Figure 6.8). For BESC-24, the number of 

features detected in exudates were higher than in roots for in both aqueous and ethyl acetate 

extractions. Upset plots showed a higher proportion of detected features (55.2% in aqueous and 

53.7% in ethyl acetate) were present in both roots and exudates of BESC-24, indicating that 

these metabolites might represent a core metabolome that is crucial for BESC-24 physiological 

functions. For BESC-375 genotype, a similar trend was observed in aqueous extraction with 

higher number of features in exudates compared to roots, however, in ethyl acetate extraction a 

higher number of features were detected in roots compared to exudates. Increased measurement 

depth of metabolite features in exudates compared to root tissue can be due to multiple samples 

collected for exudates (root base, root tip, distant regions) compared to single sample of root 

tissue for each plant. Multiple sampling of exudates likely influences the comprehensiveness of 

the metabolite profile as it increases the chance of measuring certain underrepresented metabolite 

features. Upset plots show that 31.1% in aqueous extraction and 41.9% of detected features in 

ethyl acetate extraction were present in both roots and exudates of BESC-375.   

As described in above result section focused on genotype comparison, PLS-DA analysis was 

performed for aqueous and ethyl acetate datasets for each genotype to identify metabolites that 

differentiate between the intracellular and extracellular metabolite profiles. Based on the VIP 

scores, the key metabolites that differentiated between the roots and exudates were identified. Of 

the several metabolites identified, there were only a few metabolites that are annotated and have 

chemical classification information available. Among these, the metabolite features that have 

good spectral match with the search databases were further selected to understand the trends in 

their abundances across the experimental conditions. 
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Figure 6.8: Upset plots showing overlap of compounds between the root and exudates samples 

(A) BESC-24 aqueous polar fraction (B) BESC-24 ethyl acetate organic fraction (C) BESC-375 

aqueous polar fraction (D) BESC-375 ethyl acetate organic fraction.  



148 

Swainsonine belongs to the chemical class indolizidines, and it was found to be more 

abundant in exudates compared to the roots of both genotypes (Figure 6.9A). Swainsonine is 

present in a several plant species and known for its toxic roles289. In this study, its presence in 

exudates indicates its role in defense response mechanisms in both genotypes. Another 

metabolite, isorhamnetin 3-O-glucoside displayed an opposite trend where it is highly abundant 

in root tissues compared to exudates, it is a flavonoid, which is known to be widely present in 

plants and involved in stress response 290, 291 (Figure 6.9B). Other phenolic glycosides salicortin 

and populin, which are particularly found in willows and known for their roles in stress and 

defense responses292, 293 were identified in this study and have higher abundance in roots 

compared to exudates in both genotypes. Further investigation is needed to understand the 

biological relevance of elevated levels of storage of these metabolites within the roots. 

Assessing influence of nutrient condition on root and exudate profiles of BESC-24 

Based on the clustering patterns observed in the NMDS plots in Figure 6.5, metabolite data 

belonging to BESC-24 genotype roots and exudates were extracted separately from aqueous and 

ethyl acetate datasets. The metabolite profiles were compared between the nutrient-rich and 

nutrient-limited conditions based on presence and absence of metabolites for roots and exudates 

sample groups to identify nutrient condition specific metabolite features. In all these 

comparisons, the highest proportion of metabolite features are shared between two nutrient 

conditions, However, there are about 10% that are unique to either of the two nutrient conditions. 

These metabolite features that are exclusively identified in samples grown under a particular 

nutrient condition, suggests the pivotal role played by nutrient availability in altering the 

metabolite profiles. This comparative analysis highlights the metabolite specificity to nutrient 

availability or limitation in the plant environment and their potential biological significance. 

Further, metabolite level analysis revealed the temporal dynamics across the nutrient conditions.  

In the root samples of BESC-24, the relative abundance of a dipeptide Asp-Trp identified in 

aqueous extraction was observed to be higher when grown in nutrient-limited condition 

compared to nutrient-rich condition at 48 hr (Figure 6.10A). Interestingly, its relative abundance 

decreased at 72 hr in nutrient-limited condition, but it increased in nutrient-rich condition. 

Another metabolite example that displayed significant variations in abundance between nutrient  
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Figure 6.9: Box plots showing Log2 abundance values across experimental conditions for 

important metabolite features differentiating between root and exudate samples based on PLS-

DA analysis (A) Swainsonine in aqueous polar fraction (B) isorhamnetin 3-O-glucoside in ethyl 

acetate organic fraction.  
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Figure 6.10: Box plots showing Log2 abundance values for metabolites identified in BESC-24 

genotype root samples and displayed changes in abundance in response to nutrient condition-

timepoint interactions (A) Asp-Trp in aqueous polar fraction (B) 1H-indole-4-carboxaldehyde in 

ethyl acetate organic fraction. 
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conditions is 1H-indole-4-carboxaldehyde, where the relative abundance was observed to be 

higher when grown in nutrient-rich condition compared to nutrient-limited condition at 48 hr 

(Figure 6.10B). For this metabolite, the relative abundance was found to be increased at 72 hr 

compared to 48 hr timepoint in both nutrient-limited and nutrient-rich conditions. 

In BESC-24 exudate samples, S-(5'-Adenosyl)-L-homocysteine, a nucleoside compound 

which is a biosynthetic precursor to homocysteine was identified in aqueous extraction and 

displayed changes in abundances between nutrient conditions and sampling timepoints, 

indicating the dynamics in metabolic pathways influenced by nutrients and time (Figure 6.11A).  

Another metabolite in BESC-24 exudates, azelaic acid which is a fatty acyl compound displayed 

abundances changes across nutrient conditions and timepoints, with higher abundance in 

nutrient-rich condition compared to nutrient-limited condition. Additionally, azelaic acid 

displayed higher abundance values at 72 hr compared to 48 hr timepoint (Figure 6.11B). In 

plants, azelaic acid plays a role in defense responses and increased accumulation of azelaic acid 

occurs during pathogen infection294 and it is known to be present in root exudates of tomato and 

a key factor in process of systemically induced root exudation of metabolites (SIREM)295. In this 

study, the increased levels of azelaic acid in nutrient-rich condition with time could be indicating 

its role in signaling or defense mechanisms. 

Conclusions 

In this study, a plant in agar experimental platform was used for collecting root metabolite 

profiles and the spatially resolved root exudates. Using untargeted metabolomics approach, the 

effects of various experimental factors including differences in plant lignin content, nutrient 

availability and sampling timepoints on root metabolite profiles of Populus trichocarpa were 

assessed. This study provided a comprehensive understanding of the differences in the root and 

exudate profiles between the two Populus sp. genotypes with varying lignin contents grown 

under different nutrient conditions. Several metabolites displaying distinct trends influenced by 

the plant genotype and nutrient condition were identified. The differences in the abundances of 

specific metabolites across these conditions underscores the complexity of the plant root 

metabolic processes and exudation patterns. The findings of this study suggest that genotype- 
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Figure 6.11: Box plots showing Log2 abundance values for metabolites identified in BESC-24 

genotype exudate samples and displayed changes in abundance in response to nutrient condition-

timepoint interactions (A) S-(5'-Adenosyl)-L-homocysteine in aqueous polar fraction (B) azelaic 

acid in ethyl acetate organic fraction.  
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specific conditions, such as cell wall composition, impacts the root and exudate metabolic 

profiles significantly, while nutrient conditions and time further modulate the abundances of 

these key metabolites. However, further interrogation of these metabolites is necessary in 

understanding their functional relevance in Populus species and nutrient availability. Further, the 

temporal dynamics observed in this study highlight the variability in metabolite profiles at 

various timepoints and the need for temporal studies when studying plant root exudates. This 

study also highlights the importance of untargeted metabolomics in an unbiased manner in 

identifying a broad range of metabolites produced by plants to capture the natural complexity of 

root exudates. 

 



154 

CHAPTER 7: CONCLUSIONS AND FUTURE PERSPECTIVES 

Conclusions 

Plant-microbe interactions play a pivotal role in plant health and resilience to environmental 

stresses and therefore impacts crop yields and sustainable agriculture. The complex and dynamic 

associations between the plant and microbes are influenced by various factors such as host 

genetics, environmental factors including biotic and abiotic conditions. It is crucial to study the 

interactions between the plant and its associated microbial communities to gain insights into how 

these interactions help the plants to adapt and thrive under various environmental conditions. 

Understanding how the microbial communities are assembled and the factors and interactions 

that shape them are crucial in plant-microbiome studies but are largely unknown. However, 

studying these in situ is extremely challenging due to the complexity and spatio-temporal 

dynamics. Reductionist approaches and synthetic microbial communities (SynComs) are 

powerful tools in advancing plant microbiome research as they enable dissecting specific 

interactions and mechanisms under controlled environments. This knowledge can be invaluable 

in developing sustainable agricultural practices. Further, these studies provide insights into 

complex relationships between the plants and microbes and contribute to improved 

understanding of the dynamics in the plant ecosystem, which are vital for stress tolerance, 

disease resistance and nutrient cycling in changing environmental conditions.  

Omics technologies such as genomics, transcriptomics, metaproteomics, and metabolomics 

are used in studying the plant associated microbiome and each provide unique insights about 

their composition, functions and interactions.  These studies allow us to gain comprehensive 

understanding of the interactions between plants and their associated microbiome by providing 

detailed insights into how plants and microbes respond to each other and the influence of 

microbes on plant growth and stress tolerance mechanisms at a molecular level. Among several 

omics techniques, metaproteomics enables us to characterize the proteins expressed in the 

microbial communities, which provides information about the microbial functions, interactions 

and metabolic pathways, which can be used to determine their responses to available nutrients 

and/or stressors in their environment. On the other hand, metabolomics allows us to identify the 
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metabolites produced by plant and associated microbes, which provides insights to the chemical 

signals produced and released into the environment that are crucial for establishing the 

interactions between them. 

The primary focus of this dissertation was to advance our understanding of the plant-

microbiome interactions specifically of Populus spp. and its associated rhizosphere microbiome 

by using a reductionist approach and application of metaproteomics and metabolomics 

methodologies. In this dissertation research, simplified experimental approaches using SynCom 

grown under laboratory-controlled conditions was initially employed to gain fundamental 

understanding of formation of stable microbial assemblies under different nutrient conditions and 

the inter-species interactions in these communities in liquid media. The complexity of the 

experimental system was gradually increased by adding the plant host to study the microbial 

community assemblies and microbial functions in response to presence of plant under controlled 

laboratory settings. Further, the plant root metabolic profiles were studied to gain insights into 

the resources produced and released by plant into its surrounding environment. 

By using a 10-member SynCom consisting of bacterial species that taxonomically and 

functionally represent Populus rhizosphere and performing metaproteomic analysis, distinct 

microbial community structures and functions of individual bacterial strains that facilitated their 

presence and abundance in the community were identified as a result of inter-species interactions 

under varying nutrient conditions. Although this study was performed under simplified 

laboratory conditions without presence of plant, it has provided fundamental insights into the 

microbiome assembly of Populus associated bacterial species. This study has led to a follow-up 

metaproteomic study to understand the effect of initial inoculum ratios of the members of the 

constructed microbial community on the final stable community structure which is described in 

chapter 3 of this dissertation. Three bacterial species Pseudomonas sp.GM17, Pantoea sp. 

YR343 and Sphingobium sp. AP49 were selected based on their presence in the final community 

of the 10-member study and communities with varying starting ratios of the three bacterial 

strains were constructed. The metaproteomic analysis at various timepoints showed initial 

inoculum ratios did not impact which bacterial species dominated the community, however the 

temporal functional dynamics of the individual bacterial strains led to the final community 

composition. Overall, this research presented in chapter 3 was crucial in obtaining foundational 
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knowledge of microbial community assemblies and reveled key microbial players, which needs 

to be tested in more complex environments in future to confirm their relevance in the rhizosphere 

microbial communities. 

Building up on this research, next we wanted to study the microbiome composition and 

functions in presence of plant root environment using plant-agar system. Additionally, we aimed 

to obtain spatially resolved metaproteomes as the spatial dynamics in rhizosphere can impact 

microbiome composition but recognized the lack of methodologies that facilitate these studies. In 

chapter 4 of this dissertation, a novel peptide extraction method from agar using a plant-agar 

microbiome system is described. The study revealed distinct community compositions at distinct 

root regions likely influenced by the plant root chemical environment. This experimental 

platform and method enabled spatial sampling of proteomes of plant-root associated bacteria. 

This methodological advancement can be easily applied to other plant-microbiome research 

studies and scaled up to larger petri dishes or other plant growing containers such as magenta 

boxes for larger plants. The method enabling spatial metaproteomics in agar has potential to be 

applied beyond rhizosphere microbiome research as spatial metaproteomics is of high relevance 

in other research areas such as understanding spatial organization of microbial communities in 

biofilms. 

 Fundamental understanding of the microbial functions to plant root chemicals is highly 

relevant for advancing our knowledge of plant-microbe interactions. However, it is challenging 

to dissect the specific effects of plant root chemical environment on the microbiome composition 

and microbial functions due to the presence of direct interactions between the plant root and 

microbes. Therefore, methods that enable the study of microbial communities and their responses 

to root specific chemical signals hold significant potential for advancing rhizosphere microbiome 

research. The experimental approach using a filter-based system described in chapter 5 of this 

dissertation allowed us to isolate the microbial responses due to chemical signals specifically 

from the responses due to direct physical interactions with plant roots. Additionally, studying 

responses of bacterial strains grown in isolation and in mixed community allowed us to identify 

responses that are plant root environment specific and not driven by community dynamics. The 

study revealed the functions employed by specific bacterial species to adapt and thrive in the 

plant root environment. 
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Root exudates serve as primary communication source between the plant and surrounding 

microbiome and hence it is a crucial part of plant-microbiome research. The plant metabolic 

processes and exudation patterns are influenced by plant genetic and environmental stressors. 

Chapter 6 of this dissertation provides an in-depth investigation of the dynamics of the root 

metabolome and root exudate profiles of two Populus genotypes with varying cell wall 

chemistries grown under varying nutrient availability conditions. The untargeted metabolomics 

results provided deeper understanding of the complex chemical diversity of Populus root 

exudates and their dynamics. To my knowledge, this is the first comprehensive study to 

characterize Populus root metabolome and exudates at a spatial resolution of root base and root 

tip. Future studies with gradual increments in complexity by adding microbial species will enable 

the identification of specific exudates that attract or repel certain microbes and how community 

dynamics change with varying root exudate profiles of Populus species. The experimental 

approach and metabolite extraction method described in chapter 6 are applicable for future 

studies in rhizosphere research to study effects of various environmental factors on plant root 

exudates.  

Overall, this dissertation research has contributed to significant improvement of our 

understanding of various processes occurring in the Populus rhizosphere including the 

microbiome community assemblies and microbial functions with and without plant chemical 

environment and comprehensive understanding of dynamics in root intracellular and 

extracellular metabolic profiles of Populus sp. Additionally technical advancements 

demonstrated in this dissertation are valuable resources for other plant microbiome studies. This 

dissertation research laid a foundation to future studies that can build up on these findings by 

increasing complexity of the experimental system towards a more realistic plant environment in 

nature. 

Remaining challenges, limitations and future perspectives 

The complexity and multifaceted interactions between plant and its associated microbiome is 

increasingly recognized, with ongoing research focusing on unraveling these intricate dynamics. 

Despite the advances in our understanding, there are still, several challenges and limitations in 
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studying the plant-microbe interactions. One of the major challenges in studying plant-

microbiome is the complexity and therefore simplified experiments with defined microbial 

consortia are performed to gain fundamental understanding of the microbial functions under 

defined conditions. Currently, majority of the plant microbiome studies include only bacterial 

species, with a very few studies also including fungi. Besides bacteria, fungi are also found 

abundantly in plant microbiome and known for their crucial roles in plant microbiome and their 

interactions with plants. More studies that include fungal species in the microbiome community 

experiments are necessary as these studies will provide better understanding of the inter-kingdom 

interactions that occur in the plant microbiome. As we try to gain holistic understanding of 

functions of plant microbial communities, there is a need to study higher complexity systems 

including wide range of microbial taxa and multiple experimental factors, which is essential for 

understanding the broad spectrum of interactions and functions within the microbiome. 

Metaproteomic analysis to study the microbial functions can be challenging for the higher 

complexity samples, due to highly variable abundances of microbial species in a microbiome 

containing both highly abundant species and extremely low abundant species. The proteins 

produced by these microbial species can also vary by several orders of magnitude in abundances, 

this leads to detection of highly abundant proteins and underrepresentation of low abundant but 

probably biologically important proteins. Certain microorganisms, even when present in low 

abundance, can have significant effects on the community structure and function. 

With the current advancements in the mass spectrometry instrumentations such as the 

Orbitrap Astral, it is an exciting time to study higher complexity samples. The Orbitrap Astral 

mass spectrometer contains three mass analyzers, a quadrupole for high selectivity and ion 

transmission, an orbitrap for high resolution and high dynamic range measurements, and the 

Astral for high sensitivity and scan rate. With these improved figures of merit, deep proteome 

coverages within samples with high dynamic range can be achieved with fast and high 

throughput measurements. Using such advanced instrumentation, chances of detecting low-

abundant microbial species that might play crucial roles in microbiome can be increased. 

Although higher complexity samples and advanced instrumentation offer numerous advantages, 

they also result in some challenges. These studies will result in highly complex datasets and 

analyzing them requires advanced computational tools and bioinformatics expertise to process 
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and interpret these large datasets and therefore there is need to improve the bioinformatics 

workflows associated with metaproteomic analysis.  

Another major limitation in plant-microbiome studies is related to the untargeted 

metabolomics studies. Mass spectrometry based untargeted metabolomics identifies thousands of 

compounds, but only a small portion of them are previously known and have chemical 

information associated with them, which makes only a small portion of the measured data useful 

to draw any biological interpretations. While the large portion of measured compounds are 

unannotated, they may consist of novel and biologically relevant compounds. However, most 

studies do not report them due to the lack of annotations. This is a major limitation in the field of 

untargeted metabolomics and needs significant improvements in expanding the spectral libraries 

by characterizing more compounds. Another possible approach is for the scientific community to 

do a better job of data sharing by creating databases of these compounds in GNPS like platforms 

and make the data available for collaborations that can enhance identification of novel 

metabolites and make advancements in metabolomics research.  

Given the complexity of the plant-microbiome system, integrating multiple omics studies is a 

powerful approach in studying the complex interactions between the plant and microbes as they 

can provide a holistic understanding by combining data from different molecular layers such as 

DNA, transcripts, proteins and metabolites. For example, integrating the root exudate 

metabolomics results with metaproteomics results of associated microbial community can 

provide a systems-level understanding of how root exudates influence the microbial 

communities. This comprehensive analysis helps in linking specific exudates to microbial 

functions and plant-microbe interactions. However, integrating multiple omics approaches has 

several challenges including data qualities can be variable between different omics approaches, 

some datasets may have higher coverage than others and this can lead to difficulties in 

integrating them for a meaningful biological interpretation. Additionally, biological interpretation 

of data from integrating multi-omics approaches requires extensive biological knowledge to 

understand how changes at genomic, transcriptomic, proteomic, or metabolomic levels are 

related to each other in the context of plant-microbe interactions. 
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Another challenge in plant-microbiome research currently is although it is known that the 

microbiome composition and functions are spatially and temporally dynamic, it is extremely 

difficult to study these dynamics in soil due to the complexity of the microbiomes, soil properties 

and methodological limitations. Future efforts in plant microbiome research should focus on 

obtaining spatially resolved omics measurements from soil analog based systems that closely 

mimic soil for a more realistic understanding of interactions in rhizosphere. Additionally, there is 

a need to analyze root system architecture including root length, branching patterns, root hair 

density in root exudate studies as the root system architecture is critical in determining how and 

where exudates are released into its environment. Plants often alter root growth and exudation 

patterns in response to environmental conditions including biotic and abiotic stressors. Combined 

root exudate analysis with advanced root phenotyping data enables us to correlate specific root 

morphologies with adaptive exudation strategies but are currently lacking in the field. Integrating 

the plant root phenotype data with metaproteomics and metabolomics data of root exudates can 

significantly enhance our understanding of how the structure and organization of the plant root 

system can influence the microbiome composition by shaping the root exudate profiles. This 

helps identify how different root traits support microbial interactions. Root growth is a dynamic 

process, with different phenotypes appearing at various growth stages. By analyzing temporal 

dynamics in exudate profiles alongside temporal changes in root architecture, we can track how 

exudate release changes over time in relation to the root development. This dynamic approach 

reveals the critical time points at which certain exudates are released and may be crucial in 

microbial recruitment or nutrient mobilization. Such integrated studies bridge the gap between 

plant morphology and functional ecology and offers a holistic approach to enhance plant 

resilience and productivity.  

Over the past few years, major advancements in the field of plant-microbiome research have 

been made using omics technologies, that provided unprecedented insights into the complex 

interplay between the plant host and its associated microbiome. These advancements in plant-

microbiome research deepened our fundamental understanding of plant rhizosphere system and 

holds promise for developing strategies to improve plant health, productivity and resilience for 

sustainable agriculture.
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