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eLife Assessment

This valuable study reports a series of artificial-selection experiments for microbiomes
associated with improved drought performance in rice. A major strength is the solid
experimental design using multiple starting soil communities, which can guide others in
designing related experiments. While interpretation of the results is constrained by
inadvertent microbial dispersal between samples, the limited effectiveness of the sterile
controls and the absence of healthy well-watered plants, the work nevertheless provides a
helpful proof of concept for host-mediated microbiome selection, identifying candidate
taxa, functions and simplified communities for downstream study. As a first step towards
microbiome engineering in this area, it will be of particular interest to colleagues working
in plant-microbiome interactions, microbial community selection and microbiome design.

https://doi.org/10.7554/eLife.97015.2.sa4

Abstract

Plant microbiome engineering remains a significant challenge due to challenges associated with
accurately predicting microbiome assembly and function in complex, heterogeneous soil
environments. However, host-mediated selection can simplify the process by using plant host
phenotype as a reporter of microbiome function; by iteratively selecting microbiomes from hosts
with desired phenotypes and using them to inoculate subsequent cohorts of hosts, artificial
selection can steer the microbiome towards a composition producing optimized plant phenotypes.
In this study, we inoculated rice with wild microbial communities from fallow rice field, desert,
and serpentine seep field soils. By challenging these plants with drought and iteratively selecting
microbiomes from the least drought stressed plants across multiple generations, we derived
simplified microbiomes that enhanced both the growth and drought tolerance of rice. Across
selection cycles, microbiomes within and between soil treatments became increasingly similar,
implicating both dispersal and selection as drivers of community composition. With amplicon
sequencing data we identified specific bacterial taxa associated with improved rice drought
phenotypes; while many of these taxa have been previously described as plant growth promoters,
we also identified novel taxa exhibiting strong positive correlation with improved drought
performance. Lastly, we resolved 272 metagenome-assembled genomes (MAGs) and used these
MAGs to identify functions enriched in bacteria driving enhanced drought tolerance. The most
significantly enriched functions—particularly glycerol-3-phosphate and iron transport—have been
previously implicated as potential mediators of plant-microbe interactions during drought.
Altogether, these data demonstrate that host-mediated selection provides an efficient framework
for microbiome engineering through the identification of both individual taxa and simplified
communities associated with enhanced plant phenotypes.
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Introduction

Plant-associated microbiota directly affect the fitness of their hosts through a variety of
mechanisms. These mechanisms include interactions with plant immunity (Pieterse et al. 2014 (%;
Durrant and Dong 2004 (2 ; Schlatter et al. 2017 (%), secretion and metabolism of phytohormones
and other signaling molecules (Orozco-Mosqueda, Santoyo, and Glick 2023 (@ ; Spaepen 2015 (2;
Spaepen and Vanderleyden 2011 (3; Glick 2005 @), mediating nutrient bioavailability (P. Xu and

Kumar et al. 2020 @). Intentional manipulation of plant microbiomes to enhance fitness—through
growth promotion, disease suppression, and alleviation of abiotic stress—therefore represents an
alternative or supplement to plant breeding to improve agricultural productivity (Friesen et al.

2011 3; Finkel et al. 2017 (% ; Shayanthan, Ordofiez, and Oresnik 2022 (7 ; Vorholt et al. 2017 (2).

Many individual bacterial and fungal isolates have already been proven capable of plant growth
promotion in lab studies (Rodrigues et al. 20087 ; Bilal et al. 2018 (2 ; Fan and Smith 2022 (Z;
Karmakar et al. 2021 ; Franche, Lindstrom, and Elmerich 2009 2), but they often fail to perform
similarly well in the field (Sessitsch, Pfaffenbichler, and Mitter 2019(%). The proximate cause for
the performance gap is usually poor colonization and survival (Albareda, Rodriguez-Navarro, and
Temprano 2009 @), but ultimately the discrepancy lies in the difficulty of screening isolates in
ways that recapitulate field environments (Russ et al. 2023 ). In other words, because the
strength and direction of a microbe or synthetic community’s (syncom) effect on plant fitness
emerge from complex interactions between plants, microbes, and their environment, experiments
performed under controlled conditions, at a particular stage of plant development, or in the
absence of a native microbial community, fail to capture the spatial and temporal heterogeneity of
the field. One way to bridge the gap, at least in part, is to screen for plant growth promotion at the
community level—either with wild soil inoculum or a pre-defined syncom—resulting in levels of
ecological complexity better approximating field conditions.

Additionally, communities identified as plant-beneficial can include members with synergistic
interactions and/or functional redundancy to support both initial colonization and persistence in
the soil (Zhuang et al. 2021 @ ; Kaur et al. 2022 (3; Liu et al. 2022 (3). Because of these synergies and
functional redundancy, syncoms may even have greater resilience to functional shifts across
environmental heterogeneity compared to single-isolate inoculations alone (Bradacova et al.
201932).

However, syncoms are often designed around a priori knowledge of individual isolates rather than
taking a community-oriented approach (Vorholt et al. 2017 ). Isolate-first approaches usually aim
to saturate a syncom with individuals known to perform a specific probiotic function, and might
additionally screen additional isolates for stable pairwise interactions to help support probiotic
engraftment (Herrera Paredes et al. 2018 (% ; Faust and Raes 2012 @; Friedman, Higgins, and Gore
2017 (%). Nearing a community-level approach, others have attempted to traverse the isolate

syntrophy (H. Wang et al. 2017 (Z; Jones and Carlson 2019 %; McCarty and Ledesma-Amaro

2). While these approaches have resulted in syncoms with demonstrated plant-beneficial
effects (e.g. Herrera Paredes et al. 2018 @), they quickly become prohibitively time and labor-
intensive as the number of isolates to be screened increases.

We propose that host-mediated selection has been an underutilized framework as a starting point
for microbiome engineering, one that inherently accounts for ecological interactions within a
microbiome without requiring a priori knowledge about them. In brief, host-mediated selection
uses host phenotype as a reporter to artificially select microbiomes associated with desirable host
phenotypes (Mueller and Sachs 2015 & ; Mueller and Linksvayer 2022 (2). By targeting the emergent
property of a microbiome (i.e. its impact on host phenotype), selection occurs at both the
individual microbe and microbial community levels to maintain or exclude specific taxa and
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interactions (Whitham et al. 2020 @). In other words, host-mediated selection not only identifies
taxa with direct benefit to host phenotype, but also identifies taxa that indirectly benefit their
plant hosts via their interactions with other microbiome members.

Here, we describe a long-term experiment where we applied host-mediated selection to derive
simplified root microbiomes that enhance rice drought tolerance. Drought severely reduces rice
production and threatens the food security of billions of people around the globe (Panda, Mishra,
and Behera 2021 2; Pandey and Shukla 20152). On the other hand, cultivation in flooded paddies
emits significant amounts of methane and nitrous oxide, leading rice to account for nearly half of
greenhouse gas emissions from croplands (Qian et al. 2023 (% ). Consequently, discovering new
ways to cultivate rice with less water can be of benefit to both people and the environment. In
addition to identifying bacterial communities and individual taxa with the potential to enhance
rice drought tolerance, we also contribute to the nascent body of host-mediated selection (HMS)
literature by tracking the HMS process with large amounts of sequence data (>1,100 samples with
16S rRNA sequence data, combined with WGS data) and being the first of its kind to compare
outcomes of the same HMS process applied to diverse sources of inocula in parallel.

Results

To start, we established four soil treatments, three of which were inoculated with diverse field-
collected soil microbiota; the fourth treatment received no initial inoculation and was left to
acquire microbes from the environment alone. Each soil treatment further consisted of multiple

from which 3 were selected and their microbiomes harvested to inoculate a subsequent
generation of 15 plants. Importantly, selection lines were independent of one another, and
“generation” refers to a 40 day selection cycle rather than a seed to seed cycle. No drought
treatment was applied in the first generation, with the intent to simply enrich microbiota
associated with healthy rice roots to start. Accordingly, we refer to this selection cycle as the
Enrichment Generation (EG) and subsequent selection cycles as Selection Generations (SG), during
which rice plants were challenged with a 10 day drought treatment after 30 days of well-watered
growth.

Each soil treatment also included two control lines, one Sterile-Inoculated (SI) and the other Live-
Inoculated (LI). In contrast to selection lines, each of the two control lines included 30 plants per
generation, and microbiomes were not selected for propagation forward into future generations.
Instead, both control lines were intended to provide meaningful contrasts to selection lines: SI
underwent the same drought treatment as selection lines, but received sterilized versions of
selection line inocula; LI were never droughted but received unsterilized inocula from selection
lines. Simply put, SI plants were meant to serve as a static control for rice drought performance
across generations; LI plants were meant to help identify microbes enriched by drought
specifically, and to determine whether microbiomes optimized for drought were deleterious to the
design, rice phenotyping methods, inoculum preparation, and selection criteria). Comprehensive
reviews of host-mediated selection experimental design and terminology can also be found in
Mueller and Sachs 2015 and Mueller and Linksvayer 2022 %.

Source inocula bacterial diversity

Without specific a priori expectations of which microbial taxa or functions would be required to
improve drought tolerance in rice, we first screened a panel of nine field soils from distinct
ecoregions and land-use histories across California for rice growth phenotypes. Each soil was
characterized by unique physico-chemistry and bacterial diversity, even at broad taxonomic levels
(Figure 22, Supplemental Figure 12, Supplemental Table 1 2). And, after inoculating rice plants
with each of the soils, we observed differences in rice growth phenotypes between soil inoculation
groups (Supplemental Figure 1D-F (). Of the field soils whose microbes better supported rice
growth, we chose three to use as source inocula for host mediated selection: Rice Field, from a
fallow rice field; Desert, from the Mojave Desert; and Serpentine Seep, from a serpentine soil that
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Figure 1. Host-mediated selection experimental design.

(A) Representative of a single selection line of 15 rice plants. 1) Enrichment Generation (EG): rice are transplanted into 1:1
mixtures of field soil and sterilized calcined clay grow for 40 days in well-watered conditions. 2) Roots and adhering soil are
harvested, minced, and ground, then mixed into sterilized calcined clay to inoculate the first selection generation (SG1). 3) SG
plants grow for 30 days in well-watered conditions. 4) Drought treatment is initiated; plants are imaged daily to track
phenotypes for 10 days. 5) The three best-performing plants are identified by drought scores derived via Normalized
Difference Vegetative Index (NDVI) and biomass data. 6) Roots and soils from best-performing plants are harvested and
diluted with sterilized calcined clay to inoculate the subsequent selection generation (SG2). Steps 3-6 are then repeated
iteratively for additional selection generations. (B) An overview of the type and number of selection and control lines for an
individual soil treatment. Selection Lines (SL 1-6) consist of 15 plants per generation each and were maintained as
independent lines across generations (i.e. transfers of selected inocula occurred within SLs). Sterile- and Live-Inoculated
control lines (SI and LI), on the other hand, each included 30 plants per generation and were inoculated by an amalgam of
material from all selection lines within their soil treatment; SI inocula were autoclave-sterilized prior to each generation. Like
their SL counterparts, SI plants were well-watered throughout the enrichment generation and subjected to drought in
selection generations; LI plants were well-watered in all generations. (C) Rice Field (green), Desert (red), and Serpentine Seep
(blue) soil treatments—inoculated by field soils—each included six selection lines (SL 1-6) of 15 plants per generation.
Calcined Clay (yellow) did not receive any inoculum in EG, instead assembling microbiomes composed of environmental taxa,
and included just three SLs of 15 plants per generation. The number and length of columns are proportional to the number
of lines and selection generations, respectively, associated with each soil treatment.
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experiences consistent groundwater seep. In addition to their relatively beneficial impact on rice
plants within our pilot experiment, we chose these soils for their negligible overlap in taxonomic
composition, which would provide host-mediated selection with three distinct starting points.
Further, we reasoned that each soil community might have its own set of advantages: Rice Field
microbes might be more likely to form associations with rice roots and tolerate flooded conditions;
Desert taxa might be better adapted to drought; and the high diversity of Serpentine Seep taxa, in
terms of both richness and evenness, might provide more functional diversity for host-mediated
selection to act upon. Just prior to host-mediated selection, we collected fresh field samples of Rice
Field, Desert, and Serpentine Seep soils. For good measure, we characterized the bacterial
diversity of these new collections, the results of which were consistent with what we had
previously observed (Figure 2C %, Supplemental Figure 1 @ ). The fourth soil treatment included in
host-mediated selection, Calcined Clay, received no field soil inoculum; as the name of this
treatment suggests, the first generation of these plants was sown directly into sterilized calcined
clay substrate.

Rice phenotypes improve across selection generations

To score drought tolerance in our system, we created a non-destructive, image-based protocol to
measure the Normalized Difference Vegetation Index (NDVI) of individual plants during drought.
Briefly, NDVI is a metric that quantifies plant stress by measuring the intensities of red and
infrared light reflected by leaf surfaces and is most commonly used in remote sensing to
determine plant health (Rouse et al. 1974%; Huang et al. 2021 ). Prior to host-mediated selection
we performed an additional pilot experiment confirming that measured values of NDVI drop as
drought intensity increases (Supplemental Figure 2D @); these values also had strong correlation
with plant shoot percent water content (R=0.98, p<2.2e-16; Supplemental Figure 2E(2). To derive a
final drought score, we calculated the area under the curve of NDVI throughout the drought
treatment and adjusted these scores to remove the effect of plant biomass.

In the context of host-mediated selection, we observed consistent, significant increases in drought
score across selection generations for Rice Field, Desert, and Calcined Clay soil treatments, but not
for Serpentine Seep (Figure 3 2). Specifically, drought scores significantly increased in all selection
lines (SLs) belonging to Rice Field (6/6), Desert (6/6), and Calcined Clay (3/3), but in just two SLs
belonging to Serpentine Seep (2/6) (Figure 3B(%, Supplemental Figure 3A). In further contrast to
the improved performance of other soil treatments, two Serpentine Seep SLs saw significantly
lower drought scores across selection generations (Supplemental Figure 3A®).

Notably, the improvements in drought score of non-Serpentine Seep soil treatments did not come
at the expense of plant biomass (Figure 3C ). Rather, shoot biomass generally increased over
time: all Rice Field (6/6) and Calcined Clay (3/3) SLs, and most Desert SLs (5/6), significantly
increased shoot biomass across selection generations. Two Serpentine Seep SLs showed significant
change over time, with one (1/6) increasing and the other (1/6) decreasing in biomass
(Supplemental Figure 3B®). Sterile-inoculated (SI) control lines of all soil treatments, Serpentine
Seep included, also saw significant increases in both drought score and biomass phenotypes over
time (Figure 32, Supplemental Figure 3%). Though each SI plant received sterilized inoculum and
was maintained as a spatially discrete unit (Supplemental Figure 4(%), they were not axenic;
consequently, SI plants were colonized by environmental microbiota throughout each 40-day
generation. Overall, given that environmental conditions and rice genotypes were held constant
across selection generations, these data suggest that changes in microbiome composition and
function were driving improvements in rice drought phenotypes, even in SI plants.

Microbiome diversity and composition over time

To assess the impact of host-mediated selection on bacterial community composition and diversity
across selection generations, we performed 16S rRNA sequencing on all root samples from Rice
Field (n = 1019) as well as a subset of those from Desert (n = 58), Serpentine Seep (n = 58), and
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Figure 2. Field sites, soils, and starting diversity of source inocula.

(A) Collection sites for Rice Field, Desert, and Serpentine Seep. Calcined Clay “source inocula” was simply calcined clay (Profile
Greens Grade, Cat.No. FZ-TP) that was rinsed and autoclave-sterilized before use. (B) Field soils differed in physico-chemical
characteristics (Supplemental Table 12). Rice Field was visibly clay-dominant, Desert predominantly sandy, and Serpentine
Seep high in organic matter, but less clay-like compared to Rice Field. (C) Bacterial diversity and community compositions
were distinct for each soil, even at broad taxonomic levels (Supplemental Figure 1 @).
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Figure 3. Rice phenotypes across host-mediated selection generations.

(A) Representative images of Rice Field selection line plants in the first (SG1) and last (SG6) selection generations at 1, 5, and
10 days after drought; drought scores are shown in the bottom left corner of each image. (B) Drought score, quantified as
the area under the curve of NDVI values, significantly improved for all soil treatments except Serpentine Seep. Here, we show
data for all selection lines combined (gray bars) and assessed the response of drought score to generation via linear mixed
effects models (drought score ~ generation + (1]|selection line); Rice Field: B=0.17, t = 28.8, p < 2e-16; Desert: f=0.19, t = 14.1,
p < 2e-16; Serpentine Seep: B=-0.003, t = -0.3, p = NS; Calcined Clay: =0.17, t = 8.7, p < 0.001). Filled bars represent the mean
drought score of all selection line (SL) plants +/- one standard error; white, unfilled bars are data for sterile-inoculated (SI)
plants. Because selection lines were independent of one another, we also tested them individually via OLS regression: all
selection lines of Rice Field (6/6), Desert (6/6), and Calcined Clay (3/3) significantly improved over time; Serpentine Seep
included selection lines that both significantly improved (2/6) and worsened (2/6) (Supplemental Figure 3 ). (C) Shoot dry
weight biomass also significantly increased across selection generations for all soil treatments, except Serpentine Seep (Rice
Field: B=0.02, t =7.0, p < 2e-16; Desert: 3=0.06, t =11.6, p < 2e-16; Serpentine Seep: =0.006, t =1.2, p = NS; Calcined Clay: 3=0.05,
t=10.3, p < 2e-16). Tested individually, all selection lines of Rice Field (6/6) and Calcined Clay (3/3) significantly improved over
time; most Desert selection lines (5/6) significantly improved; Serpentine Seep included one selection line that significantly
increased (1/6) and one that significantly decreased (1/6) (Supplemental Figure 3(2).
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Calcined Clay (n = 42) soil treatments. At the start, high microbial diversity was observed across all
soils, Serpentine Seep exceptionally so, with higher levels of species richness (2507 observed ASVs)
and evenness (Shannon Index = 7.1) compared to Rice Field (1390 observed ASVs; Shannon Index =
6.3) and Desert soils (869 observed ASVs, Shannon Index = 6.1) (Figure 4A-B(2). Within several
selection generations, however, bacterial communities of all soil treatments had been reduced to
just ~200 ASVs. While diversity decreased steadily over time in Rice Field microbiomes, both
Desert and Serpentine Seep lost most of their input diversity in the enrichment generation (EG)
plants in SG1, the large reduction in diversity during EG is consistent with the observation that
microbial diversity generally declines along transects spanning from bulk soil to root endophytic
spaces (Kuzyakov and Razavi 2019 (). Additionally, Rice Field better maintained diversity in this
first generation, supporting our initial hypothesis that this soil would be more likely to include
taxa that associate with rice roots. In contrast to the field soil treatments, Calcined Clay SL
microbiomes saw modest increases in diversity between EG (78 observed ASVs; Shannon Index =
2.9) and SG4 (138 observed ASVs; Shannon Index = 3.6), consistent with the fact that this treatment
did not receive a field soil inoculum in EG, but was allowed to recruit microbiota from the growth

microbes from the environment each generation, though the resulting communities were
consistently less diverse compared to their selection line counterparts (Figure 4A-B ).

Next, we assessed the impact of host-mediated selection on bacterial community beta diversity
using Bray-Curtis dissimilarity, which is particularly useful for showing changes in community
composition along a gradient or through time (Anderson et al. 2011 ). Though soil treatments
maintained distinctive microbiome identities throughout the experiment, their community
compositions became increasingly similar across selection generations (Figure 4C%, Supplemental
Figure 5A,C®). Within each soil treatment, SL and SI bacterial communities formed distinct

counts between samples, we additionally quantified Aitchison distance which does not rely on
rarefaction and is explicitly intended for compositional data (Martino et al. 2019 @ ). Both metrics
were generally in agreement and confirmed that microbiomes of different soil treatments
increased in similarity over time (Supplemental Figure 5A,C (7). Within field soil treatments—Rice
Field, Desert, and Serpentine Seep—both metrics also show SL microbiomes becoming more
similar to their sterile-inoculated counterparts over time, with the exception of Desert which is
static over time by Aitchison distance (Supplemental Figure 5B,D (@). Differences between Calcined
Clay SL and SI, on the other hand, were static when measured by Bray-Curtis, and increased over
time when measured by Aitchison distance. To confirm that the overall increase in similarity
between soil treatments was not solely driven by shared sparsity, we simply counted the number
of ASVs shared between SL plants of each soil treatment: in the enrichment generation, just 0.4%
(28/7106) of observed ASVs were shared by three or more soil treatments, increasing to 4.3%
(107/2471) by SG4 (Supplemental Figure 6A2). Moreover, shared ASVs tended to be more
abundant, with a subset of just 20 shared ASVs eventually accounting for up to 60% of microbiome
composition in SG4 (Supplemental Figure 6B(%).

Dispersal and growth rate influence bacterial fitness

Given the trend towards more uniform community composition both within and between soil
treatments over time, we sought to better understand whether shared ASVs represented a
common set of taxa recruited from the growth chamber environment or if taxa dispersed between
soil treatments. To do so, we assigned ASVs as originally belonging to one or multiple soil
treatments based on which original field soils and EG inocula they were observed in.

Mapping these designations onto the bacterial community data, it became clear that shared ASVs
were the result of dispersal events between soil treatments as well as recruited from the
environment (Figure 5). Environmental bacteria quickly rose to high abundance in all soil

treatments—as much as 50% of relative abundance by the end of SG1—and remained a significant
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Figure 4. Alpha and beta diversity of bacterial communities over time.

(A) Shannon-Index diversity and (B) number of observed ASVs for soil treatments over time. Each point represents a bacterial
community from one of several sample types, including original field soils (FS), enrichment generation (EG) inocula (FS::EG),
root-associated selection line (SL), or root associated sterile-inoculated (SI); sample types are indicated by shape. EG inocula
were simply field soil diluted by sterilized calcined clay. Sample sizes and numbers of selection generations differ between
soil treatments; having observed increasing similarities in microbiome composition between soil treatments after four
selection generations, we decided to focus effort and resources on Rice Field, which we carried forward an additional two
selection generations. (C) Bray-Curtis (BC) dissimilarity between soil treatment selection lines plotted in two-dimensional
space. Each point represents an individual sample, where color indicates soil treatment and size indicates generation. BC
values are the average of 1000 permutations where each sample was individually subset to 5000 reads. (D-G) Similar to (C),
but panels are individual soil treatments and include both SL (filled) and SI (unfilled) samples. Despite forming distinct
clusters, SL and SI microbiomes generally follow parallel compositional trajectories through time. For ordinations in panels C
and D, Rice Field samples were subset to match the sequencing effort of other soil treatments prior to calculating BC values.
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fraction of the community throughout subsequent selection generations. Despite the colonization
of non-native bacteria, the native diversity of Rice Field and Serpentine Seep SL microbiomes
remained the dominant fraction, whereas the native diversity of Desert SL microbiomes steadily
declined. Calcined Clay microbiomes, initially uninoculated, were primarily composed of
environmental taxa with the remaining fraction evenly represented by treatments inoculated with
field soils. Interestingly, microbiomes of SI plants were biased towards the diversity of their
respective soil treatments, though the fraction of native diversity in these communities was
dispersal limitation, priority effects, or both, given that plants were regularly shuffled within—but
not between—soil treatments during each generation. Overall dispersal proved to be a fitness
advantage in the context of host-mediated selection by increasing a taxon’s likelihood of being
observed in a selected microbiome and allowing re-inoculation in lines where the taxon was lost
due to either host-mediated selection or stochastic drift.

Because dispersing taxa enjoyed a fitness advantage within our selection scheme, we wondered if
other general bacterial traits, like growth rate, similarly influenced selection. To test whether
microbiomes became biased towards fast-growing taxa over time, we estimated the mean
doubling time of ASVs observed in SL and SI plants at each generation. Specifically, we aligned our
16S rRNA amplicon sequences to the Estimated Growth rates from gRodon Online (EGGO)
database, which includes predicted growth rates for more than 200,000 bacteria and archaea, and
assigned a doubling time to each ASV in our Rice Field dataset (Weissman, Hou, and Fuhrman

2021 %). While we found sterile-inoculated microbiomes to be biased towards fast-growing taxa in
all generations, selection line microbiomes became biased toward fast-growing taxa over time

7). Though this analysis offers a coarse view of average growth rates within
communities, the bias towards fast-growing taxa in SI, compared to SL microbiomes, is consistent
with the fact that rapid colonization of unoccupied space—i.e. SI roots at the start of each
generation—often results in a fitness advantage (L6pez et al. 2023 2 ; Debray et al. 2022 (%3).

Selection strength diminishes over time

Having observed the effects of individual selective forces on community composition, e.g. strong
environmental and host-mediated filtering (Figure 4%) as well as abundance patterns influenced

microbiome assembly through time. To do so, we determined the extent to which Rice Field
selection line microbiomes deviated from a neutral community model in each generation
(Supplemental Figure 7). A neutral community model assumes that microbiome assembly is the
result of stochastic dispersal and drift, and that all individuals have equal fitness; accordingly,
deviations from neutrality indicate that community assembly was influenced by non-neutral
processes, e.g. active dispersal or differential fitness (Sloan et al. 2006 (). For each generation, we
used abundance data from the previous generation as our source community to parameterize
migration and replacement rates and confirmed that this step improved model fit compared to
random subsampling as in Burns et al. 20162 (Burns et al. 2016 (2). Assessing the overall fit of the
neutral models via generalized R%, we found that model fit improved across selection generations
(SG1: R?=0.109; SG6: R*=0.558; Supplemental Figure 7 ). This result suggests that host-mediated
selection had a strong influence on microbiome assembly in early selection generations and
increasingly stabilized communities. However, because neutral model fit was still poor in SG6,
non-neutral processes were still actively determining microbiome assembly in late selection
generations.

Identification of phenotype-associated taxa

Using Rice Field microbiomes, we followed several lines of inquiry that identified a small subset of
taxa most likely responsible for improvements in host phenotypes. We used Rice Field data for
these analyses because, for logistical reasons, we focused our resources on this soil treatment by
performing an additional two selection generations and sequencing all root-associated samples
(n=1019). Our first two analyses were straightforward, simply asking 1) which ASVs were most
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Figure 5. Dispersal homogenizes microbiomes over time.

Using both original field soils (FS) and enrichment generation inocula (FS::EG, field soil mixed with sterile calcined clay), we
assigned ASVs as originally belonging to one or multiple soil origins and is indicated by color. For example, if an ASV was
observed in field soil or inocula samples for Rice Field, but not Desert or Serpentine Seep, it was designated a Rice Field ASV;
if observed in Rice Field and Serpentine Seep, but not Desert, it was designated a “Rice Field + Serpentine Seep” ASV. ASVs
that were not observed in either the field soil samples or source inocula were assigned “unk/env” to indicate their origin as
unknown, but likely from the growth chamber environment. Notably, sterile-inoculated (SI) lines of each soil treatment—
which acquired microbiomes from the environment—were each biased towards their respective soil treatments. Calcined
Clay, which received no initial inoculum in the enrichment generation was more evenly represented by ASVs from other soil
treatments.
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Figure 6. Microbiomes become overrepresented by fast-growing taxa over time.

We determined ASV doubling times by matching ASVs to the Estimated Growth rates from gRodon Online (EGGO) database.
We then performed 1000 bootstraps randomly subsetting 100 ASVs that were present in each generation for selection line
(SL) and sterile-inoculated (SI) microbiomes. Each point represents the mean predicted doubling time of the ASV subset in
each bootstrap. By setting generation as a numeric factor and performing OLS regression, we found that predicted doubling
time significantly decreased across selection generations in both SL (t = -90.9, p<2e-16) and SI (t = -19.6, p<2e-16) samples.
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abundant in the final selection generation and 2) which ASVs were differentially abundant in
droughted versus watered microbiomes. To answer the first question, we ranked ASVs by their
mean relative abundance in SG6 and found that one in particular, a species of Ideonella, was the
dominant taxon across all selection lines (mean relative abundance = 33%) as well as sterile- (25%)
and live-inoculated (21%) lines (Supplemental Figure 82 ). Combining this Ideonella with the next
top ten most abundant ASVs accounted for more than half of SL microbiome relative abundance in
SG6 (60%), and nearly half in SI (45%) and LI (47%) microbiomes (Supplemental Figure 8 %3). In
total, these top 11 ASVs were represented by five Proteobacteria (from the genera Ideonella,
Azospirillum, Asticcacaulis, and two within the family Rhizobiaceae), two Actinobacteriota
(representing Streptomyces and Nocardioides), and one each from the phyla Bacteroidota
(Flavisolibacter), Fibrobacterota (Fibrobacteraceae), Myxococcota (Kofleraceae, likely Haliangium),
and Verrucomicrobiota (possible Chthoniobacteraceae or Terrimicrobiaceae).

To answer our second question—which ASVs were enriched in either drought or watered
conditions—we measured the differences and effect size of median CLR-transformed abundances
of ASVs between selection line (droughted) and live-inoculated (watered) conditions. We then
stringently filtered data to only keep ASVs where enrichment in one condition or another was
significant after FDR correction, with effect sizes greater than +/- 0.5, and having met these criteria
in at least three selection generations. Those remaining included 30 ASVs identified as drought-
enriched, as well as 30 ASVs identified as water-enriched (Supplemental Figure 9%). Of note,
Actinobacteriota made up an outsized proportion of drought indicators given the total diversity of
Actinobacteriota ASVs observed (p<0.05, one-sided Fisher’s exact test, Supplemental Figure 9); by
contrast Proteobacteria were the most represented phylum among both drought and water
indicators, though this group was also the most diverse throughout the experiment (Supplemental
Figure 97, Figure 7A2). Overall, water indicators were more diverse at the phylum level
(Supplemental Figure 9(2).

Next, we sought to specifically identify ASVs likely driving growth promotion and improved
drought scores (Figure 72). By mapping which ASVs showed strong positive or negative
correlations with plant biomass and drought score onto a phylogenetic tree, it became clear that
though these taxa spanned most of the tree—including many major phyla—there were also
several notable clusters representative of genus-level clades with consistent responses associated

generation—outlined above—also strongly correlated with enhanced rice drought tolerance.
Notably, multiple Bacillus ASVs also exhibited strong association with improved rice drought

We then used the correlation data to recombine ASVs into balances to find subcompositions of
ASVs predictive of phenotypes (Figure 7C(2). In brief, balances acknowledge the compositional
structure of microbiome data and that information is therefore carried in the ratios between
components (e.g. ASVs); balances, then, are a ratio of the geometric means of two groups of taxa

which can be used to predict a continuous phenotype (Rivera-Pinto et al. 2018 @3 ; Morton et al.

where the numerator and denominator groups included taxa positively and negatively associated
with phenotype, respectively. In total, the drought score balance included 32 ASVs (numerator =
17, denominator = 25) and the shoot biomass balance included 53 ASVs (numerator = 36,
denominator = 17). Both balances showed exceptionally strong correlations to phenotypes, with
Pearson correlation coefficients as high as 0.87 and 0.62 for droughts score and shoot biomass,
respectively (Figure 7C(%). Though balances were constructed from selection line data only, they

performed nearly as well applied to sterile-inoculated sample data (Fig (3; drought score:
R=0.65; shoot biomass: R=0.41).
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Figure 7. Identifying phenotype-associated ASVs.

(A) A phylogeny of Rice Field ASVs remaining after four selection generations with branches colored by phylum; black bars
and corresponding labels highlight notable clades at lower taxonomic levels. The inner (drought score) and outer (shoot

biomass) tiled rings indicate whether an ASV showed a strong positive (red) or negative (blue) response to phenotype, or lack

thereof (white). To determine whether a response was strong or not, we ran two mixed effects linear models for each ASV-

phenotype combination. One model included selection line as a random factor, while the other included selection generation

as a random factor nested within selection line; doing so allowed us to better hone in on ASVs that were both enriched over
time and consistently correlated with phenotypes within selection generations. Responses were considered strong if the t-
value resulting from one or both models was two or more standard deviations away from the mean. Gray bars extending
outward from the tiled rings indicate the median relative abundance of ASVs in the final selection generation (SG6). Symbols
beyond the gray bars denote whether ASVs were included in the numerator (red) or denominator (blue) of the balances
shown in panel C. (B) The mean, combined relative abundance of drought enriched ASVs over time; error bars (present, but
small) are +/- one standard error of the mean. Drought enriched ASVs were identified using the effect and t-test functions in
the ALDEX2 R package by comparing CLR-transformed abundances between SL (droughted) and LI (not droughted) plants at
each selection generation. (C) Balances successfully predict drought scores and biomass phenotypes. In brief, balances are
compositionally-aware log contrasts in which the numerator and denominator represent two sets of ASVs whose ratio can be
used to predict a continuous phenotype (Rivera-Pinto et al. 2018 &2 ). We composed distinct balances for each phenotype and
performed OLS regressions on individual lines; in each case, SI lines included, balances were significant predictors of plant
phenotype. Statistics and black trendlines correspond to the overall regression; colored trendlines show the relationship
between balance values and phenotype within generations.
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Functional enrichments among phenotype-associated taxa

Finally, we sought to identify gene functions enriched among our selected taxa in order to better
understand the forces potentially influencing their selection during the experiment. To do so, we
conducted shotgun metagenomics on a subset of samples from Rice Field selection line plants
across all 7 generations (n=37); from this data, we resolved 272 high quality metagenome-
assembled genomes (MAGs). To allow for correlations between functional capacity in our
metagenomic dataset and the much greater temporal and phenotypic resolution afforded us by
our 16S dataset, we assigned individual MAGs to ASVs from the 16S dataset using a combination of
taxonomic and abundance data. Next, we identified Clusters Of Orthologous Genes (COG) high-
level functional categories with significant enrichments in gene counts among phenotype-
associated taxa; specifically, we ran two parallel analyses using the taxa included in the

we used all ASV-matched MAGs (n=165). After applying FDR corrections to p-values and filtering
for significance (p<0.05) we found that the groups of MAGs associated with both balances were
significantly enriched for genes within the functional categories Carbohydrate transport and
metabolism and Transcription compared to non-selected MAGs. Notably, there were also
differences between enrichment profiles for the drought score and shoot biomass MAG sets;
specifically, MAGs from the drought score balance showed significant enrichment of genes related
to Cell motility, Inorganic ion transport and metabolism, and Intracellular trafficking, secretion, and
vesicular transport, while the biomass-related balance MAGs showed significant enrichment of
Lipid transport and metabolism and Secondary metabolite biosynthesis, transport and catabolism.

Within these significantly enriched high-level COG functional categories associated with each
group, we repeated the same processes above to identify individual COGs with enriched gene
counts. Taxa associated with improved drought score showed specific enrichment of genes related
to iron transport (COG1629), flagellar structure (COG1344), as well as a diverse array of COGs
related to sugar transport and metabolism (Supplemental Figure 103).

Interestingly, both groups showed significant enrichment for COGs associated with glycerol-3-
phosphate transport (COG1653, COG0395, Supplemental Figure 11 (%), a bacterial function
identified in recent studies as correlated with drought tolerance in rhizosphere communities (L.
Xu et al. 2018 ). Together, these results suggest that bacteria selected in our experiment are

enriched for specific microbial functions associated with transport of a range of metabolic
products and nutrients compared to other non-selected taxa in our system.

Discussion

Here, we present a multi-generation experiment in which we applied host-mediated selection to
diverse sources of inocula to derive simplified soil communities that promote growth and drought
tolerance in rice. One of our primary motivations for this experiment was to determine the degree
to which inoculum source matters, or if any microbial community can serve as a suitable substrate
for host-mediated selection. Though microbial communities adapt to their local environments and
are therefore biased towards specific taxa and functions (Kraemer and Boynton 2017 2; Bokulich
et al. 2014 3; Fierer and Jackson 2006 (7; Baath 1996 (%), we reasoned that any sufficiently diverse
community would include members capable of inducing a targeted host phenotype (Delgado-
Baquerizo et al. 2016 (%). These members could then be maintained or enriched via host-mediated
selection if selection were sufficiently strong relative to stochastic effects or other factors
influencing microbial fitness (Belotte et al. 20032 ; Kraemer and Kassen 2015 (2). Here, however,
soil treatments differed in their response to host-mediated selection, where Rice Field and Desert
soil microbiota successfully improved rice phenotypes over time but Serpentine Seep did not

that Rice Field better maintained diversity because its source inoculum likely included more taxa
that are better adapted to flooded conditions and capable of colonizing rice roots. Given that plant
hosts both actively and passively influence microbial colonization (Zhang et al. 2023 ; B. Wang
and Sugiyama 2020 % ; Johnson et al. 2010(@), the latter may have been of particular importance
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Figure 8. Bacterial communities associated with increased plant biomass and plant vigor during drought
are enriched for both common and distinct functions.

By comparing the metagenome-assembled genomes (MAGs) of taxa from balance group numerators with all other MAGs in
the dataset, we identified high level functional categories that were significantly enriched in the genomes of these groups.
Selection/Background refers to the ratio of gene counts among phenotype-associated taxa relative to all taxa for each
functional category. The size of points indicates the background gene count, or the total number of genes within a functional
category represented by all MAGs. We determined p-values with hypergeometric tests and applied multiple testing correction
before determining significance. Functional categories that were significantly enriched in balance numerator groups were
then further investigated to identify significantly enriched individual COGs (Supplemental Figures 10-11C2).
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because roots—but not soil—were harvested from EG plants to inoculate SG1. However, even
Calcined Clay, which relied solely on immigration for microbiome assembly in EG, successfully
responded to host-mediated selection. Taken together, these results suggest that source inoculum
provenance strongly influenced the trajectory of host-mediated selection, but was just one of many
factors determining its outcome.

Dispersal also played an evident role in microbiome assembly in all soil treatments. Despite
negligible overlap in shared species at the start of the experiment, all soil treatments generally
converged toward a common set of taxa rather than solving the phenotypic “problem” with
unique solutions (Figure 4C (2, Supplemental Figures 5-6 ). Consistent with this observation,
others have shown that even low rates of dispersal can homogenize a metacommunity
(Fodelianakis et al. 2019). In particular, when factors determining bacterial fitness—i.e.
environmental conditions, plant host genotype, and artificial selection criteria—are consistent

Martiny, and Allison 2017%; Bell 2010 2 ; Kraemer and Kassen 2015(7). Using the Desert soil
treatment as an example, immigrating taxa appeared to enjoy a fitness advantage over the native
diversity of the field soil within the context of host-mediated selection; as a result, these taxa were
selected and further enriched over time, increasing the compositional similarity between Desert
and other soil treatment microbiomes.

As microbiome compositions changed across selection generations, we observed clear patterns of
maintenance and enrichment of taxa positively correlated with the rice phenotypes under
artificial selection. Many of these taxa are members of genera that include well-known plant
growth promoting rhizobacteria (PGPR), including Azospirillum (Proteobacteria) and Bacillus
(Firmicutes), both of which have previously been shown to improve rice growth and drought
tolerance (Fukami, Cerezini, and Hungria 2018 ; Ruiz-Sanchez et al. 2011 % ; Sansinenea 2019 (2;
Karmakar et al. 2021 ). Actinobacteriota, particularly Streptomyces and Nocardioides, increased
in relative abundance over time as well, but were also consistently enriched in droughted (SL)
compared to watered (LI) microbiomes (Supplemental Figure 9 ). Many other studies have
similarly reported the enrichment of root-associated Actinobacteriota during drought (Naylor et al.
2017 3; L. Xu and Coleman-Derr 2019 (3; Santos-Medellin et al. 2017 @ ; Fitzpatrick et al. 2018 @)
and have also demonstrated Streptomyces capable of inducing drought tolerance in grasses,

20223; Selim et al. 2019 ; Yandigeri et al. 2012 @).

We also identified taxa that strongly correlated with improved rice drought tolerance, but for
which little is known about their potential for plant growth promotion. For example, we observed
the enrichment of two Proteobacterial genera, Devosia and Ideonella, whose abundances strongly
correlated with enhanced drought score and biomass phenotypes. While there appeared to be
multiple beneficial strains of Devosia enriched through host-mediated selection, a single Ideonella

including production of siderophores and auxin, as well as the ability to fix atmospheric nitrogen
(Rivas et al. 2003 @2 ; Chhetri, Kim, Kang, Kim, et al. 2022 (%; Chhetri, Kim, Kang, So, et al. 2022 (%).
Though literature describing interactions of Devosia and Ideonella with plants is sparse, Devosia
has been shown capable of nodulating an aquatic legume (Rivas et al. 2003 @), and members of
Ideonella can promote the growth of eucalyptus seedlings (De Sousa Fabiano Gama et al. 2022 ).
Overall, our ability to identify PGPR—ranging from well-known to poorly characterized—suggests
that host-mediated selection is not only useful for microbiome engineering, but can also be used to
identify novel species of plant-beneficial microbes.

Additionally, we identified balances, or subcompositions of taxa, that significantly improved

phenotypes—showed little overlap with one another, despite the fact that many of the ASVs
included in the balances were strongly correlated with both phenotypes (Figure 7A@ ). This

suggests that discrete subcompositions of the microbiome were important for determining
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drought score and biomass, separately. While balance numerator groups represent a short list of
potential PGPR and candidates for syncom construction, denominator groups represent taxa more
likely to hinder plant phenotypes with increased abundance. Though balances were constructed
from Rice Field selection line data, they may help to explain the failure of Serpentine Seep to
respond to host-mediated selection: Chloroflexi were overrepresented in the denominator group
for drought score and was also the phylum designation of the most abundant ASV in final
generation Serpentine Seep plants. Balances also corroborate that phenotypic improvements
observed across selection generations in sterile-inoculated plants corresponded to similar changes
in microbiome composition experienced by their selection line counterparts.

By comparing metagenome-assembled genomes (MAGs) associated with our selected taxa (balance
numerators) to all other MAGs in the dataset, we identified specific functions enriched in selected
taxa that could help to explain their positive correlation with phenotypes.

Supporting the hypothesis that balance groups had discrete effects on either drought score or
shoot biomass phenotypes, few enriched functions were shared between the two groups. This
result is perhaps not unexpected given that the two balances were composed of different sets of
taxa, but it does enable a closer look at which functions were important for each phenotype
individually. For example, genes related to both iron transport (COG1629) and carbonic anhydrase
(COG3338) were significantly enriched by the numerator group for drought score but not shoot
biomass (Supplemental Figure 10®). Previous work has specifically demonstrated iron transport
and metabolism as important functions for Actinobacterial-mediated drought tolerance in

mediated drought tolerance in wheat (Aslam et al. 2018 2). By comparison, genes associated with
both lipid and secondary metabolite transport showed strong enrichment within MAGs belonging
to the numerator group for biomass. Lipids have been identified as a key avenue of
communication between hosts and microbes during plant microbe interactions, including
beneficial symbioses (Siebers et al. 20167 ). Additionally, on the list of significantly enriched
secondary metabolite COGs are cytochrome P450s, which are capable of producing a wide array of
many small molecules, including phytohormones and other compounds used by microbial
partners to manipulate plant fitness (Orozco-Mosqueda, Santoyo, and Glick 2023 (%).

Interestingly, both drought score and biomass balances showed strong enrichment for COGs
associated with G3P transport and metabolism (COG1653, COG0395). Prior work in another plant
system (Sorghum bicolor) has found a correlation between G3P transport in Actinobacteriota and
hypothesized that this correlation may be due to significant increases in GBPproductlonobserved
in plants exposed to drought stress (L. Xu and Coleman-Derr 2019®).

Interestingly, our data suggest that transport of G3P may also be an important function in drought-
related contexts outside the Actinobacteriota, as G3P transport-related genes were present and
enriched across multiple phyla represented in our balance numerator taxa, including
Actinobacteriota as well as Armatimonadota, Bacteroidota, Firmicutes, Myxococcota,
Proteobacteria, and Verrucomicrobiota. Furthermore, the fact that our MAGs were selected based
on their associations with hosts exhibiting enhanced drought tolerance, rather than on their own
ability to survive drought, suggests that G3P metabolism and transport may play a specific role in
meditating mutualistic interactions between plants and microbes under water stress.

Overall, this study demonstrates that host-mediated selection efficiently operates at the
community level to reduce microbiome complexity and enrich functions of interest. In the context
of the nascent body of host-mediated selection literature, it also provides further insight into
numerous aspects of experimental design that can present challenges to successful community
selection. For instance, the use of appropriate control lines is prudent, but difficult to implement.
Specifically, in our study, dispersal complicated our efforts to utilize the sterile-inoculated (SI) lines
as meaningful controls. Rather than statically recruiting the same environmental microbes, SI
plants recruited microbes from an increasingly optimized metacommunity each generation.
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Consequently, sterile-inoculated plants saw phenotypic improvements similar to their selection
line counterparts. The shared trajectory of selection and intended control lines appears to be a
consistent phenomenon—to varying degrees—in other host-mediated selection studies (Panke-

Buisse et al. 2015 ; King et al. 2022 & ; Garcia et al. 2022 &3 ; Kalachova et al. 2022 &% ; Rodriguez et
al. 20232). “Add-back” controls—where hosts are inoculated from a stock source of the original
inoculum at the start of each generation—were subject to the same phenomenon, though to a
lesser extent compared to sterile-inoculated or “random-selection” controls (King et al. 2022(%;

Garcia et al. 2022 ). The use of fully gnotobiotic plants could eliminate this issue, but would be
both challenging and expensive to implement for most plant species.

Additionally the length of experimental generations influences whether slow-growing microbial
species are maintained in selected communities and determines the likelihood of community
turnover within a generation (Wright, Gibson, and Christie-Oleza 2019 @). Short generation times
correspond to high dilution rates (i.e. how frequently microbiomes are selected) and can result in
dilution to extinction (Adamberg and Adamberg 2018 (2 ; Diaz-Garcia et al. 2021 2 ; Xie and Shou
20212). Despite our efforts to make generations as long as possible (harvesting plants after 40
days of vegetative growth, before source-sink relationships begin to change with the onset of
heading), we still observed selection biased towards fast-growing taxa (Figure 6%). This may be
due in part to the fact that rapid growth can also provide fitness advantages, particularly by
influencing priority effects in early stages of microbiome assembly (Lopez et al. 2023 2 ; Whitman
et al. 2018%; Debray et al. 20222 ). While longer generations may help to maintain slow-growing
taxa, they also increase the likelihood of community turnover, which is problematic if taxa driving
the phenotype of interest are displaced before they can be transferred to the next generation
(Wright, Gibson, and Christie-Oleza 2019 ). In short, we encourage others attempting host-
mediated selection to consider the ways in which experimental design might weaken the strength
of artificial selection or otherwise limit the number of potential routes microbiome selection can

take.

Conclusion

Microbiomes have the potential to increase agricultural sustainability and productivity, yet
engineering beneficial plant microbiomes remains largely intractable. One of the primary
challenges is accurately predicting which microbes will cooperatively improve host phenotype
under heterogeneous field conditions. Screening large isolate collections for specific plant growth
promoting functions can be a costly and time-consuming process and ultimately fails to account
for interactions between microbes, the plant host, and the environment. An approach like host-
mediated selection, however, significantly simplifies the process of microbiome engineering by
allowing eco-evolutionary processes to optimize microbiome composition at the community level.
In other words, host-mediated selection inherently accounts for microbe-microbe interactions
(including higher order interactions) while identifying individuals and consortia that are
beneficial to plant phenotype. Moreover, selected communities not only provide a blueprint for
syncom design but are also a source from which phenotype-promoting taxa can be more readily
isolated. From our work, we show that although experimental design must be carefully considered
to ensure the greatest chances of success, host-mediated selection holds great promise for
identifying and mining plant beneficial taxa from complex soil environments.

Methods

Rice growth conditions

We used a near isogenic rice japonica cultivar known as “Super Dwarf” (Oryza sativa L.), which is
a gibberellic acid mutant that grows vigorously, but only reaches heights of around 20cm at
maturity (Frantz and Bugbee 2002 (). We initially bulked seeds through selfing until we acquired
enough material for the entire experiment and stored these at 4°C. Prior to each generation, seeds
were surface sterilized then germinated in sealed 50 ml falcon tubes filled with autoclaved milliQ
water at 28°C for five days before being transplanted into inoculated substrate. To minimize cross
contamination between replicates, each plant was grown in an individual, autoclave-sterilized
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“conetainer” (Greenhouse Megastore, catalog No. SC10R) and given a separate water reservoir
(Restaurant Equipment Solutions, catalog No. LIBB-551HT) (Supplemental Figure 4A(72). We built
custom racks to hold five plants each to allow rotation of plants within a soil treatment to

The entirety of this experiment was performed in a walk-in growth chamber (Supplemental Figure
4B @); conditions were set to 16-hour days, during which daytime temperature and humidity were
held at 28°C and 80%, respectively, and relaxed to 24°C and 75% humidity at night. Once
transplanted, rice were grown for a total of 40 days. We fertilized plants with 10mL 1X Murashige
and Skoog medium at the time of planting, and again on days 7 and 14; on day 21 we applied a
final fertilization of 10mL 0.5X 20-20-20 NPK. We previously observed that this level of fertilization
was growth-limiting but not stress-inducing. Plants were consistently well-watered with milliQ
water throughout the enrichment generation; in subsequent selection generations, a drought
treatment was initiated after 30 days of well-watered growth.

On day 31, we emptied water reservoirs and allowed the formerly flooded substrate to drain
before refilling the reservoir to 25% full capacity; we repeated this emptying and refilling again
the following day. On day 33 reservoirs were emptied without refilling and water was withheld for
the remainder of the generation.

Drought score measurements

To non-destructively phenotype plants in high throughput, we built custom hardware and
computational scripts to measure Normalized Difference Vegetation Index (NDVI) of individual
plants longitudinally. Originally developed for remote sensing applications, NDVI is commonly
used to track plant stress status (Rouse et al. 19742 ; Huang et al. 2021 ). It exploits the tendency
of plants to reflect wavelengths of far and near-infrared light regardless of stress status while
increasingly reflecting wavelengths of visible light as stress becomes more severe (Usti
Jacquemoud 20207 ; Schepers et al. 1996 (). Prior to host-mediated selection, we performed
several preliminary experiments to confirm that NDVI values produced by our setup were
sensitive to changes in rice drought stress status over time (Supplemental Figure 2% ). We
confirmed that NDVI decreased with increasing drought stress and also showed that NDVI highly
correlated with rice percent water content (Supplemental Figure 2D-E(®).

To obtain NDVI values for plants, we first imaged them within a plywood lightbox (Supplemental

Culture Hustle USA, Black 3.0); all exterior corners sealed to ensure no light contamination while
full spectrum and far red (730nm) LED strips served as light sources within the box
(LEDLightsWorld, full spectrum: HK-CRI95F5050X30-X-6, 730nm: 5SM-HK-8MM-F2835-735-30-NW-
IR-12). Two cameras simultaneously imaged plants, one a standard DSLR (Canon, EOS Rebel T7),
the other a DSLR modified to be able to detect red and infrared light (Canon, EOS Rebel T1i)
(Supplemental Figure 2A-B (@). Both cameras were set to: shutter speed = 1/40; F-stop = 4.5; ISO =
100; Effect = Neutral; White balance = 7000K; Auto lighting optimizer = OFF. The modified camera
had previously been sent to LifePixel (Life Pixel Infrared; Mukilteo, USA) where the factory
infrared sensor filter was replaced by a dual-pass filter with high transmission from 400-600nm
and 700-800nm and complete out of band blocking. Consequently, both cameras assign green and
blue values near-equivalently, but have non-overlapping perceptions of red (Supplemental Figure

Paired images were then passed through a custom pipeline to derive NDVI. In particular, we relied
heavily on tools from PlantCV (Fahlgren et al. 20152). All scripts are available on GitHub
(github.com/colemanderr-lab/Styer-2024 %). In brief, we used a small section of black background
to standardize all images by subtracting the median RGB values within that window from all
pixels. Then, we used naive Bayes classifiers—previously trained on images from each camera—to
segment plants from background; individual plants were then identified via object detection in the
resultant binary mask and saved as separate images. We then extracted color data from each

Styer et al., 2024 eLife 13:RP97015. https://doi.org/10.7554/eLife.97015.2 19 of 50


https://doi.org/10.7554/eLife.97015.2
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://github.com/colemanderr-lab/Styer-2024
https://elifesciences.org/subjects/plant-biology

::"0.:‘ ELife Plant Biology

plant, including median red, green, and blue pixel intensities. Using these data from each set of
paired images we calculated NDVI as the sum of median red values for both modified (MOD) and
standard (STD) cameras divided by their difference:

MODred + STDred

NDVI =
v MOD,eq — ST Dieq

To derive drought scores, we then calculated the area under the curve of NDVI (AUC NDVI)
for each plant by fitting a smoothed spline to NDVI values across the 10 days of drought
(Supplemental Figure 2D (@); this allowed us to evaluate cumulative drought performance in
a single metric. Lastly, because plant biomass was consistently anti-correlated with drought
score (Supplemental Figure 12 (%), we controlled for its effect by calculating the residuals of
the linear model AUC NDVI ~ shoot biomass. The final drought score, then, represents plant
performance across a drought time series independent of the influence of plant biomass.

Selection scheme

Selections were made independently for each selection line and were determined by both fresh
weight and NDVI. As a first filter, microbiomes were only eligible for selection if the fresh weight
of their host plant was equal to or greater than the mean of the selection line. We set this initial
filter to avoid selecting plants stunted by dysbiosis, having anticipated the negative correlation
between NDVI and biomass but not yet having derived biomass-adjusted drought scores; without
this initial filtering, we thought it possible, if not likely, selections based on NDVI alone would lead
to the accumulation of pathogens. From the microbiomes that passed the biomass-based filter, we
selected three from plants with the greatest cumulative NDVI score (i.e. the sum of daily NDVI
values); these were then used to inoculate 15 plants to continue the selection line into a new
generation. The two next best-performing microbiomes from each selection line were used to
create inocula for the subsequent generation SI and LI control lines.

Inoculum preparation

For the enrichment generation (EG), we prepared inocula simply by mixing equal parts field soil
(i.e. Rice Field, Desert, or Serpentine Seep) with sterilized calcined clay by weight. For sterile-
inoculated lines, field soils were autoclaved in small batches for 90 minutes prior to mixing to
ensure thorough sterilization. Calcined Clay soil treatment plants only received sterilized calcined
clay as “inocula”. Pre-germinated rice plants were directly transplanted into the mixed substrates.
The goal of the enrichment generation—during which no drought stress was applied—was to first
enrich microbes that form associations with rice in non-stressed conditions. Endeavoring to
minimize soil edaphic effects and to bias communities towards root-associated bacteria, we only
harvested roots and adhering soil—but not bulk soil—from selected EG plants to inoculate the first
selection generation (SG1).

To prepare selection generation inocula, we first shook roots to remove loosely adhering soil,
finely minced them with a sterile razor, then further macerated the collection with a mortar and
pestle. For SG1, the resultant root paste was thoroughly mixed into sterilized calcined clay and rice
plants directly transplanted into the inoculated substrate. For SG2 and later selection generations,
both root paste and bulk soil from selected plants were mixed into sterilized calcined clay prior to
rice transplantation. For each soil treatment, microbiomes selected to inoculate SI and LI plants
underwent the same preparation with the exception that the fraction earmarked for SI was
autoclave-sterilized prior to mixing with calcined clay.

16S rRNA library preparation

At harvest, roots were shaken loose of soil, which, for droughted samples, amounted to removing
virtually all calcined clay particles. We did not further separate root rhizospheres from

endospheres and so we considered microbial community profiles collected from such samples as
“root associated.” All roots were manipulated with clean gloves on sheets of single-use aluminum
foil; a portion of roots from each harvested plant were immediately placed in 15 ml falcon tubes,
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flash frozen in liquid nitrogen, and stored at -80°C. We later ground roots with mortar and pestle
in liquid nitrogen to prepare samples for DNA extraction. Approximately 0.1 g of the resulting
powder was added to Qiagen DNeasy 96 PowerSoil Pro kits and followed all manufacturer’s
instructions to extract DNA (Qiagen, Hilden, Germany; catNo: 47017).

Next, we quantified extracted DNA (Invitrogen, Waltham, MA, USA; Quant-iT dsDNA Assay Kit,
CatNo. Q33120) and normalized all samples to equal concentrations prior to PCR. All PCRs were
performed in triplicate, each reaction consisting of 2uL. DNA template at 5 ng/uL, 10uL PlatinumII
Hot-Start PCR Master Mix (2x) plus 2uL. GC-enhancer (Invitrogen, Waltham, MA, USA; CatNo.
14000014), 0.19uL of 100uM mitochondrial PNA (GGCAAGTGTTCTTCGGA; PNA Bio, Thousand Oaks,
CA, USA; CatNo. MP01-50), 0.19uL of 100uM chloroplast PNA (GGCTCAACCCTGGACAG; PNA Bio,
Thousand Oaks, CA, USA; CatNo. PP01-50), 0.5uL. of 10uM of each forward and reverse primer
targeting the V3-V4 region of the 16S rRNA gene, and water to bring final volume to 25uL. From
5’-3’ complete primer sequences included an Illumina adapter sequence, a 12 base pair index, an
INlumina TruSeq primer sequence, a 1-7 base pair spacer to increase flow cell diversity, followed
by forward (CCTACGGGNBGCASCAG) and reverse (GACTACNVGGGTATCTAATCC) 16S rRNA primer
sequences; a complete list of primer sequences is available in Supplemental Table 2(%.
Thermocycling conditions were set to follow: an initial 3 min cycle at 94°C, then 36 cycles of 1 min
at 94°C, 30 sec at 48°C, 1 min at 72°C, and a final cycle of 10 min at 72°C before holding at 4°C
indefinitely. Replicate PCRs were then pooled and quantified before pooling all libraries in
equimolar amounts. Pooled libraries were then cleaned with AMPure XP beads (Beckman Coulter,
Brea, CA, USA; CatNo. A63880) following the manufacturer’s protocol, eluted in water, then
submitted to University of California, Berkeley’s QB3 Genomics for Illumina MiSeq v3 300bp
paired-end sequencing (Berkeley, CA, RRID:SCR_022170%; Illumina, San Diego, CA, USA).

16S rRNA sequence data processing

Demultiplexed reads received from QB3 Genomics were imported into QIIME2 (Bolyen et al.

were then trimmed to remove low-quality base pair calls before being passed to the DADA2 plugin
(Callahan et al. 2016 @) for denoising and dereplication, resolving sequences into amplicon
sequence variants (ASVs). Representative sequences of ASVs were then assigned taxonomies via
the feature-classifier plugin (Bokulich et al. 2018 %) using the sklearn method (Pedregosa et al.

(Quast et al. 2013 @). Lastly, prior to downstream analyses, we filtered ASVs identified as either
mitochondria or chloroplast and additionally removed any ASVs that were observed in only one
sample (out of 1425) and with fewer than five reads.

Shotgun metagenomic sequencing and analysis

Thirty-seven samples were selected for shotgun metagenomic sequencing, each representing a
distinct Rice Field selection line at different time points spanning the seven generations of the
experiment. DNA was extracted from bulk soil combined from multiple plants and extracted using
Qiagen DNeasy 96 PowerSoil Pro kits following all manufacturer’s instructions (Qiagen, Hilden,
Germany; catNo: 47017). All samples were then prepared by Novogene (Novogene Corporation
Inc., Sacramento, CA, USA) as 150bp paired-end libraries and sequenced the Illumina NovaSeq
platform, yielding an average 111 million reads per library. Reads from each library were
individually assembled de novo using MEGAHIT (Li et al. 2015, 2016 (2). Next, reads from each
library were aligned to the accompanying assembly via BWA-MEM (Li 2013 (2). Three separate
binning approaches: CONCOCT (Alneberg et al. 2014 &), MaxBin 2.0 (Wu, Simmons, and Singer
2016 @), and MetaBAT2 (Kang et al. 2019 (%) using both covariant tetranucleotide frequencies
were applied to each library. Resultant bin sets were combined and refined from these three
approaches to produce a single set of high quality bins using DAS Tool (Sieber et al. 2018 ). Bins
from all libraries were subsequently combined and de-replicated with dRep (OIm et al. 2017 (%) to
create a final set of metagenome-assembled genomes (MAGs). Removing MAGs with >10%
estimated contamination from other taxa and <70% genome completion based on collocated sets

of genes that are ubiquitous and single-copy within a phylogenetic lineage (Lee 2019 2) yielded a
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final set of 272 high quality MAGs. Each MAG was assigned taxonomic classification using GTDB-tk

were manually assigned to ASVs from the 16S amplicon sequencing analysis using both closest
taxonomic matches and comparing ASV and MAG abundances. In total, 165 MAGs were matched
to ASVs.

In order to test for microbial functions associated with selected plant phenotypes, we assessed the
gene content of ASV-matched MAGs assigned to balance numerators for both drought score and
biomass plant phenotypes. We applied the hypergeometric test to identify functional enrichments
within these balance numerators relative to the background of all 165 ASV-matched MAGs. In the
first round, we tested COG categories (Galperin et al. 2021 ). Briefly, all genes in the numerator
MAGs were grouped and tested for enrichment of genes in each COG category relative to the
background of the genes among all 165 ASV-matched MAGs using the hypergeometric test as
implemented in ‘fgsea’ (Korotkevich et al. 2016 ). In the second round, we tested individual COGs
among significantly enriched categories identified in the first round.

Data availability

Both amplicon and shotgun sequence data can be accessed through NCBI in BioProject
PRJNA1067324. Image and phenotype raw data as well as scripts to generate figures can be found
via github (github.com/colemanderr-lab/Styer-2024 ).
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Supplemental Figure 1. Bacterial diversity of field soils collected as candidate source inocula for host-
mediated selection. (A) Relative abundance barplots colored by Phylum show large differences between soil
bacterial communities even at coarse taxonomic levels. Each bar represents an individual technical replicate. (B)
Shannon-Index diversity for each soil. The mean number of observed ASVs are shown above each boxplot. (C)
NMDS-ordinated Bray-Curtis dissimilarity between soils. (D-F) Phenotypic data from a pilot study where rice plants
were either inoculated with the field soils shown in A-C or mock inoculated.
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Supplemental Figure 2.

(A) Simplified schematic of lightbox design depicting full spectrum (white) and 730nm (red) LED light strips as well as the
position of the standard (white) and modified (red) cameras. The interior of the box was painted with an ultra light-absorbing
black paint. A shared shutter trigger ensured images from both cameras were captured simultaneously; up to five plants
were imaged at the same time. (B) A representative drawing of the portions of visible and near-infrared light each camera’s
red, green, and blue channels were sensitive to. Beneath, black bars indicate the range of emission spectra of light sources as
well as wavelengths expected to be absorbed (ABS) and fluoresced (FLO) by chlorophyll. (C) Comparisons of the standard and
modified cameras’ median values for red, green, and blue channels individually; each dot represents an individual plant. (D)
NDVI responds to rice drought stress status over time. Generally, the interval between two time points with the largest
difference corresponds to the visible onset of leaf curling symptoms (data not shown). (E) At harvest, NDVI is highly
predictive of rice percent water content.
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Supplemental Figure 3. Drought score and biomass phenotypes for individual selection lines.

(A) Drought scores over time. Statistics and trendlines result from OLS regression. Each point represents an individual plant.
Filled circles correspond to selection line (SL) plants; open circles correspond to sterile-inoculated (SI) plants. (B) Shoot dry
weight biomass over time.
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Supplemental Figure 4. Rice growth conditions.

(A) Rice were grown in spatially discrete conetainers and water reservoirs to minimize admixture of microbiomes. A small ball
of polyester fiber was placed at the bottom of conetainers to prevent substrate from spilling out. Reservoirs were filled with
milliQ water which calcined clay substrate was able to wick to the top surface of the container. (B) Host-mediated selection
was performed in a walk-in growth chamber set to 16-hour days, during which daytime temperature and humidity were held
at 28°C and 80%, respectively, and relaxed to 24°C and 75% humidity at night. Each soil treatment was grown on its own
shelving unit, but plants were rotated within that unit every three days to ensure each plant experienced the same overall
environment and ballast exposure. The lightbox with a rack of plants ready to be imaged can be seen in the bottom right
corner.
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Supplemental Figure 5. Bray-Curtis dissimilarity (A-B) and Aitchison distance (C-D) between and within soil
treatments across selection generations.

Panels A and C show dissimilarity/distances between soil treatment selection lines by BC dissimilarity and Aitchison distance,
respectively. Panels B and D are similar, except dissimilarity/distance is between selection line and sterile inoculated
microbiomes within soil treatments. BC values are the average of 1000 permutations where each sample was individually
subset to 5000 reads. Aitchison distance was calculated as the Euclidean distance between samples after read counts were
transformed via robust centered log ratio transformation. Letters above boxplots are the result of a post-hoc Tukey HSD with
95% confidence intervals (p<0.05) to detect significant differences between groups. Rice Field samples were subset to match
the sequencing effort of other soil treatments when generating data for panels A and C.
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Supplemental Figure 6. The number and abundance of ASVs shared between soil treatments increased over

time.

(A) Venn diagrams for the numbers of ASVs shared between soil treatments at each generation. Venn components are
colored by soil treatment: Rice Field (green), Desert (red), Serpentine Seep (blue), and Calcined Clay (yellow). (B) The
combined relative abundance of the top 20 ASVs commonly enriched in all soil treatments over time. Each point represents
an individual sample. Patterns of enrichment were similar for both selection line (filled circles) and sterile-inoculated (open

circles) microbiomes.
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Supplemental Figure 7. Neutral community models for Rice Field selection line microbiomes at each
selection generation.

(A) We fit ASV relative abundance data to neutral models using the previous generation’s community to parameterize
migration and replacement rates. Gray points fall within the 95% confidence interval for abundance-occupancy values (x and
y axes, respectively) expected if the community were assembled via neutral processes alone. Blue and red points indicate
ASVs outside this prediction and therefore more likely experiencing positive and purifying selection, respectively. R-squared
values for each plot indicate the overall model fit; blue and red bars in the bottom right corner of each plot show the total
number of ASVs above and below neutral model predictions. (B) Given the improved fit of neutral models in later selection
generations, neutral processes appear to become more important to microbiome assembly over time. Additionally, neutral

models consistently outperformed binomial ones, which produced similar abundance-occupancy curves but without
parameterization.
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Supplemental Figure 8. Most abundant ASVs within Rice Field microbiomes.
One ASV in particular—identified as belonging to the genus Ideonella—rose to high abundance in Rice Field microbiomes,
sometimes accounting for more than 50% of the relative abundance of the community. Often, the combined relative
abundance of next top ten most abundant taxa was still less than that of Ideonella sp. Regardless, both showed patterns of
enrichment over time in all selection lines as well as sterile- and live-inoculated microbiomes. Bars represent mean relative
abundance +/- one standard error.
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Supplemental Figure 9. ASVs identified as significantly and consistently enriched in either selection line
(drought) or live-inoculated (water) microbiomes.
After filtering for FDR-corrected significant enrichment and an effect size greater than 0.5 (indicating significant and strong
enrichment signal) we further subset to ASVs meeting these criteria in at least three selection generations. In total, 30
drought and 30 water indicators remained.
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Supplemental Figure 10. Enrichments of individual COGs within significantly enriched categories
associated with drought score balance numerator taxa.

taxa, but for individual COGs rather than COG functional categories. All COGs shown were significantly enriched in balance
taxa, even after applying multiple testing corrections scaled by the total number of COGs within each functional category.
Each column in the heatmap represents an individual MAG; columns are grouped by phylum. Numbers within heatmap cells
indicate the COG gene count for each MAG.
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Supplemental Figure 11. Enrichments of individual COGs within significantly enriched categories
associated with shoot biomass balance numerator taxa.

taxa, but for individual COGs rather than COG functional categories. All COGs shown were significantly enriched in balance
taxa, even after applying multiple testing corrections scaled by the total number of COGs within each functional category.
Each column in the heatmap represents an individual MAG; columns are grouped by phylum. Numbers within heatmap cells
indicate the COG gene count for each MAG.
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Supplemental Figure 12. NDVI values for plants at 10 days after drought (DAD 10) decrease as rice shoot dry

weight biomass increases.

Data shown here are for Rice Field selection line plants only, but this pattern held true for other soil treatments and SI plants
as well.
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Peer reviews
Reviewer #1 (Public Review):

[Editors' note: this version has been assessed by the Reviewing Editor without further input
from the original reviewers.]

Summary:

The study claims to explore plant microbiome engineering using host-mediated selection as a
strategy to enhance rice growth and drought tolerance.

Strengths:

The authors have derived and identified simplified microbiomes from wild microbial
communities of rice fields, deserts, and serpentine seep soils by selecting microbiomes from
plants with desired phenotypes across generations. Metagenome-assembled genomes
revealed enriched functions, such as glycerol-3-phosphate and iron transport, known to
mediate plant-microbe interactions during drought.

https://doi.org/10.7554/eLife.97015.2.sa3

Reviewer #2 (Public Review):
Summary:

In this study, Styer et al. impose artificial selection on root-associated microbiomes to
increase drought tolerance in rice plants using different soils as starting microbiomes. Using
NDVI and biomass as a proxy for plant health, they find that iterative passaging of the
microbiomes of the best-performing plants increased plant resilience to drought stress in a
soil-dependent manner. The study makes use of numerous controls. The authors survey the
microbiota of the plants across generations, using an array of interesting analyses to
characterize their observations. Firstly, the authors find that the acquired microbiomes are
divergent towards the beginning of the selection experiment, but nearly converge later
suggesting that the selected communities become more similar over time. One reason is that
the diversity of the microbiomes severely decreases after only one or two generations of
selection AND that microbes from each inoculation source appear to easily disperse across
the experiment, leading to microbiome homogeneity. The authors then present an analysis to
correlate ASVs with the NDVI and Biomass over the course of the experiment (using the rice
soil selection lines) to develop hypotheses about which ASVs may impact plant traits.
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Strengths:

The authors set out to refine the understanding of microbiome artificial selection, a topic of
recent interest to the plant microbiome field. The authors use an established approach
(Mueller et al), expanding upon it by including multiple starting soil inocula to ask whether
the strength of selection varies by input microbiome. This is an important and novel
question. Using drought resilience as measured by NDVI and plant biomass to select upon
was a wise choice for this type of study, given their relative ease and quickness to assess. The
inclusion of several types of controls, multiple selection lines, and several starting soil inocula
showed a thoughtful experimental design. The analyses were diverse, non-standard, and
attempted to address microbiome dynamics on multiple fronts. I am not necessarily
convinced by some of the conclusions (see below), however, I think this study examines an
important and exciting topic in the area of plant microbiomes. I predict the findings of the
experiments will inform a wide audience of researchers attempting similar studies and be
helpful in their designs.

https://doi.org/10.7554/eLife.97015.2.sa2

Reviewer #3 (Public Review):
Summary:

In this work, Styer et al. explore host selection as a means for recruiting microbes that may
aid their host under stressful conditions, in this case under drought stress, as an alternative
to target-SynCom design. They do so by subjecting rice plants to several generations of soil
transplantation, and by using the most successful rice plants as donors for the next
generation. By using several NGS approaches and very thorough bioinformatics analysis, the
authors identify potential microbial taxa and the associated functions enriched in the
conditions of interest.

Strengths:

In general, I think this approach was very much needed in the field as an alternative to
SynComs, which are still not readily usable in croplands. This work sets the grounds for
future similar approaches, using different stresses and different host plants.

In this work, the experimental setup is well thought-through and well-replicated. In addition,
an exhaustive set of preliminary experiments was performed before deciding on the final
panel of soils to use and scoring methodology. The figures are clear and well-explained.

https://doi.org/10.7554/eLife.97015.2.sa1

Author response:
The following is the authors’ response to the original reviews.

We thank the Reviewing Editor, the Senior Editor, and the three reviewers for their careful
and constructive assessment of our manuscript. We were encouraged that the reviewers
found the question timely and novel, the experimental design thoughtful and well-replicated,
and the analyses diverse and informative. The reviewers also raised a number of valuable
concerns, which clustered around three themes: (i) the framing of host-mediated selection as
microbiome “engineering” versus a proof of concept; (ii) the interpretive challenges
introduced by microbial dispersal and the resulting limits on the sterile-inoculated controls;
and (iii) requests for clearer methodological detail and additional context from the recent
literature. We have revised the manuscript to address these points through clearer framing,
expanded discussion, and fuller methodological detail. Consistent with the nature of this
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long-term experiment, our revisions strengthen the interpretation and presentation of the
existing dataset rather than adding new experiments.

elife Assessment

The study has also shortcomings in that the rescuing effect is not benchmarked against
healthy well-watered plants, the sterilized controls do not add much information, and the
dispersal between inocula confounds the interpretation of the results... the presentation
would overall benefit from more extensive consideration of recent developments in the
field.

We appreciate this balanced summary and have revised the manuscript accordingly. We have
reframed the abstract and Introduction to present the study explicitly as a proof of concept
rather than a completed engineering effort (Il. 27-31; 1. 96-101); we now address the well-
watered benchmarking limitation and the limits of the sterile-inoculated controls directly in
the Discussion (Il. 543-551); we discuss dispersal and its confounding effect on interpretation
head-on, including an alternative hypothesis (ll. 546-551); and we have incorporated the
recent studies suggested by Reviewer 3 (1l. 206-209, 442, 476-478). Each change is detailed in
the point-by-point responses below.

Reviewer #1 (Public Review):
Weaknesses:

The findings demonstrate the efficacy of host-mediated microbiome selection, but the
engineering part for enhancing rice performance under drought-stress conditions has
not been provided. The proposed mechanisms rely on correlations but not direct
experimental proofs.

We agree, and we have adopted this framing throughout. Our study demonstrates host-
mediated selection as a discovery framework rather than a completed engineering pipeline,
and we now say so explicitly: the abstract has been reframed (1. 27-31) and a statement
added at the end of the Introduction (1. 96-101) clarifying that the work reproducibly
enriches beneficial taxa and functions and yields simplified candidate communities, but does
not yet benchmark those communities against single-isolate inoculants or test them in the
field or against a resident native microbiome. We likewise agree that the functional
inferences from our metagenome-assembled genomes (MAGs) are correlative; we now state
this explicitly in the Methods and Discussion (1l. 776-778) and note that establishing causal
roles for individual taxa or genes will require targeted isolation and genetic manipulation.

Reviewer #1 (Recommendations For The Authors):

The experimental design... could benefit from more detailed explanations. For instance,
what are the criteria for choosing these soils and how are they relevant to rice growth
phenotype? Also, the word ‘generation’ is misleading as it implies the use of seed-to-seed
experiments... It would also be good to explain why the authors chose 6 generations for
rice fields and 4 generations for deserts and serpentine seep. Importantly, the
contribution of the rice seed microbiome... has not been considered and is also missing
from... the discussion.

We have addressed each part of this comment. Soil selection criteria: the Results section
“Source inocula bacterial diversity” describes our rationale — we screened nine field soils in
a pilot experiment, then selected the three that both supported rice growth and had
negligible taxonomic overlap (providing three distinct starting points), with a stated per-soil
expectation (rice-adapted, drought-adapted, and high-diversity). We are happy to expand this
further if the reviewer feels additional detail is needed. “Generation”: we now define this
term as a single 40-day selection cycle rather than a seed-to-seed generation (l. 109). Six vs.
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four generations: we explain in the Results (1. 309) that, having observed convergence of
microbiome composition across soil treatments by the fourth selection generation, we
concentrated resources on Rice Field and carried it through two additional cycles. Seed
microbiome: we have added a note to the Discussion (ll. 444-446) that, although seeds were
surface-sterilized before each generation, a residual contribution of seed-borne endophytes
common to all treatments cannot be excluded.

The authors stated that microbiomes were not selected for propagation into future
generations in control lines. In this case, have the authors tested if the control LI
microbiome in SG1 through SG6 did or did not significantly change in all the soil types?

We have clarified the role of the live-inoculated (LI) lines in the text. LI lines were well-
watered controls that were re-inoculated each generation with unsterilized selection-line
material; they were included to identify drought-enriched taxa (by contrast with the
droughted selection lines) and to test whether drought-optimized microbiomes were
deleterious under well-watered conditions — not as an independently propagated selection
line. Because LI communities were re-derived from selection-line inocula each generation,
their composition necessarily tracked the changes occurring in the selection lines; this is the
basis of the SL-versus-LI differential-abundance analysis (Figure 7B, Supplemental Figure
9@). We note that comprehensive, temporally resolved 16S sequencing was performed for
Rice Field, so we are appropriately cautious about extending LI comparisons across every soil
type, and we have tempered our conclusions from the control lines accordingly (11. 543-551).

In Figure 3B (rice field), the tolerance in terms of AUC NDVI contrastingly increases to the
biomass values in SG5 and SGé... the [NDVI] does not seem to be a good measure... It
would be interesting to analyze these data sets under normal conditions... include
representative pictures of all the ‘generations’... It will also be important to include the LI
control data in Figures 3B and 3C.

We appreciate these suggestions and respond to each. Our metric is biomass-adjusted AUC
NDVI, which we use precisely to separate drought performance from plant size; NDVI itself
was validated against shoot water content in preliminary experiments (R = 0.98;
Supplemental Figure 2E(®), so we are confident it is an appropriate, validated proxy for
drought status. We have substantially expanded the Methods to explain this adjustment and
why the metric can diverge from raw biomass (ll. 666-669). Regarding the specific additions
requested: analyzing the well-watered plants as a phenotypic dataset, adding representative
images for every generation, and plotting LI data in Figure 3B/C would each require new
analyses or figures that are outside the scope of this revision; moreover, LI plants were never
droughted and therefore have no drought-response score comparable to the SL and SI lines,
so they cannot be placed on the same axes. Representative images contrasting the first and
last selection generations are already provided in Figure 3A. We have, however, added an
explicit acknowledgement that our design does not quantify the absolute magnitude of
drought rescue relative to well-watered performance (1l. 551-552).

It is less clear how sterile soils acquired environmental taxa over time. Was this a
seepage of microbes from inoculated samples to the calcinated clay, possibly via the
water irrigation system? In this regard, four Venn diagrams representing all the
generations... would be relevant.

Each plant was grown in an individual container with its own separate water reservoir
(Supplemental Figure 4 (@), so shared irrigation was not a route of transfer; the most likely
routes are airborne movement and handling within the growth chamber, together with
within-treatment shuffling of plants. Our dispersal analysis (Figure 5) already traces the
origins of taxa in each treatment, and Supplemental Figure 6 2 quantifies the ASVs shared
among treatments over generations; we have added explicit criteria for these origin
assignments (ll. 248-253). We therefore prefer to retain the existing Figure 5 / Supplemental
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Figure 62 presentation rather than add four separate Venn diagrams, which would convey

the same information less quantitatively, but we are glad to reconsider if the editor feels a
Venn representation would help readers.

| What is the logic behind the so-called ‘immigrating taxa’ in this study?

“Immigrating” (dispersed) taxa are those that appear in a treatment despite not being
attributable to that treatment’s own starting material — i.e., ASVs not detected in that
treatment’s field soil or enrichment-generation inoculum, which must therefore have arrived
by dispersal from other treatments or from the growth-chamber environment. We have made
this definition explicit in the text (1l. 248-253).

The decrease in alpha-diversity in subsequent generations... should be thoroughly
discussed. Have authors tried to culture these few remaining taxa? If yes... tested for their
individual drought tolerance supported by physiological assays... If no, is the microbiome
of SG6 (and associated functions) ideal or sufficient to create drought tolerance in field
conditions?

We have expanded the discussion of the diversity decline. In addition to niche filtering along
the soil-to-root gradient and dilution-to-extinction (already discussed), we now note that DNA-
based profiling cannot distinguish metabolically active cells from relic DNA or dormant/non-
viable cells, so part of the apparent collapse in diversity may reflect enrichment for the taxa
that were active in the original inoculum (ll. 206-209). We agree that culturing the remaining
taxa and characterizing them with physiological assays (e.g., water potential, water-use
efficiency, stomatal conductance) is a valuable next step; these experiments are outside the
scope of the present study, which we have now framed explicitly as a proof of concept, and
we identify field validation of selected communities as a key open question (11. 96-101).

The result that Ideonella was identified as the dominant taxa in all selection conditions is
highly interesting... This... should have been followed up for isolating the strains and
performing direct tests to test their importance for conveying drought stress.

We agree that isolating and directly testing dominant taxa such as Ideonella is the logical next
step, and we now emphasize that a central value of host-mediated selection is that it yields
simplified communities from which such taxa can be more readily isolated (1l. 27-31). These
isolation and functional-validation experiments are beyond the scope of the current study
and we have framed them as future directions rather than undertaking them here.

The MAGs shown in Figure 8 have apparently ‘been assigned to ASVs...". These data are
not shown anywhere... the MAG data only give correlations but not direct genetic proofs
of the biological functions of the identified genes.

We have expanded the Methods to describe how each MAG was matched to an ASV (by closest
taxonomic assignment and by concordance of relative abundance across samples), and we
now state explicitly that these assignments are approximate and that the functional
inferences drawn from them are correlative rather than definitive (Il. 776-778). We would be
glad to add a supplemental table listing the MAG-to-ASV assignments if the reviewer or editor
would find it useful; because it reports assignments already in hand, it requires no new
analysis.

Reviewer #2 (Public Review):
Strengths:

I think this study examines an important and exciting topic in the area of plant
microbiomes. I predict the findings of the experiments will inform a wide audience of
researchers attempting similar studies and be helpful in their designs.
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We thank the reviewer for recognizing the novelty of this complex experiment as well as the
effort we put into designing it. Like the reviewer, we hope that this manuscript can serve a
wide audience and help inform subsequent experiments in this new topic area.

Weaknesses:

Although the controls were well designed, the dispersal of the microbiomes erased the
utility of the sterile inoculated (SI) controls... the SI lines acquired microbes from the
experiment and never appeared to significantly deviate from the SL plants. The dispersal
of the microbes... also minimizes any conclusions that can be made about the different
starting inocula and how prone to selection they may be.

We agree that microbial dispersal confounded our ability to use the sterile-inoculated (SI)
plants to account for batch variation between generations. By maintaining each plant as a
spatially discrete unit (individual pots and watering reservoirs), we had originally intended
SI plants simply to acquire a similar consortium of environmental microbiota each
generation. Truly axenic SI plants would have been better suited to this purpose, but would
have severely limited the number of replicates and replicate selection lines we could include.
We have now addressed this limitation directly in the Discussion (1l. 543-551): we state that
the SI lines cannot be treated as static, microbe-free baselines, that the batch-to-batch
variation they were meant to capture is only partially controlled, and that dispersal limits the
strength of the conclusions we can draw about differences between starting inocula. This
shared trajectory of selection and intended control lines has been observed in other host-
mediated selection studies but rarely discussed in detail, and we now foreground it as a
lesson for experimental design.

Reviewer #2 (Recommendations For The Authors):

My first concern is the framing of the approach... the authors never show that this
approach has better efficacy than single-isolate inoculates... The phase of the research is
still proof of concept, understandably, but these caveats should be mentioned/addressed
head-on in the Introduction and Discussion.

We agree and have made these caveats explicit rather than implicit. The abstract now frames
the work as identifying candidate taxa and communities rather than delivering a finished
engineering solution (Il. 27-31); the Introduction now states plainly that this is a proof of
concept that does not benchmark the passaged communities against single-isolate inoculants
or evaluate them in the field or against a resident native microbiome (Il. 96-101); and the
Discussion reiterates these limitations (1l. 543-551).

I disagree with the authors that the selected microbiota better approximate field
conditions (line 55) - because... the diversity of the microbiome is drastically reduced... it
is likely that exclusion of taxa is just as important as the passaging of bacterial members
to see the desired effect.

We take this point and have revised the sentence at (former) line 55 accordingly (now 1. 57):
we now say that community-level screening more closely approximates field complexity than
single-isolate screens only at the outset, and we no longer imply that the selected (diversity-
reduced) communities better approximate the field. We agree that taxon exclusion may be as
important as enrichment; this is consistent with our balance analyses, in which the
denominator groups comprise taxa negatively associated with phenotype (Figure 7), and with
the diminishing returns we observe as diversity collapses. We have also added an explicit
sentence to the Discussion (1. 488) stating that the exclusion of detrimental taxa may be as
important as the enrichment of beneficial ones, and that a microbiome’s finite membership
may contribute to the diminishing returns of selection we observe over generations.
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(1) It is unclear what the reason (or methodology) for correcting NDVI by biomass. Much
of the findings hinge on corrected NDVI values, so a more thorough explanation of the
correction method... would benefit the reader.

We have substantially expanded this explanation in the Methods (1. 666-669). We now state
that biomass and AUC NDVI were anti-correlated (Supplemental Figure 122) and that we
adjusted for plant size by taking the residuals of a linear regression of AUC NDVI on shoot
dry-weight biomass, using these biomass-adjusted values as our measure of drought
performance so that selection would reflect drought tolerance rather than plant size alone.

(2) Are data for panels B and C of Figure 3 scaled?... how can one have a negative area
under the curve if all the NDVI values are positive? For panel B, the representative plant
images are much larger than 0.8 grams.

This is a helpful catch, and the confusion stems from our terse original description. The
values plotted are the biomass-adjusted AUC NDVI (regression residuals), which are centered
on zero by construction; negative values therefore indicate poorer-than-expected drought
performance for a plant of a given size and do not reflect negative raw NDVI or a negative
raw area under the curve. We now explain this explicitly (1l. 666-669). In panel C, shoot
biomass is plotted as dry weight in grams; the representative plant images in panel A are
qualitative illustrations and are not scaled to the biomass axis. We will make the axis labels
and legend state the units and the residual nature of the adjusted metric explicitly (noted in
our accompanying figure-revision guide).

(3) The dispersal analysis... What are the criteria for classifying ASVs as specific to an
input source? Was it that they were observed in all samples of field soil, i.e. was a
prevalence threshold implemented? Could they be observed in any other soil at a smaller
threshold?

We have added the criteria explicitly (1l. 248-253). An ASV was attributed to a given soil
treatment if it was detected (present/absent) in that treatment’s field-soil or enrichment-
generation inoculum samples; ASVs detected in none of the field soils or source inocula were
designated environmental in origin (“unk/env”), and ASVs meeting the criterion for more
than one treatment were assigned to each. Assignments were thus based on detection in the
source samples rather than on an abundance-prevalence threshold within later generations.

This reviewer finds the results around [inoculum source] inconclusive... the serpentine
seep microbiome appears to provide more benefit from the first round of selection than
any other soil... The slope of improvement... is different between soils, but mainly
because the serpentine microbiomes start out conveying greater benefits than the other
soils.

We agree the Serpentine Seep result is not clear-cut. The Discussion already presents
inoculum provenance as one of several factors shaping the outcome rather than a decisive
one, and we have now added an explicit acknowledgement that Serpentine Seep conferred
comparatively large benefits in the earliest cycles before plateauing, so its weaker response
to continued selection may reflect an early approach to a performance ceiling rather than an
inherently poorer substrate for selection (1. 423). We have tempered our “source matters”
language accordingly.

Have the authors assessed the biomass and ndvi of the well-watered plants?... showing
this data would allow the reader to assess the degree to which the microbiomes are
rescuing the plant... and... whether tradeoffs exist... under fully watered conditions.

We have added an explicit statement that our design does not pair each droughted line with a
well-watered readout of the same phenotype, so we refrain from estimating the absolute
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magnitude of drought rescue (.. 551-552). We note, however, that shoot biomass increased in
parallel with drought performance across selection generations (Figure 3C), which provides
no evidence that selection for drought tolerance came at a cost to growth under our
conditions. Collecting matched well-watered phenotypes to quantify effect size and trade-offs
is a worthwhile aim for future work but would constitute a new analysis beyond this
revision.

How can the authors exclude the possibility that environmental microbes pre-existing in
the growth chamber taxonomically overlap with the field soil-specific microbes?... the
alternative hypothesis should be mentioned... A clearer representation of the ASVs
categorized as source soil-specific in Figure 5... would be useful and how many of these
ASVs make up the bar plots.

We now state this alternative hypothesis explicitly: because dispersed taxa came to dominate
all treatments, we cannot fully exclude that taxa shared across treatments were recruited
from a common growth-chamber pool rather than dispersing directly between soils (1. 546-
549). We note that the two processes are difficult to distinguish retrospectively, but that the
bias of each SI line toward its own treatment’s native diversity (Figure 5) is more consistent
with genuine cross-treatment dispersal. Regarding the figure, the number of ASVs underlying
each origin category is available in Supplemental Figure 6 % ; we describe in the
accompanying figure-revision guide how the Figure 5 legend can be clarified to state the
assignment criteria and the ASV counts.

The sterile inoculated plants were a nice control in theory, but I question their utility... A
contrast that should be made is the microbiomes of only SI plants. It is striking that
sterilized controls assemble and retain more microbes from the unsterilized starting
inoculum. I would expect everything to be acquired from dispersal.

We agree, and we have foregrounded this in the Discussion (ll. 543-551). As the reviewer
notes, SI communities were biased toward their own treatment’s native diversity rather than
being assembled entirely from dispersal (Figure 5) — an informative observation, but one
that also demonstrates why the SI lines cannot serve as the clean, microbe-free baseline we
had intended. We now treat this as a key design lesson and note that a fully isolated (e.g.,
gnotobiotic) control would be required to separate these effects in future experiments (1. 560).

Reviewer #3 (Public Review):
Weaknesses:

Sterile/non-inoculated calcined clay also tends to enrich similar microbes... In a future
experiment, the work would benefit from including a truly sterile control... the reader
may get to wonder whether these efforts are necessary at all... This is discussed across
the paper but not directly addressed and I think the manuscript would benefit from a
clear argument for or against this idea.

We thank the reviewer for this insightful point and have made our argument explicit rather
than leaving it implicit. First, we agree a fully isolated, truly sterile control would strengthen
future iterations of this design; the manuscript notes that gnotobiotic plants would be the
ideal (if costly) means of achieving this (1. 560). Second, on whether selection is necessary if
plants recruit beneficial microbes from the environment: the phenotypic gains seen even in
the sterile-inoculated lines do not indicate that selection was superfluous, but rather that
those plants recruited from a metacommunity that was itself being optimized by selection in
the neighboring selection lines each generation. In other words, environmental acquisition
propagated the benefits of selection across the shared growth-chamber environment rather
than replacing it. We have clarified this reasoning in the Discussion (1l. 543-551).

| Reviewer #3 (Recommendations For The Authors):
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It is mentioned multiple times... that host genotype is the driver of the microbiota
selection... However, this is not the case [multiple lines] and therefore I don't find that
surprising that there is a convergence of the microbiota across soils and selection
rounds.

We agree and have added text making this explicit: all plants were a single, near-isogenic rice
genotype, and because host genotype is itself a strong filter on microbiome composition, the
use of one genotype — together with shared environmental conditions and selection criteria
— makes convergence across lines an expected rather than a surprising outcome (1. 438-
441). We have softened language that could be read as attributing selection to host-genotype
variation.

Another possibility... is that those microbes that are found in the later generations are
actually the ones that were active/alive in the initial inoculum. It is not possible to rule
out that most of the sequenced microbes in the input were not actually dead. Similar
observations were made... in Duran et al. 2022. New Phytol.

We have added this possibility to the manuscript, noting that DNA-based profiling cannot
distinguish metabolically active cells from relic DNA or dormant/non-viable cells, so part of
the apparent diversity decline may reflect enrichment for the subset of taxa that were active
in the original inoculum, with reference to the transplantation work the reviewer cites
(Duran et al. 2022; 11. 206-209).

In the shotgun data, was there any observation of other microbes present (fungi, virus)?
Did they follow the same trends as the bacterial communities?... I think addressing this
will be very interesting and very novel.

We agree this is an interesting question. Our shotgun workflow was designed and assembled
specifically to recover high-quality bacterial and archaeal MAGs, and a rigorous cross-
kingdom analysis (fungi, viruses) would require dedicated, eukaryote- and virus-specific
assembly, binning, and reference databases — a substantial new analysis that lies outside the
scope of this revision. We therefore flag cross-kingdom community dynamics as a promising
direction for future work rather than presenting a new analysis here.

| Any interesting overlap with the results found in Karasov et al. 2022 (biorxiv)?

We have added a comparison to drought-driven selection on host-associated microbiomes in
Arabidopsis (Karasov et al. 2022) at the relevant point in the Discussion (1. 442).

In Liu et al., 2024 Nat. Comms, the authors found Devosia as an interesting candidate for
disease suppression (to add to the discussion?).

Added — we now note that Devosia, one of the lesser-known genera enriched in our
experiment, has recently been highlighted as a candidate mediator of disease suppression in
the rhizosphere (Liu et al. 2024; 1. 476).

| Lipids as a signal for host-microbe interaction: Rich et al., 2021 Science.

Added — in the functional-enrichment discussion we now cite lipids as increasingly
recognized central signaling molecules in host-microbe symbioses (Rich et al. 2021; 1. 478).

https://doi.org/10.7554/eLife.97015.2.sa0
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