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Abstract 

 
Historical Contingency in Microbial Ecology and Evolution 

by  
Reena Debray 

 
Doctor of Philosophy in Integrative Biology 

 
University of California, Berkeley 

 

Professor Britt Koskella, Chair 
 

 
 

The responses of biological systems to perturbations can depend on past events, a phenomenon 
known as historical contingency. The fitness of a new species in a community, or of a new 

mutation in a genome, is always evaluated within the existing context. Identifying historical 
processes in ecology and evolution has been challenging, as it requires a detailed record of past 

events. Further, historical contingency can make each instance of community assembly or each 
mutational sequence appear unique, and potentially not useful for building predictive 
frameworks. However, a growing body of work reveals that we can, in fact, identify conditions 
that alter the balance of historical and deterministic processes across systems, and that this 
understanding can help us interpret puzzling patterns of divergence among populations or 
communities. My dissertation research explores historical contingency in the ecology and 

evolution of microorganisms, including bacteria, fungi, and phages. I focus on microbes as a 
tractable model system for other organisms, an interesting case study when patterns do not align 
with those of other organisms, and an important component of ecosystems in their own right.
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1. Introduction 
 

 In many instances, the development of the diversity of life on Earth has hinged on 
certain critical events happening at the time and place that they did. For example, the 

eukaryotic cell first originated when an archaeon engulfed a bacterium that gave rise to the 
mitochondria – an event that has never, to our knowledge, been replicated since (1). The 

massive asteroid that hit the earth at the end of the Cretaceous Period caused the sudden 
extinction of non-avian dinosaurs, leaving an evolutionary opportunity for the rapid adaptive 
radiation of the surviving mammals, including our ancestors (2). Later, the retreat of North 
African forests was thought to select for primates to descend from the trees and evolve to walk 
on their hind legs, eventually permitting the development of tool use and the evolution of 
higher intelligence (3). Stephen Jay Gould famously postulated that if we could rewind the 
history of life on Earth and rewatch it again and again, the outcomes would likely be different 
(4). How many times would consciousness evolve again? What about multicellular life? How 

many times would cells even arise at all? 

 Gould lamented that “The bad news is that we can’t possibly perform the experiment.” 
But in the intervening thirty years, biologists have developed a variety of other creative 
approaches to explore how historical processes shape ecology and evolution. For example, 
phylogenetics allows us to reconstruct relationships among lineages and infer what traits their 
ancestors had, helping us identify when certain traits arise only in the presence of key 
facilitating mutations (5,6). Geneticists are exploring how gene-gene interactions limit the 
evolutionary pathways available to organisms, with populations often reaching different local 
optima on the adaptive landscape depending on the order in which mutations appear (7). 
Ecologists are investigating how organisms modify their environments, changing which species 
can colonize after they arrive (8). Biochemists are showing how mutations interact to shape 

protein function and stability, providing insight into why the effect of a new mutation often 
depends on the genetic context in which it arises (9,10). 

 As an experimental biologist, I tackle this question by manipulating historical events in 
the lab and watching ecological and evolutionary events play out in real time. I use 

microorganisms as a model system because they allow me to do many things that Gould 
thought were impossible at the time: preserve populations indefinitely in stasis, resurrect them 
at any time, and observe community assembly and genetic adaptation within the span of weeks 
or months (11). In my dissertation research, I used this framework of “replaying” ecology and 
evolution to provide new insights into five different scientific questions. 

 In my first chapter, I worked with a diverse team of microbiologists and ecologists to 
develop new methods for analyzing microbiome sequence data. Unlike plant and animal 

ecosystems, microbial communities are typically profiled indirectly through sequencing. A 
particularly common method is to sequence a short section of a highly variable gene to 

characterize microbiome diversity in a given environment. While this approach – called 
amplicon sequencing – has revolutionized the microbiome field in the past decade, it is still 

quite limited. Amplicons do not provide information about genome content, ecosystem 
function, or even whether the microbial cells they originated from were dead or alive (12). They 

provide relative, not absolute, abundances of microbial species and often cannot reliably 



 

 2 

classify organisms at the species or strain level (13). I developed a framework to identify 
signatures of priority effects – a phenomenon in which community assembly outcomes depend 
on historical events such as arrival order – using only the level of species identification that is 
typically available in such studies (14). 

My second chapter tested for priority effects in the lab, expanding beyond ecological 
effects to incorporate evolutionary changes that occur between arrival of one species and the 

arrival of another. I introduced bacterial species to tomato plants in varying orders and 
measured community assembly outcomes. In agreement with the computational data analysis 

of my first chapter, as well as previous studies (15,16), I found that priority effects were 
strongest when the species involved overlapped sufficiently in their ecological requirements. I 

next asked how adaptation to the local environment – a less considered advantage of early 
arrival – would alter priority effects (17). 

 In my third chapter, I worked with a team of agroecologists to explore how agricultural 
management practices impact soil health. We were particularly interested in the response of 

arbuscular mycorrhizal fungi, which colonize plant roots and assist the plant in a number of 

ecological services including nutrient and water acquisition, stress tolerance, and fertility (18–
20). I harvested leaves from tomato plants grown in full-water and drought conditions, either 

with or without access to their mycorrhizal symbionts. I found a 25% reduction in biodiversity of 
both bacteria and fungi when plants were grown without mycorrhizae. To ask whether the 

plant microbiome can recover from this disturbance, I took an “ecological replay” approach , 
transplanting microbial communities from either mycorrhizal or non-mycorrhizal plants in the 

field onto mycorrhizal or non-mycorrhizal plants in the lab (21). 
 Similarly, my fourth chapter used this field-to-lab transplant approach to test how 

microbial communities would assemble under different conditions. I was motivated by the 
observations that viruses of microbes (phages) can maintain microbiome community diversity 
by preying on abundant species (22,23) and that microbiome diversity often predicts resistance 
to pathogen infection (24,25) to predict that phages play an indirect role in pathogen defense 
by maintaining microbiome diversity. 
 My final chapter tackled a decade-long microbiological puzzle. Bacteria are under 
frequent parasitism by viruses (bacteriophages), and while they can evolve to evade phage 
infection, they tend to do so at a cost to growth or reproductive rates (26–28). Since phage-
mediated selection pressures are constantly changing as bacteria coevolve, and phage 

resistance is costly when not in use, resistance mutations should be short-lived in nature (29). 
Yet surveys of wild bacterial communities often find that they are still resistant to phages that 
existed months or years in the past (30,31). I hypothesized that bacteria might harbor 
signatures of historical coevolution because certain resistance mutations are unlikely or even 
impossible to reverse once they have been required. 
 Finally, I was fortunate to work on an extremely eye-opening research study focused on 
mentorship of graduate students in the biological sciences. My collaborators and I surveyed 
graduate students at the University of California, Berkeley about their advisor’s mentoring style 

and the support they received from their lab and research program more broadly. We aimed to 
identify mentoring practices that predict graduate student diversity, productivity, and well -

being. The results of this study, and commentary on how they can be used to create more 
supportive and equitable scientific environments, are presented in the Appendix.   
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2. Priority effects in microbiome assembly 
 
Parts of this chapter have been adapted from the following with permission: 

Debray, R.*, Herbert, R.A.*, Jaffe, A.L., Crits-Christoph, A., Power, M.E., Koskella, B. 2022. 
Priority effects in microbiome assembly. Nature Reviews Microbiology 20(2): 109-121. 
*These authors contributed equally. 
 

2.1 Introduction 
Decades of ecological theory and field experiments have demonstrated that the initial 

assembly of ecological communities or their recovery following disturbance can depend on 

historical processes, including the sequence in which species arrive (32–36). Arrival history 
influences succession when species that arrive earlier alter resources or environmental 
conditions in ways that impact species that arrive later, affecting their ability to establish in the 
community. These interactions, known as priority effects, can generate alternative successional 
trajectories for whole ecosystems (8). Thus, our knowledge of priority effects in plant and 
animal communities has critically informed ecological restoration and agricultural practices 
(37,38). 

Until recently, our understanding of historical assembly processes in complex microbial 

communities has been limited by methodological challenges of characterizing members of 
microbial communities and their interactions (39). Now, clear evidence of important priority 

effects in microbiomes is growing and these effects have been shown to influence microbiome 
assembly across a variety of habitats, including the mammalian gut (40–43) and skin (44), plant 

foliage (45–47), nectar (15) and roots (48,49), and free-living terrestrial (50) and aquatic (51,52) 
communities. As microbiome composition is linked to host health and/or ecosystem function in 
many of these systems (53,54), priority effects represent an important avenue for the 

management and manipulation of microbiomes in agriculture, conservation and medicine. The 
rich history of research on priority effects in other systems gives microbial ecologists an 

excellent framework against which to compare and contrast the assembly of microbial  
communities. However, key differences in scales of observation, community complexity and life 

history can limit the direct translation of theoretical predictions to microbiomes.  

Mechanisms of priority effects 
 Primary succession (the initial assembly of biota on sterile substrates) and secondary 
succession (recovery by regrowth and colonization following perturbation) can follow multiple 
trajectories depending on how early colonists affect later arrivers (32) (Figure 1). Interactions 
between early-arriving and late-arriving species can be mediated by trophic resources that are 
actively metabolized, such as limiting nutrients, or by non-trophic resources, such as micro-
environments that provide protection from stress. While priority effects are most often 

detected during initial assembly or recovery periods, they describe effects of resident 
community composition on arriving species independent of the time since the habitat was 

created or disturbed.  
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Figure 1. Priority effects between macroorganisms and between members of their microbiomes in a 

hypothetical terrestrial ecosystem.  a) Early-planted legume crops facilitate overyielding of grains such as corn 
through nitrogen sparing (55). b) Aerotolerant bacteria facilitate the subsequent colonization of obligate 
anaerobes in the neonatal intestine by depleting oxygen (56). c) Cattle treading affects soil compaction and water 
retention, inhibiting the germination and growth of new seedlings (57). d) Early exposure to pathogens confers 

cross-immunity to related bacteria in many mammals (58). e) Early-arriving plants inhibit the growth of late 
arrivers through nutrient and light pre-emption (55,59). f) Early-arriving, root-associated bacteria can inhibit late-
arriving strains through the pre-emption of essential nutrients such as iron (60). 
 

Niche pre-emption 
Niche pre-emption occurs when an early-arriving organism depletes resources, thereby 

inhibiting the establishment of a late arriver. Multiple lines of evidence point to niche pre-

emption, particularly competition for nutrients (exploitative competition), as an important 
process in microbiome assembly. Within simplified communities of protozoans, bacteria or 

yeast, early arrivers are often able to exclude late arrivers in microcosms (15,61,62). Amplicon 
surveys tracking succession in the Arabidopsis thaliana phyllosphere (63) and the infant human 

gut (64) showed that ecologically similar bacteria tended to occur within the same host 
population but that individual hosts were dominated by different bacterial species. In the A. 
thaliana study, the spatial arrangement of plants in the greenhouse influenced initial exposure 
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to microbiota members and strains that established early excluded subsequent strains from 
occupying the same niche (63). 

Furthermore, observed priority effects are often strongest among species that require 
the same resources (15,62). For example, inoculation order predicted growth among pairs of 
nectar yeast species with similar amino acid consumption profiles (15). The life history traits of 
many microorganisms are not well characterized and may not correlate with marker gene 

sequences. Thus, approaches in metabolic modelling or metagenomic analyses that incorporate 
microbial function as well as experimental manipulations of arrival order have proved 

particularly useful in uncovering these complex effects (40,44). The effect of nutrient pre-
emption may be altered or prevented by the relative concentrations of other limiting nutrients. 

For example, algae that are individually superior competitors for either silicate or phosphate 
can coexist or competitively exclude one another, depending on the concentrations of these 

nutrients in a nutrient-limited freshwater medium (65). Similarly, competition between bacteria 
and yeast of the nectar microbiome for amino acids is temperature dependent (66), likely 

owing, in part, to a shift in the competitors’ metabolism. Therefore, broadly speaking, generally 

inhospitable environments may weaken pre-emptive priority effects in microbial communities 
by limiting population growth of an early-arriving population and reducing its chances of 

increasing to a non-invasible density.  
Non-trophic resources are also crucial for establishment and thus have the potential to 

shape priority effects. Niche pre-emption can also occur through competition for space 
(including through interference competition). For example, ectomycorrhizal fungi compete for 

space on plant roots (49). In the mouse gut, early-arriving Bacteroides strains penetrate and 
saturate deep colonic crypts, forcing subsequent strains to occupy less protected niches that 

are cleared by the mouse immune system (41). While simple models of competition often 
predict the success of superior competitors, accounting for niche pre-emption predicts that 
species can gain an advantage from arriving early despite characteristics that could otherwise 

limit their competitive fitness. 

Niche facilitative modification.  
Niche facilitative modification (facilitation) occurs when an early-arriving organism alters 

the environment in a way that benefits a later-arriving organism. Facilitation is also common in 
microbial communities, where many strains can metabolize byproducts of other organisms. In 

particular, the ability of arriving microorganisms to establish can depend on the presence of 
microorganisms that have broken down large organic molecules into smaller molecules, making 
otherwise inaccessible nutrients available (40,51). Facilitative priority effects can also be 

mediated by stress reduction: in harsh environments, such as the plant phyllosphere, arriving 
strains have a higher probability of survival when they land in multicellular microbial aggregates 

that have produced extracellular polysaccharides that reduce desiccation stress (67,68). As in 
niche pre-emption, the ecological interactions that underlie facilitation often depend on 

resource availability (69), making it likely that facilitative priority effects can also be highly 
context dependent. In host-associated microbiomes, early arrivers can also facilitate late 

arrivers by modifying host physiology or immunity. For example, some plant-associated 
bacteria can modify host tissues to increase nutrient leakage (68).  
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Furthermore, many microorganisms, particularly pathogens, suppress host immunity as 
they establish, facilitating colonization by other microorganisms that would have otherwise 
been recognized by the same immune pathway (45,47,70). Owing to the rapid coevolution of 
host immune genes and pathogen effectors, the magnitude and direction of this effect can be 
highly dependent on host and pathogen genotypes. For example, virulent strains of 
Xanthomonas perforans can suppress the tomato immune response and facilitate colonization 

by Salmonella enterica, while avirulent strains of X. perforans instead stimulate the immune 
response and inhibit S. enterica (70). Similarly, prior infection by the fungal pathogen 

Zymoseptoria tritici suppresses the wheat immune response and facilitates Pseudomonas 
syringae colonization, but only in a cultivar that is susceptible to Z. tritici. In a resistant cultivar, 

the opposite occurs: Z. tritici infection stimulates the wheat immune response and inhibits 
subsequent colonization by P. syringae (45). 

Many microorganisms facilitate the dispersal of other species through substrates or 
around host tissue. For example, the hyphae of osmotrophic fungi create a physical scaffold and 

a surrounding micro-aqueous environment that enhances the dispersal of motile bacteria such 

as Serratia proteamaculans in cheese rinds (71). In such cases, resident strains benefit new 
arrivers by increasing their access to their environment. 

Niche inhibitory modification.  
Niche inhibitory modification (inhibition) occurs when an early-arriving species modifies 

conditions (rather than resource levels) in a way that slows or prevents the establishment of 
later-arriving species (8,32). Niche inhibitory modification can arise through apparent 
competition or through interference competition. The best-studied examples of priority effects 
via apparent competition are mediated by host immunity. Many members of Bacteroidetes and 
Firmicutes produce short-chain fatty acids in the human gut that stimulate mucus and epithelial 
cell growth and production of antimicrobial peptides, reducing subsequent colonization by 

enteric pathogens (72). Conversely, pathogens such as Salmonella enterica subsp. enterica 
serovar Typhimurium have been shown to modulate host immune responses to inhibit gut 

commensals and facilitate their own growth (73). Indeed, although typically considered strictly 
in terms of molecular interactions with hosts, effector proteins such as Ave1, which is secreted 

by the fungal plant pathogen Verticillium dahliae, can also reduce resident bacterial density in 
tomato and cotton plants, thus clearing the way for subsequent fungal colonization (74). 

Pathogens can also remodel the host environment in other ways, such as through necrosis of 
host tissue, which negatively affect the diversity and composition of microorganisms that can 
survive in the host (75,76). These effects may help explain the common observation that 

microbiome diversity is reduced in hosts experiencing disease (53,54). 
Apparent competition as a result of shared protozoan or viral predators is likely 

common in microbiomes and may therefore be an important mechanism by which early-
arriving species inhibit subsequent colonization by other species. For example, temperate 

phages arrive in the microbiome in the genomes of bacterial hosts but can occasionally enter 
the lytic cycle and infect neighbouring cells, including competitors. The presence of a temperate 

phage in a resident strain of Bordetella bronchiseptica limits colonization by another, phage-
sensitive B. bronchiseptica strain in pure culture (77). Apparent competition is likely to 

influence and complicate priority effects in many other ways, as predation can slow the 
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nutrient depletion or niche construction activities of early-arriving species, select for costly 
resistance traits and release nutrients sequestered in dormant cells (78). Increasing evidence 
indicates that viruses of microorganisms can also interact with eukaryotic hosts; for example, 
lytic production of a Pseudomonas aeruginosa phage increases anti-viral immune responses in 
the mouse lung, thus suppressing the host response to bacteria (79). These studies highlight the 
need for future work to characterize the roles of predation and parasitism in microbiome 

assembly. Finally, direct inhibition in host-associated and environmental communities can occur 
through bacterially produced compounds. In these cases, interference competition can lead to 

niche inhibitory modification rather than niche pre-emption because the early arriver degrades 
an environment for a late arriver without necessarily occupying the space itself. In the mouse 

caecum, acid production by Bifidobacterium animalis subsp. lactis reduces pH, creating a non-
permissive environment for colitis-inducing Enterobacteriaceae (80). In fermented foods, such 

as cheese and sourdough, Lactobacillus and Lactococcus species produce bacteriocins with 
antimicrobial activity against foodborne pathogens such as Salmonella paratyphi  (81,82). In the 

human gut and on human teeth, microaerobic bacteria arrive early in succession and 

deoxygenate the environment, limiting the establishment of other aerobes while 
simultaneously facilitating colonization by anaerobes (56,83). 

Functional outcomes of priority effects.  
It is well known that different species can fill similar ecological roles, complicating the 

interpretation of turnover in community composition across time or space (84). Functional 
redundancy, when two different taxa perform similar ecosystem functions (for example, as 
measured in microbiomes by gene content, chemical productivity or host outcomes) is 
seemingly common in microbial communities (85,86). Nonetheless, microbiome assembly 
history has been shown to affect community-level and ecosystem-level properties, including 
biomass distribution (87), decomposition rates (50,62), nutrient cycling (50,88,89), host health 

(44,45,48,90) and productivity–biodiversity relationships (91). These observations raise the 
questions of when and how the effects of assembly history are of functional significance.  

A helpful framework is to consider species in terms of their resource requirements and 
environmental impacts (also referred to as guilds or functional groups). Depending on the 

mechanism, priority effects can occur between species with similar or different resource 
requirements but are unlikely to affect function when they occur between species from similar 

functional groups (Figure 2a,b). However, there are many ways through which priority effects 
can occur between species with different environmental impacts. Ecologically dissimilar taxa 
can affect one another by altering resources or environmental conditions, including the 

abundances of shared predators. Species that differ in most aspects of their requirements and 
impacts may nevertheless be all limited by an essential resource or, conversely, species with 

similar requirements may differ in one or a few key genes that translate to different 
environmental impacts (Figure 2c–e). The latter case may be especially common in microbial 

communities, where closely related strains are often distinguished by the presence or absence 
of entire genes rather than single-nucleotide polymorphisms (92). An important caveat to this 

framework is that species-rich microbial communities can contain more taxa that perform 
unique functions as well as those that are functionally redundant than less diverse microbial 
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communities (93); thus, the consequences of priority effects for ecosystem function are likely to 
depend on the community context. 

 

 
Figure 2. Examples of priority effects with varying impacts on function. a) Niche inhibitory modification can occur 

between species with different resource requirements, such as the fungal pathogen  Botrytis cinerea and the plant 
pathogen Pseudomonas syringae, with similar consequences for host health (94). b) Many instances of priority 
effects between ecologically similar species do not affect microbiome function (95). c) Niche modification by early 
arrivers can facilitate or inhibit the colonization of functionally distinct microorganisms, altering the functional 

trajectory of the community (40). d) Niche pre-emption can occur between ecologically dissimilar species when 
they compete for a broadly used resource. Serially passaged pitcher plant microbiomes converge on broad 
functions such as CO2 respiration despite assembly history but diverge on specialized functions such as 
endochitinase activity (89). e) Niche pre-emption between microorganisms that require most of the same 

resources can still affect function when they differ in a few key traits such as the presence or absence of ice -
nucleating proteins that cause frost damage in plants (96). 

 

2.2 Materials and Methods 
Detecting microbial priority effects  

Experimental studies that vary the arrival order of individual strains (15,46,50) or entire 
consortia (42,52,97) can directly measure both the role of priority effects in community 

assembly and the importance of external factors, such as nutrient availability, for these effects. 
Experimental manipulations of phyllosphere and mouse gut microbiome assembly showed that 

most observed priority effects were inhibitory, with only a minority of strains benefiting from 
facilitation (42,46). In the case of the phyllosphere, individual strain manipulations identified a 
small number of strains (keystone taxa) that were responsible for most observed priority 
effects (46). In the mouse gut, priority effects were found to be largely independent of the host 
immune response, suggesting that direct bacteria–bacteria interactions may comprise the 
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majority of such effects (42). However, probing the effects of individual strains requires 
cultivated isolates, whereas only a minority of bacterial species are easily culturable across 
ecosystems (98). In several cases, difficult-to-culture organisms have only been grown in co-
cultures, relying on other microorganisms for compounds such as amino acids, vitamins or 
siderophores that they do not produce themselves (99,100). This extreme metabolic 
dependence suggests that uncultured taxa are particularly likely to be sensitive to the presence 

or absence of other taxa during microbiome assembly. In fact, this may contribute to 
observations of predominantly inhibitory interactions in laboratory studies (46). As such, 

despite the clear utility of experimental approaches in probing community assembly 
mechanisms, measures of priority effects using only culturable strains may miss many 

interesting or informative cases. 
Approaches such as challenging established microbiomes with individual strains to 

examine invasion success with different resident microbiomes (16,48,101,102) or, conversely, 
inoculating hosts with specific isolates and then allowing natural colonization (103), are also 

experimental but can include naturally diverse communities with currently uncultured taxa. For 

example, wood disks pre-colonized with individual fungal isolates and deposited in leaf litter for 
12 months developed different microbiomes depending on the identity of the pre-colonizer 

(103). These approaches are most informative when strains of interest have already been 
identified but their interactions within their overall community are not known.  

Fully observational datasets have the highest potential to capture realistic microbiome 
dynamics, especially interactions involving rare and/or uncultured taxa, but can be more 

difficult to interpret in terms of mechanism or causation. Historically, ecologists have taken 
advantage of natural phenomena such as island formation or major disturbances to determine 

how communities assemble when successional dynamics are initiated or reset (104,105). 
Similarly, microbiome assembly can be measured during initial development of a new host or 
after disturbances such as antibiotic treatment. Early amplicon surveys showed that infants 
born by caesarean section acquire a smaller share of their early microbiota from their mothers 
than infants born by vaginal delivery and signatures of this event persist throughout early life 
(106,107). While it is not yet possible to rule out dispersal limitation or environmental 
differences as contributing mechanisms, recent work attributes some of this variation to niche 
pre-emption between Bacteroides (more abundant in vaginally born infants) and 
Bifidobacterium strains (more abundant in infants born by caesarean section). Whichever of 

these two genera was most abundant contributed the most to human milk oligosaccharide 
breakdown in the infant gut (64). Observational studies have also revealed that the 
compositional trajectory of the human gut microbiome after antibiotic perturbation depends 
on the activities of certain bacteria. Across several human cohorts, taxa associated with 
antibiotic recovery had genomes enriched for carbohydrate-degrading enzymes, particularly 
those that degrade host-derived mucins (40). This observation suggests that the initial 
breakdown of host-derived metabolites can support the growth of secondary or tertiary species 

(niche facilitative modification) and pave the way to the recovery of pre-antibiotic diversity. 

Re-analyzing data from mammalian gut microbiomes 
Experimental manipulation of arrival order allows direct examination of causative 

effects, an important and difficult undertaking in complex ecological communities. However, in 
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the absence of a priori hypotheses about which taxa are expected to interact, searching for a 
‘needle in the haystack’ by individually permuting all strains in a model community can quickly 
become prohibitively labor-intensive. We reasoned that signatures of priority effects in 
community sequencing data could be detected in a dataset meeting the following conditions: (i) 
Repeated sampling from the same individual hosts over time, to quantify how successful 
species were at establishing after arrival; (ii) Sufficient cohort size to identify species that 

successfully established in some hosts they colonized but not others; and (iii) High temporal 
resolution, to test whether variation in the ability of a species to establish in a host was linked 

to resident microbiome composition prior to its initial colonization. We identified three 
mammalian gut datasets that met these criteria. One study followed 56 infants from birth 

through the first three years of life, sampling approximately monthly (108). Another tracked 
microbiome assembly in 12 mice during the first six months after birth (109), and the final 

dataset sampled the rumens of 45 cows approximately monthly for the first two years of life  
(43). We analyzed each dataset separately, as follows:  

Within each dataset, we considered OTUs that were detected in at least 20% of hosts 

for any amount of time. We defined the first arrival of an OTU to a host as the first time at 
which its relative abundance was greater than zero. We then defined persistence as the 

proportion of the six-month window after arrival in which the OTU was detected at a relative 
abundance greater than zero. We thus calculated arrival time and persistence values for every 

OTU-host pair. For each OTU, we generated a Bray-Curtis dissimilarity matrix in which distances 
among hosts were based on counts of all other OTUs at the sampling point immediately before 

the focal OTU was first detected. We used the adonis function in the R package “vegan” (110) 
to identify OTUs for which, across hosts, microbiome composition before arrival predicted 

persistence.  
We considered the possibility that these OTUs were simply responding to aspects of the 

environment, such as host development, that can be confounded with microbiome 
composition. To explore this possibility, we repeatedly permuted arrival times across hosts, 
constructed a Bray-Curtis dissimilarity matrix of resident microbiome composition based on the 
permuted arrival times, and re-tested the relationship between microbiome composition and 
persistence. This essentially tested whether microbiome composition at the same stage of 
development, but in a different host, predicted focal OTU persistence. Across 100 iterations per 
focal OTU, the permuted data rarely produced test statistics as extreme as the observed values 

(Figure S1). We aimed to identify individual taxa that contributed to observed relationships 
between microbiome composition and persistence. We focused on focal OTUs for which 
persistence was significantly associated with resident microbiome composition across hosts 
after correction for multiple testing. For each focal OTU, we used the negative binomial model 
implemented in the function DESeq (package “DESeq2” (111)) to identify partner OTUs whose 
relative abundance immediately before arrival of the focal strain predicted persistence of the 
focal strain. Finally, having identified candidate partner-focal pairs, we asked whether these 
relationships were phylogenetically structured. To generate a null distribution for each dataset,  

we resampled the same number of random pairs in each dataset 1000 times and calculated the 

proportion with the same family-level classification. 

Re-analyzing data from the plant rhizosphere microbiome 
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Destructive sampling precludes measurements of microorganismal persistence, and 
thereby priority effects, within individual hosts. However, we reasoned that evidence of 
relevant interactions between microorganisms could still be identified in destructively collected 
datasets, provided they are sufficiently replicated. We identified a study which measured the 
development of the rice root microbiome in high temporal replication (112). Six rice cultivars 
were grown unequally across three field experiments in California and Arkansas, U.S.A., and 

sampled either weekly or biweekly across the plant life cycle. Random forest models were 
developed ranking the relative abundance of root associated OTUs by their contribution to the 

prediction of plant age at sampling. 85 plant age-predictive OTUs were identified for each of 
paired rhizosphere and root endosphere samples. Here, we hypothesized that many of these 

host age-predictive OTUs impact their surrounding community. For each of the common, 
biweekly samples, we used the adonis function to identify whether any of the 85 endosphere-

associated OTUs correlated with the composition of their broader community as a factor nested 
by plant age at sampling. The relative abundance of 70 of these OTUs were significantly 

predictive of community composition. To control for the unequal planting of rice varietals in 

different field trials, we used the same function to conduct an additional PERMANOVA nesting 
the relative abundance of the OTU of interest by field site, rice cultivar, and plant age at 

sampling. 
 

2.3 Results 
With an appropriate observational dataset, it is possible to statistically predict which 

taxa are of interest and narrow the search space for subsequent experimental validation. 

Through re-analysis of publicly available data from the succession of human, mouse and cattle 
intestinal microbiomes, we demonstrate one way in which this can be done. Repeatedly 

sampling hosts over time captures the arrival times and subsequent persistence of individual 
taxa (Figure 3a). With sufficient cohort size, the variation in persistence of individual taxa may 

be linked to resident microbiome composition before their arrival (Figure 3b,c). Across 
datasets, candidate inhibitory priority effects consistently occurred among more closely related 

taxa than expected by chance (Figure 3d). This pattern mirrors experimental work in aquatic 
microcosms (62), nectar yeast communities (15) and probiotic clinical trials (16), in which 

resident strains limited the subsequent establishment of other, closely related strains. 
In many cases, repeated profiling of the same community can be challenging to perform, 

either as a result of destructive sampling, spatial structure within the microbiome or difficulty in 
acquiring samples from the same individual hosts over time. When working in a system that 
does not permit temporal sampling, it is best to draw from a large population of hosts sampled 
at different times with high temporal resolution. For example, the development of the rice root 
microbiome was followed by destructively sampling plants weekly or bi-weekly until maturity 
and senescence, using four plant genotypes unequally grown in field trials at three separate 
field sites (112). In these high-resolution datasets, strains of interest can be identified by linking 

the abundance, rather than the persistence, of individual taxa to the composition of the 
remaining community (Figure 4a) and then to individual strains therein (Figure 4b). This 
approach identified 66 OTUs which were significantly correlated with the composition of their 
community.  



 

 12 

One such OTU (OTU 4453710) was annotated in the original publication as a Rhodoferax 
species, which is compelling, considering the list of plant age-predictive endosphere OTUs also 
contained three taxa annotated as Geobacter species (OTUs 344965, 167822, and 137893). 
Both genera broadly couple acetate oxidation with dissimilatory metal reduction; and some 
Rhodoferax species have been previously observed to compete with Geobacter spp. for iron 
and acetate in anoxic subsurface sediments (113). However, some species of Geobacter, 

specifically, are capable of reducing uranium and mercury contaminants, and are therefore 
relevant to bioremediation of contaminated groundwater (114). Moreover, Geobacter spp. 

have been observed to fix nitrogen and internally colonize diverse plant species (115). 
Considering that these three plant-age-predictive Geobacter OTUs were observed to increase 

consistently in relative abundance in the rice root endosphere after the shift to plant 
reproductive growth, when nitrogen demand is highest (116), they may also play a role in 

promoting plant growth. We plotted the relative abundances of Rhodoferax 4453710 against 
these three Geobacter OTUs and observed strong negative correlations across the biweekly 

samples, although this differed slightly by strain (Figure S2). One explanation for this is host 

developmental status, as Rhodoferax and Geobacter were identified as early and late arrivers to 
the rice rhizobiome, respectively. However, these Geobacter OTUs were scarcer in later 

timepoints (84, 98, and 112 days after planting) when Rhodoferax sp. 4453710 was more 
abundant. This trend was also evident within samples of the rice cultivar “CLXL745” collected 

from a single field trial in Jonesboro, Arkansas, suggesting that the covariation observed is 
caused by more than differences in field site or host genotype alone. Alternative factors such as 

dispersal limitation, environmental heterogeneity, or priority effects via niche preemption 
could result in such a pattern. However, having identified associations between taxa previously 

observed to compete is compelling, and at this point it is possible to design complementary 
laboratory experiments to explicitly test for priority effects involving the identified strains. In 
general, it is often necessary to integrate multiple pieces of evidence, including mathematical 
predictions, field observations and laboratory experiments, to fully understand ecological 
assembly processes in complex systems (117). 

 

2.4 Discussion 
Shared insights across systems  

Sufficient theory and data are now available to address the characteristics of priority 
effects across systems. Although individual priority effects and their underlying mechanisms are 

likely to be system specific, we can begin to identify general circumstances that affect the 
likelihood and outcomes of priority effects. Mathematical models have an important role here 

as they allow the manipulation of parameters that vary across systems (such as resource 
availability (65), dispersal rates (118), spatial structure (119) and metacommunity structure 

(120)). Such insights will allow us to move towards a more predictive science and help to 
determine which principles apply both in communities of microorganisms and those of 
macroorganisms. 
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Figure 3. Approaches for detecting candidate priority effects in time-series microbiome data. a) Repeated 
sampling of individual hosts allows the calculation of arrival times and persistence values for each host–strain 
combination (43). Re-analysis of data from infant gut communities sampled monthly for the first 3 years of life  
(108) revealed variation in persistence of operational taxonomic units (OTUs) among infants. Here, we show the 

persistence of a representative OTU (OTU17, Alistipes sp.) across three infants. Persistence is defined as the 
proportion of a 6-month period after first arrival (indicated by shaded panels between dashed lines) in which 
relative abundance was greater than zero. b) Variation in the persistence of a single strain across hosts can be 

associated with resident microbiome composition. Here, we show a principal coordinate analysis (PCoA) in which 
each point represents microbiome composition immediately prior to the arrival of  Alistipes sp. (OTU17) in an infant 
host. Clustering indicates that resident microbiomes associated with high persistence of Alistipes sp. were distinct 
from those associated with low persistence of Alistipes sp. Ellipses correspond to 95% confidence intervals based 
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on k-means clustering. c) When the persistence of individual taxa after arrival correlates strongly with resident 
microbiome composition (as shown in part b), negative binomial regression (111) can be used to identify 

microbiome features (that is, individual taxa) that differentiate high-persistence and low-persistence outcomes. 
Here, we show two taxa identified by this approach that predict persistence of  Alistipes sp. (OTU17). Error bars 
represent 95% confidence intervals (1.96 times the standard error of the mean). d) We applied the approach 
described in parts a–c to published temporal microbiome data for mouse (109), human (108) and cattle 

(43) intestinal microbiomes within the first 1–3 years of life. In each dataset, the observed phylogenetic structure 
of the predicted OTU pairs was compared to a null distribution generated by measuring the phylogenetic structure 
of 1,000 permutations of correspondingly sized samples of OTU pairs from the entire dataset. Across all studies, 
<10 of 1,000 permutations reached or exceeded the level of taxonomic overlap of OTU pairs predicted to engage in 

inhibitory priority effects (that is, p < 0.01 for all datasets). The taxonomic overlap of facilitative priority effects was 
also higher than expected by chance in the cattle rumen microbiome (p < 0.001) but did not differ from chance in 
the mouse and human gut microbiomes. 

 

 
Figure 4. Identifying strains of interest in destructively sampled microbiome data. a) Destructive sampling of 
plant hosts over the course of their development allows the identification of strains whose abundance correlates 

with altered community states. Rice root endosphere samples from three field trials were harvested at common,  
bi-weekly time points from host germination to senescence (112). In our re-analysis of this published data, nested 
ANOVA reveals operational taxonomic units (OTUs; such as Rhodoferax sp.) whose abundance is significantly 

correlated with altered community states (R2 and p value of the F statistic (Pr(>F)), top right) despite a 
predominant effect of host age at sampling. b) Co-variance of OTUs reveals candidates potentially involved in niche 
pre-emption. For example, Rhodoferax sp. from part a co-varies with several OTUs annotated as Geobacter spp. 
across time points as well as at late time points at which Geobacter is predicted to be more fit in this system (for 

example, at 112 days; inset). That is, the presence of Rhodoferax sp. precludes Geobacter spp. and vice versa. 

 

Population dynamics.  

Priority effects are shaped by numerous properties of microbial populations, many of 
which are likely to interact (Table 1). Large populations or individual sizes of early arrivers 

commonly strengthen priority effects through niche pre-emption as they deplete resources, 
including space, more rapidly (121–123). Population density can be especially important in 
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habitats with only a few favorable microenvironments such as colonic crypts in the mammalian 

gut (41) and stomata on leaf surfaces (124).  

Parameter Niche pre-emption Local adaptation 

Dispersal rate of early 
arriver 

High dispersal rates increase changes of 
colonizing empty habitats and pre-
empting resources (52). 

High continuous dispersal can diminish 
rates of local adaptation of established 
colonists (118). 

Lag time between 
early and late arrivers 

The strength of priority effects should 
scale with lag time until the early-

arriving population reaches carrying 
capacity (52). 

The strength of priority effects should scale 
with lag time for much longer as 

evolutionary changes occur in the early-
arriving population (125). 

Fitness difference 
between early and 
late arrivers 

Large fitness differences (i.e. late arriver 
is a superior competitor) may supersede 
priority effects (8). 

Initial fitness differences should be less 
important, given sufficient time for early 
arrivers to adapt (126). 

Initial size of early-

arriving populations 

Large initial population sizes buffer 

against ecological stochasticity and 
reduce the time needed to effect 
change on the environment (122). 

Large initial population sizes buffer against 

ecological stochasticity and genetic drift 
(125). 

Mutation rate in early-
arriving populations 

Unknown High mutation rates facilitate adaptation to 
the new environment (125) 

Standing genetic 

variation in early-
arriving populations 

Unknown High standing variation facilitates 

adaptation to the new environment, 
especially in cases of short lag time 
between early and late arrivers (125) 

Diversity of early-
arriving community 

May increase niche construction and 
favor subsequent diversification 

(including establishment of late-arriving 
populations) but with diminishing 
returns as niches are saturated (127). 

Adaptation of individual populations can be 
limited by the presence of other 

community members, particularly 
competitors (128). 

 

The impact of niche modification can also depend on density. Nurse tree canopies in 
plants (129) and cellular aggregates in bacteria (130) both shield immigrating individuals from 
heat and ultraviolet stress, with denser populations being more protective. Low to intermediate 
densities of fermentative bacteria facilitate the growth of photoheterotrophic bacteria but 
large populations overproduce organic acids, acidifying the environment and changing the 
interaction from facilitative to inhibitory (131,132). Ectomycorrhizal fungi can facilitate 
Pinaceae invasion into new environments but only when they are present in high densities 

(133). Last, host immune modification typically requires sufficient biomass for detection. For 
example, activation of the plant immunoreceptor FLS2 depends on the dosage of microbial 
flagellin (134). Similarly, the tolerance of the host mosquito species Aedes aegypti and Aedes 
albopictus to Dengue virus conferred by the endosymbiotic bacteria Wolbachia depends on the 
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density of Wolbachia (135). However, not all priority effects are influenced by population 
density. In many cases, the impacts of the early arriver and the requirements of the late arriver 
are better predictors of community assembly outcomes than abundance (136). For example, 
larger phototrophs that use light less efficiently coexist with smaller, more efficient taxa that 
are less impacted by shading in both terrestrial plant assemblages (137) and microbial 
communities (138,139). In other cases, small populations of keystone species can, despite their 

rarity, substantially impact subsequent microbiome colonization (140,141). One such species is 
the bacterium Porphyromonas gingivalis, a low-abundance member of dental biofilms that can 

alter oral microbiome composition and cause inflammatory disease (140). 

Spatial and temporal scales.  
The study of priority effects requires a priori understanding of both the spatial and 

temporal scales of community assembly. Unlike well-mixed liquid lab media, most habitats are 
physically and chemically heterogeneous. Priority effects among microorganisms therefore 
depend not only on population density but also on the distribution of individuals in space. 

Environmental features such as fluid velocity gradients (142), soil granularity (143) and the 

distribution of free water on surfaces (144) all affect spatial patterns in microbial communities. 
Although the influence of spatial structure on priority effects in microbiomes has not been well 
studied, several predictions can be generated from theory and data on contemporaneous strain 
interactions. Physically structured environments allow individuals to associate more often and 
more predictably with kin or mutualistic partners and such spatial associations are widely 
believed to stabilize cooperative traits by excluding non-contributors (145,146). Priority effects 
that are mediated by metabolites (40,51) may therefore be more pronounced in spatially 
structured environments, where these products can be retained locally (‘privatized’) by the 
partners or consortium. Conversely, theoretical analyses and experiments show that spatial 
structure can allow competitors to stably coexist over larger spatial scales by occupying 

different microhabitats (119,147). Early-arriving strains should be slower to saturate all 
available microhabitats in highly structured environments, weakening their ability to preempt 

late arrivers. Moreover, depending on whether dispersal to nearby microhabitats is more likely 
from within the metacommunity or from without, arrival times to microhabitats will vary 

among strains, blurring the overall patterns of priority effects observed.  
Spatial scales of priority effects depend on their underlying mechanisms as well as on 

properties of the environment (Figure 5a–c). Many interactions among microorganisms are 
mediated by secreted compounds, such as metabolites, toxins and enzymes, that are often 
highly restricted in range (148). Advection (transport of a substance by flow of a fluid) and 

diffusion are limited by extracellular polysaccharides in biofilms but can occur over longer 
distances in many settings depending on viscosity and flow in fluids or on porosity and 

permeability in solid substrates (such as soils, sediments, leaf surfaces and skin). Moreover, in 
cases where interactions are modulated by host immunity, these effects can be far -reaching 

relative to cell or aggregate size (45,149). As with spatial distances, the temporal windows 
across which microorganisms interact can depend on several factors, including host biology 

(Figure 5d–f). Microbial populations present in reproductive organs (for example, vaginal and 
floral populations) can populate offspring and shape microbial succession across host 

generations (107,150). Similarly, strains that colonize during critical periods of host immune 
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system development can shape antigen recognition within and across host generations 
(151,152). Of note, modification of host immunity may be unusual in that, once it has occurred, 
it may continue to impact community composition regardless of the continued presence or 
abundance of a causative organism in the community (151). 

In many cases, the strength of priority effects increases with the lag time between early 
and late arrivers (42,52). Given sufficient lag time, priority effects can also be the result of 

evolution. Though often overlooked, early arrivers may not only pre-empt and monopolize 
resources but also have more time to adapt to local conditions and/or to diversify (Appendix). 

Given the potential for long-term changes in fitness in resident species, we might expect 
priority effects in microbial communities to be longer-lasting (when scaled to generation time) 

than in their plant and animal counterparts and to involve eco-evolutionary interactions more 
often. 

 
Figure 5. Priority effects act on a range of spatial and temporal scales. a) Early-arriving microorganisms can alter 
the local environment in many ways, such as by depleting nutrients or producing extracellular polymeric 

substances that protect other cells from desiccation (68). b) Microorganisms can interact indirectly at greater 
distances by modifying a shared host organ. Microbial necrosis of plant tissue reduces subsequent microbiome 
diversity, favoring a minority of taxa that can metabolize diseased tissue (75,76). Bacteria in seawater stimulate 

Hawaiian bobtail squids to harvest Vibrio fischeri symbionts, which trigger the developmental changes that exclude 
non-symbionts from the squid ocular crypts (153). c) Modification of host immune pathways can affect microbial 
colonization in other host tissues such as between intestinal and lung microbiota (149). d) Microorganisms can 
produce short-term, reversible changes to the host environment, such as transient immune responses or changes 

in pH in the vaginal microbiome. For example, Lactobacillus spp. promote an acidic environment that reduces the 
colonization success of many common vaginal pathogens (154). e) Microbiota exposure within a ‘critical window’ 
after birth can permanently shape adaptive immune responses (151). f) Microorganisms that colonize hosts can be 
directly transmitted to offspring (150) or induce heritable changes in immune signaling (152), thereby shaping 

succession of the offspring microbiome in both cases. 
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Dispersal and coalescence.  

An unusual feature of microbial habitats, especially in host-associated systems, is the 
frequent appearance of pristine or nearly pristine substrates. Both newborn animals and newly 
emerged seedling hosts are generally sterile or have limited microbial colonization and events 
such as wounding can make previously microorganism-free host tissue available for 

colonization within the lifetime of a host. In periods of primary succession, stochastic processes 
such as birth, death and immigration tend to have a stronger role than later on (43,63,112). 

These processes may balance or even overwhelm deterministic processes, such as host age, 
environmental variation or the niche pre-emption and modification processes described in this 

Review (155).  
Another unusual feature of microbiomes compared with plant and animal communities 

is the frequent occurrence of community coalescence (156) in microbiomes, such as through 
mixing of freshwater and marine habitats or through close contact between hosts. For example, 

the skin microbiota of members of opposing teams in roller derby (a high-contact sport) 

converged during a game (157). In such cases, the resident community will likely have an 
advantage over the arriving community, but what remains unclear is how much of the observed 

priority effects at the whole-community scale are the result of individual strain-level effects 
versus outcomes of community interactions. Experiments that manipulate the dispersal timing 

of entire communities (52,97), alongside detailed characterizations of pairwise interactions, will 
reveal whether the traditional concept of priority effects should be expanded to include 

emergent effects that cannot be captured by pairwise interactions between resident and 
arriving strains. Finally, although in this Review we have largely focused on how the resident 

microbiota affect the persistence of new species once they arrive, it may be possible for 
residents to influence which species arrive to the community in the first place. For example, 
recent work on floral microbiomes shows that animal pollinators mediate microbial dispersal to 
flowers and that epiphytic floral microorganisms can in turn alter nectar chemistry and 
influence future pollinator visits (158). Whether nectar microorganisms can cause priority 

effects by influencing pollinator recruitment remains to be tested.  

Conclusions and outlook  
Laboratory experiments and field surveys point to priority effects as key, understudied 

determinants of microbiome assembly and function. Widely used approaches to measuring 
priority effects each have their associated merits and challenges. Experimental approaches ar e 
limited by microbial cultivability and niche predictions, while field-based approaches are limited 

by the difficulties of repeatedly sampling the same individual host or environment without 
altering the community. The development and integration of single-cell and multi-omic 

sequencing technologies (159), imaging mass spectrometry (160), quantitative stable isotope 
probing (161) and high-resolution cellular imaging techniques (162) will help to answer 

questions that are beyond the reach of amplicon sequence analyses alone but must still be 
performed in ways that reflect or reveal the known spatial and temporal scales of priority 

effects. For example, pairing amplicon and metagenome sequencing provides complementary 
views of the taxonomic and functional features of the resident microbiome that affect the 

establishment of new arrivals (16) as well as the functional consequences of priority effects 
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(40). Lineage tracking within metagenomes over time (163) will help to identify priority effects 
between closely related strains. Given that niche pre-emption is often strongest among closely 
related taxa (15,16,62) (Fig. 3), strain-level analyses are likely to uncover many unknown 
examples of priority effects. Lastly, paired analyses of microbiome dynamics and host 
metabolomics will shed light on niche modification activities by the resident microbiota  (45).  

Our current knowledge of priority effects focuses largely on ecological interactions that 

affect resource availability or stress reduction. However, predation and parasitism are also 
known to shape community assembly outcomes (164). Multi-kingdom surveys of microbial 

community succession are becoming more common (165) and, as more are undertaken, they 
will reveal how assembly history shapes rich, complex environments. When microbial strains 

consistently coexist and interact over many generations, these interactions have the potential 
to coevolve. The coevolution of competitors often leads to ecological character displacement 

(166) as has been observed in Pseudomonas fluorescens populations in microcosms (167). Of 
course, host-associated microorganisms are unusual in that the environment they inhabit is 

engaged in ecological and evolutionary processes of its own. How the contrasting timescales of 

host evolution and the evolution of host-associated microbiota interact to shape priority effects 
remains to be determined but clues might be gleaned from the study of ‘critical windows’ in  

immune recognition across host species (58).  
Overall, the existing data make it clear that priority effects shape microbiome assembly 

and stability. However, the complexity of these systems and the challenges of moving from co-
abundance patterns to ecological interactions and functional processes still limit our ability to 

predict how and when these effects will occur. Among the open questions are: how long-lasting 
are priority effects? What are the typical spatial and temporal distances over which they occur? 

And, do our existing ecological models need to be reconsidered in light of differences between 
microorganisms and macroorganisms? Addressing these questions will be key if we are to 
leverage our understanding of priority effects to engineer or manipulate microbiomes, for 
example, by creating disease-suppressive communities or probiotics. Recent evidence that the 
establishment of probiotic strains can hinder the recovery of gut microbiome diversity (168) 
highlights the potential problems that can occur if priority effects are not considered as we 
begin reshaping microbiomes for human, livestock, crop and environmental health. 

 

2.5 Appendix 
In natural adaptive radiations, community assembly experiments and models, local 

adaptation and diversification by early arrivers has been shown to limit subsequent colonization 
by other species (118,125,169). Priority effects through local adaptation are predicted to be 
most common when nearby habitats are similar enough that immigrants can survive, but 
different enough that early arrivers can realize fitness gains over time  (125). By contrast, 
priority effects through diversification depends largely on the heterogeneity of the 
environment and may feedback to further increase environmental heterogeneity (170). 

Most known examples of evolutionary priority effects are inhibitory (that is, early 
arrivers reduce the success of late arrivers), although some exceptions exist. For 
example, Daphnia magna populations that coevolve with predatory fish occupy deeper and 
darker water layers, freeing up the shallows for late-arriving zooplankton species (169). In 
general, coevolution with predators or parasites often entails fitness costs associated with 
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counter-defenses (171), and these adaptations can reduce the competitive ability of early 
arrivers. Extended coevolution could also cause parasites to specialize on early-arriving strains, 
making later-arriving strains less susceptible and encouraging community turnover  (172). 

Despite the mounting evidence for evolutionary priority effects in model microbial 
systems discussed above, it is unclear how microbial dispersal shapes either the lag time 
between or standing genetic variation within populations of arriving species in most 

microbiomes. Our understanding of these factors in natural communities remains limited by the 
difficulties of tracking strain-level variation in metagenomes. However, recent work in the 

human gut suggests that the local adaptation of resident microorganisms may limit invasion by 
new strains. Within 6-month intervals, genetic turnover within metagenomes was largely 

attributed to selective sweeps within resident populations rather than to replacement by new 
strains (163). A powerful future approach will thus be to integrate metagenome-based lineage 

tracking with strain isolation and fitness measurements in the laboratory. 
 

 
Figure S1. Permutation of OTU arrival times across hosts.  For OTUs in which persistence was associated with 
composition of the resident microbiome immediately prior to arrival, we asked whether this relationship could be 

confounded by other processes related to timing or host development. For each of these focal OTUs, we permuted 
its arrival times across hosts. We generated a Bray-Curtis dissimilarity matrix in which distances among hosts were 
based on counts of all other OTUs at the sampling point immediately before the permuted arrival time. Using this 
dissimilarity matrix based on permuted arrival times, we again tested whether variation in focal OTU persistence 

was associated with microbiome composition. We repeated this process for 100 iterations per OTU to generate a 
null distribution. Here, we show the distribution of test statistics based on permuted values (histogram) and the 
observed test statistic for each OTU (blue line) for 16 representative OTUs in the human gut microbiome.  
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Figure S2. Relative abundances of OTUs annotated as Rhodoferax and Geobacter. We reanalyzed rice root 

microbiome samples taken from common, biweekly timepoints across three field trials for the relative abundance 
of two bacterial genera of interest: Rhodoferax and Geobacter. One Rhodoferax and three Geobacter OTUs 
significantly co-varied across all common samples reanalyzed (Pearson’s Coefficient, A) as well as within late 
timepoints (84, 98, and 112 d, B). The relative abundance of two of three Geobacter OTUs negatively correlated 

with that of Rhodoferax, although these were not statistically significant (C). 
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3. Rapid evolution alters microbial priority effects 
 

Parts of this chapter have been adapted from the following with permission: 

Debray, R., Conover, A., Xuening, Z., Dewald-Wang, E.A., Koskella, B. 2023. Within-host 
adaptation alters priority effects within the phyllosphere microbiome. Nature Ecology and 
Evolution (in press) 
 

3.1 Introduction 
Priority effects, an ecological phenomenon whereby community assembly outcomes 

depend on the order of species arrival, can play a critical role in the assembly, stability, and 

function of ecological communities (8). Understanding how resident communities resist and/or 
facilitate invasions by arriving species can be useful for guiding ecosystem restoration and 
promoting resistance to invasive species (173,174). Systems in which community assembly 
spans multiple generations open the potential for evolution to play a role as well. This is likely 

true for microbial communities, suggesting that models recognizing only ecological processes 
may not sufficiently capture microbiome assembly dynamics (175). Currently, we have little 
understanding of how microbiomes evolve within hosts, or how within-host selection alters 
interactions between resident species and invading species. 

Prevailing eco-evolutionary models assume that species which colonize hosts early in 
succession evolve to occupy their niches more efficiently, providing an additional competitive 

advantage against invaders (125). Early-arriving species would thus resist invasion through both 
ecological and evolutionary processes, implying that coexistence of competing species should 

be low, and that communities should be highly resistant to change after initial establishment. 
Known as the community monopolization hypothesis, this model has received support from 

several studies of microbial populations evolving in lab culture (176–178). Yet observations of 
microbiomes in nature often reveal continuous replacement among strains and species 

(163,179), questioning the extent to which adaptation can increase colonization resistance 

within hosts. 
The phyllosphere, or above-ground plant tissues, provides many advantages for 

studying microbiome assembly. This plant compartment is clearly delineated from the 
surrounding environment, supports a diversity of microbial species, and plays an important role 

both in individual plant fitness and global nutrient cycling (180). To interrogate priority effects 
in this system, we examined the adaptive potential of the early-colonizing bacterium Pantoea 

dispersa on the leaves of tomato plants (Solanum lycopersicum). This species is found on seeds 
and in the phyllosphere of juvenile and adult plants. In a prior study, Pa. dispersa was 

consistently detected in the microbiomes of two-week-old tomato seedlings (150), suggesting 
that it experiences ample opportunity in nature to colonize new plants. However, the 

relationship between Pa. dispersa and its host organisms may be context- or strain-dependent. 
It can promote plant growth and protect against pathogens (150,181), yet has also been 
reported as an opportunistic pathogen of both plants and animals (182,183). 

 

3.2 Materials and Methods 
Bacterial strains and selective markers 
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 This study included the following bacterial strains: Pantoea dispersa strain ZM1 
(originally isolated from tomato plants as reported previously (150)), Pseudomonas protegens 
strain ZDW1 (isolated in this study), and Pseudomonas syringae pv. tomato DC3000 (provided 
by Gail Preston, University of Oxford). To distinguish competing populations of Pantoea 
dispersa strain ZM1, antibiotic-resistant strains were selected as follows. 500 µL of overnight 
culture was inoculated into sterile King’s B Medium with either 4 µg/mL rifampicin or 2 µg/mL 

chloramphenicol. The inoculated culture was incubated overnight at 28°C, and the process was 
repeated with an increasing antibiotic concentration until resistance was achieved at the final 

concentration of 20 µg/mL rifampicin or 10 µg/mL chloramphenicol. Strains were then selected 
for equal competitive ability as their antibiotic-sensitive counterparts in vitro by repeatedly co-

culturing resistant and sensitive bacteria and measuring the ratios they reached in 24 hours 
until there were no significant costs of the resistance marker. A single colony of each strain was 

selected to grow the ancestral stock, which was subsequently used to initiate six experimental 
evolution populations. This selection procedure resulted in several other genetic differences 

aside from the antibiotic resistance mutations, which could potentially affect leaf colonization 

and competition. Since the aim of this process was to generate a closely related and 
phenotypically distinguishable competitor for focal Pa. dispersa, isogenic populations were not 

required. 

Arrival order experiments 
Tomato seeds (Solanum lycopersicum cv. ‘Moneymaker’) were surface-sterilized in 2.7% 

bleach (sodium hypochlorite) solution for 20 minutes, then washed three times with 10 mM 
MgCl2 to remove residual bleach. Each seed was placed in a loosely capped, sterile 15 mL tube 
with 7 mL of 1% water agar. Tubes were covered in foil and maintained in a 21°C chamber until 
shoot emergence, then moved to a 28°C growth chamber with a 15h day–9h night cycle.  

Seedlings were flooded 9-12 days after planting, depending on the experiment. To 

prepare inocula, overnight cultures were pelleted at 3500 x g and washed with 10 mM MgCl2 to 
remove residual media. Each culture was diluted to an optical density (OD600) of 0.0015, 

approximately 107 CFU/mL. The surfactant Silwet L-77 was added at a concentration of 0.015% 
to facilitate leaf colonization. Tubes were immediately placed on an orbital shaker for 4 

minutes, then the inocula were poured off and the seedlings were allowed to dry in a biosafety 
cabinet. Each flooding trial included one or more seedlings treated with only 10 mM MgCl 2 and 

Silwet L-77 to ensure that reagents were sterile. 
Three days after the addition of the second species, seedlings were individually weighed 

and then harvested. Two sterile ceramic beads and 7 mL of 10 mM MgCl2 were added to each 

tube, and tubes were agitated in a FastPrep-24 5G system (MP Biomedicals, Burlingame, CA, 
USA) at 4 m/s for 60 seconds to homogenize plant tissue. Leaf homogenate was independently 

diluted twice per sample, and each replicate dilution series was plated on both rifampicin- and 
chloramphenicol-supplemented King’s B agar plates to distinguish strains in mixed inoculations. 

Bacterial population sizes were quantified by counting colony-forming units after 2 days of 

incubation at 28°C. 

Experimental evolution in planta 
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 An overnight culture of Pantoea dispersa was pelleted at 3500 x g and washed with 10 
mM MgCl2 to remove residual media. Inocula were prepared by resuspending pellets in 10 mM 
MgCl2 to a bacterial optical density (OD600) of 0.0025 and adding 0.015% of the surfactant 
Silwet L-77 to facilitate leaf colonization. Seedlings were flooded as described above and 
maintained in the growth chamber for 7 days. At the end of each week, seedlings were 
collected with sterile forceps into sterile 15-ml Eppendorf tubes and homogenized in sterile 10 

mM MgCl2 as above. Leaf homogenate was diluted and plated on rifampicin-supplemented 
King’s B agar plates. For each experimental evolution population, 100 colonies were individually 

picked from plates, mixed, and grown overnight to generate inocula for the following 
generation of seedlings. 

Plant symptom quantification 
 In all cases where symptoms were measured, seedlings were grown in 15 mL tubes and 
flooded with bacteria at OD600 = 0.0015, as described above. Instead of harvesting three days 
after inoculation to measure bacterial abundances, these seedlings were maintained in the 

growth chamber to track symptom development on a daily basis. In accordance with previous 

plant pathology studies, symptoms were scored blindly with respect to treatment using scores 
that describe different levels of symptom severity (184). Scores in this study were as follows: no 
symptoms (level 0), mild speckling (level 1), extensive speckling and/or chlorosis (level 2), and 
leaf necrosis and/or detachment (level 3). Individual leaflets on the same seedling were scored 
separately, then combined into an average symptom severity per plant for all analyses and 

figures to avoid pseudoreplication. 

Genome sequencing 
The six evolved populations of Pantoea dispersa, their ancestral stock, and the 

competitor strain of Pa. dispersa were grown overnight in liquid culture to prepare for DNA 
extraction. Bacterial DNA was extracted using the QIAGEN DNeasy Blood and Tissue Kit. Sample 

libraries were prepared using the Illumina DNA Prep kit and IDT 10 bp UDI indices and 
sequenced at an estimated coverage of 133x on an Illumina NextSeq 2000 at SeqCenter 

(Pittsburgh, PA, USA). Demultiplexing, quality control, and adapter trimming were performed 
with bcl-convert (v3.9.3). Paired-end reads were filtered and trimmed using Trimmomatic 
(v0.39). Reads shorter than 25 bp or with an average quality score below 20 in a 4-bp sliding 
window were discarded. Reads were mapped to the Pantoea dispersa genome (entry 22561 in 
the NCBI genome database) and variants were called using breseq (v0.35.4), a pipeline for 

identifying fixed and polymorphic genetic variation within microbial populations (185,186). To 
avoid false positive calls from repetitive elements, mutations were filtered to exclude highly 

polymorphic regions (five or more mutations in a 50 bp sliding window within a population). All 

analyses focused on non-synonymous mutations within coding regions of the genome. 

Statistical analyses 
 Bacterial population sizes at harvest were determined based on colony counts on 

selective media. Colony counts of single-species controls were checked for cross-contamination 
or additional resistance evolution, neither of which was observed in the study. Colony counts 

were log-transformed prior to statistical analysis to meet assumptions of normality. 
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We calculated Pij, a previously developed metric for quantifying the strength of priority 
effects (136), as follows. Here, D(i)ji represents the population size reached by species i when it 
was introduced after species j, and D(i)ij represents its population size when i was introduced 
before j. This coefficient takes on negative values if the population size of species i is smaller 
when arriving after j than when arriving before; that is, if competition outcomes between i and j 
are arrival order-dependent. 

𝑃𝑖𝑗  =  𝑙𝑛 [
𝐷(𝑖)𝑗𝑖

𝐷(𝑖)𝑖𝑗

] 

 
We also calculated an alternative metric P’ ij, as described below, where D(i)0i and D(i)i0 

represent the single-species controls of species i that were inoculated and sampled at the same 
time as the corresponding co-colonization treatments: 

𝑃′𝑖𝑗  =  𝑙𝑛 [
𝐷(𝑖)𝑗𝑖

𝐷(𝑖)0𝑖

] −  𝑙𝑛 [
𝐷(𝑖)𝑖𝑗

𝐷(𝑖)𝑖0

] 

 
P’ij is similar to Pij, but accounts for the growth of species i alone. We found the two 

metrics were highly correlated and gave qualitatively similar results (Figure S1). 
Plant symptom progression was analyzed by calculating the area under the disease 

progression curve (AUDPC), a cumulative measure of symptom severity over time (187). 

Differences in cumulative symptom progression over time were assessed using Welch’s t-test 
that compared the AUDPC across bacterial treatments. 
 

3.3 Results 
We first asked whether priority effects might play an important role in phyllosphere 

microbiome assembly by introducing Pa. dispersa to tomato seedlings either before, 

simultaneously with, or after a competitor. To capture a range of expected overlap in niches 
and potential outcomes on host plant phenotype, we selected the following competitors: i) A 

closely related strain of the same species Pa. dispersa, ii) The plant-protective bacterium 
Pseudomonas protegens, iii) The plant pathogen Pseudomonas syringae, a causative agent of 

bacterial speck and promoter of frost injury in plants (188,189). In the first two cases, the 
eventual community composition strongly depended on arrival order, indicative of priority 
effects. In contrast, Pa. dispersa and Ps. syringae reached similar proportions regardless of their 

arrival order, possibly reflecting differences in their life cycles and spatial localization in plant 
tissue (Figure S2). Ps. syringae inhabits mainly the above-ground tissues of plants. The 
pathogenic strain used in this study initially colonizes leaf surfaces as a weak epiphyte. Upon 
reaching a threshold population size, it enters the leaf apoplast, where it has specialized to 

multiply and cause disease (190). In contrast, Pa. dispersa colonizes a wider variety of plant 
tissues (e.g. roots, leaves, stems, seeds), and has been detected both on plant surfaces 

(150,191) and within root and stem tissue (181). 
As arrival order is inevitably correlated with the amount of time between inoculation 

and harvest in such experiments, it is possible that early arrival appears advantageous only 
because of population growth, independent of any interactions with other strains. We excluded 

this possibility by measuring the growth of each strain on plants in the absence of competition, 
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which indicated that the duration of the experiment was sufficient for all strains to reach 
carrying capacity (Figure S3). We observed no differences in plant growth across any of these 
inoculations (Figure S4). 

To select for increased host association, we repeatedly inoculated tomato seedlings 
grown in sterile microcosms with replicate populations of Pa. dispersa and allowed the bacteria 
to associate with the plant for one week. Bacteria that successfully colonized the plant were 

harvested and used to inoculate the next generation of seedlings (Figure  1A). Following the 
experimental evolution, we asked whether within-host selection had altered the ability of Pa. 

dispersa to resist invasion and/or invade established populations of competitors (Figure 1B). 
After six weeks of experimental evolution within tomato seedlings, populations of Pa. 

dispersa were significantly more resistant to invasion by Ps. protegens than their ancestral 
counterparts, consistent with the hypothesis that within-host adaptation can strengthen 

priority effects by early colonizers (Figure 1C). In contrast, evolved populations of Pa. dispersa 
did not improve their ability to invade established populations of competitors (Figure 1D). 

Where evolution of invasion success has been reported in the literature, populations were 

passaged within cultures that had been pre-conditioned by competitors5, suggesting that 
adaptation to the host environment alone may not be sufficient to overcome competition-

mediated priority effects. Finally, evolved populations of Pa. dispersa were significantly less 
effective than their progenitors at colonizing plants after the establishment of Ps. syringae 

(Figure 1D). This final observation was rather unexpected given that Ps. syringae, an endophytic 
plant pathogen, had a substantially different life cycle than the other strains in the study and 
had not previously shown signs of direct competition with Pa. dispersa.  

 

Figure 1. Within-host evolution of the early colonizer Pantoea dispersa alters priority effects among bacterial 

strains. (a) Schematic of experimental evolution protocol. Six replicate populations of Pa. dispersa were each 
inoculated onto tomato seedlings via flooding. Seedlings were incubated for 1 week, then harvested to iso late 
bacteria for the next generation of inoculum. (b) Schematic of arrival order experiments. Tomato seedlings were 
inoculated with either evolved or ancestral Pa. dispersa and a competitor (Pa. dispersa, Pseudomonas protegens, 

or Pseudomonas syringae). Seedlings were harvested 72 hours after the addition of the second strain and plated 

https://paperpile.com/c/s2qtE2/3eqB
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on selective media to quantify population sizes. (c) Competitor’s ability to invade in arrival order experiments. 
Evolved populations of Pa. dispersa were more resistant to invasion by Ps. protegens (two-sided t-test, t = 1.99, df 

= 63.05, p = 0.05). (d) Pantoea dispersa ability to invade in arrival order experiments. Evolved populations of Pa. 
dispersa were less successful at invading Ps. syringae (two-sided t-test, t = 5.14, df = 69.83, p < 0.001). Grid panels 
in (c) and (d) indicate competitor identity and asterisks indicate level of significance: 0.05 < p ≤ 1 (n.s.); 0.01 < p ≤ 
0.05 (*); 0.001 < p ≤ 0.01 (**); 0 < p ≤ 0.001 (***). Error bars repr esent standard error (n=6 replicates per 

treatment). 

To understand this previously unobserved priority effect between Ps. syringae and Pa. 
dispersa, we first examined the colonization dynamics of ancestral and evolved Pa. dispersa in 
the absence of competition. The evolved populations appeared to have undergone a life history 
shift, reaching higher population sizes than their ancestor but only after a period of slow 
growth (Figure 2A). Additionally, many plants inoculated with either ancestral or evolved Pa. 
dispersa showed phenotypes reminiscent of disease, such as specks and chlorosis on 
cotyledons, that were not present in plants inoculated only with sterile buffer (Figure 2B). To 

further examine this phenomenon, we adopted a quantitative assay of leaf symptoms 
previously used to study plant pathogens10. We inoculated plants with either ancestral or 

evolved populations of Pa. dispersa and recorded symptom scores on a daily basis for five days, 
blindly with respect to treatment. This experiment revealed that evolved Pa. dispersa was 

associated with more pronounced symptom development on leaves (Figure 2C). We next asked 

whether it would be possible to leverage priority effects to mitigate the plant symptoms 
associated with colonization of the evolved Pa. dispersa. When a competing strain of Pa. 
dispersa was introduced three days before the evolved strain, symptom progression was 
reduced, indicating that priority effects can impact not only community composition but also 

functional properties (Figure S5). 
On the basis of the above observations, we hypothesized that Pa. dispersa had evolved 

to exploit a new niche on the plant. As the colonization success of evolved Pa. dispersa 
depended on whether Ps. syringae had previously established, it seemed plausible that Pa. 

dispersa had shifted towards a more endophytic lifestyle. We inoculated plants with either 
ancestral or evolved Pa. dispersa as before, then sampled populations in a spatially resolved 

manner as follows: First, plants were submerged in sterile buffer and placed in an ultrasonic 
bath to dislodge bacterial cells from the leaf surface. Then the sonication buffer was removed 

and plants were homogenized to isolate the remaining bacterial cells associated with the plant. 
Ancestral and evolved populations of Pa. dispersa reached similar population sizes in the leaf 
wash, but the evolved populations were more abundant within the leaf homogenate (Figure 
2D-2E). 

https://paperpile.com/c/s2qtE2/GKIu
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Figure 2. Changes in Pantoea dispersa colonization dynamics over experimental evolution. (a) Life history in the 
absence of competition. Population sizes of Pa. dispersa after inoculation via flooding. Interaction term between 
time since arrival and evolutionary history: ANOVA, F = 12.07, df = 1, p = 0.0024. (b) Images of seedlings 

inoculated with evolved Pa. dispersa populations. (c) Quantitative assay of symptom severity. A cumulative 
measure of symptom severity was calculated as the area under the curve of daily symptom scores taken blindly 
with respect to treatment for 5 days after inoculation. Symptom scores were higher in plants inoculated with 

evolved Pa. dispersa than ancestral Pa. dispersa (Tukey HSD, mean difference = 1.77, adjusted p = 0.015) or sterile 
buffer (Tukey HSD, mean difference = 2.75, adjusted p < 0.001). (d) Bacterial population sizes on leaf surface. 
Seedlings were submerged in sterile buffer, sonicated, and vortexed thoroughly. Population sizes in leaf wash were 
determined via dilution plating. (e) Bacterial population sizes in leaf tissue. Following the sonication described in 

(d), the remaining bacteria associated with seedlings were isolated by homogenizing the seedling in sterile  buffer. 
Evolved populations reached higher population sizes in the leaf tissue than ancestral populations (two-sided t-test, 
t = 3.23, df = 9.93, p = 0.0091). Asterisks indicate level of significance: 0.05 < p ≤ 1 (n.s.); 0.01 < p ≤ 0.05 (*); 0.001 < 

p ≤ 0.01 (**); 0 < p ≤ 0.001 (***). Note truncated y-axes and logarithmic scale in panels (a), (d), and (e). Each 
experiment included one or more seedlings inoculated with sterile buffer and harvested alongside bacteria -treated 
plants. No bacterial colonies were recovered from these controls. 

Six weeks of experimental evolution within tomato seedlings considerably altered the 
temporal and spatial colonization dynamics of Pa. dispersa populations. Though these changes 

were small in magnitude, they were sufficient to affect priority effects among bacterial strains 
as well as the effect of Pa. dispersa on its host. Such observed changes could be driven either by 

genetic adaptation or by non-genetic, plastic shifts in the phenotype of Pa. dispersa. To 
investigate whether our experimentally evolved populations accumulated genetic changes, we 
deep-sequenced the ancestor of the evolution experiment and the six final populations. We 
detected a total of 72 mutations across all populations located within 31 genes (Figure 3A). In 
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addition to the fixed mutations, a total of 110 other alleles arose to intermediate frequencies 
but did not fix in any population. In many cases, mutations within the same gene or even at the 
same position arose repeatedly across populations, suggestive of evolutionary parallelism 
(Figure 3B). Mutations arising in parallel across populations tended to reach higher allele 
frequencies, further suggesting that they were under selection (Figure 3C). 

 

Figure 3. Genetic changes in Pantoea dispersa during experimental evolution. (a) Functional annotations of 
genes fixed in one or more populations. Gene product annotations are displayed according to the Pa. dispersa 
genome assembly (NCBI 22561). (b) Evolutionary parallelism increases across broader levels of categorization. 
Leftmost bar indicates the proportion of mutations observed in the experiment that were unique or shared among 

two, three, four, five, or six populations at any allele frequency. Middle bar indicates the extent of overlap in genes 
that accumulated mutations, whether they were at the same or different positions. Rightmost bar indicates the 
extent of overlap in gene annotations that accumulated mutations, whether they were in the same or different 

genes. (c) Frequencies of mutations within and across populations. Mutations arising in parallel tended to reach 
higher allele frequencies within populations (logistic regression, z = 4.02, df = 212, p < 0.001).  

The most common annotation for genes altered in experimental evolution was proteins 
containing an immunoglobulin (Ig)-like domain. This structure is widespread throughout living 
organisms and appears in bacterial proteins with a wide range of functions, including adhesion, 
nutrient uptake, and pathogenic invasion into host cells (192). Other genes were commonly 
implicated in sugar and amino acid metabolism (e.g. L-threonine 3-dehydrogenase, PTS fructose 

transporter) and motility (e.g. flagellar protein FlhE), both important aspects of plant-
microorganism interactions (180,193). 

3.4 Discussion 
The phenotypic and genetic changes observed in this experiment suggest the evolution 

of a more intimate association with the plant tissue, possibly mediated by exploitation of plant 
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stomata or improved persistence within other protected sites on the leaf. As in any 
experimental evolution study, it is important to consider why, if the observed traits are 
beneficial and evolve readily, the organism has not already acquired them in nature. Pa. 
dispersa appears to be a widely distributed species that has been isolated from plants, animals, 
and non-host habitats (182,183,194). It is plausible that improved colonization of tomato 
seedlings comes with a trade-off at other life stages, on other host species, or in other 

environments. Another consideration is that the microcosms in this study represent certain 
conditions (e.g. nutrient limitation, high humidity) that may promote stomatal opening or 

otherwise make plants particularly vulnerable to exploitation. Indeed, high humidity has 
previously been shown to promote overgrowth and disease symptoms by endogenous (non-

pathogenic) microbiota (195). 
 Eco-evolutionary models often describe community assembly as a race between local 

adaptation by resident species and invasion by new species (125,196). They suggest that 
communities of small, passive dispersers with fast evolutionary rates (such as bacteria) are 

prone to strong monopolization by early arrivers (125). These predictions are difficult to 

reconcile, however, with observed fluctuations and replacements in the composition of natural 
microbial communities. Here, we show that an early colonizer evolved to exploit a new niche 

within a short time. This niche shift coincided with changes to both the nature and intensity of 
ecological interactions with other members of the plant microbiome. Although this study did 

not explicitly link genetic changes to niche occupancy, the observed parallel response to 
selection across experimental populations suggests the two are related. Our findings imply that 

the plant environment is sufficiently complex and heterogeneous in chemical and physica l 
structure to present possibilities for microbial populations to adapt beyond simply improving 

their efficiency within their existing niche space. To understand the predictability of community 
assembly in microbiomes, it will be critical to further develop theory and data that can fully 
describe the adaptive landscapes for microbial populations colonizing hosts (197,198). 

 

3.5 Appendix 
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Figure S1. An alternative measure of priority effects recapitulates effects of experimental evolution. (a) 
Competitor’s ability to invade in arrival order experiments. Evolved populations of Pa. dispersa were more 
resistant to invasion by Ps. protegens (two-sided t-test, t = 2.93, df = 40.58, p = 0.0056). (d) Pantoea dispersa 

ability to invade in arrival order experiments. Evolved populations of Pa. dispersa were less successful at invading 
Ps. syringae (two-sided t-test, t = 10.18, df = 35, p < 0.001). Grid panels indicate competitor identity and asterisks 
indicate level of significance: 0.05 < p ≤ 1 (n.s.); 0.01 < p ≤ 0.05 (*); 0.001 < p ≤ 0.01 (**); 0 < p ≤ 0.001 (***). Error 
bars represent standard error (n=6 replicates per treatment). 
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Figure S2. Priority effects among bacteria in the tomato phyllosphere. Relative abundance of Pantoea dispersa on 
tomato seedlings when co-inoculated with either Pantoea dispersa, Pseudomonas protegens, or Pseudomonas 
syringae across varying arrival orders. Seedlings were flooded either with both strains simultaneously or 72 hours 

apart. Seedlings were harvested another 72 hours after the addition of the final strain, and homogenized plant 
tissue was plated on selective media to count colonies. Arrival order signific antly impacted strain proportions 
when both strains were Pa. dispersa (ANOVA, F = 107.43, df = 34, p < 0.001), or when Pa. dispersa was co-
inoculated with Ps. protegens (ANOVA, F = 13.48, df = 34, p < 0.001), but not when co-inoculated with Ps. syringae. 

 

 
Figure S3. Experimental duration is sufficient to reach carrying capacity on tomato seedlings. Population sizes of 
Pantoea dispersa, Pseudomonas protegens, and Pseudomonas syringae when inoculated individually onto plants. 

Seedlings were either harvested directly after 72 hours (as a control for the simultaneous co -inoculation 
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treatments) or flooded with sterile buffer after 72 hours and harvested after 144 hours (as a control for th e 
staggered co-inoculation treatments). At harvest, homogenized plant tissue was plated on selective media to count 

colonies. None of the strains grew significantly between three and six days after arrival, although the focal strain of 
Pa. dispersa decreased slightly in population size over this time (ANOVA, F = 6.28, df = 10, p = 0.031). 
 

 
Figure S4. No differences in seedling biomass across treatments. Seedlings were weighed at harvest (72 hours 

after second inoculation). No significant differences were observed with respect to species identity or evolutionary 
history. 
 

 
Figure S5. Consequences of priority effects for plant symptom severity. Seedlings were inoculated with evolved 
populations of Pantoea dispersa, which were previously associated with lesions and discoloration of the leaf tissue, 

and a competing strain of Pa. dispersa that does not cause such symptoms. A cumulative measure of symptom 
severity was calculated as the area under the curve of daily symptom scores taken blindly with respect to 
treatment for 5 days after inoculation. Each evolved population of Pa. dispersa was replicated twice in each 

treatment category (n = 12 seedlings per treatment), but symptom scores were subsequently averaged for each 
biological replicate to avoid pseudoreplication (n = 6 per treatment in statistical analysis). Co-inoculation with 
competing Pa. dispersa suppressed symptom development, but only if the competing Pa. dispersa arrived first 
(Tukey’s HSD, mean difference = 2.35, adjusted p = 0.012). Asterisks indicate level of significance: 0.05 < p ≤ 1 

(n.s.); 0.01 < p ≤ 0.05 (*); 0.001 < p ≤ 0.01 (**); 0 < p ≤ 0.001 (***).  
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4. Belowground biodiversity shapes the aboveground plant microbiome 
 
Parts of this chapter have been adapted from the following with permission: 

Debray, R., Socolar, Y., Kaulbach, G., Guzman, A., Hernandez, C., Curley, R., Dhond, A., Bowles, 
T., Koskella, B. 2021. Water stress and disruption of mycorrhizas induce parallel shifts in 
phyllosphere microbiome composition. New Phytologist 234(6): 2018-2031. 
 

4.1 Introduction 
Disturbances can often force ecological communities into states that are difficult to 

reverse even when conditions improve, a pheonomenon known as hysteresis (199). 

Understanding community resilience is critical for guiding the restoration of disturbed 
communities. In plant ecosystems, the water and nutrient content of soil are among the most 
important predictors of plant health (200,201). Disturbances that deplete water or alter 
nutrient composition in soil are expected to increase in frequency and severity with changing 
climates and altered management practices (202–205). It is therefore crucial to understand 
how interacting ecological stressors will act in future years to shape plant function. A key piece 
of the puzzle is how these changes impact plant-associated microbial communities 
aboveground and belowground, and, in turn, how plant–microbiome interactions buffer or 

exacerbate these stressors. Plant microbiomes play key roles in plant growth, immune 
development, and disease resistance (53), and a growing body of work indicates that these 

associations are vulnerable to disruption under changing global conditions, including climate 
and agricultural management. Belowground, for example, drought can induce complex changes 

in microbial dynamics (206–208), including negative to positive impacts on mycorrhizal 
associations (209,210), which are key drivers of plant performance (20,211). Moreover, 
increased fertilization via agricultural intensification can cause plants to reduce resource 

allocations to microbial symbionts such as mycorrhizas and rhizobia, often selecting for less 
mutualistic strains (212,213). Together, shifts in water availability, soil nutrient content, and 

mycorrhizal communities in changing environments are likely to alter plant performance, 
including plant–microbiome interactions. 

Although the majority of work in this space has focused on belowground plant–microbe 
interactions, the microbial communities associated with aboveground plant tissues, known as 

the phyllosphere, are gaining increased recognition in plant health. These microbiomes have 
been shown to play roles in nitrogen fixation, tolerance of extreme temperatures, and 

protection against pathogens (189,214–216). Much like their belowground counterparts, 
phyllosphere microbiome functions can be disrupted by changes in climate and agricultural 

management. For example, experimental warming reduces phyllosphere microbial diversity and 
nitrogen fixation in peat moss (217). Soil fertilization reduces the resistance of phyllosphere 
communities to invasion by the foliar pathogen Pseudomonas syringae (216).Finally, functional 

genes involved in carbon, nitrogen, phosphorus (P), and sulfur cycling are less abundant in the 
phyllosphere metagenomes of plants in farmlands than in forests (218). The building evidence 

makes it clear that plant microbiomes both shape and are shaped by their host plant's response 
to the local environment. What remains unclear are both how these responses might change 
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under different or interacting stressors, and whether aboveground and belowground microbial 
communities impact one another's responses to such stress. 

To begin addressing these questions and capture effects of soil conditions on the 
phyllosphere microbiome, we focused on soil properties that induce systemic changes in plant 
physiology. Water stress can impact nutrient and biomass allocation, phytohormone 
production, and toxin accumulation in leaves (201,219,220), while soil fertility can affect 

nutrient content and acidity of aboveground plant tissues (221,222). Arbuscular mycorrhizal 
fungi (AMF) colonize plant roots and modulate plant water and nutrient status, leaf gas 

exchange, and the expression of stress response genes (223,224). We therefore asked how 
water stress, fertilization, and mycorrhizal colonization affected bacterial and fungal 

communities in the tomato (Solanum lycopersicum) phyllosphere. 
Through a combination of field and growth chamber experiments, we found that both 

plant water stress and disruption of mycorrhizas altered bacterial and fungal composition in the 
phyllosphere. Upon closer examination, we found that both stressors reduced bacterial 

richness within plants, homogenized bacterial communities across plants, and increased the 

evenness of fungal communities. Further, there was a high degree of overlap in the responses 
of individual indicator taxa to both treatments, suggesting that soil water availability and 

belowground mycorrhizal associations act in parallel on phyllosphere microbial communities.  
 

4.2 Materials and Methods 
Field site and treatments 

 The field trial was conducted at the University of California Davis Student Farm 

(38°32′29.49′′N, 121°46′0.94′′W), a certified organic farm, during the 2019 growing season (see 
Appendix for details of field preparation). We conducted our experiment at a certified organic 

farm to minimize any chances of chemical inputs (e.g. fungicides) directly disrupting the 
microbial communities we aimed to study. Three treatments, water stress, P fertility, and 

mycorrhizal associations, were arranged in a split-plot design and assigned to levels in a 
fertilization gradient (Figure S1). Water stress included two levels, fully watered (100% of crop 

evapotranspiration, ETc) and deficit (50% ETc) irrigation applied in alternating beds, with the 
deficit beginning 22 d after transplant, and water completely cut to the deficit beds 76 d after 

transplant. Phosphorus fertility was manipulated as a 12-level gradient of fertilizer established 
in each irrigation condition (24 plots total). We chose a fertilizer product approved for use in US 
organic systems. We applied an organic fertilizer, seabird guano (0-11-0, Down to Earth) on the 
surface of each plot, which was then incorporated with a cultivator a week before planting. The 
gradient ranged from 0 to 550 g of fertilizer P m−2, including duplicate plots of the lowest (0 g 
P m−2) and highest (550 g P m−2) treatments (Table S1). The 24 experimental plots were each 
split into two subplots, one with a tomato genotype deficient in mycorrhizal associations (rmc, 
(225)) and another with its wild-type progenitor (76R), for a total of 48 experimental units. 
Seeds of the 76R and rmc genotypes were sourced from plants grown in the glasshouse. To 

avoid effects of adjacent irrigation treatments, three buffer plants were planted but not 

sampled between experimental units. 

Sample collection from field 

https://nph.onlinelibrary.wiley.com/doi/full/10.1111/nph.17817?casa_token=BG39lW_HbBMAAAAA%3ATklX3MpkEKzF2pQBebMsPKQyKeCEiE5CBGYpmcFHmGTj9GQnMFVrtkO3Wu_JEJWIPACiJuv41nWT0C_O#support-information-section
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Soil samples were taken from three depths (0–15, 15–30, and 30–60 cm) at each plot. 
Gravimetric water content was measured as the difference between soil mass before and after 
the soils were dried at 105°C. Bioavailable P in soils was measured using the Olsen P method, 
based on phosphate extraction using sodium bicarbonate solution, at transplant, midseason, 
and harvest. Stem water potential was measured on one plant per plot, 53 d after transplant. 
Aboveground biomass was measured at harvest (116 d after transplant) from four plants per 

plot, of which a subsample was taken for further analysis. Total P in aboveground plant tissue 
was measured by Murphy–Riley colorimetry following microwave-assisted digestion in nitric 

acid and hydrogen peroxide. 

Plant care in growth chamber experiments 
We next assessed two of the field trial treatments in a more controlled setting. Surface-

sterilized tomato seeds were germinated on sterile agar, then transplanted into pots (see 
Appendix for growth chamber conditions). In the mycorrhiza experiment, an inoculum 
containing equal amounts of several arbuscular mycorrhizal fungi taxa (Gigaspora 

rosea, Gigaspora albida, Acaulospora spinosa, Rhizophagus intradices, and Funneliformis 

mosseae) was added to each pot at the transplant stage. Mycorrhizal inoculum was acquired 
from INVAM (West Virginia University, Morgantown, WV, USA). Half of the inoculum (14 g) was 
mixed into the potting mix, and the other half was added directly to the seedling transfer site at 
the top. In the fertilizer experiment, 105.6 mg of P (960 mg fertilizer) was added to half of the 
pots at the transplant stage, approximating the highest position of the P gradient in the field 
(550 g P m−3, assuming a fertilizer penetration depth of 20 cm). The other half of the pots were 
not fertilized (0 g P m−3). All pots were immediately randomized with respect to treatment and 

remained under controlled growth chamber conditions for the duration of the experiment. 

Microbiome spray and pathogen challenge in growth chamber 
Three-week-old plants were sprayed with microbial inocula from tomato plant leaves in 

the field. To track assembly of the same source communities under different conditions, each 
sample (which corresponded to a single plant in the field) was divided in half and used to 

generate inocula for two plants. In the mycorrhiza experiment, each field sample was used to 
inoculate one wild-type plant and one rmc plant in the growth chamber. In the P experiment, 
each field sample was used to inoculate one fertilized and one unfertilized plant in the growth 
chamber. Each plant was sprayed with 4 ml of microbial inocula at a standardized concentration 
of 104 colony-forming unit (CFU) ml−1. 

The purpose of these experiments was two-fold. First, they served as an independent 
and more controlled test of the treatment effects in the field trial. Pots were completely 

randomized with respect to treatment, and the paired design allowed direct comparison of 
plants that received the same microbiota but were grown under different conditions. Second, 
after allowing communities to establish for 1 wk, we inoculated plants with the bacterial 
pathogen P. syringae pv tomato PT23. Pseudomonas syringae can grow to high densities in the 

tomato genotypes 76R and rmc but does not cause disease symptoms. This experiment allowed 
us to test whether soil conditions had altered microbiome resistance to invasion, a key property 
of ecological communities that has been shown to vary with nutrient availability (216,226). 
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Three leaves per plant were inoculated with P. syringae at an optical density (OD600) of 
0.0002 (c. 105 CFU ml−1) by blunt-end syringe injection into the abaxial side of the leaf. Plants 
were destructively sampled 24 h after the P. syringae challenge. To measure P. syringae 
population density, three hole punches were taken from each of the inoculated leaves and 
homogenized in sterile buffer using a FastPrep-24 5G sample disruption instrument. 
Pseudomonas density on leaves was obtained through CFU plating and droplet digital  

polymerase chain reaction (ddPCR). To characterize epiphytic microbial communities, the 
remaining aboveground plant material, which had been sprayed with microbial inocula but not 

directly challenged with P. syringae, was collected in a 15 ml tube. Microbial communities were 
isolated through sonication and centrifugation as described earlier. Total bacterial density was 

obtained through ddPCR with primers for conserved sequences in the 16S rRNA gene. Primer 
sequences and reaction conditions for ddPCR assays are available in the Appendix. 

DNA extraction and sequencing 
DNA was extracted from microbial communities isolated from the field and both growth 

chamber experiments. Extractions were performed using the DNeasy PowerSoil kit. Extraction 

batches of 24 samples were assigned randomly with respect to treatments and included in all 
statistical models. One extraction in each set of 24 was a negative control. Libraries were 
prepared by amplifying the V4 region of the 16S rRNA gene and the ITS2 gene (see Appendix for 
primer sequences). Libraries were amplified, cleaned, and sequenced alongside DNA extraction 
controls and PCR controls on the Illumina MiSeq platform at Microbiome Insights (Vancouver, 
BC, Canada). 

Reads were analyzed using the recommended DADA2 workflow (227) to infer amplicon 
sequence variants (ASVs). Taxonomy was assigned using the SILVA and UNITE databases 
(228,229). Because many internal transcribed spacer (ITS) sequences could not be classified at 
the kingdom level by UNITE, the hidden Markov model classifier ITSx was used to further 

delineate ITS sequences and remove nonfungal sequences (230). Thus, 16S variants were 
filtered to remove chloroplast and mitochondrial sequences. Potential contaminants were 

filtered based on prevalence in negative controls vs true samples using the package 
decontam (231). Additional details on quality control parameters are available in the Appendix. 

Statistical analysis 
Alpha diversity (species number) and beta diversity (species turnover) were analyzed 

using ANOVA and permutational multivariate analysis of variance (PERMANOVA) (232) with 

irrigation regime, plant genotype, soil fertilizer concentration, plant sonication batch, and DNA 
extraction batch as covariates. When treatments were allowed to interact, none of the 

interaction terms were significant, and model selection based on Akaike's information criterion 
favored the model without interactions. Indicator taxa were identified based on Dufrêne and 
Legendre's indicator value (R package multipatt). To independently validate this analysis, we 
also modeled differential abundance across treatments (R package edgeR) (233). 

The correlation between bacterial and fungal richness was assessed with Pearson’s 
product correlation coefficient. Partial R2 values were calculated to test whether this 
correlation could be attributed to shared responses of bacteria and fungi to other variables (R 
package rsq). To test correlations between bacterial and fungal composition, a partial Mantel 
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test was conducted on their respective Bray–Curtis dissimilarity matrices along with a Euclidean 
distance matrix of field trial treatments and technical batches. To construct a co-occurrence 
network, the abundances of the top 500 bacterial taxa and the top 500 fungal taxa were first 
converted to presence–absence measures (as relative abundances would not be directly 
comparable across sequencing libraries). The two datasets were combined and the package 
rcorr was used to generate matrices of Pearson's correlations and corresponding P-values. After 

Benjamini–Hochberg correction for multiple testing (false discovery rate (FDR) < 0.1), a network 
was constructed on significant correlations (R package igraph). 

While colonization of plants in the growth chamber by field communities was generally 
high, a subset of plants had low bacterial abundance and a high proportion of ASVs unique to 

the growth chamber, which appeared to confound estimates of bacterial diversity (Fig ure S2). 
To address this, ASVs were classified as shared with the field trial or unique to the growth 

chamber. All analyses were conducted separately on the two categories. In support of this 
approach, ASVs shared with the field trial generally recapitulated treatment effects observed in 

the field, while the potential growth chamber contaminants appeared to be randomly 

distributed with respect to treatment (Figure S3). A paired Wilcoxon signed-rank test was used 
to compare microbiome assembly on plants in the growth chamber that had received the same 

inoculum from the field. 
 

4.3 Results  
Effects of experimental treatments on soil conditions and field plants 

 In the field, wild-type plants had significantly higher AMF root colonization than the 

reduced mycorrhizal genotype (mean 76R = 17%, mean rmc = 11%; 95% confidence interval (CI) 
for difference in means = (0.60, 11), P = 0.032; Fig. S4a). Though there were no significant 

differences in soil gravimetric water content between fully watered and deficit irrigation plots 
at the mid-season sampling (51 d after transplant), there was a significant difference in soil 

water content at all three depths (0–15, 15–30, and 30–60 cm) at harvest (116 d after 
transplant), and at 53 d after transplant plants grown under deficit irrigation showed a trend 

toward an increase in stem water potential, i.e. experiencing more water stress (P = 0.07, 
Fig. S4b). Plant biomass from the reduced mycorrhizal genotype had significantly lower P 

concentrations than the wild-type as measured by percent dry biomass (absolute change of 
−0.2%, P < 0.001), as did deficit irrigation as compared to fully watered plants 
(−0.05%, P = 0.01), but the applied fertilizer gradient did not significantly impact P 
concentration in plant biomass or available soil P (Olsen P) at any of the sampling events 
(Fig. S4c–e). Finally, there were no significant differences in aboveground biomass at harvest 
among the treatments (data not shown). 
 
Phyllosphere microbiome composition in field trial 

We next measured the impact of the field trial treatments on microbial community 

composition in the phyllosphere. Water regime and mycorrhizal associations significantly 
predicted variation in bacterial and fungal community composition, while the effect of 
fertilization was marginally significant in fungal communities only (Table 1). 

Shifts in community composition often reflected changes in alpha diversity (species 
diversity per plant) and beta diversity (heterogeneity within treatments) (full model results in 
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Tables S2, S3). Compared to fully watered plants, water-stressed plants harbored lower 
bacterial richness (F = 10.468, df = 72, p = 0.0018), lower Shannon diversity (F = 4.990, df = 72, p 
= 0.029), and more similar communities to one another (F = 7.347, df = 92, p = 0.0080).  

 
 
Table 1. Full results of permutational multivariate analysis of variance models on Bray–Curtis dissimilarity 

matrices. 

Bacterial community composition 

Treatment df Sum of 
squares 

Mean square F value R2 p-value 

Irrigation regime 1 0.601 0.601 1.496 0.015 0.00079 

Genotype 1 0.495 0.495 1.232 0.012 0.028 

Fertilizer concentration 1 0.455 0.455 1.133 0.011 0.112 

Plant sonication batch 

(randomized across treatments) 

12 5.763 0.480 1.196 0.145 <0.0001 

DNA extraction batch 

(randomized across treatments) 

6 3.427 0.571 1.423 0.086 <0.0001 

 

Fungal community composition 

Treatment df Sum of 
squares 

Mean square F value R2 p-value 

Irrigation regime 1 0.470 0.470 1.436 0.014 0.011 

Genotype 1 0.482 0.482 1.473 0.015 0.0089 

Fertilizer concentration 1 0.404 0.404 1.234 0.013 0.061 

Plant sonication batch 

(randomized across treatments) 

12 4.633 0.386 1.180 0.141 0.0003 

DNA extraction batch 

(randomized across treatments) 

6 3.388 0.564 1.726 0.103 <0.0001 

 
Simultaneous decreases in alpha and beta diversity often indicate loss of rare species 

(i.e. species that inhabit some sites, but not others, across a landscape) (234). Accordingly, rare 

ASVs showed the strongest discrepancies between the full water and deficit treatments 
(Fig. S5). In fungal communities, water stress increased the Shannon diversity index (F = 7.966, 

df = 72, P = 0.0062), a combined measure of richness and evenness. Further examination of the 
individual components revealed that this effect was driven by an increase in evenness under 

water-limited conditions (F = 8.495, df = 72, P = 0.0047), while richness was not affected (Fig. 1). 
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Figure 1. Water stress reduces bacterial alpha and beta diversity and increases fungal alpha diversity in the 
tomato phyllosphere. a, b) Number of amplicon sequence variants (ASVs) per sample. Bacterial richness values 

were log-transformed before analysis to meet normality and homoscedasticity assumptions. c, d) Shannon–
Weaver index of combined richness and evenness. e, f) Within-group dispersion was quantified by generating a 
Bray–Curtis dissimilarity matrix. Points represent the mean Bray–Curtis dissimilarity between each sample and 
other samples within the same treatment group (full water or 50% deficit). The lower and upper hinges of each 

box plot represent the 25th and 75th percentiles of the data, respectively, while the upper and lower whiskers 
extend to values within 1.5 times the interquartile range. Levels of significance are indicated as follows: **, 
0.001 ≤ P < 0.01; *, 0.01 ≤ P < 0.05; ns, P ≥ 0.05. 

 

The reduced mycorrhizal (rmc) plants harbored lower phyllosphere bacterial richness 
(F = 5.203, df = 72, P = 0.026) and more similar communities to one another (F = 7.548, df = 92, p 

= 0.0072) than their wild-type counterparts. As with water stress, the strongest discrepancies 
between wild-type and rmc plants were among rare ASVs (Fig. S6). The rmc plants harbored 

lower fungal richness (F = 11.417, df = 72, P = 0.0011) and higher fungal evenness (F = 13.182, 
df = 72, P < 0.001) than wild-type plants (Fig. 2). 
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Figure 2. The rmc genotype harbors lower bacterial alpha and beta diversity, and lower fungal alpha diversity, 

than its wild-type counterpart. a, b) Number of amplicon sequence variants (ASVs) per sample. Bacterial richness 
values were log-transformed before analysis to meet normality and homoscedasticity assumptions. c, d) Shannon–
Weaver index of combined richness and evenness. e, f) Within-group dispersion was quantified by generating a 
Bray–Curtis dissimilarity matrix. Points represent the mean Bray–Curtis dissimilarity between each sample and 

other samples within the same plant genotype (76R or  rmc). The lower and upper hinges of each box plot 
represent the 25th and 75th percentiles of the data, respectively, while the upper and lower whiskers extend to 
values within 1.5 times the interquartile range. Levels of significance are indicated as follows: **, 0.001 ≤  P < 0.01; 

*, 0.01 ≤ P < 0.05; ns, P ≥ 0.05. 

 

Having observed that water limitation and disruption of mycorrhizal associations 
induced similar changes in bacterial community metrics (i.e. reduction in alpha and beta 

diversity), we next asked whether similar taxa were affected in both treatments. A 
PERMANOVA on Bray–Curtis dissimilarity separated the fully watered wild-type plants from 
plants in deficit and/or reduced mycorrhizal conditions (P < 0.001 accounting for effects of P 

fertilization and sample processing batches), while the remaining combinations of irrigation 
regime and mycorrhizal associations (wild-type/deficit, rmc/full water, rmc/deficit) were not 

statistically different from one another (Fig. 3a,b). To identify specific taxa affected by each 
treatment, we calculated Dufrêne and Legendre's indicator value for each bacterial ASV. There 

was a high degree of overlap in indicator taxa for the full water and wild-type treatments, and 
in indicator taxa for the water-stressed and reduced mycorrhiza treatments (Fig. 3c). As 

indicator species analysis is based on occupancy patterns, we further validated this result using 
negative binomial regression, a method commonly used to identify taxa associated with 
treatments based on relative abundance patterns (233). We again found substantial parallels 
between the effects of irrigation regime and mycorrhizal associations on bacterial community 
composition (Fig. S7). We next examined fungal communities and again observed substantial 
overlap in the distribution of individual indicator taxa (Fig. S8). Finally, we verified that our 
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results could not be attributed to chance effects during random assignment to plant sonication 
or DNA extraction batches by comparing the effects of treatments on indicator taxa within, 
rather than across, technical batches. As expected, treatment effects within batches 
consistently mirrored those observed within the full dataset (Fig. S9). 

 
Figure 3. Water stress and rmc genotype induce parallel shifts in bacterial composition. a) Number of amplicon 

sequence variants (ASVs) per sample. Bacterial richness values were log-transformed before analysis to meet 
normality and homoscedasticity assumptions. The lower and upper hinges of each box plot represent the 25 th and 
75th percentiles of the data, respectively, while the upper and lower whiskers extend to values within 1.5 times the 

interquartile range. Levels of significance are indicated as follows: **, 0.001 ≤  P < 0.01; *, 0.01 ≤ P < 0.05; 
ns, P ≥ 0.05. b) Nonmetric multidimensional scaling (NMDS) ordination of plants in the field trial, colored by 
irrigation regime and mycorrhizal genotype. Ellipses indicate 95% confidence around groups. c) Indicator ASVs 
identified for irrigation regime (on a wild-type background) or mycorrhizal genotype (on a full water background). 

Names indicate genus-level classification, with ASV name in parenthesis. Values represent the square root of 
Dufrêne and Legendre's indicator value. For ease of interpretation, the indicator values of opposing treatments  
(water deficit vs full water, reduced mycorrhizal vs wild-type) are displayed with opposing signs. Asterisks indicate 
nominal significance (P < 0.05). Missing bars indicate taxa that were too prevalent in both treatments to 

statistically test association. 

 
By contrast, the fertilizer gradient did not impact bacterial alpha or beta diversity. 

However, increasing fertilizer concentrations were associated with higher fungal alpha diversity 
(F = 4.802, df = 72, P = 0.032) and increased heterogeneity in fungal communities among plants 

(F = 6.293, df = 72, P = 0.0028) (Fig. S10). Further examination revealed that none of the taxa 
identified as indicators of fertilization were present in the fertilizer product itself, suggesting 

that the effect of fertilizer was not directly attributable to the addition of microbes (Table S4). 
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Cross-kingdom associations 
Next, we asked how bacterial and fungal communities co-associated in our study, and whether 
these associations changed under water or nutrient limitation. Bacterial richness and fungal 
richness were highly correlated across plants (r = 0.482, df = 92, P < 0.0001, Fig. 4a). The 
relationship remained significant in an ANOVA model that controlled for the field trial 
treatments (irrigation regime, mycorrhizal associations and soil fertilizer concentration) and 

technical effects (plant sonication batch, DNA extraction batch, and number of 16S and ITS 
reads per sample). Partial R2 calculation indicated that bacterial richness accounted for 16.5% of 

the variation in fungal richness in this model. Bray–Curtis dissimilarity measures based on 
bacterial community composition and fungal community composition were correlated as well, 

including when controlling for field trial treatments and technical batches (partial Mantel 
statistic = 0.1563, P = 0.001). 

To assess the contributions of cross-kingdom associations to overall occupancy patterns, 
we constructed a co-occurrence network for each combination of irrigation regime and plant 

genotype (Fig. 4b). Across all treatment combinations, cross-kingdom pairs made up a larger 

proportion of the significant co-associations than either bacteria–bacteria or fungi–fungi pairs. 
Across mycorrhizal treatments, water stress decreased the average connectedness of nodes. 

These differences appeared to be driven by decreases in the number of bacteria–bacteria and 
bacteria–fungi associations in water-stressed plants (Fig. 4c,d). 

 

 
Figure 4. Correlations between bacterial and fungal composition. a) Number of amplicon sequence variants 
(ASVs) per sample. b) Co-occurrence networks of top 500 bacterial taxa and top 500 fungal taxa, structured 
according to Fruchterman and Reingold's force-directed layout algorithm. c) Number of network edges (positive 
and negative), displayed in total and according to the taxonomic identities of the nodes. d) Distribution of degree 

per node (number of positive and negative connections), normalized to total network size and log-transformed. 
The lower and upper hinges of each box plot represent the 25 th and 75th percentiles of the data, respectively, while 
the upper and lower whiskers extend to values within 1.5 times the interquartile range. Levels of significance are 

indicated as follows: ***, P < 0.001; **, 0.001 ≤ P < 0.01; *, 0.01 ≤ P < 0.05; ns, P ≥ 0.05. 
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Growth chamber experiments 

We next sought to explore phyllosphere microbiome assembly and function in a more 
controlled setting. Microbial inocula from the field were sprayed onto plants in growth 
chambers. In the mycorrhiza experiment, wild-type and rmc plants in the growth chamber were 
sprayed with inocula from wild-type or rmc plants in the field, or a sterile buffer, for a fully 

reciprocal design. In the fertilizer experiment, plants treated with fertilizer matching the high 
and low extremes of the fertilizer gradient were sprayed with inocula from the corresponding 

positions in the field, or a sterile buffer. In both experiments, each individual sample 
(corresponding to one plant in the field) was divided in half and used to generate inocula for 

two plants, one in each growth chamber treatment. 
One week after spraying, plants that had been sprayed with field inocula harbored 

higher absolute microbial abundances compared to plants sprayed only with sterile buffer 
(t = 2.181, df = 19.075, P = 0.041). Microbial communities on these plants were primarily 

composed of ASVs from the field experiment (Fig. S2), further validating that the spray 

treatment was sufficient to alter microbiome composition in the growth chamber. 
Compared to their inocula in the field, plants sprayed with field inocula in the growth 

chamber harbored less diverse bacterial communities (mycorrhiza experiment: F = 52.369, 
df = 17, P < 0.0001; fertilizer experiment: F = 193.307, df = 17, P < 0.001) and underwent a 

strong shift in bacterial community composition (P < 0.001). In the mycorrhiza experiment, 
bacterial communities remained more similar to their inocula when sprayed onto a plant of the 

same genotype than a plant of the opposite genotype (Wilcoxon V-statistic = 10, P = 0.011). 
Similarly, bacterial communities in the fertilizer experiment remained more similar when the 

fertilizer treatment of the field plant matched that of the growth chamber plant (Wilcoxon V-
statistic = 8, P = 0.0061) (Fig. 5). The loss of fungal diversity in the growth chamber was much 
greater, and many plants were dominated by fungal ASVs that were not present in the 
inoculum (Fig. S11), suggesting that the microbiome transplant methods we used were not 
optimized for fungi. As such, we focused on the bacterial communities in all analyses. 

The results of the growth chamber experiments were generally similar to those 
observed in the field (Fig. S12-S13). In the mycorrhiza experiment, rmc plants harbored lower 
bacterial alpha and beta diversity. Surprisingly, rmc communities transplanted onto wild-type 
plants recovered to the point that they were no longer distinguishable from wild-type 

communities (Fig. 6a). Preliminary analyses suggested that this recovery could be mediated by 
the regrowth of small surviving microbial populations that never went extinct and/or dispersal 
from wild-type neighbors. (Fig. 6b,c). 
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Figure 5. Diversity and compositional changes from field to growth chamber.  a) Schematic indicating the subset 
of communities from the field that were transplanted onto plants in the growth chamber, with each cell number 
representing sample size. Each inoculum was used to inoculate two plants in the growth chamber (one in each 
treatment column). b, c) Number of amplicon sequence variants (ASVs) per sample. Richness values were log-

transformed before analysis to meet normality and homoscedasticity assumptions. d) Nonmetric multidimensional 
scaling (NMDS) ordination shows that plants sampled in growth chamber experiments cluster together, away from 
their inocula. Ellipses indicate 95% confidence around clustering. e, f) Bray–Curtis dissimilarity index between each 

field plant used to generate inocula and its corresponding inoculated plants in the growth chamber. Categories 
indicate whether the plant in the growth chamber received the same or different experiment treatment as its 
source plant in the field. Each individual field plant was used to generate inocula for both growth chamber 
treatments, thus allowing a paired test. The lower and upper hinges of each box plot represent the 25 th and 

75th percentiles of the data, respectively, while the upper and lower whiskers extend to values within 1.5 times the 
interquartile range. Levels of significance are indicated as follows: ***, P < 0.001, **, 0.001 ≤ P < 0.01; *, 
0.01 ≤ P < 0.05; ns, P ≥ 0.05. 
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Figure 6. Recovery of rmc microbiomes in the growth chamber. a) Average Bray-Curtis distance from growth 
chamber samples to either 76R or rmc plants in the field. b, c) Relative abundance plots of individual ASVs in the 

field and growth chamber. 
 

4.4 Discussion 
Changes in climate and land use threaten plant communities by depleting water and 

disrupting mycorrhizal communities in the soil (202–204). Many studies have asked how 

environmental change will affect plant physiology, yet microbiomes can change rapidly and 
may therefore improve plant resilience to changing environments (235). Systemic changes in 

nutrient and biomass allocation, defense regulation, leaf structure, and gas exchange in water - 
and nutrient-limited plants (219,220,236) all suggest that soil conditions are likely to impact 

aboveground microbiota, with potential consequences for plant health. Here, we tested the 
effects of irrigation, mycorrhizas, and soil fertility on phyllosphere bacterial and fungal 

communities. 
In the field and growth chamber, water stress and mycorrhizal disruption reduced 

bacterial richness and homogenized communities across host plants. Together, reduced species 
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richness and increased homogenization reflect a disproportionate loss of bacterial species with 
low occupancy across plants (i.e. bacterial species that differentiate individual plants from one 
another). The phyllosphere environment has harsh temperature fluctuations and low relative 
humidity compared to the soil or rhizosphere (180,237); low-occupancy species may be less 
well-adapted to these conditions, and therefore more strongly affected by stressors, than high-
occupancy species. Alternatively, low metacommunity occupancy tends to correlate with small 

local population sizes (Fig. S14; (238)), which are often more vulnerable to ecological 
stochasticity (239,240). 

By contrast, fungal community evenness increased under water stress and mycorrhizal 
disruption, reflecting a relative loss of dominant taxa. One explanation is that a small number of 

dominant taxa may comprise the majority of actively growing cells, which are more strongly 
affected by stressors, while rare sequences originate from dormant spores. In support of this 

explanation, RNA-based and stable isotope-based profiling show that only a minority of fungal 
sequences represent active populations (241,242) and that this active fraction is more sensitive 

to disturbance (243). 

In general, water stress affected bacterial communities more strongly than fungal 
communities, a pattern consistent with a large body of work comparing bacterial and fungal 

drought responses in soil (207,244–248). Interactions between bacteria and fungi may be an 
important part of the picture as well. We found strong positive correlations between bacterial 

and fungal composition that persisted when accounting for measured environmental variation. 
The connectedness of the multi-kingdom network decreased under water-limited conditions 

despite similar network sizes, largely due to decreases in the numbers of bacteria–fungi and 
bacteria–bacteria associations. Our ability to draw direct inferences about cross-kingdom 

interactions in this study is limited, as co-associations can be confounded by environmental 
heterogeneity or differences between measured and biologically relevant spatial scales (249). 
However, other work has compiled fascinating examples of interactions between bacteria and 
fungi (250), and it will be important to see whether and how environmental stressors disrupt 
such interactions. 

We observed a striking parallelism in the responses of microbial communities to water 
stress and the rmc genotype in our study. Based on these observations, we propose that 
reduced soil moisture and disruption of mycorrhizas both induce systemic stress responses that 
alter aboveground plant physiology and microbiome composition. Both water limitation and 

mycorrhizal disruption can induce stomatal closure, reduce specific leaf area, and alter plant 
nutrient concentration (236,251,252), altering physical and chemical characteristics of the 
phyllosphere habitat. Interestingly, the effect of water stress in this study was strongest in wild-
type plants, and the effect of mycorrhizal disruption was strongest in well-watered plants. In 
fact, the combined effects of water stress and mycorrhizal disruption were not associated with 
additional community turnover or loss of microbial diversity compared to either individually. 
This observation contrasts with previously observed interactions between irrigation and 
mycorrhizas, where mycorrhizal plants are typically more drought-tolerant (252,253). It is thus 

possible that mycorrhizas allow plants to access compensatory pathways that buffer their own 
fitness under water limitation, but do not extend to phyllosphere microbial communities. For 

example, mycorrhizal tomato plants closed their stomata more quickly than nonmycorrhizal 
plants under drought conditions in a prior study (254). Rapid stomatal closure in mycorrhizal 
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plants appeared to minimize plant biomass loss compared to nonmycorrhizal plants, but may 
have limited microbial access to stomata, an important source of water in the phyllosphere 
(124,255). It is also possible that an interaction between water stress and mycorrhizas would 
have emerged if plants were sampled later in the growing season, when water stress was more 
severe. 

Several alternative mechanisms may contribute to the effects of the belowground 

treatments in this study on phyllosphere microbiome composition. First, microbiome variation 
between wild-type and reduced mycorrhizal plants could simply reflect host genetic variation, 

independent of the presence of mycorrhizas. In addition to CYCLOPS/IPD3, which confers the 
reduced mycorrhizal phenotype, the rmc deletion spans parts of four other genes (256). At least 

one of the remaining genes regulates resistance to the root pathogen Fusarium 
oxysporum (257), but we are not aware of any off-target effects on foliar phenotypes or 

phyllosphere microorganisms. Studies of 76R and rmc plants report similar biomass and 
nutrient uptake in the absence of mycorrhizal fungi (258,259), and CYCLOPS/IPD3 is not highly 

expressed in leaf tissue (260,261). Therefore, while our study design does not exclude the 

possibility of a direct effect of rmc on phyllosphere microorganisms, such an effect is at odds 
with other work on this system. 

Another explanation for the effect of the reduced mycorrhizal genotype is that 
mycorrhizal colonization modifies host immune signaling both locally and systemically (223), 

tending to increase resistance to necrotrophic pathogens and decrease resistance to biotrophic 
pathogens (262). This may explain why P. syringae colonized wild-type plants more successfully 

than rmc plants in the growth chamber, but it is unclear whether commensal microbiota on the 
leaf surface interact closely enough with plant cells to be regulated by immune signaling. 

Bacteria can often grow to high densities on the leaf surface with minimal changes to plant 
gene expression (263), and the results of studies that directly tested for immune control of 
phyllosphere microbiome composition have been mixed (264,265). 

Soil is thought to be one of many sources of dispersal to the phyllosphere (266), so 
changes in the soil community could affect the phyllosphere community, independent of 
systemic plant modifications. However, the taxonomic patterns of enrichment and depletion 
that we observed in the phyllosphere were markedly different from those previously observed 
in soil and rhizosphere studies. In soil and rhizosphere habitats, drought is commonly 
associated with enrichment of many Actinobacterial taxa, and depletion of Acidobacteria, 

Proteobacteria, and Bacteroidetes (206,208,245). By contrast, we did not observe significant 
enrichment in any families of Actinobacteria (though several were depleted under water-
limited conditions), while several Proteobacteria and Bacteroidetes families were enriched 
under water stress. Additionally, we would not expect to see parallel responses to water stress 
and the rmc genotype if the effect were driven by dispersal. While mycorrhizas can alter 
surrounding soil communities, their effects tend to be relatively minor and/or highly localized 
(258,267). 

Although irrigation regime and mycorrhizal associations were the strongest predictors of 

phyllosphere microbiome composition in our study, we observed some effects of fertilization. 
Fungal diversity and heterogeneity increased along the fertilization gradient, and bacterial 

communities remained more similar from the field to the growth chamber if they were 
transplanted onto a plant grown under the same nutrient conditions. Interestingly, these 
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effects manifested aboveground even though fertilization did not appear to alter extractable 
phosphate availability in the soil. In light of this unexpected observation, we suspect that the 
added P was mainly in an organic form that was not sufficiently mineralized in the time period 
of the experiment to be detected by our measure of available P (Olsen P), but may have still 
altered plant physiology or belowground community composition in ways that subsequently 
impacted aboveground microbial communities. It is also possible that other components of this 

product, such as added calcium or resident microbiota, contributed to the observed changes in 
phyllosphere community composition. However, none of the fungal taxa that were enriched in 

the fertilized plots were detected in the fertilizer product, making it unlikely that the effect of 
fertilizer was caused by the direct addition of microbes. 

Our study demonstrates the effects of soil conditions on the diversity, composition, and 
distribution of aboveground microbiota. We observed strikingly parallel effects of water stress 

and mycorrhizal disruption despite differences in their nature (biotic or abiotic), yet these 
changes were distinct from enrichment patterns previously observed in the soil and 

rhizosphere. Taken together, our findings are unlikely to be explained by off-target effects of 

the rmc mutation, dispersal from soil, or stochastic colonization of plants in the field. Rather, 
they indicate that soil conditions induce systemic responses in plants which in turn alter 

selection on aboveground microbial communities. Our study highlights the importance of 
phyllosphere microbial communities both as indicators of plant stress and as potential 

mediators of plant responses to global environmental change. 
 

4.5 Appendix 
Methods S1: Field trial preparation and sampling  

Field preparation included spading and bed formation (1.5 m wide from furrow to 

furrow), followed by feather meal (12 – 0 – 0) banded in at a rate of 40 kg N ha-1 . Experimental 
plots were established in eight experimental beds with rows of buffer plants between each 

experimental bed. Transplants were grown in the Westside Transplant facility in Winters, CA. 
After 9 wk. under certified organic management, seedlings were transplanted on the bed 

center by hand on 28 April 2019, followed by 1.9 cm of water applied via a single surface drip 
line in the center of each bed. Transplants that died due to a fungal blight (~100 plants) were 

replaced in the first three weeks of the experiment. Soil samples were taken at three depths (0-
15cm, 15-30cm, 30-60cm) at transplant, midseason (52 days after transplant) and harvest (116 
days after transplant). 

Methods S2: Growth chamber experiments  

Seeds were sterilized by swirling in 2.7% bleach for 20 minutes, then washed 3 times 
with sterile water. 4 seeds per plate were germinated on 1% water agar. Plates were wrapped 

in aluminum foil for 7 days and stored at 21°C. After 1 week, plants were transferred to 
individual pots containing Sunshine #4 potting mix, where they were maintained at a 15 h day:9 

h night light cycle.  

When plants were three weeks old, field communities were used to generate inocula. 
An aliquot of each sample from the field was thawed and plated on agar to count colonies. 

Colony counts ranged from 104 – 106 CFU/mL. Each sample from the field was divided in half, 
then diluted to 104 CFU/mL in 10 mM MgCl2. The surfactant Silwet-L-77 was added at a 
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concentration of 0.1 µL autoclaved Silwet per 1 mL inocula to facilitate microbial adhesion onto 
the leaf surface. Each plant was sprayed with 4 mL of inoculum using a 15 mL conical tube fitted 
with a spray cap. Each plant was sprayed from all angles inside an autoclave bag to contain 
microbes.  

One week after spraying, a frozen stock of Pseudomonas syringae pathovar tomato 
PT23 was grown overnight in King’s Broth at 28°C for experimental infections. The overnight 

culture was diluted in 10 mM MgCl2 to an optical density (OD600) of 0.0002. At 24 hours 
postinfection, 3 hole punches (6-mm diameter) were taken from each inoculated leaf, for a 

total of 9 leaf discs per plant. Leaf discs were placed in a FastPrep tube with 1 mL 10 mM MgCl 2 
and two sterile ceramic beads, then homogenized in the FastPrep-24 5G sample disruption 

instrument at 4.0 m/s for 40 seconds.  
The rest of the aboveground plant tissue was placed in a 15 mL tube. The tube was filled 

with 10 mM MgCl2 and submerged in a Branson M5800 sonicating water bath for 10 minutes to 
gently dislodge microbial cells from the leaf surface. Leaf wash was centrifuged at 3500 x g for 

10 minutes, resuspended in 600 uL 10 mM MgCl2, and frozen immediately at –20°C for 

sequencing.  

Methods S3: Droplet digital PCR reaction conditions and primers  
Pseudomonas abundance was quantified using the Bio-Rad QX200TM Droplet Digital 

PCR system. Reaction mixtures were prepared with 11 µL Bio-Rad ddPCR Supermix for Probes 
(no dUTP), 1.1 µL probe (see below), 4.9 µL molecular grade water, and 5 µL homogenized leaf 
material. Samples were randomized on the ddPCR plate, with a negative control (replacing the 
5 µL template with molecular grade water) in the last well of each column. Droplets were 
generated according to manufacturer instructions, and the following PCR conditions were used 
for amplification: 95°C for 10 minutes; 40 cycles of the following: (94°C for 30 seconds, 60°C for 
1 minute, 72°C for 1 minute); 98°C for 10 minutes; hold at 12°C. Positive droplet thresholds 

were set by column, with fluorescence values in the range of the negative control classified as 
negative. ddPCR primers were adapted from Pseudomonas qPCR assays and target a 

hypervariable region of the 16S rRNA gene (268): Forward 5’- ACTTTAAGTTGGGAGGAAGGG-3’; 
reverse 5’-ACACAGGAAATTCCACCACCC-3’, probe TGCCAGCAGCCGCGG.  

Total bacterial abundance was quantified using the Bio-Rad QX200TM Droplet Digital 
PCR system. Reaction mixtures consisted of 11 µL EvaGreen Supermix, 0.22 µL forward primer 

(see below), 0.22 µL reverse primer, 5.56 µL molecular grade water, and 5 µL leaf wash. 
Samples were randomized on the ddPCR plate, with a negative control in the last well of each 
column. Droplets were generated according to manufacturer instructions, and the following 

PCR conditions were used for amplification: 95°C for 10 minutes; 40 cycles of the following: 
(95°C for 30 seconds, 55°C for 30 seconds, 72°C for 2 minutes), 4°C for 5 minutes, 90°C for 5 

minutes, hold at 12°C. Positive droplet thresholds were set by column, with fluorescence values 
in the range of the negative control classified as negative. Conserved sequences in the V3-V4 

regions of the 16S rRNA gene were targeted using the following primers: Forward 5’- 

CCTACGGGNBGCASCAG-3’; reverse 5’-GACTACNVGGGTATCTAATCC-3’.  

Methods S4: Amplicon sequencing workflow and analysis  
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The V4 region of the 16S rRNA gene was amplified using 515F/806R primers, with 
peptide nucleic acids (PNAs) added to limit amplification of plant chloroplast and mitochondrial 
DNA (Lundberg et al. 2013). The eukaryotic ITS2 gene was amplified using the primers (5’- 
CCTCCGCTTATTGATATGC-3’, 5’-CCGTGARTCATCGAATCTTTG-3’). Reads were analyzed using the 
recommended DADA2 pipeline with the following parameters. Reads with Ns or >2 “expected 
errors” (calculated by DADA2 based on quality scores) were removed. 16S reads were truncated 

at 240 base pairs in the forward direction and 140 base pairs in the reverse direction, or at the 
first position with a quality score <2. ITS reads shorter than 50 base pairs were removed, or 

were truncated at the first position with a quality score <2. Amplicon sequence variants (269) 
were inferred after training the core denoising algorithm on error rates. DADA2 was then used 

to merge paired reads, on the condition that forward and reverse reads overlap by at least 12 
bases. Chimeric sequences were identified as exact reconstructions of segments of two more 

abundant “parent” sequences, and removed from further analysis. After filtering plant-derived 
sequences and sequences prevalent in negative controls, the dataset consisted of 1579 

bacterial amplicon sequence variants (ASVs) and 1397 fungal ASVs. 

 
Table S1. Fertilizer gradient in field trial. Bold values indicate sampling scheme. 

Position in gradient Fertilizer added (g/m2) Fertilizer added (g/m3) 

(assuming penetration 
depth of 20 cm) 

1, 2 0 0 

3 40 200 

4 80 400 

5 120 600 

6 160 800 

7 200 1000 

8 400 2000 

9 600 3000 

10 800 4000 

11, 12 1000 5000 

 
 
 
 

Table S2. Full results of ANOVA models of bacterial and fungal richness.  

Treatment df Sum of 
squares 

Mean square F value p-value 

Irrigation regime 1 2.384 2.384 10.468 0.0018 

Genotype 1 1.185 1.185 5.203 0.026 

Fertilizer concentration 1 0.387 0.387 1.697 0.197 
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Plant sonication batch (randomized 
across treatments) 

12 2.729 0.227 0.998 0.459 

DNA extraction batch (randomized 
across treatments) 

6 6.765 1.127 4.951 0.00027 

      

Treatment df Sum of 
squares 

Mean square F value p-value 

Irrigation regime 1 388.5 388.5 0.902 0.345 

Genotype 1 4919.1 4919.1 11.417 0.0011 

Fertilizer concentration 1 2069.1 2069.1 4.802 0.032 

Plant sonication batch (randomized 
across treatments) 

12 8802.5 733.5 1.702 0.084 

DNA extraction batch (randomized 
across treatments) 

6 10317.9 1.197 3.991 0.0017 

 
Table S3. Full results of ANOVA models of bacterial and fungal Shannon diversity. 

Treatment df Sum of 
squares 

Mean square F value p-value 

Irrigation regime 1 3.047 3.047 4.990 0.029 

Genotype 1 0.325 0.325 0.533 0.468 

Fertilizer concentration 1 0.076 0.076 0.124 0.726 

Plant sonication batch (randomized 

across treatments) 

12 26.670 2.222 3.640 0.00028 

DNA extraction batch (randomized 

across treatments) 

6 4.760 0.793 1.299 0.268 

      

Treatment df Sum of 
squares 

Mean square F value p-value 

Irrigation regime 1 0.5262 0.5262 7.966 0.0062 

Genotype 1 0.046 0.046 0.690 0.409 

Fertilizer concentration 1 0.040 0.040 0.610 0.437 

Plant sonication batch (randomized 
across treatments) 

12 1.336 0.111 1.685 0.088 

DNA extraction batch (randomized 
across treatments) 

6 0.973 0.162 2.453 0.032 

 

 
Table S4. No overlap between taxa enriched in fertilized plants and taxa present in fertilizer.  

Fungal taxa enriched at medium or high fertilizer concentrations 
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ASV number Family Species Enriched in Indicator 
value 

p-value 

25 Filobasidiaceae Filobasidium stepposum Medium/high 0.553 0.033 

38 Filobasidiaceae Filobasidium oeirense Medium/high 0.606 0.024 

51 Filobasidiaceae Filobasidium stepposum Medium/high 0.464 0.022 

95 Bulleribasidiaceae  Vishniacozyma 
dimennae 

Medium/high 0.564 0.018 

103 Filobasidiaceae Naganishia albida High 0.379 0.031 

140 Dothideaceae Unclassified Medium 0.502 0.011 

191 Bulleribasidiaceae Vishniacozyma foliicola Medium 0.393 0.020 

209 Filobasidiaceae Naganishia albida Medium 0.316 0.039 

301 Pleosporaceae Alternaria eureka High 0.393 0.014 

333 Mrakiaceae Udeniomyces pyricola Medium 0.365 0.005 

436 Unclassified 
Myriangiales 

Unclassified High 0.357 0.039 

437 Dothideaceae Unclassified High 0.354 0.035 

474 Unclassified 
Pleosporales 

Unclassified Medium 0.316 0.033 

  

Fungal taxa present in fertilizer product 

ASV number Family Species 
 

2 Cladosporiaceae Unclassified 
Cladosporium 

5 Filobasidiaceae Filobasidium stepposum 

16 Bulleribasidiaceae Vishniacozyma victoriae 

394 Unclassified 

Phacidiales 

Epithamnolia 

rangiferinae 
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Figure S1. Experimental design for the field trial. Plots shown in green included 10 plants and were experimentally 
manipulated as described within the plot.  
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Figure S2. Colonization of growth chamber plants by field bacterial communities. a) Bacterial communities on 

plants in the genotype and phosphorus experiments were composed primarily of taxa from the field trial (median = 
92.6%), but in a subset of plants, a large proportion of reads came from taxa unique to the growth chamber. b) 
Plants with a large proportion of growth-chamber-unique reads had low overall bacterial abundance, suggesting 
that the inocula failed to grow to high densities. c) Plants with a large proportion of growth-chamber-unique reads 

had high diversity despite low bacterial abundance, suggesting that occasional contamination by growth-chamber-
unique taxa confounded alpha diversity estimates. 
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Figure S3. Growth-chamber-unique taxa are not distributed according to experimental treatments in the growth 

chamber. a) Observed bacterial richness in mycorrhizae experiment, as measured by ASV counts of taxa unique to 
the growth chamber. b) Within-group dispersion of bacterial communities was quantified by generating a Bray-
Curtis dissimilarity matrix of taxa unique to the growth chamber. Points represent the mean Bray-Curtis 
dissimilarity between each sample and other samples of the same genotype (76R or reduced mycorrhizal). c) 

Observed bacterial richness in phosphorus experiment, as measured by ASV counts of taxa unique to the growth 
chamber. d) Within-group dispersion of bacterial communities was quantified by generating a Bray-Curtis 
dissimilarity matrix of taxa unique to the growth chamber. Points represent the mean Bray-Curtis dissimilarity 

between each sample and other samples within the same treatment group (low, high). 
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Figure S4. Effects of field trial treatments on plant phenotypes. a) Wild-type plants (76R, n=24) show significantly 
higher root colonization by AMF than reduced mycorrhizal mutants (rmc, n=24). b) Plants grown under deficit 

conditions (n=24) show a trend toward higher stem water potential, an indicator of water stress, compared to fully 
watered plants (n=24). c) Wild-type plants (n=24) have a significantly higher P concentration in plant tissue than  
reduced mycorrhizal mutants (n=24). d) Plants grown under deficit conditions (n=24) have significantly lower P 

concentration in plant tissue than fully watered plants (n=24). e) No effect of added fertilizer on the concentration 
of P in plant tissue, where higher positions on the fertilizer gradient indicate higher concentrations of added 
fertilizer.  



 

 58 

 
Figure S5. Effects of water stress are strongest on rare bacterial taxa and persist at broad taxonomic levels. a) 
Tile plot describing the relationship between the proportion of fully watered plants and the proportion of drought 

plants occupied (relative abundance > 0) by each bacterial ASV. Inset depicts bacterial ASVs that were detected on 
fewer than 10% of plants in either treatment. Many of these ASVs we re less frequently detected in the drought 
treatment than in the full water treatment (as indicated by brighter colors below the diagonal). b) Proportion of 
variance in bacterial or fungal community composition explained by water regime in a model includin g plant 

genotype, fertilizer concentration, plant sonication batch, and DNA extraction batch as additional covariates. 
Asterisks indicate where drought explained a significant portion of variation in a PERMANOVA test.  
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Figure S6. Effects of the rmc genotype are strongest on rare bacterial taxa and persist at broad taxonomic levels. 

a) Tile plot describing the relationship between the proportion of wild-type plants and the proportion of reduced 
mycorrhizal plants occupied (relative abundance > 0) by each bacterial ASV. Inset depicts bacterial ASVs that were 
detected on fewer than 10% of plants in either treatment. Many of these ASVs were less frequently detected in 
reduced mycorrhizal plants than in wild-type plants (as indicated by brighter colors below the diagonal). b) 

Proportion of variance in bacterial or fungal community composition explained by mycorrhizal genotype in a model 
including water regime, fertilizer concentration, plant sonication batch, and DNA extraction batch as additional 
covariates. Asterisks indicate where plant genotype explained a significant portion of variation in a PERMANOVA 

test. 
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Figure S7. Negative binomial modeling identifies parallel shifts in bacterial community composition in water 

stress and rmc genotype. The negative binomial model implemented in the package edgeR was used to calculate 
log fold differences in abundance of bacterial families across water regimes (on a wild-type background) or plant 
genotypes (on a full water background). Significance was assessed for each family using an analog of Fisher’s exact 
test adapted for overdispersed data, then corrected for multiple testing. Asterisks indicate significance after 

multiple testing (FDR<0.01). 
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Figure S8. Overlap in fungal indicator species for water regime and mycorrhizal genotype. Indicator taxa 

identified for the water regime (on a wild-type background) or mycorrhizal genotype (on a full water background). 
Names indicate genus-level classification, with ASV number in parenthesis. Values represent the square root of 
Dufrêne and Legendre’s indicator value. For ease of interpretation, the indicator values of opposing treatments 
(water deficit vs. full water, reduced mycorrhizal vs. wild-type) are displayed with opposing signs. Asterisks indicate 

nominal significance (p<0.05). Missing bars indicate taxa that were too prevalent in both treatments to statistically 
test association. 
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Figure S9. Treatment effects within batches mirror those observed within the full dataset. a-c) Distribution of the 

top three indicator ASVs for irrigation regime within DNA extraction batches. In the full dataset, all three taxa were 
enriched in fully watered plants compared to water-stressed plants. d-f) Distribution of the top three indicator 
ASVs for mycorrhizal genotype within DNA extraction batches. In the full dataset, all three taxa were enriched in 
wild-type plants compared to rmc plants. 
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Figure S10. Phosphorus fertilization increases fungal alpha and beta diversity. a,b) ASV counts after removing 
plant sequences and contaminant sequences. Bacterial richness values were log-transformed prior to ANOVA to 
meet normality and homoscedasticity assumptions. c,d) Shannon-Weaver index of combined richness and 
evenness. e,f) Within-group dispersion was quantified by generating a Bray-Curtis dissimilarity matrix. Points 

represent the mean Bray-Curtis dissimilarity between each sample and other samples within the same treatment 
group (low, medium, or high). 
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Figure S11. Colonization of growth chamber plants by field fungal communities. a) Fungal communities on plants 

in the genotype and phosphorus experiments were not dominated by tax a from the field, but rather by taxa 
unique to the growth chamber. b,c) Removing taxa unique to the growth chamber for further analysis, as was done 
in the bacterial microbiome, greatly reduces fungal richness values (most plants had only 0 -2 fungal ASVs after 
subsampling). 
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Figure S12. Growth chamber experiments recapitulate effect of rmc genotype, and lack of effect of phosphorus 

fertilization, on bacterial alpha and beta diversity. a) Observed bacterial richness in mycorrhizae experiment, as 
measured by ASV counts after removing chloroplast, mitochondria, and contaminant sequences. Richness values 
were log-transformed prior to ANOVA to meet normality and homoscedasticity assumptions. b) Within-group 
dispersion of bacterial communities was quantified by generating a Bray-Curtis dissimilarity matrix. Points 

represent the mean Bray-Curtis dissimilarity between each sample and other samples of the same genotype (76R 
or reduced mycorrhizal). c) Observed bacterial richness in phosphorus experiment, as measure d by ASV counts 
after removing chloroplast, mitochondria, and contaminant sequences. Richness values were log-transformed 

prior to ANOVA to meet normality assumption. d) Within-group dispersion of bacterial communities was 
quantified by generating a Bray-Curtis dissimilarity matrix. Points represent the mean Bray-Curtis dissimilarity 
between each sample and other samples within the same treatment group (low, high). 
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Figure S13. Pseudomonas syringae density on growth chamber plants after experimental infection. a,b) Colony 
forming units (CFUs) on leaf discs (6 mm diameter) clipped from leaves experimentally inoculated with 

Pseudomonas syringae pathovar tomato PT23. 
 



 

 67 

 
Figure S14. Occupancy-abundance relationship for bacterial taxa in the field study. The mean relative abundance 

of each ASV was plotted against the proportion of plants in which it was detected. The shaded region represents a 
95% confidence interval based on the neutral model described by Sloan et al. (270) and implemented in the R 
package sncm by Burns et al. (271). 
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5. The role of phages in microbiome-mediated protection 
 

5.1 Introduction 
Viruses that infect bacteria, or phages, are abundant and diverse in natural ecosystems. 

They can be found in all environments that bacteria inhabit and frequently outnumber bacterial 
cells by 10-100 fold (272–274). Phages play an important ecological role in microbial 

communities, most notably in nutrient cycling (275). In aquatic environments, for instance, they 
are responsible for lysing an estimated 10-20% of the bacterial community on a daily basis 

(276). Because phages tend to specialize on certain bacterial hosts, they can also alter patterns 
of competition, coexistence, and gene transfer among bacterial species (277–279). 

Some phages infect and kill bacteria that are pathogenic to other organisms, such as 
plants or animals. These phages have long been recognized as an opportunity for managing 
bacterial pathogens in medicine and agriculture (280). Indeed, mammalian mucosal surfaces 
are naturally enriched for phages that provide an antimicrobial defense at potential points of 
entry for pathogens (281,282). Phage-based therapeutics, emerging as an alternative to 
antibiotics, have been successfully used in a small number of compassionate use cases to treat 
life-threatening, drug-resistant bacterial infections (283,284). While not yet approved for 
routine clinical use in most countries, pathogen-targeting phages are considered a promising 

avenue for managing human, livestock, and crop diseases due to their high specificity and their 
potential to self-replicate and co-evolve with resistant bacteria (285–288). 

While phages that do not directly target bacterial pathogens have received substantially 
less attention, recent evidence suggests they may also play important roles in susceptibility or 

resistance to disease (Figure 1). Many diseases of animals and plants are characterized by 
altered phage community composition, suggesting that the natural diversity of phages 
inhabiting these organisms may modulate disease susceptibility (289–291). One possible 

mechanism by which phages could alter host susceptibility to disease is via a direct interaction 
between phages and the immune system of the plant or animal host. Phages share some 

molecular features with mammalian viruses (292), and some have been shown to promote 
antiviral cytokine production in humans and mice (293,294). A filamentous phage of 

Pseudomonas aeruginosa, Pf, triggered an antiviral pathway that suppressed phagocytosis of 
bacterial cells, exacerbating the P. aeruginosa infection (79). Yet whether phages can interact 

with or redirect non-mammalian immune systems is not clear. 
Another mechanism for phages to influence disease outcomes is by altering the 

composition of the resident microbiome. Pathogen colonization success is frequently 
dependent on facilitative or inhibitory interactions with existing bacterial populations 

(295,296). Phages targeting pathogen-facilitating bacteria are expected to limit disease spread, 
while phages that target pathogen-inhibiting bacteria are expected to worsen infection 
severity. In the tomato rhizosphere, variation in the severity of bacterial wilt disease was 

attributed to the presence of pathogen-inhibiting bacteria and their associated phages. Tomato 
plants inoculated with these inhibitory bacteria were more resistant to infection by Ralstonia 

solanacearum, but this protective effect vanished in the presence of inhibitor-associated 
phages (291). 
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Lastly, phage communities as a whole can maintain bacterial community diversity over 
time and space by targeting abundant bacterial species. This idea was originally adapted from 
observations of animal predators and parasites that impose negative frequency-dependent 
selection on prey or host species (297–299). In microbial communities it is known as the ‘kill the 
winner’ hypothesis because any population that reaches sufficiently high density should be 
followed by a bloom of its specialized phages, which then bring its population size back down 

and releases nutrients for other, previously rare, bacteria to use (300,301). Several studies in 
aquatic and terrestrial systems have reported dynamics consistent with the kill -the-winner 

hypothesis (22,302,303). Of particular relevance here, bacteria from the tomato phyllosphere 
assembled into more species-rich and more synchronous communities when paired with their 

phages than when free phages were depleted (22).  
 

 
 
Figure 1. Mechanisms of phage modulation of pathogen infection. Phages may suppress disease by a) directly 
reducing pathogen population sizes (283–288), b) reducing the population sizes of microbiome members that 

facilitate pathogen infection, or c) maintaining bacterial community diversity and resistance to invasion by preying 
on abundant bacteria. Phages may facilitate disease by d) reducing the population sizes of protective microbiome 
members (291), or e) reprogramming host immunity to trigger an antiviral response and suppress the antibacterial 
response (currently documented only in mammalian hosts, (79)). 

 

As bacterial community diversity and stability often predicts resistance to pathogen 
invasion (24,25,304), we hypothesized that phage communities play a role in pathogen defense 

via community-level regulation of the resident microbiome. We tested this hypothesis using 
phage community depletion experiments with two different strains of the plant pathogen 
Pseudomonas syringae. P. syringae is a generalist bacterial pathogen that infects nearly 200 
plant species, including a number of economically important crops such as wheat,  barley, 
soybean, kiwifruit, and tomato (305,306). When we inoculated bacterial communities and 
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phage communities together onto plants, they were more protective against P. syringae pv. 
tomato than either group was separately. We demonstrated through a series of additional 
experiments including phage infectivity assays in vitro, lipopolysaccharide quantification of the 
phage filtrate, and reciprocal transplants of phage communities that this effect could not be 
explained by phage interactions with the plant immune system or by direct effects of phages on 
P. syringae alone. Rather, the protective effect of phages depended on the presence and 

identity of the bacterial microbiome. 

 

5.2 Materials and Methods 
Microbiome sampling from field 

 In the first field season (September 2018), leaves were sampled from approximately six-
month-old tomato plants at the Student Organic Farm at the University of California, Davis 

(38°32’20.04” N, 121°44’57.36” W). Leaves were collected from the full range of the height of 
the plants and placed in a loosely filled bag (35-50 grams of plant material). Bags were 
transported to the lab and immediately stored at 4°C. Bacteria and phage communities were 
isolated and frozen within one week of field sampling. These samples were used for the first 
phage depletion experiment as well as the LPS quantification (Table 1). 

 In a subsequent field season (August 2021), leaves were sampled from 16 six-month-old 
tomato plants at the Student Organic Farm, as well as 6 tomato plants and 6 American black 

nightshade plants (Solanum americanum) at the Vegetable Crops Field at the University of 
California, Davis (38°32’31.2” N, 121°45’46.8” W). Leaves were transported to the lab on ice, 
stored at 4°C, and processed within one week of sampling. Of the former group, 10 of these 
plants were used to generate inocula for the second phage depletion experiment, while the 
remaining 6 constituted the ‘field allopatric’ treatment in the local adaptation transplant 
experiment (Table 1). Of the latter group, the 6 tomato plants were used to generate inocula 
for the ‘sympatric’ and ‘neighbor allopatric’ treatments, and the 6 American black nightshade 
plants were used for the ’species allopatric’ treatment.  
 
Isolation of microbial and phage communities 

A buffer solution of 10 mM MgCl2 was added to each bag to cover the leaves, and the 
Ziploc bags were submerged in a Brandon M5800 sonicating water bath for 10 minutes to 

gently dislodge microbial cells from the leaf surface. The resulting leaf wash was passed 
through a coffee filter to remove large plant debris. The leaf wash filtrate was then vacuum 

filtered through a 0.2 µm membrane to separate cellular microbes (fungi, bacteria) from viral 
particles.  

To release microbial cells, the 0.2 µm filter was transferred to a sterile tube and 
sonicated in 10 mM MgCl2. Microbial cells were pelleted at 3500 x g for 10 minutes, 
resuspended in 50% glycerol, and stored at -80°C. The filtrate from the 0.2 µm, containing 

viruses and small molecules, was transferred to an Amicon Ultra-15 filter unit with a 100 kDa 
molecular weight cutoff. Amicon filters were centrifuged at 4000 x g for 25 minutes to isolate 

and concentrate viruses. The resulting phage fraction was stored at 4°C. 
 This method of phage isolation and concentration was originally developed to isolate 

viruses in seawater (307,308) and has been previously adapted to the tomato phyllosphere 
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(22). It separates the majority of lytic phages from their hosts, but lysogenic phages or lytic 
phages actively infecting a bacterial cell at the moment of filtration are likely to remain in the 
bacterial fraction, thus resulting in a “phage-depleted” rather than an entirely phage-free 
microbial community. 
 
Phage depletion experiments 

  To measure the effect of phage depletion on microbiome-mediated resistance to 
pathogen colonization, microbial inocula were applied to plant leaves, either with or without 

their respective phage communities. Briefly, Early Girl tomato seeds (Eden Brothers) were 
surface sterilized by immersing seeds in 70% ethanol for 1 minute, then swirling seeds in 10 mL 

of 6% bleach and 10 mL of 0.2% Tween 20 for 20 minutes. Seeds were placed in a petri dish 
containing 0.8% water agar, then covered and incubated at 21°C in the dark. After germination, 

plates were maintained in a growth chamber at 24°C and 70% humidity with a 15h day:9h night 
light cycle. Nine days after planting, seedlings were transferred to pots containing autoclaved 

potting medium (Profile Porous Ceramic Greens Grade soil amendment, Sierra Pacific Turf 

Supply). Pots were spatially randomized with respect to treatment for the duration of the 
experiment. 

 Three weeks after planting, leaves were sprayed with microbial communities from the 
field. Microbiome and phage inocula were each standardized to a fixed quantity of plant 

material from the field so that phage-host ratios in the inocula were the same as those in their 
natural environment. Inocula were prepared in 4 mL of 10 mM MgCl2, with 0.04 µL of the 

surfactant Silwet L-77 added to facilitate microbial adhesion to the leaf surface. Leaves were 
sprayed from all angles using a 15 mL conical tube fitted with a spray cap. 

 Four weeks after planting (one week after microbiome inoculation), leaves were 
challenged with Pseudomonas syringae pv tomato. Two different strains of P. syringae were 
used in separate experiments: DC3000, a model plant pathogen that infects Arabidopsis 
thaliana as well as tomato plants, and PT23, a closely related pathovar that is more specialized 
to tomato plants (20). In both cases, an overnight culture of P. syringae was pelleted and 
diluted to an optical density (OD600) of 0.0002. The resulting microbial suspension was 
infiltrated into the abaxial side of the leaf using a blunt-end syringe. At 24 hours post-infection, 
three hole punches (6-mm diameter) were taken from each leaf. Leaf discs were homogenized 
in 1 mL 10 mM MgCl2 in a FastPrep-24 5G sample disruption instrument at 4.0 m/s for 40 

seconds and stored at -20°C for molecular analysis. Healthy leaves (not challenged with P. 
syringae) were collected, suspended in 10 mMgCl2, and sonicated, pelleted, and frozen as 
described above to isolate commensal microbiota. 
 
Lipopolysaccharide quantification 
 The Pierce Chromogenic Endotoxin Quant Kit (ThermoFisher Scientific Cat. #A39553) 
was used to measure lipopolysaccharide (LPS) concentrations in the phage filtrates. Briefly, 
amebocyte lysate that binds to LPS was added to samples and incubated at 37°C for 30 

minutes. A chromogenic substrate that reacts with the amebocyte proenzyme was added and 
incubated at 37°C for 6 minutes. Acetic acid was added to stop the reaction, and optical density 

values were recorded at 405 nm. Absorbance values were adjusted to blanks and LPS 
concentrations of samples were calculated based on the standard curve. 
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 To assess whether LPS contamination was responsible for the observed effect of phage 
on disease outcomes in planta, the leaves of three-week-old tomato plants were sprayed with 
either phage communities or varying concentrations of pure LPS from Escherichia coli. Leaves 
were challenged one week after spraying with P. syringae and harvested as described above. 
 
Local adaptation transplant experiment 

 Tomato plants were grown and maintained in the growth chamber as described above. 
The following inocula were applied to three-week-old plants: 1) microbiome only, 2) 

microbiome with sympatric phages (isolated from the same plant), 3) microbiome with 
allopatric phages (isolated from a neighboring tomato plant), 4) microbiome with allopatric 

phages (isolated from a different plant species, American black nightshade, in the same field), 
and 5) microbiome with allopatric phages (isolated from tomato plants in a different field, 

approximately 2.3 km away). One week after microbiome inoculation, leaves were challenged 
with P. syringae and harvested as described above. 

 

Test for direct phage infectivity 
 To test whether phage communities contained any phages capable of directly infecting 

P. syringae, co-cultures of P. syringae and 100 µL of each phage fraction were incubated in 
King’s B Broth for 24 hours at 28°C. The resulting overnight culture was passed through a 0.2 

µm filter to isolate any phages that might have amplified in the presence of P. syringae. Next, 
200 µL of P. syringae overnight culture was mixed with 2 mL of King’s B Broth supplemented 

with 0.6% agar. The soft agar mixture was spread evenly onto petri dishes and allowed to dry, 
then 30 µL of filtrate from the overnight culture was pipetted on top. Plates were incubated at 

28°C and monitored daily for signs of bacterial lysis. 
 
Quantification of phytopathogen population sizes  
 P. syringae population sizes on leaves were measured using the Bio-Rad QX200TM 
Droplet Digital PCR system. Reaction mixtures were prepared using 11 µL Supermix for Probes 
(no dUTP), 1.1 µL probe (forward 5’- ACTTTAAGTTGGGAGGAAGGG-3’; reverse 5’-
ACACAGGAAATTCCACCACCC-3’, probe TGCCAGCAGCCGCGG), 5 µL template, and 4.9 µl 
molecular grade water. Samples were randomized on the plates, with a no-template control in 
the last well of each column. The following cycling conditions were used for amplification: 95°C 

for 10 minutes; 40 cycles of the following: (94°C for 30 seconds, 60°C for 1 minute, 72°C for 1 
minute); 98°C for 10 minutes; hold at 12°C. Droplet thresholds were set by column based on 
the fluorescence values in the range of the negative control. 
 
DNA extraction and sequencing 

In the local adaptation experiment, DNA was extracted from leaves that were not 
infected by P. syringae from the following treatments: microbiomes transplanted in the 
absence of phages, microbiomes with their sympatric phages, and microbiomes transplanted 

with phages from a neighboring tomato plant. Extractions were performed using the DNeasy 
PowerSoil kit in two batches, which were random with respect to treatment and included in all 

statistical models. Libraries were prepared by amplifying the V4 region of the 16S rRNA gene. 
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Libraries were amplified, cleaned, and sequenced alongside DNA extraction controls and PCR 
controls on the Illumina MiSeq platform at Microbiome Insights (Vancouver, BC, CAN). 
 Reads were analyzed using the recommended DADA2 workflow (Callahan et al. 2016) to 
infer amplicon sequencing variants. Taxonomy was assigned using the SILVA and UNITE 
databases (Quast et al. 2013; Kõljalg et al. 2005). Because many ITS sequences could not be 
classified at the kingdom level by UNITE, the hidden Markov model classifier ITSx was used to 

further delineate ITS sequences and remove non-fungal sequences (Bengtsson-Palme et al. 
2013). 16S variants were filtered to remove the two most abundant ASVs, which corresponded 

to the chloroplast and the mitochondria sequences, respectively. 

 

5.3 Results 
Phages contribute directly and indirectly to microbiome-mediated protection 
 To assess the role of natural phage diversity in resistance to pathogen infection, we 

sampled epiphytic microbial communities from tomato plants at the Student Organic Farm at 
the University of California, Davis. We used a series of membrane filtration and concentration 
steps to separate cellular microbes from their associated phages. We transplanted microbial 
communities, with or without their respective phages, onto juvenile tomato plants which we 
subsequently challenged with the bacterial pathogen Pseudomonas syringae (see Table 1 for a 
summary of experiments performed). We measured P. syringae population sizes within leaf 
tissue after 24 hours, as this metric can be accurately quantified with droplet digital PCR (310) 

and correlates with disease epidemiology and plant susceptibility to frost damage (311). 
 
Table 1. Summary of experiments performed.  

 
In the first phage depletion experiment, the P. syringae colonization was significantly 

reduced in plants treated with the ‘microbiome + phages’ inocula (t = 2.11, df = 17, p = 0.0496, 

Figure 2). Neither the ‘microbiome only’ or the ‘phages only’ components were individually 
protective against P. syringae on average, suggesting that this effect was generally contingent 

on interactions between the phages and their hosts. However, P. syringae growth was 
unusually low in one of the phage-only treatments compared to the others. We hypothesized 

that this phage community might by chance have contained phages capable of directly infecting 
P. syringae. To test this hypothesis, we co-cultured phage communities with P. syringae 

overnight to amplify any infective phages if they were present, then measured the effect of the 

Experiment P. syringae strain Treatments Figure(s) 

Phage depletion 
experiment 1 

PT-23 Microbiome, microbiome + phages, phages 2 

LPS quantification PT-23 0.3, 0.6, 1.3, 2.5, 5 EU pure E. coli LPS S1 

Phage depletion 
experiment 2 

DC3000 Microbiome, microbiome + phages, phages 3 

Local adaptation 
transplant 
experiment 

DC3000 Microbiome, microbiome + phages, microbiome + 
phages from neighboring plant, microbiome + phages 
from different plant species, microbiome + phages 

from different field 

4, 5 
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co-culture filtrate on P. syringae growth in vitro. The lower outlier community in the plant 
experiment (site F18.5) was the only one to form plaques on agar plates (Figure 2b,c). 
 Of note, the significance of the ‘microbiome + phages” treatment did not change when 
the data were reanalyzed to exclude bacteria and phage communities from site F18.5 (t = 2.73, 
df = 14, p = 0.016), indicating that the protective effect was not solely driven by a direct effect 
of a single phage community. 

 

 
Figure 2. Microbiome and phage transplant from first field season. a) Population sizes of Pseudomonas syringae 
pv. tomato strain PT23, 24 hours after blunt-end syringe inoculation into four-week-old tomato plants. Transplant 

of microbiome and phage communities reduce PT-23 colonization together, but not separately. b) Population sizes 
of PT23 on plants transplanted only with phage communities. c) Plaque assay in which phage communities were 
co-cultured overnight with PT23, filtered through a 0.2 µm membrane, and spotted onto a lawn of PT23 to assess 
lytic activity. 

 

Ultrafiltration is the most cost-effective method of phage concentration yet available 
and is commonly used in phage-based industrial applications, but it has the side effect of 

concentrating molecules larger than the membrane size such as bacterial lipopolysaccharide 
(LPS) (312). To exclude the possibility that LPS concentration could have triggered a plant 

immune response, we quantified LPS in the phage filtrates. LPS concentrations in our study 
ranged from 1-3.5 endotoxin units per milliliter (EU/mL), which fall on the low end of reported 

LPS levels of phage preparations in other studies (312–314). We next sprayed tomato plants 
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with pure bacterial LPS in concentrations ranging from 0.3-5 EU/mL to capture the range of 
concentrations observed in our samples. We challenged the leaves with P. syringae and 
harvested leaves as above. We observed a dose-dependent response: exposure to higher 
concentrations of LPS was associated with lower colonization of P. syringae, suggesting that LPS 
exposure did indeed trigger plant immunity (t = 3.99, df = 3, p = 0.028; Figure  S1a), though this  

appeared to be driven by a large protective effect of the 5 EU/mL dose, with little or no 

variation among any of the lower doses. LPS concentrations in our phage communities were 
well below 5 EU/mL, and there was no relationship between LPS content and plant colonization 

of P. syringae in plants treated with phage communities (t = 0.895, df = 3, p = 0.436, Figure 
S1b). This observation again suggested that phages enhanced protection through interactions 

with their hosts rather than through direct inhibition. 
To validate and further generalize the results of the first experiment, we collected 

tomato leaves in a subsequent field season and repeated the phage depletion process. We 
sprayed tomato plants with the microbial communities and challenged the leaves with a 

different P. syringae strain, the model plant pathogen DC3000. As before, the P. syringae 

colonization was significantly reduced in plants treated with the ‘microbiome + phages’ inocula 
(t = 2.81, df = 35, p = 0.008), while neither component was individually protective (Figure 3a).

 Two phage communities contained phages capable of infecting P. syringae (Figure 3b,c). 
As before, the effect of the ‘microbiome + phages” inocula remained significant when these 

field sources were excluded from analysis (t = 2.31, df = 35, p = 0.029), indicating that direct 
infection of P. syringae by phage communities was not sufficient to explain the observed 

pattern. 
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Figure 3. Microbiome and phage transplant from second field season. a) Population sizes of Pseudomonas 

syringae pv. tomato strain DC3000, 24 hours after blunt-end syringe inoculation into four-week-old tomato plants. 
Transplant of microbiome and phage communities reduce DC3000 colonization together, but not separately. b) 
Population sizes of DC3000 on plants transplanted only with phage communities. c) Plaque assay in which phage 
communities were co-cultured overnight with DC3000, filtered through a 0.2 µm membrane, and spotted onto a 

lawn of DC3000 to assess lytic activity. 

 
Local adaptation of phages to bacterial hosts 

Next, we designed a reciprocal transplant experiment in which bacterial communities 
were co-inoculated onto plants with either their sympatric phage communities or other phage 
communities of varying degrees of allopatry: isolated from a neighboring tomato plant, from a 
neighboring plant of a different species (American black nightshade), or from tomato plants 

located in a different field. The purpose of this experiment was twofold. First, it served as an 
additional measure to exclude the possibility that the protective effect was driven by direct 

effects of phages or any other components of the phage filtrate on the pathogen or plant 
immune system. Since phage-bacteria interactions are typically highly specialized (278), if 

phage communities enhance protection indirectly through interactions with their bacterial 
hosts, this effect should depend on the origin of the phages and bacteria. The second goal of 

this experiment was to provide insight into the ecological context of the observed effect. For 
example, attenuation of the protective effect of phages at increasing levels of allopatry might 
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indicate that most bacteria are not susceptible to phages from other plant species or at 
sufficient physical distances.  

We found that bacteria paired with phages from neighboring tomato plants were 
consistently more protective against P. syringae than bacteria paired with phages from their 
own plant (paired t-test, t = 2.82, p = 0.037, Figure 4a), with one exception. Unlike the other 
five communities, the bacterial community ‘sym5’ was more protective when paired with its 

sympatric phages than with an allopatric phage community (Figure 4b). We noticed, however, 
that the ‘sym5’ phage community was associated with very low P. syringae colonization 

regardless of which bacterial community it was paired with (Figure 4c). Based on these 
observations, we hypothesized that ‘sym5’ contained a P. syringae-targeting phage. Indeed, the 

phage filtrate formed plaques on a bacterial lawn of P. syringae, as did “sym4” (Figure 4d). The 
difference between phages from neighboring plants and phages from the same plant remained 

significant when these two field sources were excluded from analysis (paired t-test, t = 3.80, p = 
0.032). 

For the two more distant forms of allopatry (phages from a different plant species and 

phages from plants in a different field), there was no difference in protectiveness between 
sympatric and allopatric phages. We therefore focused the remainder of the analyses on 

differences between bacteria paired with phages from the same plant and bacteria paired with 
phages from neighboring tomato plants. 

We considered two possible reasons that bacteria would be more resistant to P. syringae when 
paired with allopatric phages than with sympatric phages. Bacteria may coevolve with their 

sympatric phages closely enough to have evolved some extent of resistance, while remaining 
susceptible to phages on neighboring plants that they encounter less often. Alternatively, 

bacteria may be less resistant to sympatric phages, to the extent that their abundances are 
greatly reduced in their presence, reducing their capacity to resist P. syringae colonization. To 
distinguish between these competing hypotheses and further explore the effects of phages on 
bacterial communities, we sought to characterize the bacterial communities from healthy 
leaves on the same plants (i.e., not challenged with P. syringae). We first verified that these 
leaves were free from P. syringae contamination using droplet digital PCR. The assay detected 
0-15 copies of the Pseudomonas sequence per 6-mm leaf disc (in comparison to ~10,000 per 
leaf disc in infected leaves), comparable to baseline levels of Pseudomonas probe activity in 
leaves from plants that were never challenged with P. syringae at all (Figure S2). We then 

sequenced the 16S V4 amplicon of communities from the ‘microbiome only’ transplant, the 
‘microbiome + sympatric phages’ transplant, and the ‘microbiome + phages from neighboring 
plant’ transplant. 
 When transplanted with phages from their own plant, the bacterial communities that 
established were more diverse than when transplanted alone (t = 2.61, df = 15, p = 0.0195, 
Figure 5a). The community compositions they reached after assembly were also more distinct 
from each other than when they were transplanted alone (i.e. phage-depleted; t = 2.26, df = 15, 
p = 0.039, Figure 5b). In contrast, the allopatric phages did not significantly alter alpha diversity 

or heterogeneity among communities compared to bacteria transplanted alone. Finally, 
bacteria transplanted with phages from their own plant assembled communities that were 

more distinct from the ‘microbiome only’ control than bacteria transplanted with phages from 
neighboring plants (Figure 5c).  
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Figure 4. Effect of phage transplant is locally specific. a) Population sizes of Pseudomonas syringae pv. tomato 
strain DC3000, 24 hours after blunt-end syringe inoculation into four-week-old tomato plants. b) DC3000 
population sizes on plants colored by the identity of their source bacterial community. c) DC3000 population sizes 
on plants colored by the identity of their source phage community. d) Plaque assay in which phage communities 

were co-cultured overnight with DC3000, filtered through a 0.2 µm membrane, and spotted onto a lawn of DC3000 
to assess lytic activity. 

 
   
 

 
Figure 5: Amplicon sequencing comparison of sympatric and allopatric phages. a) Shannon diversity of sequenced 

bacteria after transplanted alone, with sympatric phages, or with phages from a neighboring plant. b) Average 
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Bray-Curtis distance among plants from the same treatment (bacteria transplanted alone, with sympatric phages, 
or with phages from a neighboring plant). c) Average shift in Bray-Curtis distance from the ‘microbiome only’ 

treatment, indicating turnover in species composition. 

 

5.4 Discussion 
Bacteriophages are diverse and abundant in a variety of habitats and play important 

roles in the ecology and evolution of bacterial communities (275–277,279). Yet in the context of 
health and disease, natural phage diversity has largely been overlooked in favor of specific 

phage strains that target pathogenic bacteria (285,286). Many animal and plant diseases are 
characterized by altered communities of phages that do not directly target the pathogen 

involved (289–291). Phages may modulate disease risk by altering the diversity of the resident 
microbiome and/or by disproportionally reducing the abundances of pathogen-facilitating or 

pathogen-inhibiting bacterial species. To test these possibilities, we conducted a series of 
microbiome transplant experiments. We separated microbial and viral communities from 

leaves collected in the field using size-selective filtration (22,291), then transplanted 
microbiomes onto a new set of plants in either the absence or presence of their associated 

phages. 
Transplanting microbiomes with their associated phages reduced the subsequent 

population sizes attained by P. syringae, a reflection of infection severity (311). This effect 
persisted across independent field sampling seasons and against two different strains of P. 
syringae. Although we isolated several P. syringae-targeting phages from the field, direct 

inhibition by individual phages (or other small molecules in the phage filtrate) could not explain 
the overall effect of transplanting the phage communities, which generally depended on the 

presence and identity of the bacterial microbiome.  
Some of the phage communities that produced plaques on P. syringae were associated 

with unusually low P. syringae growth in the plant experiments (e.g., F18.5, F21.16, and sym5), 
suggesting that they may have reduced P. syringae growth via direct infection, though the 
overall effect remained when these field sites were excluded from analysis. Other phage 
communities produced plaques in vitro but were not notably protective in planta (F21.13 and 

sym4). Our results contrast with a recent report on bacterial wilt resistance in the tomato 
rhizosphere, where the strongest predictor of disease resistance was the abundance of phages 
that directly targeted the causative pathogen (291). Several other studies have noted 
differences in phage ecology between the rhizosphere and the phyllosphere. Phages targeting 

the pathogen Erwinia amylovora can be readily isolated from soil during times of infection, but 
are often harder to find in the leaves (315,316). Similarly, lytic activity of the phage FRS on P. 

syrinage was low in the tomato phyllosphere despite high rates of lysis in vitro (317). The 
phyllosphere presents a challenging environment to phages due to intense UV exposure and 

desiccation (180), which may explain why pathogen-targeting phages were not a major 
contributor to disease resistance in this study. 
 We next reasoned that if the protective effect of phages depended on specialized 

interaction with their bacterial hosts, then the effect should vary when host-phage pairs were 
disrupted. We transplanted microbiomes onto tomato plants either with sympatric phages that 

were isolated with them, phages from neighboring tomato plants, phages from neighboring 
American black nightshade plants, or phages from tomato plants growing in a separate field 
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about 2.3 km away. We observed the strongest protection when bacteria were paired with 
phages from neighboring plants, as compared to sympatric phages or any of the more distant 
levels of allopatry.  

Two mechanisms might explain the higher effectiveness of allopatric phages. The first 
scenario assumes that allopatric phages are on average more infective on bacteria than 
sympatric phages, and therefore have a stronger effect on microbiome composition and 

diversity. This could occur if bacteria and phages may disperse among neighboring plants often 
enough for some host-phage pairs to occur, yet too infrequently for bacteria to evolve 

resistance (318). However, such a pattern would conflict with the general consensus that 
phages in nature are “ahead” of bacteria in coevolution; in other words, sympatric phages are 

typically more infective than allopatric phages (319–321). The second explanation assumes that 
sympatric phages are more infective than allopatric phages, reducing bacterial population sizes 

to the point that they also reduce the protective effect. For example, certain tomato 
rhizosphere phages target protective bacteria and indirectly exacerbate bacterial wilt disease 

(291). And when transplanted as a whole, phage communities reduced bacterial community 

richness in duckweed plants (322).  
Upon sequencing the bacterial communities, we found that sympatric phages 

consistently altered bacterial diversity, heterogeneity, community composition, and total  
bacterial population sizes more than allopatric phages. These data are more consistent with the 

second hypothesis – that sympatric phages are generally well-adapted to their hosts – and 
suggest that local phage communities can reduce the population sizes of protective bacteria. 

Due to the design of the phage depletion and local adaptation experiments, we had the 
opportunity to observe the same microbiomes assemble multiple times under different 

treatments. While microbiomes from different field sources converged towards more similar 
compositions in the growth chamber, they retained a signature of their source community. 
Origin in the field was a stronger predictor of eventual community composition than any of the 
phage treatments. Communities from different field sources also varied systematically in their 
resistance to P. syringae infection. While others have observed inter-host variation in 
microbiome-mediated resistance to pathogens, the mechanisms are not well-defined, with 
suspected causes ranging from the strength of resource competition to bile acid metabolism 
(48,102). Our study did not detect any obvious correlates of diversity or composition to 
pathogen resistance, though it may be underpowered to do so. Future work should elaborate 

the extent and causes of natural variation in microbiome resistance to infection. 
Our data point to an indirect yet important role for phage communities in plant defense 

against the pathogen P. syringae. This phenomenon was not attributable to direct phage-plant 
interactions or to other bacterial byproducts in the phage filtrate. Nor could it be explained 
solely by direct phage infection of P. syringae; while this occasionally occurred, the protective 
role of phages was largely dependent on the presence of the microbiome. Subsequent 
reciprocal transplants of sympatric and allopatric phages revealed that this effect was strongest 
with phages from a neighboring plant, even though they altered bacterial community 

composition less than phages isolated from the same plant. Together, this suggests an 
emerging picture in which the role of phages in defense is a balance between two competing 

processes: maintaining community diversity (22) and reducing the population sizes of 
protective bacteria (291). As the inocula in this study were standardized to the same bacteria-
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phage ratios as occurred in nature, an interesting future test of the hypotheses developed in 
this paper would be to conduct microbiome and phage transplant experiments with varying 
dilution factors of each component (323,324). Such experiments may identify phage community 
profiles that are optimal for maintaining an abundant and diverse microbiome. 

 

5.5 Appendix 
 

 
 
Figure S1. Protectiveness of phages is not driven by LPS concentration. a) Population sizes of Pseudomonas 
syringae pv. tomato strain PT23, 24 hours after blunt-end syringe inoculation into four-week-old tomato plants. 
Plants had been pre-treated with varying concentrations of pure E. coli lipopolysaccharide (LPS). b) Population 

sizes of PT23 on plants pre-treated with phages that had been measured for LPS contamination. Values are 
expressed in EU (endotoxin units per milliliter). One EU is approximately 0.1 ng endotoxin. 

 
Figure S2. Pseudomonas abundance in healthy and infected leaves. Population sizes of P. syringae were 100-1000 

times higher in infected leaves than in healthy leaves. 
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6. Historical contingency in compensatory adaptation 
 
Parts of this chapter have been adapted from the following with permission: 

Debray, R., De Luna, N., Koskella, B. 2022. Historical contingency drives compensatory evolution 
and rare reversal of phage resistance. Molecular Biology and Evolution 39(9), msac182. 
 

6.1 Introduction 
Pathogens are ubiquitous and exert strong selection on their hosts to evade infection 

(325,326). These selection pressures are constantly in flux, and defense-related traits are often 
detrimental when pathogens are not present at high levels (327,328). The loss of costly 

resistance under relaxed selection has been the focus of a plethora of theoretical and empirical 

studies, in large part because it helps to explain the observed coexistence of resistant and 
sensitive host types in many natural populations (23,329–331). Whether host populations 

readily regress to susceptibility after escape from pathogen pressure or retain a signature of 
their coevolutionary history will depend on several factors, including the environmental 

conditions and the strength of selection. For example, resistance may persist if it is not costly to 
maintain; or if compensatory mutations reduce the fitness costs without reversing the trait 

itself, as is often observed in drug-resistant bacteria (332,333). In other cases, even when 
reversion to sensitivity would be favorable, it may not be possible if the host population has 

since acquired other mutations that would be deleterious on the wild-type genetic background 
(334). 
 In a more general sense, any mutation that affects an organism’s phenotype and is 
selected for (even temporarily) can alter the selection acting on subsequent mutations, and can 
therefore shape the evolutionary trajectory of the population. For example, garter snakes that 
prey on tetrodotoxin-bearing newts have evolved high levels of toxin resistance, but only within 
lineages that already carried a prior substitution – an ancient modification to a sodium channel 

that took place long before the newts arose (5). In a laboratory evolution experiment with 
Escherichia coli, different substitutions in a DNA topoisomerase enzyme were shown to have 

different consequences for the subsequent accumulation of other beneficial mutations. In fact, 
this second-order selection for evolvability was more important than the initial effects of the 
substitutions themselves in determining which lineage prevailed in the long term (335). 
Historical contingencies such as these can make it particularly challenging to interpret patterns 
of genetic divergence across populations or predict the lasting consequences of short-term 
coevolutionary interactions. 
 To explore how previous selection by phages can alter future bacterial evolution, we 
tracked phage resistance over time in experimental evolution populations of the bacterium 
Pseudomonas syringae. Bacteria and phages are a tractable model system frequently used for 
studying coevolution in the laboratory (336,337). Phages initiate infection by recognizing and 

binding to proteins on the surfaces of bacterial cells. Bacteria can evade phages by altering or 
deleting phage receptors, but in doing so, often compromise other fitness-related traits such as 

nutrient uptake, adhesion, and virulence (338,339). In these cases, as resistance spreads in a 
population and phage densities decrease, resistance is predicted to be lost over time as a result 

of relaxed selection (340). Laboratory fluctuation assays show that the rates of spontaneous 
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genetic reversion from resistance to susceptibility can be high (341), suggesting that phage 
sensitivity can (re)emerge within resistant populations. 

Despite these predicted dynamics, studies of natural bacterial communities sometimes 
find that bacteria remain resistant to phages that they co-existed with many months or even 
years in the past (30,31,342). In cases where laboratory studies propagated resistant bacteria 
for many generations in the absence of phages, whether phage sensitivity re-emerged has 

remained inconsistent and difficult to explain (343,344). For example, over 45,000 generations 
of relaxed selection did not reduce the observed resistance of Escherichia coli to T6 phage 

(343). In contrast, some experimental populations of Prochlorococcus became less resistant in 
the absence of phage, but these changes were difficult to explain in terms of compensatory 

adaptation, as they often occurred independently of fitness gains (344).  
On the basis of these observations, we hypothesized that bacteria can access many 

different genetic pathways to phage resistance, each with different implications for the 
subsequent evolutionary potential of the bacteria, including whether they compensate for 

fitness costs by re-evolving phage sensitivity. To test this idea, we isolated and sequenced P. 

syringae colonies that had evolved resistance across a panel of lytic phages and measured the 
fitness costs of each resistance mutation. We then used each resistant strain to seed a different 

population that was experimentally evolved in the absence of phages. Through a series of 
laboratory evolution experiments, we demonstrate that phage resistance can either be 

reversible or entrenched depending on the initial genetic path to resistance. 

 

6.2 Materials and Methods 

Selection and validation of phage resistance 
Pseudomonas syringae pv. tomato DC3000 was obtained from Gail Preston at Oxford. 

The phage strains FMS, VCM, M5.1, QAC, and SNK were obtained from OmniLytics, Inc., and are 
considered potential biocontrol agents for plant-pathogenic Pseudomonas bacteria. Phage-

resistant colonies were selected through soft agar overlays. Briefly, we amplified P. syringae in 
King’s B Medium overnight, then mixed bacterial cells with soft agar (King’s Broth 

supplemented with 0.6% agar). The mixture was spread evenly on petri dishes and allowed to 
dry. Droplets of high titer phage were pipetted on top. Plates were incubated for 48 hours at 

28°C. Large clearing zones (plaques) appeared and expanded from the phage droplet sites, and 
resistant colonies were picked from plaques. 

To verify resistance, each bacterial colony was streaked on hard agar plates (King’s B 
Medium supplemented with 1.2% agar), across a high titer line of the phage strain it was 
isolated on (345). Ancestral DC3000 was also streaked against all phages as a phage-sensitive 
negative control. Colonies were verified as phage-resistant if bacterial growth was 

uninterrupted at the phage line (Figure S1). 

To ensure that colonies were entirely free of phage particles prior to experimental 
evolution, each colony was streaked on hard agar, and cells were sampled at the end of the 

streak to seed an overnight culture. The next day, the overnight culture was passed through a 
0.22 μm filter. The filtrate was spotted on a mixture of ancestral DC3000 and soft agar, as 
described above. Plates were incubated for 48 hours at 28°C and checked for plaques. This 
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entire process was repeated twice, at which point none of the filtrates produced phage 

plaques. 

Experimental evolution in the absence of phage 
 Phage-resistant colonies were passaged in King’s Broth media in cell culture plates. Six 

phage-sensitive populations founded from ancestral DC3000 were passaged alongside phage-
resistant colonies to serve as controls for adaptation to the lab environment, and each transfer 

also included a media-only negative control. Every 3 days, 75 uL of each population 
(approximately 106 cells) were transferred to a new well with 4 mL of media. At every other  
transfer (every 6 days), a subset of each population was combined with a 50:50 mixture of 
King’s Broth and glycerol for storage at –80°C. The experiment lasted for 36 days (12 transfers), 
at which point there were no longer any detectable fitness differences between populations 
founded from phage-resistant colonies and populations founded from ancestral DC3000. 
According to previous work, the average doubling time of Pseudomonas syringae at this 

temperature is approximately 1.27 hours (346). 

Resistance and fitness measurements 
 On days 12, 24, and 36 of experimental evolution, 100 uL from each culture was 
sampled, serially diluted, and plated on hard agar. From the dilution level at which individual 

colonies were visible, 96 colonies were picked from each population. Each colony was streaked 
against the phage strain that the population was originally isolated on. After two days of 

incubation at 28°C, colony phenotypes were scored as resistant (uninterrupted bacterial growth 
across the plate), moderate (partly interrupted bacterial growth), or sensitive (fully interrupted 

bacterial growth at the intersection with the phage line).  
It is possible that populations could contain phage-sensitive cells, yet appear partially 

resistant on agar due to habitat structure and/or biofilm growth (347,348). We took two 
measures to combat this possibility. First, while phage-sensitive sub-populations may be able to 

survive among a larger population of resistant cells, separately streaking 96 colonies from each 
population should ensure that colonies of entirely sensitive cells are visibly impacted by phages, 

even in a structured environment. Second, in any populations with colonies scored as moderate 
or sensitive on agar, resistance was assessed in greater quantitative resolution by measuring 
bacterial population growth in liquid culture in the presence and absence of phages (Figure  S2). 
 To measure population growth rates over the course of experimental evolution, time 
series growth data was collected using a Molecular Devices VersaMax Microplate Reader. An 

overnight culture of each population was initially diluted to 0.001 OD600 in 200 mL King’s Broth. 
Colonies were randomized with respect to spatial layout, and media-only wells were included 

as negative controls. The plate was incubated at 28°C for 40 hours with continuous shaking, 
with optical density readings taken at 600 nm every 5 minutes. These readings were used to fit 
a logistic growth model with the R package growthrates and estimate the intrinsic growth rate 
μmax and the final population size ODmax. To express these values as a proportion of wild-type 

fitness while controlling for technical effects, the fitted values were extracted from a model 
that included the day of experimental evolution, the population type (phage-resistant colony or 
phage-sensitive control), and the location of the well within the plate. While µmax and ODmax 

were modestly correlated across populations (r = 0.689, p < 0.001, Figure S3), the final 
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population sizes of resistant populations were close to that of the phage-sensitive ancestor, 
resulting in only marginally detectable costs of resistance for  ODmax (one-sample t-test, t = –
1.382, p= 0.091). This suggests that phage resistance is the most costly during periods of 

exponential growth; thus, for subsequent analyses we focused on variation in µmax over time.  

Whole-genome sequencing 
 To identify mutations contributing to phage resistance, bacterial DNA was extracted 

from each phage-resistant clone using the DNeasy Blood and Tissue Kit. Concentrations were 
measured using a Qubit 3.0 Fluorometer, and samples were concentrated if necessary using an 
ethanol precipitation to obtain a minimum of 10 ng/uL of DNA per sample. DNA was sequenced 
at a depth of 300 Mb (estimated coverage of 45.9x) on the Illumina NextSeq 2000 platform at 
the Microbial Genome Sequencing Center (Pittsburgh, PA, USA). To identify and track the 
frequencies of mutations that arose during experimental evolution, bacterial DNA was 
extracted, quantified, and concentrated as described above from populations at day 6 and day 
36 of the experiment. DNA was sequenced at a depth of 625 Mb (estimated coverage of 95.6x) 

as described above. 

 Paired-end reads were filtered and trimmed using Trimmomatic (349). Reads shorter 
than 25 base pairs were discarded, and reads with an average quality score below 20 within a 4-
base pair sliding window were discarded. Pairs of reads that both passed filtering (>95% of total 
reads per sample) were retained. Reads were mapped to the Pseudomonas syringae pv. tomato 
DC3000 genome (BioSample accession SAMN02604017 from the Pseudomonas Genome 
Database) and variants were identified using breseq (185,186),  a pipeline for identifying genetic 
variation within microbial populations. Any sites at which the genome of the ancestral strain 
differed from the reference genome were removed from subsequent analyses. To avoid false 
positive calls from repetitive regions, mutations were filtered to exclude regions of high 
polymorphism (five or more mutations in a 50-base pair sliding window within a population at a 

single time-point). 

Analysis of genomic parallelism 

To quantify the genome-wide parallelism of experimentally evolved populations, a 
matrix was generated of all genes with newly acquired mutations in each population (i.e. those 
not already fixed at day 0 of the experiment). The Sørenson-Dice similarity coefficient was 
calculated for each pair of populations as follows, where G1 represents genes with newly 
acquired mutations in population 1, and G2 represents genes with newly acquired mutations in 

population 2.  

𝑆 =  
2 |𝐺1 ∩  𝐺2|

|𝐺1 | + |𝐺2 |
 

Mutations were included if they appeared at any population frequency (they were not 
required to be fixed), but synonymous and intergenic mutations were excluded. The analysis 
focused therefore on nonsynonymous point mutations or indels within coding regions. 

 Following Card et al. (350), the distribution of pairwise Sørenson-Dice values was 
analyzed using a randomization test. The labels annotating pairs of populations as having the 
same or different resistance genes were shuffled, and the mean difference was calculated 

between pairs with the same resistance gene and pairs with different resistance genes. This 
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process was repeated 10,000 times to generate a null distribution. The true difference in means 
in the observed data was compared to the null distribution, and the observed difference was 
considered significant if it was more extreme than the upper 5% of permuted values. 

Replay of experimental evolution 

 To assess the repeatability of phage resistance outcomes in the initial evolution 
experiment, six populations were identified for further study. This list included three 

populations that re-evolved phage sensitivity in the initial experiment, each paired with the 
closest possible genetic match that maintained phage resistance. Ten replicates of each 
population were seeded from samples taken at day 0 of the initial evolution experiment (i.e. 
before they eventually lost or maintained phage resistance). The resulting sixty populations 
were maintained in King’s Broth media and passaged as described above for 36 days. At this 
point, 96 colonies were picked from each population, individually streaked against phage, and 
scored as resistant or sensitive. Resistance was analyzed as a proportion of colonies within each 
population. Since many populations were either completely resistant or completely sensitive, 

Welch’s t-test for unequal variances was used to compare resistance outcomes in the replay 

experiment according to their founder populations. 

 

6.3 Results 
Single-step selection for phage resistance 
            To explore whether the long-term outcomes of phage resistance were contingent on the 
genetic underpinnings of their initial resistance (and/or the fitness costs associated with 
resistance), we first generated a panel of phage-resistant bacterial strains. With the aim of 

generating substantial variation both in resistance mechanisms and in fitness, we used five 
different Pseudomonas phages to select phage-resistant colonies of Pseudomonas syringae pv. 

tomato DC3000 through soft agar overlays. We isolated and sequenced 22 colonies to reveal 17 
unique resistance mutations (positions 1184510 and 5662024 each appeared three times in the 
panel, and one colony had no detectable fixed genetic differences from the ancestor despite 
apparent phenotypic resistance). 

In contrast to the diversity of exact mutations, there was relatively high convergence in 
the genes in which they were found. The mutations in this study were all located in one of four 
genes, all involved in biosynthesis of outer membrane lipopolysaccharide molecules: 
PSPTO_4988 (RfaB family glycosyltransferase), PSPTO_4991 (Glc II glycosyltransferase), and 

PSPTO_1330 (Glycosyltransferase α-L-Rha), involved in assembling the LPS core structure, and 
rfbA (glucose-1-phosphate thymidylyltransferase) responsible for the O-antigen (351) (Figure 

1a). Resistance mutations included single-nucleotide missense mutations, single-nucleotide 
nonsense mutations, and insertions and deletions of varying sizes. When resistant mutants 

were tested in the absence of phages, these strains grew more slowly than their phage-
sensitive ancestor, indicating trade-offs between resistance and other aspects of fitness (one-
sample t-test, t = –8.405, p <0.001, Figure 1b). Variation in growth rates could not be explained 

by the genes in which those mutations occurred (ANOVA, F = 0.673, df = 3, p = 0.580), indicating 
that different resistance mutations in the same gene could have different impacts on fitness. 

This lack of systematic differences in fitness costs across genes underlying resistance meant 
that we could tease apart the effects of underlying genetic mechanisms and fitness costs on the 
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maintenance of phage resistance, as these two predictors were not confounded with each 
other. 

 

 
Figure 1. Genetic mechanisms and fitness costs of phage resistance. (a) Schematic illustration of the 
lipopolysaccharide structure, with the genes implicated in phage resistance in this study matched to their 
corresponding substructures. (b) Population growth rates of resistant strains in the absence of phage, based on a 

logistic model fitted to a 40-hour growth curve (n=22 strains). Error bars represent standard error across technical 
replicates. Bacterial colonies with resistance mutations in the same gene are denoted by the color scheme. The 
location and the nature of the mutation is indicated along the x-axis; e.g. R12W indicates a change from arginine to 
tryptophan at the twelfth position, and W108* indicates a change from tryptophan to a stop codon.  

Of note, there was no effect of the identity of the selecting phage on either resistance 

mechanism or fitness of the bacteria; in fact, different phages often selected for resistance 
mutations in the same gene or even the exact same resistance mutation (Table 1). Further, 

resistance to one phage typically conferred cross-resistance to all other phages in the study, 
suggesting that the phages in this study used the same receptor. We therefore aggregated data 

across selecting phages for the analyses in this study. Throughout the manuscript, the name of 
the population indicates the selecting phage (e.g. “FMS”) and the position of the resistant 
colony in the original assay for selection of resistance (e.g. “6”).  

Table 1. Genetic mechanisms and evolutionary outcomes of phage-resistant populations. 

Population Resistance gene Position of resistance 

mutation 

Resistance 

mutation 

Outcome in original 

evolution experiment  

FMS6 rfbA 1183718 SNP (G284E) Remained resistant 

FMS4 rfbA 1184034 SNP (Y179H) Remained resistant 

VCM4 rfbA 1184057 SNP (S171L) Re-evolved sensitivity 

MS10 rfbA 1184510 SNP (H20P) Remained resistant 
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MS2 rfbA 1184510 SNP (H20P) Remained resistant 

QAC4 rfbA 1184510 SNP (H20P) Remained resistant 

QAC5 PSPTO_1330 1461031 1 bp ins. Re-evolved sensitivity 

VCM19 PSPTO_4988 5661617 2 bp del. Remained resistant 

MS12 PSPTO_4988 5661621 1 bp del. Remained resistant 

FMS13 PSPTO_4988 5661925 6 bp del. Remained resistant 

SNK12 PSPTO_4988 5662003 SNP (L170P) Remained resistant 

QAC3 PSPTO_4988 5662024 SNP (Y163C) Remained resistant 

SNK11 PSPTO_4988 5662024 SNP (Y163C) Remained resistant 

VCM17 PSPTO_4988 5662024 SNP (Y163C) Remained resistant 

SNK6 PSPTO_4988 5662188 SNP (W108*) Remained resistant 

MS1 PSPTO_4988 5662478 SNP (R12W) Remained resistant 

FMS12 PSPTO_4991 5664934 19 bp del. Remained resistant 

FMS9 PSPTO_4991 5665124 252 bp del. Remained resistant 

SNK7 PSPTO_4991 5665501 1 bp del. Re-evolved sensitivity 

FMS11 PSPTO_4991 5665743 1 bp del. Remained resistant 

FMS16 PSPTO_4991 5665890 12 bp del. Remained resistant 

 

Multiple evolutionary paths to recover fitness costs 

 To test whether phage sensitivity tends to re-evolve in the absence of phages, we 
inoculated 22 experimental microcosms of King’s Broth media each with one of the resistant 
colonies. We also inoculated 6 microcosms with the phage-sensitive ancestor to assess changes 
due to overall adaptation to the environment, for a total of 28 experimentally evolving 

populations. Populations were transferred to fresh media every 3 days for a total of 36 days. 
Over the course of the experiment, the difference in growth rates between the populations 

initiated with phage-resistant bacteria and those initiated with phage-sensitive (ancestral) 

bacteria gradually narrowed, and by the end of the experiment there was no observed fitness 
difference between the two groups (Figure 2a). Changes in fitness followed a diminishing 
returns pattern of adaptation: populations with the lowest initial fitness made the greatest 
fitness gains over time (ANOVA, F = 33.226, p < 0.001; Figure S4). 

Bacterial populations evolved lower levels of resistance to their original selecting phages 
under relaxed selection, but only rarely. A total of 5 populations (out of 22 initially resistant 

populations) contained colonies with sensitive, partially resistant, or ambiguous phenotypes on 
agar plates. We tracked the growth of these clones over time in liquid culture in the presence 
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or absence of the selecting phage, revealing that 3 of these 5 populations contained phage-
sensitive bacteria. (Figure 2b). Interestingly, the overall increase in bacterial fitness over time 
could not be attributed to the re-evolution of phage sensitivity alone. While there was a main 
effect of the day of experimental evolution on bacterial fitness, the rate of change did not differ 
among populations that re-evolved sensitivity and those that remained resistant (ANOVA, F = 
2.146 for the interaction term, p = 0.145). This observation suggested that the resistant 

populations may be able to access compensatory mutations that lessen the costs of phage 
resistance without reversing it. 

 

 
Figure 2. Phenotypic changes in bacterial populations during experimental evolution in the absence of phages. 
(a) Population growth rates of populations inoculated with phage-resistant colonies over experimental evolution in 
the absence of phages, calculated based on optical density measurements in a microplate reader over 40 hours of 
growth (n=22). Lines represent the trajectories of individual populations over time, while points indicate mean 

fitness among populations sampled at the same day and error bars indicate standard deviation. Values are 
normalized to the growth rates of the phage-sensitive control populations sampled at the same point in 
experimental evolution. (b) Proportion of colonies in each population that were scored as phage-sensitive over 

time, as indicated by disruption in bacterial growth upon encountering phage on an agar plate (n=22 populations 
with 96 colonies sampled per population). Orange lines indicate populations from which sensitive colonies were 
isolated and verified in a microplate assay. 

We isolated and sequenced the genomes of phage-sensitive colonies to determine how 
phage sensitivity re-evolved. The population “SNK7”, which originally acquired resistance 
through a single base-pair deletion in the glycosyltransferase-encoding gene PSPTO_4991, later 

acquired a single base-pair insertion 5 bases away that restored the reading frame. In contrast, 
the other two populations acquired mutations that fell outside of their initial resistance genes. 

VCM4, which had become phage-resistant through a substitution in the rfbA gene, evolved 
additional mutations in two other membrane transport proteins. QAC5, which had evolved 
resistance through a single base-pair insertion in the glycosyltransferase-encoding gene 
PSPTO_1330, acquired a mutation in a membrane transport protein as well as several 
intergenic mutations whose function (if any) is unknown. 
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 We had predicted that populations with particularly costly resistance would be most 
likely to re-evolve sensitivity due to strong selection. However, we did not observe a 
relationship between initial costs of resistance and the evolution of phage sensitivity (Welch’s 
unequal variances t-test, t = 1.818, p = 0.138). We also asked whether phage sensitivity would 
be more likely to re-emerge among populations with particular resistance genes. While the 
unequal distribution of phage resistance outcomes makes it difficult to entirely rule out this 

possibility, the three populations that re-evolved sensitivity in this study did so from three 
different initial resistance genes, providing no evidence that trait reversion is historically 

contingent at the gene level (Table 1). However, we noticed two important observations that 
warranted further study. 

First, our study included four populations that had originally acquired resistance through 
large deletions in oligosaccharide synthesis genes, spanning from 6 base pairs to 252 base pairs 

in length. None of these populations re-evolved sensitivity, whether by re-insertion of the 
missing sequence or through any other means. Second, by chance our study included two sets 

of three populations each with identical resistance mutations. In both cases, these genetic 

triplets all followed the same evolutionary outcome (remaining resistant). Given that re-
evolving phage sensitivity was generally rare in this study, it was not apparent whether these 

two observations were simply probabilistic, or whether they pointed to historical contingency 
at the level of the individual mutation rather than the resistance gene as a whole. As this 

experiment was not originally set up to test this possibility, we developed an experimental 
design that would test the effects of exact resistance mutations on phage resistance outcomes.  

Replay of experimental evolution 
 The initial evolution experiment revealed that the identity of the gene conferring phage 
resistance did not explain whether bacteria remained resistant or re-evolved sensitivity. To ask 
whether phage resistance outcomes were contingent on the exact resistance mutation instead, 

we returned to the progenitor frozen stocks of the 3 resistant colonies that had re-evolved 
sensitivity during experimental evolution. We also included 3 resistant colonies that were never 

observed to re-evolve sensitivity, selecting the closest possible genetic matches to the colonies 
that did. For example, colonies VCM4 and MS2 had both originally acquired resistance through 

point mutations in the rfbA gene, yet VCM4 had re-evolved phage sensitivity while MS2 had 
not. 

We used each of these 6 resistant mutants (“founders”) to seed 10 replicate 
populations, resulting in a total of 60 experimentally evolving populations. As above, these 
populations were maintained in experimental microcosms of King’s Broth and transferred every 

3 days for 36 days. At the end of the replay experiment, founder identity accounted for the 
majority of variance among populations in the prevalence of phage sensitivity, with 

evolutionary stochasticity playing a smaller role. In fact, populations derived from a founder 
that had re-evolved sensitivity in the original experiment were far more likely to re-evolve 

sensitivity in the replay experiment as well (Welch’s unequal variances t-test, t = 4.744, p < 

0.001; Figure 3). 
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Figure 3. Phage resistance outcomes in the replay experiment mirror the outcomes of their founding population. 
(a) Populations in the replay experiment were founded by frozen stocks of resistant colonies prior to their 
evolution in the absence of phages. Each founder was used to generate 10 replicate populations from genetically 
identical starting points. (b) Resistance mutations of the 6 founders. Each colony that had re-evolved sensitivity in 

the original experiment (orange) was paired with a genetically similar colony that had remained resistant (green). 
Of note, QAC5 was the only colony in the study with a mutation in PSPTO_1330, so it was matched with a 
population that also had a small frameshift mutation, but in a different glycosyltransferase -encoding gene. (c) 

Proportion of colonies in each population that were scored as phage -sensitive after 36 days in the absence of 
phages, as indicated by disruption in bacterial growth upon encountering phage on an agar plate (n=54 
populations with 96 colonies sampled per population). 

Historical contingency in genome evolution 
 We pool-sequenced each of the populations of the original evolution experiment after 

six days of evolution in the absence of phages. To characterize the molecular basis of 
compensatory evolution in phage-resistant bacteria, we first considered that compensatory 
mutations in other systems are often related to biochemical protein stability or specialized 

protein-protein interactions (9,352). We therefore predicted that different mechanisms of 
resistance would likely require different compensatory mutations to ameliorate their costs. We 

would then expect populations with the same resistance gene to exhibit greater evolutionary 
parallelism than populations with different resistance genes. We calculated the Sørenson-Dice 

similarity coefficient, which describes the proportion of mutated genes that two populations 
have in common, controlling for their initial genetic backgrounds. We found that populations 

with the same resistance mechanisms had acquired more similar sets of mutations than 
populations with different resistance mechanisms (randomization test, p < 0.001, Figure 4a). 

For example, populations that had originally acquired phage resistance through a mutation in 
the glycosyltransferase-encoding enzyme PSPTO_4991 evolved particularly similarly to one 

another, with many genes acquiring mutations in either all or none of the populations (see 
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Figure 4b for a diagram of genetic differences between evolved and ancestral populations 

organized by initial resistance gene). 

 
Figure 4. Genetic contingency in identity of mutated genes during experimental evolution. (a) Pairwise similarity 

coefficients among pairs of evolved populations at day 6 of experimental evolution (n=22). Statistical significance 
was assessed by randomizing whether pairs were labeled as having the same or different resistance genes and 
recalculating their similarity coefficients for 10,000 permutations. (b) Heatmap depicting the relationship between 
initial resistance genes and mutations acquired during experimental evolution for rfbA mutants (n=6), PSPTO_4988 

mutants (n=9), and PSPTO_4991 mutants (n=5). Rows represent all populations with resistance mutation s in the 
same gene (note that resistance genes represented by fewer than 2 populations are not pictured, as there was no 
way to assess parallelism in these cases). Columns represent the top 20 genes that were most frequently mutated 
across populations by day 6 of experimental evolution. Colors indicate the percentage of populations of each 

resistance gene that had acquired one or more mutations by day 6 of experimental evolution.  

Effect of history on genome evolution diminishes over time 
 To examine adaptation and historical contingency in the longer term, we pool-
sequenced each of the populations at the end of the evolution experiment (day 36). By the end 
of the experiment, the evolving populations had fixed relatively few mutations in protein-
coding genes (mean = 0.71 ± 0.66 s.d.), but acquired and maintained polymorphisms at many 
loci (mean = 22.61 ± 7.20 s.d.). Across all populations, the most frequent mutations occurred in 

effector proteins, membrane-bound enzymes, and transcription factors. Additionally, several 
populations had acquired substitutions in the DNA mismatch repair proteins mutS or mutL 

during experimental evolution. While none of these mutations fixed within their respective 
populations, populations with a mutation in mutS or mutL acquired more fixed mutations or 

polymorphisms overall than the other populations by the end of the experiment (Student’s t-
test, t = 2.746, p = 0.005), suggesting that they may contain 'hypermutator' lineages with 

elevated mutation rates (353,354). 
After populations had evolved for a total of 36 days in identical environments, there was 

no remaining signature of the initial resistance gene on pairwise similarity coefficients 
(randomization test, p = 0.710, Figure 5). 
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Figure 5. Genetic contingency is no longer detectable after extended evolution in the absence of phages. (a)  
Pairwise similarity coefficients among pairs of evolved populations at day 36 of experimental evolution. Statistical 
significance was assessed by randomizing whether pairs were labeled as having the same or different resistance 

genes and recalculating their similarity coefficients for 10,000 permutations. (b) Heatmap depicting the 
relationship between initial resistance genes and mutations acquired during experimental evolution for rfbA 
mutants (n=6), PSPTO_4988 mutants (n=9), and PSPTO_4991 mutants (n=5). Rows represent all populations with 

resistance mutations in the same gene (note that resistance genes represented by fewer than 2 populations are 
not pictured, as there was no way to assess parallelism in these cases). Columns represent the top 20 genes that 
were most frequently mutated across populations by day 36 of experimental evolution. Note that these are not 
necessarily identical to the top 20 genes identified in Figure 4. Colors indicate the percentage of populations of 

each resistance gene that had acquired one or more mutations by day 36 of experimental evolution. 

6.4 Discussion 
Phages are ubiquitous in microbial communities and are expected to play a central role in 
bacterial evolution, with critical implications for bacteria-bacteria and bacteria-host 

interactions (277,355). Predation by phages can maintain population and community diversity 
in their bacterial hosts (356), regulate the dissemination of antibiotic resistance genes (31,357), 

select for hypermutator strains (358), and alter competitive outcomes among bacterial species 
(359). Here, we show that even transient exposure to phages can have lasting consequences for 

the evolutionary trajectories of bacterial populations. Through a series of laboratory evolution 
experiments, we demonstrate that phage resistance in the bacterium Pseudomonas syringae 

can be reversible or entrenched depending on the original genetic path to resistance. 
Phage resistance in our study primarily occurred through mutations in 

lipopolysaccharide biosynthesis genes, which have been previously implicated in phage 
resistance in this bacterial species and others (360–364). One population did not appear to 
have any fixed genetic differences from the ancestor despite its resistant phenotype. Resistance 
in this case may be conferred by mutations that are not adequately resolved by short-read 

sequencing, such as copy number variation or sequence region inversions, or through unstable 

genetic changes such as phase variations (365,366). Of note, this population remained 
phenotypically resistant throughout the evolution experiment, possibly because it did not 

experience detectable fitness costs relative to its phage-sensitive ancestor. 
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 Even though the resistance mutations in our study were concentrated within a handful 
of genes, they occurred at many unique positions and altered the amino acid sequences in a 
variety of ways, including missense and nonsense substitutions and frameshift mutations of 
vastly different sizes. Such convergence in resistance mechanisms at the gene level, and 
diversity at the sequence level, is consistent with the expectation that phage infection relies on 
specific receptor structures and that recognition can easily be disrupted by modifying or 

deleting these structures in one of many ways (338). However, resistance was generally costly 
in the absence of phages, as is often observed in this system and others (26,27,357,362,367). 

Costs of resistance may stem from alterations to lipopolysaccharide molecules that 
destabilize the bacterial membrane or reduce surface adhesion (339). The commonly observed 

costs of phage resistance suggest that resistance might be selected against in the absence of 
phage pressure, yet previous studies of this question have produced inconsistent results 

(28,343,344). When we propagated the bacterial populations for an extended period in the 
absence of phages, we observed that phage sensitivity re-appeared and swept to high 

frequencies in several populations but that the majority of populations remained resistant. In 

the case of one population, this reversion to sensitivity was due to a mutation that restored the 
reading frame of the original sequence, but in other cases, populations re-evolved phage 

sensitivity without reversing the original mutation. 
 The diversity of phage-resistant mutants in this study allowed us to ask whether the re-

evolution of phage sensitivity was contingent on the mechanisms and/or costs of phage 
resistance. Costs of trait maintenance are often expected to predict trait loss under relaxed 

selection (29,343), yet we did not observe a relationship between the magnitude of fitness 
costs and the re-evolution of phage sensitivity in our study. This observation, along with the 

fact that populations that did not re-evolve sensitivity nevertheless improved their fitness to 
match their phage-sensitive counterparts, suggests the existence of compensatory mutations 
that reduce the costs of resistance. Compensatory mutations could eventually restore fitness 
levels to a point where phage sensitivity is no longer advantageous (368–370), or may even be 
disadvantageous or lethal on the ancestral background, further discouraging reversion of the 
original trait (371). Therefore, it appears that trade-offs between phage resistance and other 
aspects of fitness can be strong, yet bacteria are able to access two evolutionary pathways 
(reversion and compensation) in response. 
 We hypothesized that the probabilities of these two pathways could be contingent on 

the genetic mechanism underlying phage resistance. Some traits might have a greater supply of 
reversion mutations than others; for example, there may be more mutations that restore the 
ancestral expression levels of a gene than those that reconstitute the exact three-dimensional 
structure of a receptor (28), or more mutations that reverse duplications than point mutations 
(341). Similarly, resistance mechanisms may impact bacterial fitness in different ways, thus 
requiring different sets of compensatory mutations to restore their costs (371). We did not find 
an overall correlation between the initial resistance gene and whether phage sensitivity re-
evolved, but with two important caveats. First, when resistance was acquired through a large 

deletion in a receptor biosynthesis gene, it was never reversed, whether through a 
complementary insertion or other mutations. This suggests that the mutations that would 

reverse such a large change are so vanishingly rare that other compensatory mutations are 
much more likely to appear first. 



 

 95 

 Our second observation was that the genetic replicates in the mutant panel (i.e. the 
populations that independently acquired resistance via the same mutation) all followed the 
same phenotypic trajectories. Specifically, they all remained resistant throughout experimental 
evolution in the absence of phage. This suggested that historical contingencies – if they existed 
here – might be generated not from the identity of the resistance gene, but from the exact 
genetic sequence. Even within the same resistance gene, some mutations might be more 

reversible than others. As the original experiment was not explicitly focused on this possibility, 
we designed a follow-up experiment that “replayed” experimental evolution 10 times per 

founding genotype (inspired by Stephen Jay Gould’s famous thought experiment about 
replaying the tape of life (4)). Strikingly, we found that the evolutionary outcomes of the 

populations in our replay experiment closely mirrored those of their founders. Populations 
whose founders had re-evolved phage sensitivity also tended to re-evolve phage sensitivity at 

high rates, while populations whose founders had remained resistant tended to remain 
resistant as well. 

 Variation in the reversibility of different resistance mutations may occur if different sets 

of compensatory mutations are required to restore their costs. To explore this possibility, we 
compared the similarity of acquired mutations among pairs of the experimentally evolving 

populations. We found that populations with the same initial resistance gene evolved more in 
parallel with one another than populations with different resistance genes, suggesting that 

compensatory adaptation in phage-resistant bacteria also depends on evolutionary history. 
Several other studies have observed greater genomic parallelism among experimental 

evolution populations with similar starting genotypes for other traits, including in antibiotic 
resistance evolution (350) and in compensatory adaptation after gene deletion (371). And 

outside of the laboratory, convergence in sequence evolution appears to be more common 
among populations with a recent common ancestor than a distant one (372,373). Notably, the 
effect we observed was strong when the phage selection event was recent, but was no longer  
detectable after populations had spent an extended period of time in the same environment. 
Thus, recent historical differences appear to be more important than distant historical 
differences in shaping subsequent evolution (374–376).  

Our study provides evidence for an evolutionary ratchet in bacteria-phage coevolution, 
where compensatory adaptation enables the persistence of certain resistance mutations even 
after the original selection pressure has ceased to operate. Why did history constrain evolution 

in this study, but not in some others (7,377,378)? One important clue may lie in the underlying 
genetic structure of phage resistance. The phage-sensitive ancestor in this study could mutate 
to phage resistance through any one of at least 17 individual mutations, including nonsense 
mutations and large deletions. Phage adsorption relies on highly specific molecular interactions 
(379), suggesting that there are many ways to change lipopolysaccharide structure to avoid 
phage recognition, and that at least some of these mutations are not lethal to the cell. In other 
cases, traits can evolve in parallel across lineages despite their historical differences. For 
example, several distantly related groups of animals have identical substitutions conferring 

tetrodotoxin resistance (378). In this case, mutagenic screens have identified additional 
possible mutations that confer toxin resistance, but these additional mutations are so 

detrimental to sodium channel performance – an essential function – that they are not 
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observed in nature (377). The role of history in evolution is therefore likely related to the target 
size of mutations that confer novel functions yet are not overly disruptive to the original trait.  

Our findings add to a growing body of work that selection by phages plays a key role in 
the ecological and evolutionary dynamics of bacterial communities. Further, many of the 
bacterial populations in our study acquired mutations in genes known to interact with 
eukaryotic immune systems. Phage resistance was directly mediated in many cases by changes 

to lipopolysaccharide molecules, which are recognized by both animal and plant immune 
systems (380,381), and many populations also acquired mutations in type III effector proteins 

that underlie bacterial virulence. It will thus be important to characterize whether and how 
phages are indirectly responsible for shaping coevolution in between bacteria and eukaryotes 

as well (382). 
 

6.5 Appendix 
 

 
Figure S1. Assay for phage resistance. Two droplets of pure phage culture were pipetted at the top of each agar 

plate and allowed to flow downwards (red arrows). Once the droplets had dried, overnight cultures of bacterial 
colonies were streaked across the phage lines. Plates were incubated at 28°C for 48 hours, then colonies were 
scored as (a) phage-sensitive if bacterial growth was clearly disrupted at the phage line, or (b) phage-resistant if 

bacteria grew uninterrupted across the plate. 

 
 

 
Figure S2. Validation of phage sensitivity in evolved populations. Growth curves of individual colonies picked 
from populations SNK7 (a), QAC5 (b), and VCM4 (c). Either 30 uL of phage (overnight co-culture filtered to exclude 
bacterial cells) or 30 uL of spent media (overnight bacterial culture filtered to exclude bacterial cells, as a control 

for how phage propagation changes media composition) was added to each well. Error bars represent the 
standard deviation of 2-3 technical replicates per colony. 
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Figure S3. Fitness costs of phage resistance over varying points in bacterial population growth.  Population 
growth rates (µmax) and final population sizes (ODmax) of resistant strains in the absence of phage, based on a 

logistic model fitted to a 40-hour growth curve (n=22 strains). Error bars represent standard error across technical 
replicates. Bacterial colonies with resistance mutations in the same gene are denoted by the color scheme.  

 

 
Figure S4. Diminishing returns in adaptation over time. Change in fitness (population growth rate) over the entire 
evolution experiment (days 0-36) as a function of initial fitness. 
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7. Conclusions 
 
The role of historical contingency in ecology and evolution has traditionally received less 

attention than deterministic factors such as diet, altitude, or temperature. In a 2015 synthesis 
of research on historical contingency in ecology, Tadashi Fukami identified two possible reasons 
for this discrepancy (8). First, the study of historical contingency can be challenging in the 
absence of a detailed record of historical events. Second, identifying instances of historical 
contingency can make each biological system appear unique – an unsatisfying outcome to 
biologists that hope to gain generalizable insights into ecology and evolution. Yet with recent 
research progress, it is becoming clear that there are underlying principles governing when and 
how biological outcomes are sensitive to history. Fukami likened this to weather forecasting, in 
which it is difficult to predict how exactly a particular community will develop, but we can 
forecast a range of possibilities (8). 

 My dissertation research aimed to characterize these underlying principles that dictate 
the importance of history in ecology and evolution. I addressed this question with a wide range 

of approaches, from laboratory experiments to field studies to developing new computational 
pipelines, because common threads from multiple lines of evidence can help to circumvent 
their individual limitations. My first two chapters focused on priority effects, the phenomenon 

in which community assembly trajectories depend on the order of species arrival. Through both 
re-analysis of time-series data from animal gut microbiomes in early life (Chapter 1) and arrival 

order manipulations of plant microbiomes in the lab (Chapter 2), I found the strongest 
signatures of priority effects among closely related species that presumably compete for similar 

resources (14,17). This pattern has been observed in other systems (15,16), and has led to 
suggestions that priority effects may not be very important to ecosystem function if they result 

in the substitution of functionally equivalent species (95). But in my arrival order experiments, I 
found that bacteria with similar ecological requirements at times had very different effects on 

host fitness. Arrival order variation between competing species of bacteria, when one was a 
pathogen, affected the extent of symptom progression on the plant leaves (17). 

 In my following two chapters, I isolated bacterial communities from tomato plants in the 
field and transplanted them onto plants in the lab, asking how the same species pool would 
assemble under different ecological conditions. In the agricultural field trial focused on soil 

mycorrhizae (Chapter 3), I found that disrupting plant-mycorrhizal associations in the soil led to 
a ~25% loss of microbial biodiversity in the leaves. Next, I transplanted leaf microbial 

communities from mycorrhizal and non-mycorrhizal plants onto mycorrhizal and non-
mycorrhizal plants in the lab to ask whether the leaf microbiome could recover when 

mycorrhizal associations were restored. Across all treatments, the leaf microbiomes shifted 
from their source inocula to more closely resemble the microbiome of the typical plant type 

that they were currently associated with. This suggested that in this case, history was not a 
long-term factor in shaping in microbiome composition – possibly because regrowth of small 
local populations and/or dispersal from neighboring plants facilitated recovery. In Chapter 4, I 
used a similar approach to explore how phages impact bacterial community ecology. I 
transplanted bacteria in the absence of any phages, in the presence of their sympatric (local) 
phages, and in the presence of phages from other environments. Sympatric phages had the 
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strongest effects on bacterial biodiversity, yet allopatric phages had the strongest effects on 
pathogen resistance, suggesting that the relationship between microbiome diversity and host 
health is more complicated than often assumed (53). Of note, the strongest predictor of both 
plant microbiome composition and disease resistance in the lab was the original species 
composition of their source inocula in the field, suggesting that historical processes play an 
important role in shaping microbiome composition and function. 

 My final chapter showed that bacteria can evolve resistance to phages through any of a 
number of genetic mutations (my experiment uncovered at least 17, but many others have 

been documented (384)). Yet some phage resistance mutations were reversible in the absence 
of phage, while others remained entrenched despite being equally costly. The identity of the 

initial resistance gene also predicted the pattern of mutations that populations acquired 
throughout the rest of the genome (385). How bacteria resolved the costs of phage resistance 

mechanisms was clearly an event that is sensitive to history (the history of which phage 
resistance mutation they happened to fix in the population). This was due in part to the fact 

that so many different mutations were able to confer resistance, and in part because each 

resistance mutation had different consequences for subsequent evolution. But why are there 
so many genetic paths to phage resistance? The answer seems to lie in the ecology of phage-

bacteria interactions. All of the phages in this study recognized the lipopolysaccharide receptor, 
and all of the resistance mutations were involved in altering, distorting, or deleting the receptor 

to prevent phages from binding to it (338,363). Just as host recognition by phages is referred to 
a “lock-and-key” mechanism (385,386), bacteria have many ways to change the locks. 

 My findings add to a growing body of genetic, biochemical, ecological, comparative, and 
philosophical work that is uncovering a role for history in the generation and maintenance of 

biological diversity. Only three decades after the publication of Gould’s Wonderful Life, we are 
already succeeding in capturing the essence of the grand evolutionary experiment that Gould 
declared impossible. My future research will continue to explore the intersection of ecological 
and evolutionary processes in microbial communities. But instead of assembling microbiomes 
from the bottom up or replaying community assembly in the lab, I will be tracking microbiome 
composition, stability, and evolution within hosts in the wild (387). This work will provide 
insights into community and metacommunity dynamics over much longer time periods than I 
measured in my dissertation research, raising the unanswered question of whether (and how) 
historical processes have long-lasting effects on microbiomes and their hosts. 
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Appendix A: Identifying inequities in mentorship and addressing student 
needs 
 
Summary of motivation and methods 

Most graduate students view the relationship with their faculty advisor as the single 
most important factor in their graduate experience. Faculty support is instrumental in applying 

for funding, accessing departmental resources, planning research projects, and obtaining letters 
of recommendation. While the importance of this relationship is universal, students vary widely 

in their specific needs and expectations. Mentorship is a key priority for efforts to improve 
diversity in science both because poor or inequitable mentorship can exacerbate existing 
disparities and because effective mentorship can help students overcome them. 

Results of graduate student surveys in the Integrative Biology department implicate 
student-faculty relationships as a key area of need for building an inclusive community. In a 
2020 department-wide survey, the majority of students (81.1%) had experienced discrimination 

or microaggressions perpetrated by faculty. Few indicated that they were willing to share 

experiences of discrimination with their advisor (5.9%), compared to sharing with their peers 
(86.9%), or keeping the experience to themselves (36.9%). These reports indicate the need for 

better mentoring in IB, yet past surveys have not identified mentoring practices that predict 
student outcomes, or asked how these needs vary across 
student backgrounds. 

In response to a funding call for projects that would improve diversity and equity in the 
IB department, we conducted a research study on effective mentorship. In consultation with 
the UCB Division of Equity and Inclusion and the UCB Committee for the Protection of Human 
Subjects, we developed a 71-question survey that asked respondents to evaluate their advisors, 
research groups, and departments on a five-point scale and solicited quantitative and 
qualitative measures of their productivity and well-being. We administered the survey to 
current graduate students in the Integrative Biology, Plant and Microbial Biology, Molecular 

and Cell Biology, and Environmental Science, Policy, and Management departments. Our 
sample size of 129 respondents (~24% response rate) generally reflected the underlying gender 

and racial proportions of the graduate programs that we surveyed (Tables 1-3). 
 

Experiences within and across departments 
IB (and in some cases ESPM) students consistently rated their experiences lower than 

students in PMB and MCB. This was true for a range of aspects including the culture of  research 
groups, inclusion and belonging in the department as a whole, and self-assessed career 
preparedness after graduate school (Figure 1). Within the IB department, students associated 

with museums had different experiences than students in unaffiliated labs. 
Museum-affiliated labs were smaller, yet students in museums reported a stronger 

sense of belonging and better peer support, potentially reflecting a sense of inter-lab 
community in museums. However, students in museum-affiliated labs also reported being more 

negatively impacted by lab and/or travel restrictions during COVID-19 (Figure 2). This might 
reflect the difficulty of social distancing in large, shared spaces or the possibility that museum-
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affiliated researchers are more involved in fieldwork, live animal care, or other activities 
impacted by COVID-19 restrictions. 
 
Experiences of students from varying backgrounds 

Several groups of students were significant less likely than their counterparts to 
experience supportive relationships with their advisors or inclusive research environments: i)  

Female students, ii) Students who started their graduate degree after the age of 30, and iii) 
Non-traditional students, e.g. parents or caregivers, first-generation students, students with a 

disability, or veterans (these categories were all grouped together to protect anonymity of  
respondents) (Figures 3-5). These discrepancies may reflect direct effects (e.g. unconscious bias 

towards female students, social activities that conflict with childcare duties) and/or indirect 
effects (e.g. students that start their degree later in life are often from less privileged 

backgrounds and have faced other barriers to success). Indeed, the effects of multiple 
marginalized identities on student experiences were compounded (Figure 6). 

It is important to mention that the three categories identified above were among the 

most statistically tractable demographic groups in our survey. For example, when selecting 
their gender identity, most respondents fell into one of two groups, and sample sizes for those 

groups were close to evenly distributed. In contrast, the racial identity question had many 
categories, students often selected multiple identities, and subgroups had uneven distributions, 

making it potentially difficult to analyze responses in ways that meaningfully reflected their 
lived experiences. Additionally, some students elected not to provide any specific identification 

factors in certain demographic questions (i.e., they elected “Prefer not to disclose” as a 
response). These students consistently reported less support from their advisors, labs, and 

departments than students who answered the questions, suggesting that the unhappiest 
graduate students did not even trust the survey (Figures 7-8). True effects of race, ethnicity, or 
sexual orientation may therefore be masked due to these data collection and analysis 
challenges. 
 
Representation by advisors 

The vast majority (86.5%) of respondents reported that they identified with a  
demographic that had been historically underrepresented in the biological sciences (such as 
gender, race, first-generation, etc.). We asked these respondents whether their advisor was 

also a member of that demographic group. Students who felt represented by their advisors 
were happier and more productive by nearly every metric we measured: they felt their advisors 
were more empathetic, that they understood what their advisors expected of them, that they 
belonged in their graduate program, and that they were prepared for an academic or  non-
academic career after graduate school. They published more frequently and presented at more 
conferences, felt that their research was more meaningful, and were more likely to report that 
they were on track to graduate within normative time (Figure 9). Notably, students who did not 
share any demographic identities with their advisors but rated their advisors highly on empathy 

tended to be similarly happy and productive as students who did feel represented by their 
advisors. This observation suggests that non-minority advisors can be highly effective mentors 

to students from minority backgrounds provided that they are open to learning about issues 
they have not personally experienced. 
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Advising practices 

The overall quality of the student-advisor relationship consistently ranked among the 
top predictors of research progress, self-assessed career preparedness, well-being, and sense of 
belonging in science. To identify specific aspects of effective advisors, we asked students to 
evaluate their advisor on a range of qualities, some relating to empathy and kindness and 

others relating to structure, feedback, and helpfulness. Students who rated their advisors highly 
on empathy and kindness felt their labs were more inclusive, more collaborative, and had 

better conflict resolution. They felt more satisfied overall with their mentorship than students 
who rated their advisors low on kindness. Students who rated their advisors highly on structure 

and feedback published more often, felt their research was more meaningful, and felt more 
prepared for academic and non-academic careers (Figure 10). Of note, while kindness and 

feedback had explanatory value for different outcome variables, there was no trade-off 
between the two. In fact, most students who thought their advisors were honest and helpful 

also found them to be kind, and vice versa. 

In both the empathy/kindness and structure/feedback evaluations, a large proportion of 
variance was attributable to a single variable – the availability of advisors to their students. 

Students who frequently met with their advisors reported a better understanding of what was 
expected of them, a higher sense of inclusion and belonging, and better preparedness for their 

post-graduate career. Meeting frequency was closely related to how meetings were scheduled: 
students saw their advisors more often and were happier with their meeting schedule if they 

could drop into their advisor’s office briefly or had regular standing  meetings (Figures 11-12). 
This distinction was especially important for female graduate students, who reported the least 

satisfaction with as-needed meetings. Female students who could only see their advisors on an 
as-needed basis also rated their labs low on equity, perhaps suggesting that advisors with this 
system were not equally available to all lab members (Figure 
13). Lastly, group size influenced meeting frequency, with graduate students in the largest and 
smallest labs seeing the least of their advisors (Figure 14). In large labs, faculty likely face  
constraints on their time and/or delegate supervision to postdocs and senior graduate 
students. At the other end of the spectrum, we hypothesized that labs headed by faculty who 
invest less in mentoring might face challenges with recruitment and/or retention, eventually 
resulting in fewer members. In support of this possibility, students who were dissatisfied with 

their advisors came on average (though not exclusively) from smaller labs. 
 
Informal mentorship 

We asked respondents about the quality and quantity of their connections outside of 
their formal advising relationship. In general, students reported high levels of support from 
peers or near-peers on issues pertaining to research practices, scientific careers, and personal 
issues such as discrimination or work-life balance. Far fewer reported that they had received 
such advice from faculty, especially on personal issues. Be it advice from faculty members, 

collaborations with other labs, or support from other graduate students in the program, 
informal mentorship reduced or closed gaps in outcomes between students with good or poor  

relationships with their formal dissertation advisors (Figure 15). This suggests a path forward 
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for community building, particularly for students who are dissatisfied with their advising 
experience. 
 
Outlook 

The survey results highlight several potential opportunities for improving graduate 
experiences overall, but especially for those students that are reporting the lowest satisfaction 

and worst outcomes. Our study provides evidence of improved mentoring, research and career  
preparedness as well as improved sentiments of increased inclusion and equity associated with 

regularly scheduled meetings. Several findings from this study also point to the importance of 
community engagement and informal mentoring channels for graduate student experiences 

and outcomes. Facilitating connections for secondary mentors (both faculty and near -peer and 
especially in the smallest and largest lab groups), by improving collaborative environments, 

community inclusion and engagement may narrow the gap for those graduate students that are 
less satisfied with their primary mentoring experience. Finally, our results support the 

continued prioritization of faculty diversity. Graduate students represented by their primary 

advisor have improved outcomes and experiences in lab culture, inclusion, research progress 
and career preparedness. 
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Table 1. Sample sizes and response rates by department. Enrollment is based on Spring 2022 data from the UC 
Berkeley Office of Planning and Analysis (OPA). 

Department Our study UCB enrollment Est. response 
rate 

Integrative Biology (IB) 42 114 36.8% 

Molecular and Cell Biology (MCB) 41 215 19.1% 

Plant and Microbial Biology (PMB) 24 92 26.1% 

Environmental Science, Policy, and Management (ESPM) 22 117 18.8% 

 
Table 2. Sample sizes and response rates by gender, based on Spring 2022 data from the UC Berkeley OPA. 

Gender identity  

(this study) 

Composition of this study Gender identity  

(UCB categories) 

Composition of 

participating 
departments 

Female 56.6% Female 58.0% 

Male 27.1% Male 41.6% 

Non-binary 
 
Female, Non-binary 

 
Male, Non-binary 

5.4% 
 
3.1% 

 
0.8% 

Non-binary 0.4% 

 

 

NA / prefer not to 
disclose 

5.4% 
  

 

 
Table 3. Sample sizes and response rates by race, based on Spring 2022 data from the UC Berkeley OPA. 

Racial identity  

(this study) 

Composition of this study Racial identity  

(UCB categories) 

Composition of 

participating 
departments 

White/Caucasian 50.4% White/Other 54.0% 

East Asian/South 
Asian/Pacific Islander 

16.3% Asian 16.3% 

Black 
 
Native/Indigenous 

 
Multiracial 

4.7% 
 
0.8% 

 
10.1% 

International 
 
Underrepresented 

Minority 

10.4% 
 
20.0%  

 

NA / prefer not to 

disclose 

9.5% 
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Figure 1. Variation in graduate experiences across departments. IB graduate students (blue) rated their graduate  
experiences lower than students in other departments (grey), including in the quality of meetings with their advisors 
(Tukey HSD post-hoc test, IB-PMB p = 0.019, IB-MCB p = 0.018), collaborations among labs (IB-MCB p<0.001), 
happiness (IB-PMB p = 0.032, IB-MCB p = 0.001), sense of belonging (IB-PMB p = 0.038, IB-MCB p = 0.003), readiness 

for an academic career (IB-MCB p = 0.031), and readiness for a non-academic career (IB-MCB p = 0.014). Summary 
bars represent means and standard errors by department, while dashed lines represent the mean response of all 
students in the study. 
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Figure 2. Variation in experiences of IB students by museum affiliation. IB labs affiliated with museums were 
smaller than labs not affiliated with museums (chi-squared test, 𝛸2 = 10.671, p = 0.031). IB students affiliated with 
museums reported more inclusive and supportive experiences within their labs (generalized linear mixed model, ß 
= 1.194, p = 0.005) and graduate program (ß = 1.079, p = 0.005) and were more likely to repor t support from peers 

on research (ß = 0.712, p = 0.014). IB students affiliated with museums reported more hardship due to COVID -19 (ß 
= 1.002, p = 0.005). 
 

 
Figure 3. Disparities in experiences of male and female graduate students. We aimed to provide an overall view of 
differences among demographic groups. For each item with a quantitative response, the average difference between 
the response of each female graduate student and each male graduate student was computed. This distribution was 
compared to zero (the null hypothesis, that no differences exist across genders) using a one-sample t-test with 

degrees of freedom equal to the number of female graduate students minus one. The resulting plot shows areas of 
significant disparity between male and female graduate students, but also categories in which many differences are 
non-significant but trend in the same direction (e.g. experiences with dissertation advisor), patterns which may also 
be informative. 
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Figure 4. Disparities in experiences of younger and older graduate students. For each item with a quantitative  

response, the average difference between the response of each graduate student who started their Ph.D. after age 
30 and each graduate student who started their Ph.D. before age 30 was computed. This distribution was compared 
to zero (the null hypothesis, that no differences exist) using a one-sample t-test with degrees of freedom equal to 

the number of older graduate students minus one. 
 
 

 
 

Figure 5. Disparities in experiences of traditional and non-traditional graduate students. For each item with a 
quantitative response, the average difference between the response of each non -traditional graduate student (i.e. 
those that answered “Yes” to the question in the left panel) and each traditional graduate student was computed. 
This distribution was compared to zero (the null hypothesis, that no differences exist) using a one -sample t-test with 

degrees of freedom equal to the number of non-traditional graduate students minus one. 
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Figure 6. Interactions between underrepresented identities. Respondents who identified as multiple of the 
underrepresented identities listed in the top panel reported progressively lower satisfaction with their advisors 
(GLM, ß = -0.335, p < 0.001), inclusion and support within their labs (ß = -0.341, p = 0.001), and sense of belonging 

(ß = -0.221, p = 0.037) than respondents who identified as fewer underrepresented identities.  
 

 
Figure 7. Response type effects from race and sexual orientation demographic questions. Respondents who chose 

either ‘Unlisted’ or ‘Prefer not to disclose’ in response to questions about their race (top) and sexual orientation 
(bottom) generally reported worse experiences with their dissertation advisor, their research group, the larger 
community, rated their research as less meaningful and rated themselves as less prepared for an academic career 
and less likely to finish in normative time. Statistical significance (cumulative link mixed models) is based on 

comparisons of “Responded” vs. “Not disclosed” groups. 
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Figure 8. Response type effects from gender and ethnicity demographic questions. Respondents who chose either 
‘Unlisted’ or ‘Prefer not to disclose’ in response to questions about their gender (top) and ethnicity (bottom) 
generally reported worse experiences with their dissertation advisor, their research group, the larger community, 
and additionally rated themselves as less prepared for an academic career, less likely to finish in normative time and 

rated their research as less meaningful. For gender identity, ‘Unlisted gender minority’ and ‘Prefer not to disclose’ 
responses are pooled (light green) because only one respondent chose ‘Prefer not to disclose’. Statistical significance 
(cumulative link mixed models) are based on comparisons of “Responded” vs. “Not disclosed” groups. 
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Figure 9. Effects of demographic representation by advisor. Respondents from historically underrepresented 

groups who felt their advisor shared one or more marginalized identities with them rated their advisors as more 
empathetic (GLM, ß = 0.503, p = 0.011) and felt they better understood what was expected of them (ß = 0.548, p = 
0.015). They had a stronger sense of belonging (ß = 0.538, p = 0.017) and a stronger sense that their research was 
meaningful (ß = 0.410, p = 0.019). Controlling for their stage in the Ph.D. program, students who felt represented by 

their advisor were more likely to have submitted a first-author manuscript on their dissertation research (ß = 0.424, 
p = 0.006) and presented at a conference (ß = 0.324, p = 0.040) and felt more prepare d for academic (ß = 0.475, p = 
0.038) and non-academic (ß = 0.667, p = 0.007) careers. 
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Figure 10. Contributions of kindness and structure in advising styles to graduate student success and belonging.  
An overall measure of advisor kindness was calculated based on total scores on the following items: “My advisor is 
supportive of my goals and ambitions”; “My advisor is empathetic to my concerns and issues”; “My advisor would 
advocate for me if needed”. Similarly, an overall measure of structure and feedback was calculated based on total 

scores on the following items: “My advisor’s expectations of me are clear”; “My advisor is transparent with our lab”; 
“My meetings are constructive and helpful in setting and achieving my goals”. Both variables often contributed to 
explain student outcomes, but those relating to interpersonal dynamics tended to relate more strongly to advisor 

kindness, such as inclusion and support within the lab (GLM, kindness ß = 1.015 and p < 0.001, feedback n.s.), conflict 
resolution in the lab (kindness ß = 1.113 and p < 0.001, feedback ß = 0.653 and p = 0.010), and collaboration among 
lab members (kindness ß = 0.968 and p < 0.001, feedback ß = 0.601 and p = 0.024). Outcomes related to research 
progress and preparation tended to relate more to advisor structure and feedback, such as readiness for an academic 

career (kindness n.s., feedback ß = 0.668 and p = 0.004), readiness for a non-academic career (kindness n.s., feedback 
ß = 0.579 and p = 0.040), and feeling that their research is meaningful (kindness ß = 0.432 and p = 0.039, feedback ß 
= 0.521 and p = 0.013). 
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Figure 11. Effect of how meetings are scheduled on meeting frequency. The way meetings are scheduled between 
graduate students and their advisors significantly affects meeting frequency (ANOVA, F-value = 18.09, p < 0.0001). 
Here, regularly scheduled meetings are the combined values of the responses of “Regularly scheduled, biweekly or 
less” and “Regularly scheduled, weekly or more.” Graduate students that can drop-in without advance notice or that 

have regularly scheduled meetings meet, on average, more than two times per month. Students that meet at either 
their own or their advisor’s initiative meet, on average, 1 -2 times per month.  
 

 
Figure 12. Effect of how meetings are scheduled on advisor meeting satisfaction, value in lab, career preparedness 

and advisor’s expectations. Graduate students report higher levels of satisfaction with meetings (ANOVA, F-value = 
14.35, p < 0.0001) as well as increased sense of value in their labs (F-value = 4.00, p = 0.005), preparedness for an 
academic career (F-value = 2.60, p = 0.04) and understanding of their advisor’s expectations (F-value = 3.88, p = 
0.005) when meetings are either available as drop-in or regularly scheduled. 
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Figure 13. Effect of how meetings are scheduled on advisor meeting satisfaction and lab equity by gender. Female 
identifying respondents report differential overall meeting satisfaction (GLM, meeting satisfaction: gender overall, 
ß = 0.79, p = 0.052; Regularly scheduled vs. At my initiative, ß = 1.33, p < 0.0001; Drop-in vs. At my initiative, ß = 2.06, 
p = 0.0002; At my initiative vs. Regularly scheduled * gender, ß = -1.05, p = 0.023) and lab equity (Drop-in vs. At my 

initiative, ß = 2.06, p = 0.01; Regularly scheduled vs. At my initiative, ß = -1.42, p = 0.00096; Drop-in vs. At my initiative  
* gender, ß = -2.46, p = 0.016; Regularly scheduled vs. At my initiative * gender, ß = 1.62, p = 0.0292) when meetings 
are scheduled by their initiative, relative to male respondents. Regularly scheduled meetings refer to respondents 

that answered either “Regularly scheduled, biweekly or less” or “Regularly scheduled, weekly or more.” Respondents 
that identified as non-binary were excluded from this analysis due to anonymity issues. 
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Figure 14. Group size influences meeting frequency. There was a significant inverse U-shaped relationship between 

full-time lab size and meeting frequency (quadratic regression, ß = -2.12, p = 0.007) and a significant relationship 
between part-time lab size and meeting frequency (quadratic regression, ß = 1.45, p = 0.059). 
 

 

 
Figure 15. Interactive effects of formal and informal mentorship. IB graduate students generally reported high 

levels of support from their peers or near-peers, but less support from faculty (whether measured by feelings of 
inclusion or advice on research, scientific careers, or personal matters such as bias, discrimination, or work -life 
balance). For students dissatisfied with their formal advisors, several forms of informal mentorship such as 

research advice from other faculty (GLM, ß = 1.104, p = 0.006), collaboration with other labs (ß = 0.489, p = 0.034), 
and an inclusive departmental culture (ß = 0.804, p < 0.001) improved their self -assessed career preparedness 
similar to students with satisfactory advising experiences. 
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