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Lost and found: Rediscovering microbiome-associated
phenotypes that reshape agricultural sustainability
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Isaac M. Klimasmith®**, Christopher Mujjabi®, Sierra S. Raglin
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Modern agriculture faces an urgent need to improve nutrient use efficiency while reducing environmental impacts.
Here, we show that ancestral traits controlling rhizosphere microbiome functions can be reintroduced into elite
maize through targeted teosinte introgressions. Using near-isogenic lines, we mapped microbiome-associated
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phenotypes (MAPs) derived from teosinte that suppress nitrification and denitrification—key microbial processes
contributing to nitrogen loss. These introgressions altered root exudate chemistry, resulting in distinct microbial
assemblies and enhanced nitrogen retention. We identified candidate loci and exudate metabolites responsible for
suppressive activity and demonstrated their functional effects in vitro. These findings reveal a genetic and bio-
chemical basis for rewilding microbiome-mediated ecosystem services in crops, offering a scalable path toward

sustainable nutrient management in global agriculture.

INTRODUCTION

Plants alter microbial activity in the rhizosphere, forming what is
known as an extended phenotype (I1-4).The heritability of these
microbiome-associated phenotypes (MAPs)—microbially mediated
traits shaped by the plant genome (5)—determines whether the mi-
crobiome and its functions can evolve in response to selection act-
ing on the host plant (6-9). This relationship is pivotal for nutrient
cycling, a process in which microbial communities act as the princi-
pal architects and regulators.

Microbial processes such as nitrification and denitrification alter
the mobility and availability of reactive nitrogen in soils, contribut-
ing to nitrogen losses in agroecosystems (10, 11). Plant phenotypes
such as the biological inhibition of soil nitrification (BNI) and deni-
trification (BDI) can suppress these microbial activities, thereby re-
ducing nitrogen losses through nitrate leaching and nitrous oxide
production. BNI and BDI traits improve nitrogen uptake by up to
58% and maintain higher yields under reduced nitrogen inputs (12).
However, the most robust BNI and BDI activities have been found
in wild relatives of crops (10). For example, some teosinte acces-
sions, the wild progenitor of maize, exhibit substantially greater BNI
and BDI activity than modern maize, although they lack agronomic
suitability for large-scale cultivation (4, 13).

Reincorporating BNI and BDI traits into modern maize offers a
strategy to conserve nitrogen typically lost from agricultural systems.
Modern maize genotypes were selected for high yield in fertilizer-rich
conditions, a process that unintentionally altered plant-microbiome
interactions. Modern cultivars now tend to support larger populations
of nitrifiers and denitrifiers in their rhizosphere (6). The historical
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exclusion of MAPs from crop breeding priorities may contribute to
the low nitrogen use efficiency observed in most cereal crops, which
typically averages around 30% (10, 14).

In this study, we explore the potential of harnessing “wild” undomes-
ticated genetic variation to improve the sustainability of maize agricul-
ture. Our previous research showed that teosinte suppresses rhizosphere
nitrification and denitrification (4, 13). Building on this, we tested
whether teosinte-derived genetic loci alter N-cycling and microbiome
assembly in modern maize under field conditions. We used maize-
teosinte near-isogenic lines (NILs) (15), enabling fine mapping of MAPs
to defined genetic regions. These NILs allowed us to link host genetics,
root phenotypes, and rhizosphere microbiome function (Fig. 1A, fig. S1,
and table S1). Understanding these plant genotype-to-microbial pheno-
type connections is necessary for reintroducing sustainable MAPs from
wild relatives into elite germplasm to improve agricultural sustainability
(2, 3). We show that introgressions from teosinte into the elite inbred
line, B73—arguably the most instrumental maize genotype for breeding
(16) and genetics (17)—altered plant-microbiome interactions and sup-
pressed microbial processes responsible for nitrogen loss, specifically
nitrification and denitrification.

These findings offer a path toward sustainable nitrogen manage-
ment in maize agriculture by leveraging microbial ecology. In the
US alone, maize is cultivated on 95.3 million acres of land (18)
(equivalent to the size of Montana, with an estimated 3.8 trillion
plants), much of it in the Mississippi River watershed. At this scale,
even modest improvements in nutrient retention per plant will yield
consequential gains in environmental quality. Microbial-based solu-
tions derived from wild relatives of modern crops hold the potential
to reshape nitrogen cycling across vast agricultural landscapes, ad-
vancing both productivity and ecological sustainability for both
food and bioenergy crops.

RESULTS

Teosinte introgressions influence the

rhizosphere microbiome

In a field experiment, teosinte introgressions within the maize popula-
tion significantly explained 13% of the variation in rhizosphere
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Fig. 1. Rhizosphere microbiome traits segregate and map like classic quantitative traits in a maize-teosinte genetic framework. (A) Principal coordinate analysis
reveals shift in prokaryotic microbiome composition across the rhizospheres of B73, teosinte, and their F1 hybrid, which were used to generate the maize-teosinte NILs.
(B) A panel of maize-teosinte NILs representing the “Minimum Teosinte Path” was grown to identify how specific teosinte introgressions influence the microbiome. The
Manhattan plot highlights genomic regions where NIL genetic variation was significantly associated with the abundance of specific ASVs (P < 1 x 107'°, n = 168). Point
colors correspond to ASV taxonomy, with a key provided in fig. S3. (C) Total ASV counts associated with each genomic region are reported. Gray dashed boxes denote loci
that also coincide with significant functional shifts in the microbiome. (D and E) Functional profiling of the rhizosphere microbiomes shows distinct differences among
the lines, indicating that B73 and teosinte recruit contrasting microbial communities under identical field conditions (n = 4). Statistical differences were assessed using
Tukey’s post hoc test. Archaeal amoA and nosZ display a similar pattern. Collectively, these results suggest that a limited number of introgressions have outsized effects

on rhizosphere microbiome composition and function.

prokaryotic communities and 12% of the variation in the fungal com-
munities (tables S2 and S3; see Materials and Methods for details),
with some introgressions showing greater distinctions from each other
compared to B73. Moreover, microbiome composition behaved as a
heritable trait, with teosinte and B73 hosting distinct microbial com-
munities and the F1 hybrid exhibiting an intermediate assemblage
(Fig. 1A). Genetic mapping revealed that 75% of introgressed loci were
associated with some change in the relative abundance of an ASV (am-
plicon sequence variant) in the microbiome (adjusted P < 1 X 10719,
Across all lines, we identified 80,642 significant correlations between
microbial ASVs and teosinte loci, with the vast majority having a small
effect size (Fig. 1B and fig. S2). Fourteen introgressed regions had
broad impacts, each influencing over 500 ASVs (Fig. 1C), suggesting
that these loci may underlie key belowground phenotypes. Pseudomo-
nadota, Plancotomycetota, Myxococcota, Actinobacteria, and Bacte-
roidota were most affected by genetic introgressions (Fig. 1, B and C,
and fig. S3 for taxonomy). These findings indicate that rhizosphere
prokaryotic and fungal communities are broadly responsive to host
genetic variation, but only a subset of introgressed teosinte loci drives
large shifts in microbial composition.

To determine whether these taxonomic shifts extend to microbial
functional capacity, we assessed nitrogen cycling functional genes in-
volved in nitrification and denitrification. Teosinte introgressions
shaped the composition of four of five surveyed functional gene

Favela et al., Sci. Adv. 12, eaed3360 (2026) 1 January 2026

groups (table S4), indicating altered recruitment of nitrogen-
transforming microbial taxa. Notably, diversity patterns of bacterial
amoA and nirK also exhibited intermediate values in F1 hybrids, con-
sistent with a heritable influence of host genotype on functional group
assembly [Fig. 1, D and E, further supported by shifts in nitrifier com-
munities (fig. S4); similar patterns were seen in arch. amoA and nirK
diversity]. Teosinte introgressions explained significant variation in
the nitrifier functional groups, represented by bacterial and archaeal
amoA in the root zone (tables S5 and S6). Similarly, denitrifier func-
tional groups, defined by nirK and nosZ, were also significantly influ-
enced by teosinte introgressions (tables S7 to S9). Together, these
results establish teosinte introgressions as key determinants of nitrifier
and denitrifier community structure in the rhizosphere.

Teosinte loci shape soil nitrification and denitrification

To assess whether shifts in microbial community composition trans-
lated into functional consequences, we measured nitrogen cycling
activity using soil enzyme assays (Fig. 2). Teosinte haplotypes sig-
nificantly predicted variation in potential nitrification and denitrifi-
cation rates (tables S10 and S11), with the strongest effects observed
at midseason sampling (tables S12 to S15). In parallel, we used static
chambers to measure nitrous oxide (N,O) fluxes from plots of B73,
teosinte, and their F1 hybrid (tables S16 and S17). N,O emissions
were similar across genotypes early in the season but diverged later,
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with B73 exhibiting higher greenhouse gas production (Fig. 2B and
tables S16 and 17; see Materials and Methods). These results provide
functional confirmation that teosinte introgressions can suppress
key microbial nitrogen cycling processes in the rhizosphere.

Two NILs (NIL021 and NIL047) were observed to have teosinte-
like nitrification phenotypes (Fig. 2C and tables S18 to S21), show-
ing a 50% reduction in potential nitrification rates relative to B73.
Unexpectedly, many NILs (34 in total) were shown to stimulate po-
tential nitrification rates compared to B73. For denitrification, the
NILs with the greatest effect on incomplete denitrification (NIL012
and NIL523) suppressed potential incomplete denitrification (N,O)
58% relative to B73 (Fig. 2D and tables S22 to $25). NIL012 and
NIL591 displayed the greatest suppression of overall denitrification
potential (N,O + N,)—52% suppression compared to B73 (Fig. 2E
and tables S26 to S29). However, most NILs stimulated denitrifica-
tion activity in the root zone (26 for incomplete; 40 for total).

We found that these changes in function were related to genetic
regions that were associated in major shifts in the microbiome
(Fig. 1C). NILs with altered nitrogen cycling activity often over-
lapped with those showing large microbiome shifts in our indepen-
dent association analysis (Fig. 1C). These results suggest that teosinte
introgressions have pleiotropic effects on both microbial community
assembly and nitrogen cycling functions in the rhizosphere, offering
a previously unidentified plant genetic lever for enhancing nitrogen
retention in agroecosystems.

Dissecting the genetic mechanisms involved in

nitrification suppression

Building on our field observations, we sought to validate the genomic
regions responsible for BNI in NILs and uncover potential underlying
genetic mechanisms. We prioritized BNI NILs over those with
denitrification-suppressing traits (BDI) due to the narrower candidate
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Fig. 2. Teosinte introgressions modulate rhizosphere-driven nitrogen cycling in near-isogenic maize lines. (A) Simplified schematic of the nitrogen cycle highlight-
ing key microbial transformations measured in this study. (B) Mean static nitrous oxide (N,0) flux rates (mg N m~2 hour™") from B73 rhizosphere soil serve as a reference
for NIL comparisons (n = 4). (C to E) Functional assays reveal significant variation in microbiome-mediated nitrogen transformations among a subset of NILs, including
potential nitrification (C), incomplete denitrification (D), and complete denitrification rates (E). Statistical comparisons in (C) to (E) are based on t tests relative to B73 and

report adj. P (n = 4). Complete statistical results are in the Supplementary Materials.
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pool and mechanistic tractability of nitrification suppression. To iso-
late the genetic mechanisms of nitrification suppression, we studied
NIL021, NIL047, and an additional set of teosinte NILs derived from
distinct teosinte parent populations, harboring introgressions over-
lapping the candidate NIL regions, under greenhouse conditions (see
Materials and Methods). This follow-up experiment confirmed the
nitrification suppression phenotypes observed in the field and re-
vealed that most introgressions on chromosomes 5 and 9 (C5 and C9,
respectively) significantly reduced nitrification rates (fig. S5; see Mate-
rials and Methods).

To uncover potential mechanisms of nitrification suppression, we
examined the gene content of the introgressed regions on chro-
mosomes 5 and 9 (see Materials and Methods). The C5 and C9
introgressions harbored 11 and 25 previously mapped genes, re-
spectively (Fig. 3 and tables S30 and S31 for the complete list of
genes) (19). Several of these loci are associated with pathways
relevant to phytochemical biosynthesis and nitrogen metabo-
lism (Fig. 3). In the C5 region, we identified genes involved in
phenylpropanoid biosynthesis, including phenylalanine ammonia-
lyase7 (pal7) and red aleuronel (rall), as well as nitrogen trans-
porters such as npf5 (nitrate transporter) and amt9 (ammonium
transporter) (see table S31). The C9 introgression contained a
suite of functionally diverse loci, including bronzel (uridine di-
phosphate—flavonoid glycosyltransferase), multiple cysteine proteases
(ccp12-13 and ccp26-27), cysteine synthases (cys3-4 and cys7-8),
and two 12-oxo-phytodienoic acid reductases (opr1-2) involved in
jasmonic acid biosynthesis (see table S32). Together, these loci
suggest potential shifts in sulfur assimilation, nitrogen uptake,
secondary metabolism, and stress-related signaling pathways.
On the basis of these functional annotations, we hypothesized that
the introgressed regions could reprogram root metabolism (NIL047)
and nitrogen uptake (NIL021) in a manner that alters below-
ground interactions and contributes to the observed suppression
of nitrifier activity.

NIL root exudates mediate microbial

nitrification suppression

Guided by genetic evidence pointing to candidate metabolic path-
ways underlying the BNI phenotype observed in select teosinte-maize
NILs, we investigated the root and exudate metabolome of BNI NILs
to identify compounds potentially responsible for nitrification sup-
pression. We applied a suite of analytical chemistry techniques gas
chromatography-mass spectrometry (GC-MS) and liquid chroma-
tography-mass spectrometry (LC-MS) [reverse phase (RP) and hy-
drophilic interaction liquid chromatography (HILIC)] to profile
metabolites in root tissues and exudates of B73, NIL047, and NIL021
(Fig. 4 and fig. S6; see Materials and Methods). Metabolomic analysis
comparing BNI phenotypes within root and exudate tissues revealed
significant differences in the key metabolites (Fig. 4A; tables S32 to S39
report all significant putative metabolites). Furthermore, composi-
tional differences driven by the BNI phenotype were more pro-
nounced in exudate profiles than in root tissues and were greater in
NIL047 than in NIL021.We observed reduced putative hexose sugar
concentrations in the root tissues and exudates of BNI NILs com-
pared to B73 Fig. 4B). Furthermore, several compounds were en-
riched in both C5 and C9 introgressions (Fig. 4B and tables S32 to
$39). In addition, we observed an increase in metabolites putatively
identified as sulfur-containing compounds and fatty acids in both
root tissues and exudates. Some of the most pronounced differ-
ences were observed in 3-methylthiopropylamine, dodecanol, and
4-dodecylbenzenesulfonic acid. These shifts suggest a significant re-
programming of root metabolism, consistent with the genetic ele-
ments previously annotated within the introgressed regions (Fig. 3
and tables S31 and S32).

To functionally validate the microbial relevance of these metabo-
lites, we evaluated the effects of collected root exudates and select en-
riched compounds on the soil nitrifier communities (Fig. 4, C and D;
see Materials and Methods). Exudates from the BNI NILs consistently
suppressed nitrifier activity compared to B73 exudates (Fig. 4C). From
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Fig. 3. Several candidate genes related to phytochemical production are present in nitrification suppression loci. (A) Teosinte introgressions in NIL021 include the
PAL gene family that encodes production of secondary metabolites in Poaceae. (B) Teosinte introgressions in NILO47 include a more diverse array of genes potentially in-
volved in microbiome alterations. The full list of genes present in candidate introgression regions is included in the Supplementary Materials. Created in BioRender.
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Favela et al., Sci. Adv. 12, eaed3360 (2026) 1 January 2026

40f12

9202 ‘S0 Afenuer uo B10°80US 105" MMM//:SANY WO.) PapeojuMod


https://BioRender.com/8prv1nx

SCIENCE ADVANCES | RESEARCH ARTICLE

[
A ! B
n i h 1 ‘ l 1.0e+07
= f o e !ﬁhwi— ,‘ 111'1'- b 1& =
ekl — e L SR 2R - 3 e
. 3
3 s = H L
o = 7.50406- 3
2 E 1500 gxte‘m % é 150407
2 ] e H
© K ° £ k]
2| |— NILO21 0 E 2 soe0s 5
hel g,woo 2 3 9 1.0e407
3 NILO21 -1 2 g g g
% NILO21 | o z g g H
° NIL021 I 8 Ea 2 T 2sei0s -
. | I | | NiLoa7 )
= s
I
| NIL047 I
I NIL047 . ot geuo ageion 000
‘ I NIL047 BN~ e BN- BNk BN BN BN BN
ype yp yP yp
(3 D 100 Compound E
== Allylthiourea °
=#= Benzenesulfonicacid 40
75 =e= Dodecanedioicacids °
1-Methyl-2-pyrrolidinone ¢ o c
[~ Dimethylsphingosine g 201
0 8 [ ]
£ 2 @ .
2 = £ ® °
3 < -
@ ES 0
o 25
/ :
[ J
B73 T T T T
0 (@? & & @ @
o 2 oS 0O 2
—dl ° PN\“\O \)\\0“\ c‘i\o\da *‘&0\\6\(\ Q@(\QO
@ o Q 3
o™ O 5 N
02 03 04 05 08 1 10 100 1000 10,000 e oo¥ W ge®
Potential nitrification rate [log (ng N g=' hour")] Concentration (log scale) AR
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nitrification rate. (D) Median inhibitory concentration curves of in vitro assays demonstrate that several metabolites enriched in BNI NILs exhibit inhibitory activity against
nitrifying microbes (n = 4). (E) Inhibitory effects (mean + SE) persist even at low metabolite concentrations, indicating strong suppression potential.

the NIL-enriched metabolite pool, we selected compounds that were
commercially available and previously identified as BNI molecules
and then tested the nitrification suppression capacity of these metabo-
lites in soil (see Materials and Methods). Some of these phytochemi-
cals suppressed nitrifier activity at rates comparable to synthetic
nitrification inhibitors (Fig. 4D). Notably, several putatively root-
enriched metabolites suppressed nitrifier activity more effectively than
the synthetic inhibitors Methyl 3-(4-Hydroxyphenyl)Propionate
(MHPP) and allylthiourea at lower concentrations (Fig. 4E and fig. S6).
These findings highlight the potential of plant metabolomics to inform
industrial discovery of nitrification-inhibiting compounds. Together,
these results demonstrate that predomestication teosinte alleles alter
root chemistry in ways that reshape ecological interactions with nitro-
gen cycling microbes, offering a path toward breeding maize with
more sustainable and functionally integrated microbiomes.

Teosinte traits are maintained without performance penalty
Agronomic systems were developed before the role of microbial in-
teractions was understood, prioritizing grain yield outcomes without
accounting for the potential benefits or trade-offs of plant-microbe

Favela et al., Sci. Adv. 12, eaed3360 (2026) 1 January 2026

associations. To assess the viability of integrating MAPs into elite
germplasm, we evaluated whether BNI introgressions affect produc-
tivity in a hybrid background (Fig. 5; see Materials and Methods). We
generated eight hybrids by crossing both B73 and BNI NIL047 to four
nonstiff-stalk inbred lines, producing matched pairs of hybrids that
differed only in the presence or absence of BNI introgressions from
NIL047 (Fig. 5A). These hybrids were evaluated for biomass, grain
yield, and grain protein concentration and nitrification suppression
capacity (results for hybrids derived from NIL021 are presented in
fig. S7 and S8). The effect of the introgression varied by nonstiff stalk
parent, with the Mo17 x NIL047 hybrid consistently showing neutral
or minimal impacts on agronomic traits. In a subsequent season, we
assessed the performance of the two Mo17 hybrids under contrasting
nitrogen regimes (Fig. 5, B to E; see Materials and Methods). Under
low nitrogen conditions, the NIL047 hybrid showed significantly
higher biomass and nitrogen content relative to the control (Fig. 5, B
and D), while grain yield remained statistically unchanged (Fig. 5C).
Under high nitrogen conditions, grain protein concentration was el-
evated in the NIL047 hybrid (Fig. 5E). These results indicate that
BNI-associated introgressions can be retained in modern hybrid
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using the Tukey’s post hoc test.

backgrounds without grain yield penalties and may even enhance
performance under nitrogen-limited conditions.

DISCUSSION

Achieving sustainability in industrial agroecosystems requires a
paradigm shift, viewing crop biodiversity not merely as a source of
yield variation but as a driver of soil microbial function. Our results
show that genetic variation from undomesticated teosinte can be
leveraged to reprogram rhizosphere interactions in maize. The nar-
row genetic base of commercial maize limits microbiome-driven
improvement, but teosinte harbors a reservoir of allelic diversity ca-
pable of restoring beneficial traits lost during domestication.

Favela et al., Sci. Adv. 12, eaed3360 (2026) 1 January 2026

Specifically, we found that teosinte introgressions in maize reshape
root chemistry and microbial nitrogen cycling, linking host genetics
to belowground ecological function and offering a framework for
sustainable crop design.

We identified teosinte-derived loci that altered rhizosphere mi-
crobiome assembly and nitrogen cycling function (Fig. 1). These
regions conferred biological nitrification (BNI) and denitrification
inhibition (BDI)—traits diminished in B73 maize (Fig. 2). Candi-
date loci contained genes involved in secondary and sulfur-related
metabolism (Fig. 3), consistent with metabolomic profiles showing
enrichment of sulfur-rich compounds in BNI lines (Fig. 4). Several
of these metabolites suppressed nitrifier activity ex planta more ef-
fectively than synthetic inhibitors. Hybrid trials revealed that these
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alleles impose minimal yield penalties while enhancing perfor-
mance under nitrogen limitation (Fig. 5). Collectively, these find-
ings demonstrate that predomestication alleles can “rewild” modern
cultivars with root chemistries that shape microbial nitrogen cycling
for ecological gain.

Previous studies across plants and animals have identified loci
influencing microbiome structure and function (20-24). Building
on this, our results reveal that while many loci affect microbiome
composition, only a subset produces measurable functional out-
comes, underscoring the complexity and multifunctionality of soil
communities. Integrating such MAPs into breeding programs is key
to advancing crop sustainability.

Secondary metabolites that suppress nitrification and denitrifica-
tion likely evolved as defensive traits to minimize nitrogen loss
(10, 25). We propose that teosinte introgressions reintroduce genes
lost through domestication or early breeding in high-nutrient envi-
ronments (6). These restored loci appear to rewire maize metabo-
lism, restoring phytochemical pathways that suppress nitrifiers and
denitrifiers. Several newly identified inhibitory compounds exceed
the efficacy of known BNI molecules, revealing untapped potential
within maize’s chemical diversity to enhance nitrogen retention.

Agriculture remains the largest anthropogenic disruption of the
global nitrogen cycle. Roughly two-fifths of applied nitrogen is lost
from fields (14, 26, 27), even as many regions face nitrogen scarcity
and food insecurity. Harnessing nitrogen-conserving traits such as
BNI and BDI therefore represents both an environmental and human-
itarian advance. Their combination with maize genotypes that host
nitrogen-fixing diazotrophs (28-30) could create powerful synergies
for sustainable production. This work highlights microbial ecology as
a frontier for agronomic innovation and resource conservation (2).

For microbiome-informed breeding to support sustainable agri-
culture, MAPs must be compatible with modern germplasm and ag-
ronomic performance. Our hybrid trials indicate that the benefits of
MAPs are context dependent and may involve trade-offs under cer-
tain environmental conditions. Coordinating plant rhizosphere with
agronomic management practices could help optimize microbial in-
teractions and uncover new synergies in agroecosystems. However,
under the omnigenic model of complex traits (31), we recognize that
these teosinte loci may have additional unknown interactions with
microbes. Moreover, microbial recruitment could impose fitness
costs under high nitrogen inputs or novel biotic stress. A future chal-
lenge in this work is to determine the importance and stability of
these MAPs across environmental conditions (i.e., geography, soil
type, and drought). Foundational research is needed to understand
the constraints and mechanisms by which plants drive changes in
soil microbial communities.

Our research indicates that wild cultivars harbor genetic varia-
tion that modulates the rhizosphere microbiome. By pinpointing
chromosomal regions that influence nitrogen cycling and microbi-
ome composition, our genetic mapping reveals how teosinte alleles
can rewild maize’s extended phenotype. These findings link plant
genetic variation to ecosystem function, offering a strategy to design
crops that actively shape their microbial environments. Incorporat-
ing MAPs into modern crop breeding could enable regenerative
management of agricultural microbiomes and reduce reliance on
chemical inputs (pesticides, fertilizers, herbicides, bioinoculants,
etc.). In this era of climate change and a growing global population,
integrating microbiome insights into crop improvement is essential
for building resilient, sustainable food systems.

Favela et al., Sci. Adv. 12, eaed3360 (2026) 1 January 2026

MATERIALS AND METHODS

Germplasm and field experimental design

We used a recently developed panel of maize-teosinte NILs (table S1)
(15). Each NIL carries, on average, 2.4 chromosomal segments from
Zea mays ssp. parviglumis (P1384071), collectively representing ~4%
of the teosinte genome, with the remainder of the genome derived
from the maize inbred line B73 (see fig. S1) (15). The complete set of
42 NILs was designed to tile the teosinte genome across the B73 ge-
netic background. For clarity, accession IDs from the Z031E0XXX
population are abbreviated as NILXXX throughout the manuscript.
In addition to the 42 NILs, we included the two parental lines (B73
and PI1384071) and their F1 hybrid, resulting in 45 total genotypes.
These were grown in a common field at the Crop Sciences Research
and Education Center-South Farms, University of Illinois at Urbana-
Champaign (40°03'46.7"N, 88°1344.8”W). The site features conven-
tional tillage, a corn-soybean rotation, and uniform fertility, pH, and
organic matter. Nitrogen fertilizer (urea) was applied at 67.25 kg
N ha™', sufficient to support inbred maize growth.

Plants were grown in four-row plots (24 plants per row), ar-
ranged in a randomized complete block design with four replicates
(180 total plots). Rows were 4.57 m long and spaced 0.75 m apart. To
account for spatial and stochastic variation in rhizosphere microbi-
omes, we sampled three technical replicates per plot (45 genotypes
X 3 technical replicates X 4 biological replicates = 540 total samples
per time point). Technical replicates were pooled to generate one
composite sample per plot.

Soil samples were collected at two time points during the 2018
growing season: the V5 to V6 vegetative stage (16 July) and flower-
ing (VT; 21 August). Samples consisted of 10-cm-deep soil cores
taken from the root zone of individual plants (32). Field bulk soil
was also collected before planting and at each sampling point to
serve as a baseline control. Soil samples were immediately placed on
ice in the field and transported to the laboratory. Upon arrival, sam-
ples were stored at 4°C before functional assays (potential nitrifica-
tion or denitrification), which were conducted within 5 hours of
collection. Subsamples for DNA extraction were frozen immediately
at —20°C.

DNA sequencing

We characterized the rhizosphere microbiome and key functional
genes involved in nitrogen cycling, including those related to nitro-
gen fixation, nitrification, and denitrification. Amplicon sequencing
targeted bacterial and archaeal 16S ribosomal RNA (rRNA) genes,
fungal Internal Transcribed Spacer 2 (ITS2), and the nitrogen cy-
cling genes amoA, nirS, nirK, and nosZ. Amplicons were prepared
using the Fluidigm Access Array IFC (Fluidigm, San Francisco, CA),
enabling parallel amplification of multiple targets with distinct prim-
er sets. Sequencing was performed on an Illumina HiSeq 2500 plat-
form (Illumina, San Diego, CA). Primer sequences and amplification
conditions are detailed in our previous work (13). All amplification
and sequencing were conducted at the Roy J. Carver Biotechnology
Center (University of Illinois, Urbana, IL, USA).

Raw bacterial and archaeal 16S rRNA sequences were processed
using the DADA2 pipeline (33) to generate a table of ASVs, while all
other amplicons were processed at the operational taxonomic unit
(OTU) level. For functional genes and fungal ITS2, only forward
reads were used and processed using a combination of the FASTX-
Toolkit and USEARCH-UPARSE (34). Reads with a minimum qual-
ity score below 30 over 90% of bases were removed. nirK sequences
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were additionally trimmed to their expected amplicon length
(165 bp). Filtered FASTQ files were converted to FASTA format for
clustering.

Sequences were clustered into OTUs at 97% similarity using
USEARCH-UPARSE, with singletons removed. OTU tables were
generated using QIIME (version 1.9.1) (35), and taxonomic assign-
ments were performed with the UCLUST algorithm using a com-
bined reference of the Greengenes and SILVA 138.1 databases
(34, 36, 37). Chloroplast and mitochondrial sequences were exclud-
ed before analysis. Rarefaction was applied to account for differ-
ences in sequencing depth across samples. 16S rRNA data were
rarefied to 30,152 sequences, ITS data to 2302, nirK to 5004, nirS to
707, and nosZ to 294.

For functional gene taxonomy assignment, QIIME was used
with BLAST against custom gene-specific reference databases de-
rived from the FunGene repository (38). Singleton ASVs and OTUs
were filtered before statistical analysis.

Microbiome analysis

Microbial communities were evaluated as separate datasets for each
amplicon (prokaryotic 16S rRNA, fungal ITS, nifH, nosZ, nirK, nirS,
bacterial amoA, and archaeal amoA). The relative effect of introgres-
sion, sampling time, range, row, and block on the root zone microbiome
and root metabolome composition was assessed using permutational
analysis of variance with the “adonis” function, from the community
ecology R package “vegan” (39). To visualize differences from these
models, nonmetric multidimensional scaling ordinations were created
using R package “phyloseq” and plotted with R package “ggplot2”
(40, 41). Genetic marker-microbiome comparisons were done using
the “matrixEQTL” package in R (42). matrixEQTL analysis reports ad-
justed P values with a threshold of 1 x 107", This method allowed for
fast and efficient comparison of NIL genome and microbiome data.
matrixEQTL analysis was done on both DADA?2 versions of ASV table
and USEARCH OTU table with similar outcomes in important taxa.
Using the “asreml-r” package (43), additional restricted maximum-
likelihood mixed effects (MLME) models were used to examine the
relationship between functional potential assay and introgression while
controlling for spatial gradients within the field. To test significance in
MLME models, Wald tests were used.

Potential assays

Potential denitrification assays were carried out using a modified
version of the assay described in (44). Field-moist root-zone soil
samples were incubated under anaerobic conditions in the presence
of acetylene for 3 hours at 25°C. The assay was performed on 25 g of
root-zone soil in glass Wheaton jars. Incubations were carried out at
substrate saturation of carbon (dextrose) and nitrogen (nitrate).
Chloramphenicol (10 mg/liter) was added to the incubation to act as
a bacteriostatic agent to prevent further microbial growth and pro-
tein synthesis. Wheaton jars were purged of oxygen with either he-
lium or 10% acetylene. Helium samples were used to estimate the
amount of incomplete denitrification (N,O) occurring in the soil
samples. Acetylene-purged samples are used to measure overall de-
nitrification (N,O + N3). Acetylene is a commonly known inhibitor
of nitrous oxide reduction. Initial and final gas samples were col-
lected at the start and end of the incubation period. Initial and final
nitrous oxide in gas samples was quantified using a GC-2014 gas
chromatograph (Shimadzu, Kyoto, Japan) with an electron capture
detector (GC-ECD).

Favela et al., Sci. Adv. 12, eaed3360 (2026) 1 January 2026

The potential nitrification assay was developed and modified
from Peralta et al. (44). This assay was performed at substrate satu-
ration, and values presented should be interpreted as the maximum
potential rate of transformation of ammonium to nitrite, the first-
rate limiting step of nitrification. This assay uses ammonium sulfate
as the substrate for the first step of nitrification during a 5-hour in-
cubation. Sodium chlorate is added to the assay to inhibit nitrate
oxidation during the incubation period. Aliquots of homogenized
field-moist root-zone soil (5 g) were placed in into two 50-ml tubes
(sample and control). Nitrite products released during the incuba-
tion period were extracted with potassium chloride, and the con-
centration was determined colorimetrically at 520 nm.

Static flux measurements of N,O
Soil-atmosphere N,O fluxes were measured twice weekly between
23 July and 30 August 2018, over a 4-week period. Because of the
labor-intensive nature of static chamber methods, measurements
were limited to three representative genotypes: B73, the F1 hybrid
(B73 x Z. mays ssp. parviglumis), and the teosinte parent (P1384071).
Fluxes were quantified using static chambers following the
U.S. Department of Agriculture- Agricultural Research Service
(USDA-ARS) GRACEnet protocol (45). Chambers consisted of a
30-cm-diameter poly(vinyl chloride) base inserted 20 cm into the
soil and a 10-cm-high vented lid. Bases were installed at the start of the
measurement period and left in place for the duration of the experiment.
Gas sampling was conducted between 10:00 a.m. and 12:00 p.m.
At each sampling event, 15 ml of gas was collected from the cham-
ber headspace at 0, 10, 20, and 30 min using gas-tight syringes. Sam-
ples were transferred into evacuated, crimp-top glass vials sealed
with chlorobutyl stoppers and reinforced with silicone to prevent
leakage. N,O concentrations were determined using gas chromatog-
raphy following established methods (4).

Assay and static flux analysis

Potential nitrification and denitrification rates, as well as static flux
emissions, were analyzed by sampling time point using linear mixed-
effects models. Teosinte introgressions were included as fixed effects,
while spatial factors (range and row) were modeled as interacting
random effects to account for field heterogeneity. Wald tests were
used to assess the significance of fixed effects. All statistical analyses
were performed using the asreml-r (43) .

Annotation of candidate genetic regions

We queried the Maize Genetics and Genomics Database Gene Cen-
ter (19) to identify candidate genes within the introgressed regions
on chromosomes 5 and 9 associated with nitrification suppression.
The target regions were defined as: C5 [190,026,246 to 193,208,321]
and C9 [18,782,106 to 110,998,044] (AGPv2 reference genome); see
tables S30 and S31 for full gene lists.

Greenhouse experiment to characterize NiLs for

potential BNI

To validate and elucidate a causal mechanism to explain differences
in function among NILs exhibiting BNI, a greenhouse trial was car-
ried out to (i) validate suppression of potential nitrification observed
for NILs (NIL021 and NIL047) and narrow down the introgression
regions responsible for this phenotype using additional overlapping
NILs not previously included in field experiments described above.
The maize lines used in the greenhouse consisted of 15 NILs with
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introgressions overlapping the introgression in NIL021 and 11 NILs
with overlapping introgressions to NIL047, along with B73 and bulk
soils as controls (in total 30 treatments). All seeds were surface steril-
ized by soaking for 5 min in 8.25% NaClO, followed by one rinse
with sterilized distilled water, a single rinse of 70% ethanol, and three
rinses with sterile distilled water. Surface-sterilized seeds were dried
on sterile filter paper in a sterile petri dish and then stored at 4°C
overnight before sowing. Planting medium was a combination of live
and autoclaved soil mix. The live inoculum soil was collected from
agricultural soil located on the Crop Sciences Research and Educa-
tion Center-South Farms at the University of Illinois at Urbana-
Champaign, Urbana, IL (40°04'58.7"N 88°12'43.6"W). Inoculum
soil was sieved (2 mm) and then added (25%) to a steam pasteurized
mix of soil:calcined clay:torpedo sand (1:1:1). For each NIL, 5 repli-
cate 6” classic 200 pots (1 liter) were sown with three seeds in each.
Pots were thinned 1 week after germination, leaving only a single
plant per pot for the remainder of growth. In total, 150 plants were
grown. They were placed in a randomized complete block design in
the greenhouse with 16 hours of light and 8 hours of darkness. All
plants were connected to an irrigation system that fertilized plants
once a week. All pots were fertilized with a liquid nutrient solution
[specifically Cal-Mag (N15-P5-K15)] at a rate of 150 parts per million
(ppm). Nitrogen was applied as 11.8% nitrate nitrogen, 1.1% ammo-
niacal nitrogen, and 2.1% urea nitrogen.

Seeds were grown for 5 weeks before harvest. At harvest, each
plant was divided into four sample types: the aboveground bio-
mass for plant biomass measurements, the remaining potting
soil for potential nitrification assays, and the belowground tis-
sue, which was split longitudinally using sterilized shears. One
half of the split root system, with adhered rhizosphere soil in-
tact, was flash-frozen for rhizosphere analysis. The other half
was pressure-washed until the roots appeared white and then
flash-frozen for tissue metabolomics. Flash freezing and wash-
ing were performed simultaneously to minimize degradation.
Rhizosphere samples were kept on ice during processing and
stored at —20°C, whereas root tissue samples were immediately
flash-frozen and stored at —80°C.

Root metabolomics
We used both GC-MS and LC-MS to characterize the metabolite
profiles of maize root tissues. Given the absence of predefined can-
didate compounds, we used this dual approach to capturing a broad
and complementary view of root chemistry. GC-MS enabled precise
detection of low molecular weight and volatile metabolites, while
LC-MS provided untargeted, global metabolomic coverage of a wid-
er range of semipolar and polar compounds. Because of the untar-
geted nature of the LC-MS analysis and the limitations of current
spectral libraries, all LC-MS metabolite identifications reported
here are putative and may include structural ambiguities or mis-
annotations.

Root tissues were lyophilized and homogenized by grinding with
a mortar and pestle in liquid nitrogen. To control for biomass, pro-
cessed plant tissue (100 mg) was combined with 1 ml of LC-MS-grade
acetonitrile:isopropanol:H,O 3:3:2 (v:v:v) solvent. The resulting super-
natant was divided into two aliquots for LC-MS and GC-MS metabolite
analysis. Samples were analyzed using a GC-MS and LC-MS system at
the Metabolomics Laboratory of Roy J. Carver Biotechnology Center,
University of Illinois at Urbana-Champaign, United States. LC-MS
conditions were used as previously described (46).

Favela et al., Sci. Adv. 12, eaed3360 (2026) 1 January 2026

Briefly, samples were analyzed with the Q-Exactive Orbitrap MS
system (Thermo Fisher Scientific, Bremen, Germany), and Xcalibur
v. 4.1.31.9 was used for data acquisition. The Dionex Ultimate 3000
series high-performance liquid chromatography system (Thermo
Fisher Scientific, Germering, Germany) used a degasser, an autosam-
pler, and a binary pump. LC separation was performed on a Phe-
nomenex Kinetex C18 column (4.6 mm by 100 mm, 2.6 pm) with
mobile phase A (H,O with 0.1% formic acid) and mobile phase B
(acetonitrile with 0.1% formic acid). The flow rate was 0.25 ml/min.
The linear gradient was as follows: 0 to 3 min, 100% A; 3 to 20 min,
linear gradient from 100% A to 0% A; 20 to 30 min, 0% A; 30 to 31 min,
linear return to 100% A; 31 to 36 min, 100% A. The autosampler was
set to 15°C, and injection volume was 20 pl. Mass spectra were ac-
quired under both positive (sheath gas flow rate: 45; aux gas flow rate:
11; sweep gas flow rate: 2; spray voltage: 3.5 kV; capillary temp: 250°C;
aux gas heater temperature: 415°C) and negative electrospray ioniza-
tion (sheath gas flow rate: 45; aux gas flow rate: 11; sweep gas flow
rate: 2; spray voltage: —2.5 kV; capillary temp: 250°C; aux gas heater
temp: 415°C). The full scan mass spectrum resolution was set to
70,000 with scan range of mass/charge ratio (m/z) 67 to m/z 1000,
and automatic gain control (AGC) target was 1 X 10° with a maxi-
mum injection time of 200 ms. The 4-chloro-DL-phenylalanine was
spiked into the sample as the internal standard.

Metabolite profiles were acquired using a GC-MS system (Agilent
Inc., CA, USA) consisting of an Agilent 7890 gas chromatograph, an
Agilent 5975 MSD, and 7683B autosampler. Before injection, sam-
ples were chemically derivatized to increase volatility and stability
using standard methoximation and silylation protocols. Briefly,
gas chromatography was performed on a ZB-5MS (60 m by 0.32 mm
inner diameter and 0.25-mm film thickness) capillary column
(Phenomenex, CA, USA). The inlet and MS interface temperatures
were 250°C, and the ion source temperature was adjusted to 230°C. An
aliquot of 1 ml was injected with the split ratio of 10:1. The helium
carrier gas was kept at a constant flow rate of 2.4 ml/min. The tem-
perature program was 5-min isothermal heating at 70°C, followed by
an oven temperature increase of 5°C/min to °C after which a final 10
min incubation at 310°C was performed. The mass spectrometer was
operated in positive electron impact mode at 69.9-eV ionization en-
ergy at m/z 30 to 800 scan range. The spectra of all chromatogram
peaks were evaluated using the AMDIS 2.71 (National Institute of
Standards and Technology, MD, USA) using a custom-built database
(460 unique metabolites) at the University of Illinois Carver Metabo-
lomics Center. Throughout the sample preparation, data acquisition,
and data preprocessing, samples were compared to the quality con-
trols to evaluate potential variation that may have arisen in the data-
set throughout the analytical study. All known artificial peaks were
identified and removed before data mining. To allow comparison
between samples, all data were normalized to the internal standard
in each chromatogram and sample volume. The instrument variabil-
ity was within the standard acceptance limit (5%).

Exudate metabolomics

Root exudates were collected from candidate BNI NILs to assess
whether these lines exhibit distinct exudation profiles, in addition to
previously observed differences in root tissue metabolomes. Seeds
were sterilized before introduction to the hydroponic environment
with a dilute bleach and ethanol solution, as in (6). To collect exu-
dates, seedlings of B73, NIL021, and NIL047 were grown for 4 weeks
in sterilized Hoagland’s nutrient solution with inert glass beads as a
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support matrix. Plants were maintained in a Hettich growth cham-
ber under a 12-hour light/12-hour dark photoperiod.

At the time of sampling, plants were hydroponically extracted in
a series of washes. First, the existing growth solution was drained
and replaced with fresh deionized water (“trap solution”) to induce
an osmotic shock response and stimulate exudation. Following a
short incubation, the trap solution was removed and collected. A
total of 40 ml of hydroponic exudate was recovered per plant. Col-
lected exudate samples were lyophilized and concentrated before
downstream metabolomic profiling. Lyophilized samples were sub-
mitted to the University of Arizona Analytical and Biological Mass
Spectrometry Core Facilities.

To capture the chemical diversity of root exudates, we conducted
untargeted metabolomic profiling using both RP-LC and HILIC cou-
pled to high-resolution mass spectrometry. RP-LC was used to ana-
lyze nonpolar to moderately polar metabolites, while HILIC enabled
the detection of highly polar and ionic compounds that are often
poorly retained on reverse phase columns. This complementary ap-
proach allowed for broader metabolite coverage of root exudation
chemistry. As with the root tissue analysis, metabolite identifications
derived from these LC-MS datasets are considered putative due to
limitations in compound libraries and structural resolution.

Metabolite extracts were analyzed using liquid chromatogra-
phy electrospray ionization tandem mass spectrometry using a
Thermo Vanquish Ultra High Performance Liquid Chromatogra-
phy (UHPLC) system interfaced with a Thermo Exploris 480 Orbi-
trap mass spectrometer.

RP-LC parameters

One microliter of metabolite extract was injected, and compounds
were separated using a Waters ACQUITY Premier HSS T3 column
(1.8 pm, 2.1 mm by 150 mm) with a column temperature of 45°C
and a flow rate of 300 pl/min. Mobile phase A (water with 0.1% for-
mic acid) and B (methanol with 0.1% formic acid) were initially
99:1, respectively. The gradient method continued as follows: 0 to 3 min
held at 1% B; 3 to 19 min 1% B to 95% B; 19 to 20 min 95% B.
HILIC-LC parameters

One microliter of metabolite extract was injected, and compounds
were separated using a using an ACQUITY UPLC BEH HILIC
amide column (1.7 pm, 2.1 mm by 150 mm) with a column tem-
perature of 45°C and a flow rate of 300 pl/min. The mobile phases
was as follows: mobile phase A [10% ACN (acetonitrile): 90%
10 mM ammonium acetate with 0.1% formic acid] and B (50% ACN
with 10 mM ammonium acetate with 0.1% formic acid). The gradient
was identical for HILIC and RP chromatography. Samples were
analyzed in both positive and negative ionization modes using
HCD (higher-energy collision dissociation). The Heated Electro-
spray lonization (HESI) source parameters were set as follows:
spray voltage of 3.5 or 2.5 kV for positive and negative modes,
respectively; capillary temperature of 350°C; S lens radiofrequen-
cy level 50 arbitrary units, and aux gas heater temperature 350°C. Full
MS scan data were acquired at a resolving power of 120,000 full
width at half maximum (FWHM) at m/z 200 with the scanning
range of m/z 65 to 975. The AGC target was set at 50%, with the
maximum injection time of 100 ms. The data-dependent acquisi-
tion (dd-MS2) parameters used to obtain product ion spectra
were as follows: resolving power of 30,000 FWHM at m/z 200,
AGC target of 50% ions with maximum injection time is set to
auto, isolation width 1.2 m/z, and HCD collision energies of 20,
40, and 80%.

Favela et al., Sci. Adv. 12, eaed3360 (2026) 1 January 2026

For data generated, confident metabolite identifications were
made using Thermo Compound Discoverer 3.3. For RP and HILIC
positive and negative modes, spectra were aligned using an adaptive
curve with a maximum of 0.5-min retention time (RT) shift respec-
tively and a 5-ppm mass tolerance. Peaks were selected on the basis
of a minimum intensity of 1 X 10° and a chromatographic signal-to-
noise ratio of 3. Detected features were grouped on the basis of a
mass tolerance of 5 ppm and a RT tolerance of 0.5. Compounds were
assigned on the basis of isotopic pattern, RT, MS1, and/or MS2. All
identifications and integrated peaks were manually validated and
exported for statistical analysis.

For Fig. 4, R package “DESeq2” was used to determine metabo-
lites that were significantly different in relative abundance/absor-
bance by using a pairwise comparison among BNI NIL against B73
(47). Metabolite comparisons were performed for NIL047 X B73
and NIL021 X B73. Compounds showing significant differences
(P < 0.05) were compiled and used to plot their log;o-transformed
abundances in the heatmap.

Metabolite direct inhibition trials

From our key metabolites list (tables S32 to S39), we selected com-
pounds exhibiting the largest log fold changes in abundance be-
tween NILs and B73. Of these, only those that were commercially
available were used in inhibition assays. We acknowledge that this is
a limited set of metabolites tested and that, in the future, it would be
ideal to test the full list of compounds. Nitrification suppression ca-
pacity was assessed using a potential nitrification assay (as previ-
ously described). Assays were conducted on both root tissue—and
exudate—enriched metabolites (fig. S6). Metabolites were dissolved
in a 1% dimethyl sulfoxide (DMSO) solution and added directly to
the incubation conditions. Incubations were carried out over a 24-hour
period. For the exudate inhibition trial (Fig. 4C), thawed hydropon-
ically collected exudates were added directly to the assay. Percent
inhibition was calculated relative to the 1% DMSO control, which
served as the baseline (Fig. 4, D and E). Allylthiourea (for exudates)
and MHPP (for purified metabolites) were included as positive con-
trols to benchmark inhibitory potential against known synthetic
BNI compounds.

Generation and testing of hybrid NILs
All commercially grown maize in the United States is cultivated in
hybrid form; therefore, it is essential to evaluate whether BNI-
associated traits are retained in agronomically relevant hybrid back-
grounds and if they affect yield. Both NIL021 and NIL47 were used
to generate hybrid test crosses. NIL047 results were presented here in
the main text (Fig. 5), while NIL021 results are presented in fig. S8.
Overall, NIL047-derived hybrids outperformed those from NIL021
in both agronomic performance and metabolomic divergence and
also harbored multiple candidate genes associated with BNT activity.
In the 2021 growing season, hybrid genotypes were generated at
the University of Illinois Crop Sciences Research and Education
Center by crossing NTL047 (BNI"), NIL021 (BNI*), or B73 (BNI~
control) with four widely used nonstiff stalk inbred lines: Mol7,
PH207, PHG47, and PHZ51, resulting in eight hybrid combina-
tions. Initial agronomic evaluations of hybrids were conducted in
the 2022 growing season under a typical nitrogen regime (180 kg
N ha™'), with measurements of aboveground biomass, grain yield,
and grain protein concentration following the methodologies
described in (48).
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Subsequent field trials were conducted in 2023 and 2024 at the
same research site under two nitrogen fertilization regimes: low
(135 kg N ha™") and high (180 kg N ha™"). Each genotype X treat-
ment combination was replicated four times in a randomized com-
plete block design. Plots consisted of four rows and were planted at
a target density of 84,000 plants/ha. Because of an extreme drought
in 2023, nitrogen treatment effects were not distinguishable, and
those data are not presented here. Results from the 2024 season,
which experienced typical precipitation patterns, are reported in
this study. Agronomic trait measurements in the 2024 field season
followed the same procedures outlined above (48). Biomass and
yield metrics were collected at physiological maturity, while nitro-
gen uptake was assessed at the VT (tasseling) growth stage.
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