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Deep sequencing of 3,367 maize genomes uncovers
substantial contribution of rare variants to
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Highlights
® A deep-sequenced reference panel of 3,367 diverse maize
genomes

® Identification of 411 GWAS signals, with 87.3% attributable
to globally rare variants

@ Trait-associated rare variants show 2.4-fold larger effects
than common variants

® Selection may reshape trait genetic architecture toward rare
variants
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In brief

Deep coverage sequencing of 3,367
maize genomes reveals substantial
contributions of rare variants to trait
heritability and provides insights into how
selection reshapes their contribution to
complex traits.
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SUMMARY

Rare variants are highly abundant, yet their genome-wide contributions to agronomic traits remain elusive in
plants. Here, we performed deep whole-genome sequencing of 3,367 diverse elite maize inbred lines, uncov-
ering 75.3 million variants, of which 79.2% were rare. Overall, we identified 411 independent association sig-
nals for 10 agronomic traits, including 359 attributable to globally rare variants, with rare variants showing
effect sizes approximately 2.4 times those of common variants. Frequency-stratified genome-based
restricted maximum likelihood (GREML) analyses indicated that rare variants captured a substantial propor-
tion of phenotypic variance for traits under strong adaptive selection, consistent with the allele frequencies
of trait-associated variants shifting from common in tropical to rare in temperate maize. Complementing
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conventional variant-level genome-wide association studies (GWAS), gene-based tests identified an addi-
tional 94 candidate gene-trait associations. Our study highlights rare variants as important components of
the genetic architecture of complex agronomic traits in maize and provides much-needed resources for

future functional studies and breeding.

INTRODUCTION

Over the past decades, the development of numerous segre-
gating populations'™ and natural populations® ' has enabled
significant advances in dissecting the genetic loci driven by com-
mon variants (minor allele frequency [MAF] > 0.05) that underlie
agronomic traits in plants, through linkage mapping and
genome-wide association studies (GWAS). Although rare vari-
ants (MAF < 0.05'""?) outnumber common variants in most
crop genomes, > their genome-wide impacts on agronomic
traits and breeding potential remain poorly understood, with
only a very limited number of rare variants linked to important
agronomic traits identified to date.'®?® This long-standing
knowledge gap largely stems from the following: (1) segregating
populations are typically derived from a small set of founder
lines, leading to insufficient representation of rare variants;
(2) small natural populations lack the sample size required for
robust statistical inference, particularly when using conventional
variant-level association analyses.

Research on the genome-wide contributions of rare variants
to complex traits has so far been largely restricted to human
populations,**° with numerous rare loci associated with
complex traits identified.??>%53% Except for a few traits
such as coronary artery disease (CAD®°) and age at smoking
initiation (AgeSmk“%), rare variants typically play a minor role
relative to common variants in explaining phenotypic variance
for well-characterized complex polygenic human traits.*”-*'
The observed genetic effects of rare causal variants are
widely attributed to negative (purifying) selection exerted on
them.*"**=*® However, because selection pressures in human
populations are relatively weak,*”**® the phenotypic effects
and contribution of rare variants to traits under strong selection
remain largely unknown.

As one of the world’s most important crops, maize (Zea
mays ssp. mays) has undergone strong natural and artificial
selection, which has driven substantial directional shifts in
key agronomic phenotypes across diverse environments and
breeding stages.”'"“9*° |n this study, we performed deep
whole-genome sequencing (WGS) of 3,367 maize inbred lines
and systematically investigated the effect of rare variants on
agronomic traits. Maize agronomic traits exhibited a high
proportion of phenotypic variance explained (PVE) by genetic
variants, and rare variants contributed substantially to the
genetic architecture of multiple key traits. Further analyses
indicated that strong selection during maize adaptation from
tropical to temperate environments may have reshaped the
genetic architecture of key agronomic traits by shifting the
frequencies of trait-associated alleles from common to rare.
The large sequenced population also enabled us to demonstrate
the feasibility of using gene-based tests as an efficient method
for establishing gene-trait associations, complementing con-
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ventional single-variant GWAS. In addition, the 3,367 deeply
sequenced diverse genomes provide a valuable resource with
natural knockouts (KOs) of nearly 30,000 protein-coding genes
and can serve as a high-quality reference panel.

RESULTS

Deep WGS of 3,367 elite maize inbred lines

To elucidate the genetic basis of agronomic traits, we conducted
deep (median 35.7 x, range 22-116 x) WGS of 3,367 diverse
maize inbred lines from 23 countries (Figure 1A; Figures S1A
and S1B; Tables S1A and S1B), covering almost all major maize
cultivation regions. Through a pipeline integrating sequence
mapping, variant calling, and stringent quality control (see
STAR Methods), we processed 273.6 terabases (Tb) of raw
sequencing bases and identified 63.64 million single-nucleotide
polymorphisms (SNPs) and 11.67 million short insertions and
deletions (InDels, <50 bp), corresponding to an average density
of one variant per 28 bp across the B73 reference genome.®' Of
these SNPs, 79.6% were absent from the HapMap3 database,?
and 89.89% of them occurred at rare allele frequencies (AFs)
(MAF < 0.05; Figure S1C).

Population structure analysis categorized these 3,367 acces-
sions into 19 subgroups (Figures 1B and 1C; Figures S1D and
S1E; Table S1C; see STAR Methods). The 12 temperate
subgroups primarily correspond to well-known heterotic
groups®'%°® (Figures 1B and 1C; Figure S1E), whereas the
seven tropical subgroups are distinguished by their geographic
associations (Figures 1D and 1E; Table S1D). Specifically, one
tropical subgroup mainly originated from Southeast Asia
(SEA); four subgroups derived from Mexico exhibited distinct
altitude-related adaptive characteristics (Figure 1E), one of
which was a lowland-adapted subgroup predominantly
composed of DTMA (Drought Tolerant Maize for Africa) germ-
plasm (Figure 1F); and the remaining two subgroups were
derived from India and Yunnan (China).

A typical tropical genome contains an average of 3.97 million
SNPs and 0.38 million InDels relative to the B73 reference
genome, numbers significantly exceeding those of temperate ge-
nomes (3.34 million SNPs, 0.35 million InDels; p < 2.2 x 1079
This observation is consistent with faster linkage disequilibrium
(LD) decay (Figure S1F) and an elevated number of private
SNPs (Figure S1G) in tropical maize, collectively reflecting greater
nucleotide diversity in tropical than in temperate maize.'***
To trace recent genetic exchange among maize subgroups,
we focused on variants detected exclusively in 2 of the 3,367
genomes (defined as f, variants®*>°%; see STAR Methods). Given
the current population size, the rarity of recurrent variants®” makes
f, variants a robust indicator of recent genetic exchange. Analysis
of f, variant distribution revealed ~1.5-fold higher genetic
exchange among temperate subgroups than among tropical
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Figure 1. Geographic distribution and genetic relationships of 3,367 maize genomes

(A) Geographic distribution of the 3,367 maize inbred lines, with country-level pie charts showing subgroup compositions.

(B) Population structure of the 3,367 genomes. Top and bottom panels show the phylogenetic tree and admixture clustering results (K = 16), respectively. The
phylogenetic tree further partitions two tropical ancestries into five subgroups associated with altitudinal adaptation (panel E). Black labels denote classical maize
inbred lines of each heterotic group.

(C) Principal component analysis (PCA) of the 3,367 maize inbred lines.

(D) Geographic distribution of maize inbred lines from seven tropical subgroups and one temperate subgroup.

(E) Altitudinal adaptation of tropical maize inbred lines. Only CIMMYT materials with available altitudinal adaptation data are included in this analysis. MA, median
altitude; ST, subtropical.

(F) The proportion of DTMA materials within each tropical subgroup.

(G) Genetic divergence (Fst) and recent genetic exchange (f, variants) among all 19 subgroups are presented in the left and right portions of the heatmap,
respectively. Filled-circle numbers denote subgroup codes used throughout the figure.
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(A) Accumulation curves and growth rates with increasing sample sizes for rare and common variants. The gray horizontal dashed line indicates a growth rate of

200 variants.

(B) Proportions of rare variants among SNPs and InDels across different sequencing panels. Dark and light bars indicate SNPs and InDels, respectively.

(C) Proportions of rare and common variants across functional categories.

(D) Overlap of natural knockout (NKO) genes inactivated by common and rare variants.

(E) Gene structure of ZmRR1 and detected NKO variants. Representative inbred lines for each haplotype are indicated on the left.

(F) Comparison of cold-induced injury between genotypes carrying or lacking the 1-bp rare frameshift InDel. Statistical significance was assessed using a two-
sided t test of the regression coefficient for group. n denotes the number of inbred lines per group.

subgroups, despite an ~2.1-fold higher level of genetic diver-
gence among temperate subgroups than among tropical sub-
groups (Figure 1G; Figures S1H and S1l; see STAR Methods).
The coexistence of frequent recent genetic exchange and strong
genetic divergence among temperate subgroups may reflect
artificial breeding, in which backcrossing is widely used to main-
tain differences among germplasm subgroups after extensive
inter-subgroup genetic exchange. This observation underscores
the profound impact of modern breeding practices on maize ge-
nomes, particularly in temperate maize.

The landscape of rare variants in elite maize inbred lines
Variant discovery curves revealed distinct trajectories for common
and rare variants as sample size increased. Common variants pla-
teaued at ~430 genomes (<200 variants per additional genome),
whereas rare variants maintained a steep growth trajectory, even
with all 3,367 genomes included (Figure 2A). Consistent with this,
79.2% of variants detected in our panel were classified as rare
(Figure 2B), a proportion much higher than that reported in prior
small-sample studies (n < 1,300; Figure 2B).">* This observation
underscores the power of large-scale, high-depth WGS for rare-
variant detection.

The genomic distribution of short variants varied by variant
type and MAF category, with InDels enriched on chromo-
some arms and SNPs enriched in pericentromeric regions®®
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(Figure S2A). Meanwhile, common InDels exhibited a more
pronounced arm-enriched pattern than rare InDels, while rare
SNPs showed stronger pericentromeric enrichment than com-
mon SNPs (Figure S2B). Recombination rates may contribute
to these patterns, given their strong correlation with variant
distribution (Figure S2C). A plausible mechanism is that low
recombination hinders the elimination or spread of rare variants
in pericentromeric regions. Given the high overall abundance of
rare SNPs, combining all variant types revealed a genome-wide
pericentromeric enrichment of short variants (Figure S2A), con-
trasting with the previously reported chromosome-arm bias
observed in low-depth WGS studies.®%°

Driven by purifying selection, rare variants in our population
exhibited a distinct functional stratification, with variants exert-
ing more severe impacts on protein function being maintained
at lower AFs (Figure 2C). Specifically, the proportion of rare
variants across functional categories increased progressively
from 58.0% for synonymous SNPs to 81.2% for stop-gain
variants (Figure 2C). Consequently, incorporating rare variants
expanded the total number of protein-altering variants by 235%
compared with using only common variants (from 241,947 to
811,524; Table S2A; see STAR Methods). Meanwhile, func-
tional annotation revealed that 18,220,804 variants overlapped
with chromatin-accessible regions or peaks of active histone
modifications in B73 (Table S2A). Notably, the proportion of
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rare variants was consistently higher across all these functional
regions than among synonymous SNPs (Figure S2D). Among
these functional variants, protein-truncating variants have
gained substantial attention in genomic analyses,®”'"%
because they typically inactivate specific genes and function
as natural knockout (NKO) variants. Notably, we identified
29,005 potential NKO candidate genes (80.9% of all protein-
coding genes in the B73 reference genome; Tables S2A and
S2B) in our population, with 53.8% of these NKO genes trun-
cated exclusively by rare NKO variants (Figure 2D; see STAR
Methods). Genes without NKO variants were significantly en-
riched in ribosomal and translational processes, consistent
with their strong functional constraint. Genes carrying high-fre-
quency NKO variants (AF > 0.5) were enriched for membrane-
associated and signaling-related functions, implicating these
genes in adaptation-related biological pathways (Figure S2E).

Meanwhile, these NKO alleles may be valuable breeding re-
sources. For example, beyond the previously reported 45-bp
deletion, we detected three additional rare frameshift variants
in the coding region of ZmRR1 (Figure 2E), a type-A response
regulator previously implicated in enhancing maize chilling toler-
ance.®® Among the 30 genomes carrying these NKO variants, 29
were from tropical subgroups (Table S2C), aligning with the
relaxed selection pressure for cold adaptation in tropical regions.
To validate the phenotypic impacts of these variants,
we evaluated chilling tolerance in 426 tropical maize inbred
lines. Ten inbred lines carrying the 1-bp deletion (one of these
three NKO variants) exhibited significantly larger injured areas
(73.0%) under 4°C cold treatment compared with non-carriers
(47.6%; effect size: 0.35; 95% confidence interval [CI]: 0.11-
0.59, p = 0.005; Figure 2F), indicating that the positive cold toler-
ance regulator may be dysfunctional in genomes harboring NKO
variants. Similarly, we discovered two rare frameshift InDels and
one nonsense SNP in the coding region of ZmACO2 (Figure S2F),
which encodes an ethylene biosynthesis enzyme previously
shown to negatively regulate maize ear length (EL).® Carrier lines
(5 of 1,769) displayed significantly longer ears (18.1 cm) relative
to non-carriers (15.2 cm; effect size: 3.1 cm; 95% CI: 0.90-5.35;
p = 0.006; Figure S2G), consistent with the disruption of this
negative EL regulator. Although additional validation is needed,
many of these NKO variants could be useful for future maize
functional genomics and breeding.

Phenotypic effects of rare variants on key agronomic
traits

To evaluate the phenotypic effects of rare variants on agronomic
traits, we measured 10 key agronomic traits across two environ-
ments (Tables S3A and S3B; see STAR Methods). The mean in-
ter-environment Pearson correlation (r = 0.78, range: 0.58-0.92;
Tables S3A and S3B) indicated moderate-to-strong phenotypic
consistency. Because increased sample sizes improved statisti-
cal power for detecting rare-variant effects,>"*® we conducted
association analyses for variants with at least 10 phenotypic
observations for the minor allele (Table S3C; MAF > 0.3%; see
STAR Methods) to capture associations across different allele-
frequency spectra. After correcting for cryptic relatedness and
population structure, we detected 5,758 significant variants
(0 <1 x 1077). The mean genomic inflation factor (A) across

¢? CellPress

GWAS analyses was 1.009, with values of 1.07, 1.04, and 0.93
for variants with MAF <1%, 1%-5%, and >5%, respectively,
indicating limited overall residual inflation (Figure S3A; Table
S3D). Additionally, the reconfirmation of well-known trait-
associated loci, including ZmCCT10°%” and ZCN8,%%° provided
independent validation of the GWAS results (Figure S4A). After
controlling for the confounding effects of LD by conditional
and joint multiple-variant analysis (COJ0),>®"° we detected
411 independent associations that were significant in the initial
GWAS (Table S3E; see STAR Methods). Of these, 359 (87.3%)
were globally rare variants across the entire panel (Figure 3A),
with a mean AF of 1.38%. The proportion of rare signals re-
mained robust across association models incorporating addi-
tional principal components or subgroup membership (Figure
S3B), and few rare alleles were restricted to a single subgroup
(Figure S3C). Although the AFs of these alleles were not uniformly
distributed across ancestral groups and subgroups, ~86% were
rare in both tropical and temperate germplasm and ~28% were
rare in all 19 subgroups. Notably, 349 rare signals remained rare
after equal weighting across subgroups, indicating that uneven
subgroup representation alone cannot explain the high propor-
tion of rare associations. Together, these results suggest that
globally rare variants contribute substantially to agronomic traits.

For example, we uncovered a rare signal for days to anthesis
(DTA) on chromosome 5 (Figure 3B). The lead variant was
located ~5 kb upstream of ZmAGO5c, with no other annotated
genes in the ~18-kb flanking region (Figure 3B). This signal re-
mained robust across most subgroup configurations in leave-
one-subgroup-out analyses, although significance decreased
after excluding the Mexico-highland subgroup, consistent with
reduced statistical power due to fewer carriers and larger
standard errors (Figure S3D; Table S3F; see STAR Methods).
The association remained independent after conditioning on
other signals on the same chromosome (Figure S3E; see STAR
Methods). ZmAGO5c was previously reported as the causal
gene underlying the male-sterile mutant ms28 in maize.”' Ge-
nomes carrying this rare allele (AF = 1.1%) exhibited significantly
delayed DTA compared with the non-carriers (Figure 3C),
consistent with its Arabidopsis homolog, which is involved
in flowering-time regulation.”” All genomes harboring this rare
variant belonged to tropical groups, aligning with the later flower-
ing times of tropical lines (Figure 3D). To experimentally validate
the function of ZmMAGO5c in regulating DTA, we generated two
KO lines using CRISPR-Cas9 (Figure 3E). Both mutant lines
showed a significant ~4-day delay in DTA compared with their
wild-type siblings (Figures 3F and 3G).

Beyond the proportion of rare variants contributing to agro-
nomic traits, differences in effect sizes between common and
rare variants have not been investigated in natural diversity pop-
ulations in plants. We therefore compared conditional effect
sizes of these detected trait-associated variants after account-
ing for nearby significant associations to mitigate LD-related
confounding (see STAR Methods). Results indicated a strong
trend of inverse correlation between the effect sizes of trait-asso-
ciated variants and their MAF across all 10 traits (Figure 3H;
Figure S4C). Individual common variants displayed a mean ef-
fect size of 0.21 phenotypic standard deviations (Figure 3l),
consistent with previously reported QTL effect sizes in teosinte
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Figure 3. Phenotypic effects of rare variants on 10 key agronomic traits

(A) Number of rare and common trait-associated signals detected by GWAS for 10 traits. Trait categories are indicated above the plot and detailed in Figure 4A.
RV, rare variant; CV, common variant.

(B) GWAS signals around ZmAGO5c for DTA. Variant significance, gene positions, and local LD structure are shown in the top, middle, and bottom panels,
respectively. ZmAGObc is highlighted in red.

(C) Comparison of DTAs between genotypes carrying the lead rare SNP (Alt) and non-carriers (Ref). n denotes the number of inbred lines per group.

(D) AFs of the lead rare SNP in temperate and tropical maize populations.

(E) CRISPR-Cas9-mediated knockout of ZmAGO5c, with the brown underline indicating the PAM sequence.

(F and G) Profile (F) and statistical analysis (G) of DTA for ZmAGO5c knockouts and their wild-type siblings. The two knockout lines were photographed separately
with the same wild-type plant as a reference. Images were minimally cropped to avoid repeatedly displaying the same wild-type plant. Scale bar, 20 cm.
n denotes the number of plants per genotype.

(H) Relationship between MAF and effect size of detected trait-associated variants.

(I) Comparison of effect sizes between detected rare and common trait-associated variants across traits. Only traits with >3 significant rare and >3 significant
common loci are presented. See details in Table S3E.

Statistical significance for all pairwise comparisons was assessed using two-tailed t tests.
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and maize landrace populations.”® Within the same dataset, the
average effect size of detected rare trait-associated variants was
2.4 times that of common variants across these traits (range:
1.5-3.7 times; Figure 3l; Figure S4C), highlighting the potential
of these variants in genetic improvement. Sensitivity analysis
using summary-statistics-based correction for winner’s curse
yielded consistent qualitative patterns (Figures S4D and S4E;
see STAR Methods), indicating that the detected effect size dif-
ference was not solely driven by winner’s curse. Although we
identified few variants with effect sizes exceeding 1 phenotypic
standard deviation, this may reflect limited statistical power to
detect rarer loci given the current population size. Furthermore,
the distribution of effect directions (trait increasing vs. trait
decreasing) for minor alleles of these detected rare variants
varied markedly across traits. Specifically, only 0.3% of the
minor alleles of rare variants associated with DTA accelerated
flowering time, whereas this proportion was markedly higher
for decreased tassel branch number (TBN; 14.4%) and reduced
plant height (PH; 61.1%; Figure S4C). These results were consis-
tent with strong directional selection favoring early-flowering ac-
cessions during modern breeding, alongside relatively weaker
selective pressure acting on TBN and PH.°

Considering modern breeding objectives®’* (Table S3A), 92
(25.6%) of rare trait-associated minor alleles had effect direc-
tions aligned with breeding objectives (Figure S4C), whereas
only 13 associations showed potential trade-offs with the other
9 traits in our population (Table S3G), highlighting their breeding
potential. For example, a rare favorable variant in the first intron
of ZMMADS1 was significantly associated with earlier flowering
time (Figures S4A, S4F, S4G, S3D, and S3E; Table S3F).
ZmMADS1 promotes flowering by activating ZCN8 and
ZmMADS69.”%7® Another example is a rare allele at gPH6 asso-
ciated with reduced PH and located 3.2 kb downstream of
ZmGLK31 (Figures S4B, S4l, S4J, S3D, and S3E; Table S3F),
whose homologs have been reported to regulate PH in rice.””
The favorable alleles of both variants exhibited an increased
AF from tropical to temperate lines (Figures S4H and S4K), sug-
gesting their potential active capture in breeding programs.

Contribution of rare variants to the genetic heritability of
agronomic traits

To further quantify the contribution of rare variants to the genetic
basis of agronomic traits, we performed frequency-stratified
heritability estimation using genome-based restricted maximum
likelihood (GREML) analysis,”® a method widely applied in hu-
man genomics®'*""98" (see STAR Methods). Results showed
that PVE by genetic variants ranged from 0.32 (SE = 0.04) for
kernel number per row (KNPR) to 0.86 (SE = 0.02) for TBN
(Figures 4A and 4B), consistent with the intrinsically highly heri-
table properties of these traits. Seven of ten traits exhibited a sig-
nificant contribution of rare variants to phenotypic variance
(h?are > 0, Figure 4A), indicating again that rare variants contrib-
uted broadly to agronomic traits. When stratifying the common
and rare variant components of heritability, five traits (PH, rela-
tive ear height [REH], ear diameter [ED], kernel number per ear
[KNPE], and KNPR) exhibited a common-variant-preferred ge-
netic architecture, with common-variant heritability (h®common)
significantly exceeding that of rare variants (Figure 4A), a pattern
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consistent with findings from most human complex traits.*'+**4°

By contrast, ear height (EH) and leaf number above the ear
(LNAE) showed comparable estimated h?,4e and h%common, While
days to silking (DTS), DTA, and TBN displayed significantly
higher estimated h2... than h’common (false discovery rate
[FDR] = 0.004; Figure 4A; see STAR Methods), indicating a po-
tential rare-variant-preferred genetic architecture.

These estimates remained robust to phenotype standardiza-
tion (Figure S5A; Table S4) and to correction for LD-related
bias using LD- and MAF-stratified GREML (GREML-LDMS)*"+"®
(Figures S5B and S5C; Table S4; see STAR Methods). Planting
environments introduced greater fluctuations in heritability esti-
mates, while the relative relationship of h? e and h%common re-
mained consistent (Figure S5D). Given the complex breeding
history and strong population structure of maize germplasm,®”
we further controlled for structure-related confounding using
additional principal components and subgroup membership.
Rare-variant heritability estimates remained consistent across
all analyses (Figure S5A). Nevertheless, within-subgroup pheno-
type permutations eliminated common-variant heritability but left
residual rare-variant heritability (Figure S5E), suggesting that
rare-variant heritability estimates may partly capture covariation
from fine-scale structure and lineage-related genetic sharing,
rather than solely reflecting the direct effects of rare causal var-
iants. Notably, this residual signal is still significantly lower than
the observed estimates (Figure S5E), although the observed dif-
ferences between h?,4. and h2common for DTA, DTS, and TBN did
not significantly exceed the subgroup-preserving permutation
null (Figure S5E).

Taken together, our results showed that rare variants contrib-
uted substantially to the genetic architecture of agronomic traits
in modern maize. Although the extent of rare-variant contribution
showed a trait-specific pattern, genetic architecture still differed
between maize agronomic traits and most human complex
traits/diseases. Specifically, maize agronomic traits exhibited a
high proportion of PVE by genetic variants, with substantial
rare-variant contribution observed across multiple traits. In
contrast, human complex traits and diseases displayed a lower
PVE, with traits typically having a common-variant-preferred
genetic architecture,®”*1:4%:46

To further explore the potential role of selection in the sub-
stantial phenotypic variance captured by rare variants in maize,
we focused on the dominant population structure in breeding
maize. This structure reflects divergence between temperate
and tropical lines (Figures 1B and 1C), coupled with marked
phenotypic differentiation and intensive selection.”*%%8% Al|
seven traits with significant rare-variant heritability (h2,a,e > 0;
Figure 4A) exhibited distinct phenotypic divergences between
temperate and tropical populations (Figure S6A). The univariate
Qst-Fst®*® analyses, comparing neutral genetic divergence
(quantified by Fst) with quantitative trait divergence (quantified
by Qst), rejected the neutral-drift-only hypothesis for all seven
traits (FDR = 0.0178; Figure 4C; see STAR Methods), indicating
that selection had driven the distinct phenotypic divergence
from tropical to temperate lines for these traits rather than ge-
netic drift alone.

Meanwhile, the distinct temperate-tropical phenotypic
contrast provided a framework for examining how selection
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Figure 4. Dynamics in the genetic architecture of key agronomic traits in maize

(A) Comparison of the estimated common-variant component (x axis) and rare-variant component (y axis) of heritability using GREML. Asterisks denote traits with
significant h? ... > 0, determined by normal approximation Z tests. Three dashed reference lines indicate different relationships between h?,... and h?.ommon. Part
of the estimated hz,,,,,e is not attributable to the direct causal effects of rare alleles; see Figure S5E. RV, rare variant; CV, common variant.

(B) Phenotypic variation explained by all WGS-derived variants across agronomic traits.

(C) Univariate Qst-Fst comparisons for all 10 traits between tropical and temperate genomes. Qst values are shown as individual lines for each trait. Traits with Qst
values significantly exceeding the Fst distribution are shown in green.

(D) Frequency dynamics of tropical-preferred alleles for trait-associated variants between tropical and temperate genomes. Each line represents an individual
variant.

(E) Transitions in allele-frequency categories of trait-associated rare variants between tropical and temperate genomes. Each trait-associated rare variant was
classified according to its allele-frequency state in the two populations.

(F) Mean frequency differences of tropical-preferred alleles for trait-associated rare variants between tropical and temperate genomes, compared with those from
10,000 sets of randomly sampled variants. Significance was determined from the deviation of the observed value relative to the fitted normal distribution of the
random sets.

(G) Comparison of heritability estimates for each trait between temperate and tropical maize lines using GREML, including only traits with h?.,. > 0 in the 3,367
genomes. The green arcs with arrows represent shifts in the ratio of h are to WP yyas from tropical to temperate maize lines; see also Figures S6D and S6E.

For all panels, error bars represent SE.
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acted on trait-associated rare variants for the seven traits.
Leveraging the observed phenotypic divergence (Figure SEA),
we defined tropical-preferred phenotypes as delayed flowering
time, increased PH, and other corresponding agronomic traits
(Table S3A). We then compared the AFs of these trait-associated
rare variants and found that 67.7% of alleles linked to tropical-
preferred phenotypes exhibited decreased frequencies in
temperate relative to tropical lines (Figure 4D). Importantly, the
magnitude of these directional AF shifts deviated significantly
from that of randomly sampled variants (o = 1.34 x 10°5;
Figure 4F; see STAR Methods), consistent with the widespread
polygenic-selection-driven®® AF changes in these trait-associ-
ated variants. Notably, 13.7% of these rare variants were present
as common alleles in tropical but rare in temperate genomes,
whereas only 0.6% showed the reverse pattern (Figure 4E),
and these AF reductions were consistent across all 12 temperate
subgroups relative to tropical germplasm (Figure S6C). Given
that maize originated in tropical regions, these observations
support a model in which selection may have driven a subset
of trait-associated variants to shift from common (in tropical
lines) to rare (in temperate lines).

To further evaluate whether these frequency shifts coincided
with systematic changes in genetic architecture, we indepen-
dently estimated trait heritability in tropical and temperate
groups and compared the proportions captured by rare vari-
ants. Point estimates indicated that rare variants captured a
greater proportion of heritability in temperate than in tropical
lines for all seven traits with significant h?..e > 0 (Figure 4G;
Figures S6D and S6E). However, estimates for the rare-variant
component in tropical lines remained imprecise due to the
limited sample size of lines with phenotypic data in this study
(mean SE = 0.15; range: 0.11-0.21; Figure S6B). Still, the two
most divergent traits (DTA and DTS) exhibited statistically
significant differentiation between temperate and tropical ge-
nomes (Figure 4G). Collectively, these observations suggest
that strong selection during maize tropical-temperate adapta-
tion may have contributed to the reshaping of the genetic archi-
tecture of key agronomic traits by shifting trait-associated
alleles from common to rare.

Gene-based associations for agronomic traits

To increase statistical power for detecting rare-variant associ-
ations, we also performed gene-based association testing,
a method widely used in human genetics for pinpointing
genetic targets underlying complex traits and diseases.*%:**%¢
By integrating the effects of multiple qualifying variants within
specific genes or loci, this approach enables the detection
of aggregate effects of rare variants on agronomic traits. To
further improve sensitivity, we implemented four variant-
filtering criteria to retain qualifying variants based on functional
annotations and AF thresholds (Table S5A). Synonymous
variants were also included in these filtering criteria due to their
potential phenotypic effects.®’%° We subsequently tested the
aggregate effects of these qualifying rare variants on 10 key
agronomic traits using SKAT-O% (see STAR Methods). The
mean inflation factors for the four filtering criteria were 1.41,
1.42, 1.37, and 1.32, respectively (Figure S6F; Table S3D),
and this analysis incorporated ~1.2 million more rare alleles
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that were excluded by the MAF threshold in conventional
single-variant GWAS per trait (Table S3C). Due to variability in
qualifying variant counts across filters, the average number of
gene-trait pairs tested per trait within each filter ranged from
12,200 to 34,855 (Table S5A).

Overall, we identified 151 significant candidate gene-trait asso-
ciations at a genome-wide significance threshold of p < 2 x 107°
after Bonferroni correction (Figure 5A; Table S5B; see STAR
Methods). Even across all 10 traits and 4 filtering methods, the
FDR was 1.2% after a global Benjamini-Hochberg correction.
Compared with single-variant GWAS, 94 (62.3%) of these
gene-based associations lacked significant variant-based signal
within 1 Mb (Figure 5B), consistent with enhanced detection
power. Among these, 34 (36.2%) were primarily attributed to
mitigated allelic heterogeneity, with gene-based associations
showing stronger significance than single-variant associations
(Figure 5C). Another 42 (44.7%) associations were missed in
single-variant GWAS because of the multiple-testing burden;
significant variants in promoter or coding regions had low fre-
quency (<10 samples), requiring a stringent threshold to avoid
false positives (Figure 5C).

For instance, single-variant GWAS identified no significant
association near the Trihelix transcription factor gene ZmThx
for TBN (p = 6.21 x 1077 for the most significant variant;
Figure 5D), even when considering variants with extremely low
frequency (MAF > 0.07%). Within the coding sequence of
ZmThx, we identified 26 rare variants (MAF < 1%; Figure 5E).
Five of these variants showed nominally significant individual
associations independently (p < 0.05; Figures 5E and 5F), and
18 variants were absent in either the top or bottom 20% of the
TBN distribution (Figure 5E). Aggregating these 26 rare variants
yielded a slightly stronger and significant gene-based associa-
tion (p = 2.18 x 10~ 7; Figure S3D). This gene-trait association re-
mained robust across most subgroup configurations in leave-
one-subgroup-out analyses, although significance decreased
after excluding the Flint subgroup, which coincided with fewer
minor-allele carriers of the lead single variant (Figure S3D;
Table S3F). The gene function of ZmThx was further validated
by two ZmThx KO mutant lines, both of which exhibited signifi-
cantly reduced TBN relative to wild-type siblings (Figures 5G
and 5H). Together, these results demonstrated the feasibility of
gene-based tests in detecting candidate loci underlying agro-
nomic traits, serving as a valuable complement to the widely
used single-variant GWAS.

Utility of 3,367 deep-sequenced genomes as a

reference panel for imputation

High-throughput genotyping technologies, such as genotype-
by-sequencing (GBS)’' and microarrays,®” enable cost-effec-
tive large-scale genotyping in maize but suffer from a high
missing rate and low marker density. A high-quality reference
panel can address these limitations by leveraging haplotype
information to impute untyped genotypes. Given the negative
impact of high variant missing rates on reference panel per-
formance (Figure S7A), we constructed a reference panel of
3,367 diverse haplotypes across 30,080,804 maize SNPs,
applying thresholds of minor allele count (MAC) > 5 and missing
rate < 0.2. Using this panel, we evaluated genome-wide

Cell 189, 1-18, November 12, 2026 9




Please cite this article in press as: Huang et al., Deep sequencing of 3,367 maize genomes uncovers substantial contribution of rare variants
to agronomic traits, Cell (2026), https://doi.org/10.1016/j.cell.2026.09.063

¢ CelPress Cell

A Functional + synonymous MAF<1%) B
&
=
o
_ Functional + synonymous (MAF<0.1%)
T A
R ettt e Tttt bole b it s Sl el it
[
o
04
754 Promoter variants MAF<t%)
oy | .
§ . : e g0
e} ] | °
' ~° : o
. E L] L]
o Promoter variants (MAF<0.1%) § . K . R ; .
i Yol - ddede
o 3 o O F---- o o o ___e_____
kel k) |
0 |
! Improvements
34 i I Multiple testing
D I [l Heterogeneity
!
n 8 MAF categories - L -
< 6 l H Common 3 6 9
> 4 . : \ t .3 o B M Rare (0.3% ~ 5%) -Iogm(F’ )
g ol g 1 3 L. 83 4l Y single-variant
T3 i il kb it e L TBAMG
[ il b sed: . it o vt 4
0 f r e ¢ § {
1.5 20 25 3.0 3.5
E Chr2 (Mb)
CDS
2.494 1 UTR Allele frequency |
! -
L]
s » 1% Al 26 variants Jy— s
!
s e »
® o = 0-5% Variants (P<0.05)
H » 0%
»| o »
—
2.493 - — .
®e ! » G
> : ' ° | ®
= [
§l s » 2
N ° ” S
o ., P =]
»| o ® c
oS ° S
® -, c
2.492 ®|e | ® | @
e : S
ol. ! ® @ Frame-shift '©
3 ® \ ® ® Inframe ]
1 4 i : ® Missense
® oL . PY @ Synonymous
S . — T T T
0 2 4 6 e & o
SF & S
Chr2 (Mb) _|0910(Psmg\e—varlan() &)(\‘q/ N\ «oqq'
<®

Figure 5. Boost GWAS sensitivity by gene-based association analysis

(A) Manhattan plot of gene-based association tests under four variant-filtering criteria. Each point represents a gene-trait pair, with genes ordered by chro-
mosome and genomic position.

(B) Number of candidate gene-trait associations identified by gene-based tests, stratified by distance to single-variant GWAS signals. Variants with MAC > 10
were included in this single-variant GWAS analysis. Gene-trait pairs without significant single-variant signals within 1 Mb are classified as gene-based-specific
candidate associations.

(C) Significance comparison of gene-based vs. single-variant GWAS for identified gene-based-specific candidate associations. All variants within gene bodies or
promoters of corresponding genes are included in the single-variant GWAS analysis. The brown and pink dashed lines represent the significance thresholds for
gene-based and single-variant association analyses, respectively.

(D) Manhattan plot of TBN from single-variant GWAS around ZmThx. The yellow rectangle indicates the genomic position of ZmThx.

(E) The three panels (left, middle, and right) respectively show the genomic positions, association significance with TBN, and frequency distributions of the 26 rare
variants within the CDS region of ZmThx. Accessions are stratified by TBN phenotypic values.

(F) LD among these 26 rare variants.

(G and H) Phenotypic statistical analysis (G) and profile (H) of TBN in ZmThx knockouts and their wild-type siblings. Scale bar, 10 cm. Statistical significance was
determined using a two-tailed t test. n denotes the number of plants per genotype.

imputation accuracy across the AF spectrum via downsampling
our genotypes to ~680,000 polymorphic sites®® (see STAR
Methods). The mean imputation accuracy () reached 0.924
for common variants (Figure 6A). Accuracy decreased with
declining MAF, yet rare variants with AFs > 0.1% could remain
well imputed, achieving a mean r? of 0.703 for variants in the
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0.1%-0.5% AF bin (Figure 6A). Increasing the original marker
density before imputation could further improve accuracy
(Figure 6B). Notably, imputation accuracy for rare variants was
substantially higher in tropical than in temperate maize
(Figure 6A). This pattern mirrors the higher imputation accuracy
of rare variants observed in human populations of African
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Figure 6. Imputation performance of the 3,367-genome reference panel

(A) Imputation accuracy of variants across different AFs using the 3,367-genome reference panel. AFs were calculated from the 3,367 maize genomes.

(B) Imputation accuracy under varying original genotypic marker densities. Original markers were randomly selected from the WGS data.

(C and D) GWAS signals for growing degree days to silking based on post-imputation data (C) and based on original data (D). The red horizontal line represents the

significance threshold.

(E and F) GWAS signals around ZmRap2.7 (E) and ZmPRR37a (F). GWAS signals from post-imputation data, gene positions, and GWAS signals from original data
are shown in the top, middle, and bottom panels, respectively. Purple dots, significant variants; red dots, significant variants within 5 kb of the causal gene.
ZmRAP2.7 and ZmPRR37a are highlighted in red. The enhancer VGT1 and its flanking 5-kb region are highlighted in yellow.

(G) MAF of lead variants near ZmRap2.7 and ZmPRR37a. NCRPIS, the public collection of maize inbred accessions from the US Department of Agriculture North

Central Region Plant Introduction Station.

ancestry, underscoring the importance of including sufficient
tropical genomes in maize reference panels (Figure S7B).

To further demonstrate the utility of our reference panel, we
used genotypic data from ~3,000 maize inbred lines from the
US Department of Agriculture (USDA) North Central Region
Plant Introduction Station (NCRPIS).%? These data were generated
via GBS and encompass approximately 680,000 polymorphic
sites.®? We re-ran GWAS for silking time with the EMMAX®® model
using both original and imputed genotypes (see STAR Methods).

GWAS signals became more significant and denser after imputa-
tion, without increased genomic inflation (Figures 6C and 6D). The
signal near ZmRAP2.7°* on chromosome 8 was detected with
both the original and imputed genotypes. However, imputation
improved resolution as the second significant variant mapped
directly to the well-known causal enhancer VGT1% after imputa-
tion, whereas no markers were detected in this region using the
original data (Figure 6E). Importantly, imputation with the 3,367-
genome reference panel also enhanced the detection of rare
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trait-associated variants. For instance, we identified significant
rare associations near ZmPRR37a (AF = 0.028; Figures 6F and
6G), a gene recently reported to regulate flowering time in maize.*
After imputation, four equally significant rare variants were identi-
fied near ZmPRR37a, two of which were located within the gene
body. In contrast, no significant association signal was detected
using the original data (Figure 6F).

DISCUSSION

Elucidating the genetic basis of agronomic traits and expanding
the exploitable genetic diversity are crucial for enhancing
breeding efficiency.?®*° Rare variants represent a largely un-
tapped source of genetic diversity within crop genomes, with
their phenotypic impacts and genetic contributions remaining
poorly defined in plants. Our analysis showed that 79.2% of
identified variants were rare, accounted for a large fraction of
our GWAS signals, captured a substantial proportion of agro-
nomic trait variance, and showed a 2.4-fold larger effect size
than common variants for detected associations. These findings
highlight the critical role of rare variants in determining maize
phenotype and their potential value for future maize breeding.

The intensity of selection affects the genetic
architecture of complex traits

In human populations where selection is generally weaker, low-
frequency variants (0.5% < MAF < 5%; standard definition in hu-
man genetics, broadly consistent with our rare-variant cutoff)
generally capture a smaller proportion of heritability*'*® (~1/6
of common variants). In contrast, rare variants contributed
substantially to the heritability of maize agronomic traits, with
the observed estimates of hz,a,e being comparable to or
exceeding h2ommon for 5 out of 10 traits investigated, although
part of h? ., estimates may reflect fine-scale structure and line-
age-related genetic sharing rather than direct causal effects.
Traits with substantial rare-variant contributions in this study
were characterized by significant selection-related phenotypic
shifts and a high proportion of PVE by genetic variants, consis-
tent with strong coupling () between causal variant effects and
selection pressure. This pattern aligned well with the genetic
architecture simulations, where traits with smaller mutational
target sizes (T) and strong selective coupling (t) were predicted
to be predominantly governed by rare variants.**'°° Consistent
with this, our results also support a model in which selection
shifted a subset of trait-associated variants from common
(in tropical lines) to rare (in temperate lines) for these traits. How-
ever, demographic history, founder effects, breeding bottle-
necks, and sampling composition cannot be formally ruled out
without demographic modeling that incorporates teosinte and
maize. Overall, our results suggest that selection intensity can
be an important factor in shaping the genetic architecture of
complex traits and may be linked to the elevated contribution
of rare variants to trait heritability in maize.

Large-scale sequencing resources across crops provide op-
portunities to investigate rare allele contributions, '°"'°? although
the predominantly low sequencing depth likely underdetects
rare variants and hampers robust estimation of their contribution
to heritability.”® The outcrossing nature and heterotic breeding
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history of maize may favor the retention of rare variation, poten-
tially magnifying the contribution of rare variants compared with
some self-pollinating species. However, rare trait-associated
alleles have been increasingly identified and functionally vali-
dated in multiple crops,'®® suggesting that their importance
is not unique to maize. Given the pervasive action of phenotypic
selection during crop domestication and improvement, and its
impact on AFs, %194 we propose that the evolutionary dynamics
of rare functional alleles are likely broadly shared across crop
populations, although their quantitative contributions may differ
among species.

Rare variants as genetic resources for crop breeding
Natural and artificial selection reshape the genetic architecture
of complex traits by reducing the frequency of unfavorable vari-
ants.”%%1% However, due to the polygenic nature of complex
traits,*®1°%1%7 genetic interactions,'® and the finite efficiency of
selection, it remains challenging to fully eliminate particular vari-
ants underlying complex traits through phenotype-based selec-
tion. Our analysis detected a systematic shift in AF from common
to rare for trait-associated variants from tropical to temperate
maize. This finding suggests that a substantial number of trait-
related variants may persist as a rare legacy in modern maize
populations, leading to an underestimation of true genetic diversity
in maize when examined in small populations. Accordingly, har-
nessing rare variants offers a promising approach to retrieving
these presumed-lost alleles, complementary to using wild relatives
of maize.'®""" This approach could be advantageous, given the
reduced genetic divergence between the allele donors and recip-
ients. Meanwhile, our results identified 92 rare variants exhibiting
effect directions consistent with modern breeding objectives,
while only 13 alleles showed potential trade-offs with the other 9
traits in our population. Considering their larger observed effect
sizes, these rare variants may represent potentially valuable
genetic resources for breeding applications. However, their
broader utility remains to be evaluated, as their pleiotropic effects
and stability across diverse genetic backgrounds and environ-
ments require systematic validation.

Additionally, our data may provide a valuable resource for
further dissection of the genetic basis of heterosis. We identified
~11 million rare alleles private to specific heterotic groups
(Table S6A), and annotated rare deleterious variants showed
strong cross-group complementarity. For example, only 18%
of rare deleterious variants were shared between the Reid and
Lancaster subgroups, two classical heterotic groups that pro-
duce highly vigorous hybrids, consistent with the dominance-
complementation model of heterosis''? (Table S6B). Given that
deleterious variants improve the accuracy of genomic selection
in other crops,®® these complementary rare deleterious alleles
may represent promising markers for enhancing hybrid genomic
selection accuracy.

Perspectives on rare functional alleles in crops

The low AF of rare alleles leads to reduced carrier numbers,
resulting in limited power and unstable effect size estimates.
At the current sample size, a substantial fraction of genuine
rare-variant associations is likely to remain undetected.
Increasing sample sizes improves statistical power for detecting
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the functional effects of both common and rare variants.>*>°

The 3,367 deeply sequenced maize genomes can serve as a
well-suited reference panel, enabling scalable and cost-efficient
dissection of rare variants underlying key agronomic traits in
larger breeding populations in the future. Meanwhile, 62.3% of
the signals detected by gene-based tests were not identified
by single-variant association analyses. This observation aligns
with the high allelic heterogeneity of rare variants®* and validates
the power of this method for locus detection. Future approaches
that integrate multiple rare variants across biologically meaning-
ful units, beyond proximal gene regions, may further improve the
sensitivity and interpretability of these frameworks. Because rare
variants are abundant across diverse crops,'>”'’ such gene-
based testing and reference panel construction strategies are
expected to be broadly applicable to other crops. More impor-
tantly, breeding panels of most crops always exhibit strong
structure and genetic non-independence due to recurrent use
of core elite germplasm. This fine-scale structure acts as both
a statistical confounder and a reflection of the non-random dis-
tribution of trait-relevant alleles. This challenge is particularly
acute for rare alleles that are carried by a small subset of individ-
uals, so methods that disentangle their true effects from con-
founding signals while balancing FDR and detection power
would be highly valuable.

Limitations of the study

We acknowledge several limitations. First, variant discovery
was based on a single reference genome (B73). Due to the
limited representation of the maize sequence space with a sin-
gle reference,®®'"® the actual variant set is likely underesti-
mated. Second, further increasing population size is expected
to yield more precise heritability estimates (i.e., with reduced
SE), especially for the quantification of h2,, in tropical maize
germplasm. In addition, given maize’s complex breeding his-
tory and strong population structure, some of the h? .. esti-
mates may reflect covariance from fine-scale structure and
lineage-related genetic sharing, rather than purely the direct
effects of rare causal variants. Future work using diverse
populations with well-defined pedigrees or large independent
validation panels can rigorously quantify the heritability directly
attributable to rare causal variants.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Plant materials and growth conditions

CRISPR-Cas9-generated loss-of-function mutant lines of ZmAGO5¢c and ZmThx in maize were used in this study. The ZmAGO5¢c
loss-of-function mutants were generated by the Center for Crop Functional Genomics and Molecular Breeding at China Agricultural
University, and the ZmThx loss-of-function mutants were generated by the Maize Genetic Transformation Platform at China Agricul-
tural University. Mutant lines for both genes were derived in the LH244 genetic background.
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Each genotype was grown in a single plot under field conditions in Zhuozhou, Hebei Province, China (115.9°E, 39.4°N), with
wild-type LH244 plants interspersed throughout the experimental field. Row spacing was 0.600 m, and plant spacing was 0.278
m. Five border rows were planted around the experimental field to minimize edge effects. Phenotypic data were collected from
individual plants at the VT-R1 developmental stage.

METHOD DETAILS

Definition of rare alleles

We defined rare alleles as variants with a minor allele frequency (MAF) below 5%. This threshold was selected considering the current
sample size at the thousand-scale and the widely accepted standard within plant genetics.'""'? Unless otherwise stated, the term
“rare variants” refers to the broad set with MAF < 0.05.

Collection and statistical analysis of phenotypes
Phenotypic data for 10 key agronomic traits were collected from two growing seasons of field trials conducted in Zhuozhou, Hebei
Province (115.9°E, 39.4°N), China, in 2020.

In each growing season, all 3,367 maize inbred lines were evaluated under field conditions and randomly assigned to field
positions. Each genotype was represented by a single plot in each environment. The row and column spacing were 0.600 m
and 0.278 m, respectively, and five border rows were planted around the experimental field to minimize edge effects. Details
on the measurement methods of each trait can be found in Table S3A. To improve measurement accuracy, three individual plants
in the middle of each plot were selected and recorded. Phenotypic values for these 10 traits across environments were fitted with
a linear mixed model to calculate best linear unbiased predictions (BLUPs) using the Ime4 package in R. The model was specified
as follows:

Yj = u+E+G;+(GE); + &

where u is the overall mean, E; is the random main effect of the i-th environment, the G; is the random genetic main effect of the
j-th inbred line, (GE); is the random genotype-by-environment (G xE) interaction effect, and & is the random residual error. All
random effects were assumed to follow independent normal distributions with mean zero and their respective variance
components.

Phenotypic data for ear length were collected in winter 2019 in Sanya, Hainan Province, China. These accessions were planted
under open-pollinated field conditions using the same randomized complete block design (RCBD) as described above. Three
individual plants in the middle of each plot were sampled and recorded. Meanwhile, the chilling resistance phenotype of
maize was measured following the protocol described previously.®® In brief, maize seedlings at the V2 stage were subjected
to a chilling stress treatment at 4°C for 2-4 days, and the injured area was quantified. Due to the lack of cross-environmental
replication and a limited number of phenotyped samples, both traits were excluded from further association analysis and herita-
bility estimation.

Whole genome sequencing and variant calling

Three individual plants were chosen from each accession, and their young leaves were collected for sequencing library construc-
tion. Genomic DNA was extracted following the cetrimonium bromide (CTAB) method.'** DNA fragments with an average insert
size of 350 bp were selected, and paired-end sequencing was conducted on these fragments using the DNBSEQ-T7 sequencing
platform.

Raw reads were initially subjected to quality assessment and filtering using fastp software. After quality control, the resulting
clean reads were mapped to the B73 reference genome (AGPv4)°' via the Burrows-Wheeler backtrack alignment algorithm
(BWA-aln)."?° Reads with a mapping quality score > 20 were retained, and PCR duplicates were marked using the Genome
Analysis Toolkit''® (GATK). Subsequently, variants for each accession were identified using the HaplotypeCaller module in
GATK, based on the duplicate-marked BAM files. Finally, population-level variant information was integrated and generated using
the GenomicsDBImport and GenotypeGVCFs modules in GATK.

High-quality SNPs and Indels were obtained via the Hard-filter method with different parameters using the SelectVariants module
of GATK. Specifically, SNP variants meeting the following criteria were retained: QD > 2.0, QUAL > 30.0, SOR < 3.0, FS < 60.0,
MQ > 40.0, MQRankSum > -12.5, and ReadPosRankSum > -8.0. For Indel variants, the retention criteria were set as: QD > 2.0,
QUAL > 30.0, SOR < 10.0, FS < 150.0, MQ > 20.0, MQRankSum > -15.0, and ReadPosRankSum > -10.0. Since all accessions
used for variant calling were maize inbred lines, variants with the observed number of heterozygous genotypes exceeding 0.51 times
the expected number of heterozygous genotypes under Hardy-Weinberg equilibrium (HWE) were removed. Here, 0.51 corresponds
to five times (1-F), where F represents the estimated inbreeding coefficient calculated following the pipeline employed in the 3,010
Rice Genomes Project.’”’
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Population structure and parameter estimation

Phylogenetic trees were constructed using PHYLIP software based on the genetic distance matrix. The genetic distance was calcu-
lated using PLINK'?? based on synonymous SNPs with minor allele frequency (MAF) > 5% and missing rate < 50%. Population ge-
netic structure was inferred using ADMIXTURE with a SNP set matching the phylogenetic analysis, with a MAF > 1% filtering
threshold. The putative number of ancestral populations (K) was set from 2 to 24. Principal component analysis (PCA) was performed
using GCTA'?* software with SNPs (MAF > 5%, missing rate < 50%) after LD pruning.

LD decay was calculated using PopLDdecay software for each subgroup. Private variants were defined as SNPs with an allele
frequency (AF) > 1% that were absent in all other subgroups. Genetic divergence among these subgroups was quantified using
the Weir and Cockerham weighted Fst metric, which was calculated with VCFtools via pairwise comparisons between subgroups,
with a 100-kb analysis window and a 100-kb step size.

Recent genetic exchange was quantified using f, variants. Given the inbred nature of the materials in this study, f, variants
were defined as SNPs detected exclusively in two genomes, rather than the standard definition of minor allele count (MAC) = 2. After
identifying f, variants between each pair of groups, the total number of f, variants in the corresponding two subgroups was used to
normalize the inter-group f, variant counts.

Variant annotation and identification of natural knockout gene candidates

Functional annotation was performed using SNPeff'?® software with the B73 gene annotation file downloaded from Ensembl Plants
(release-49/gff3/zea_mays/). Both SNPs and Indels annotated with the term "splice_acceptor_variant" or "splice_donor_variant"
were classified as essential splice site variants. SNPs annotated with "stop_gained", "missense_variant", and "synonymous_variant"
were categorized as stop-gained, missense, and synonymous variants, respectively. InDels annotated with "frameshift_variant" were
defined as frameshift variants, while those annotated with ”inframe_deletion" or ”inframe_insertion" were designated as inframe var-
iants. For variants that were assigned to multiple functional categories, higher priority was assigned to categories with higher impact.
We additionally performed functional annotation of all missense variants using SIFT4G. The UniRef90 protein database was used as
the reference to predict the functional impact of each variant on B73 protein sequences. Among all annotated missense variants,
264,120 were classified as deleterious and 363,094 as tolerated.

In addition, we also annotated intergenic variants via overlap with ATAC-seq and epigenetic mark peaks to improve functional
interpretation. All peaks were called with MACS2 from high-quality reads aligned to the B73 AGPv4 reference genome.

Variants annotated with the "High"-effect term by SNPeff were classified as potential protein-truncating variants (PTVs). These
variants primarily include stop-gained, stop-lost, essential splice site variants, and frameshift variants. Genes containing any PTV
within the gene body were designated as potential natural knockout genes. Genes carrying NKO variants were further grouped based
on the highest-frequency NKO variant per gene. GO term enrichment analysis was performed using the singular enrichment analysis
(SEA) module on the AgriGO web server, with the B73v4 Ensembl gene set as the reference background. P values were calculated
using Fisher’s exact test.

Single-variant GWAS analysis

For each trait, single-variant GWAS analysis was performed using EMMAX®® for variants with a minimum of 10 phenotypic observa-
tions for the minor allele. This model can incorporate cryptic relatedness, other fixed effects, and population stratification via the
kinship matrix and the first four principal components, respectively. The PCA performed for population structure analysis was
also included as covariates in GWAS, and the kinship matrix was estimated using the emmax-kin subprogram based on the same
variant set under a more stringent missing rate threshold of < 10%.

The number of effective markers was estimated via LD pruning analysis in PLINK, using a sliding window encompassing 50 variants
and a step size of 20 variants; variants with an r? > 0.1 were pruned out. The effective variants number ranged from 4,507,001 to
8,159,960. The GWAS threshold was determined as 1 divided by the number of effective markers, and the final threshold was set
to 107,

Determination of independent GWAS signals and their phenotypic effects
For each trait, independent GWAS signals were detected using conditional and joint multiple-SNP analysis’® (COJO). The core
principle of this analysis is to test whether nearby variants can still reach the significance threshold after accounting for the
most significant marker as a control. If so, this indicates that there are multiple independent GWAS signals at this locus. This
analysis was performed in GCTA, using input summary statistics derived from EMMAX-based GWAS results following a format
conversion. The genotypes of the 3,367 maize inbred lines were used as the LD reference panel for this analysis. The significance
threshold for the conditional analysis was set to match the genome-wide significance threshold used in the single-variant GWAS.
Finally, only variants that were significant in both the original GWAS and the conditional analysis were retained as independent
GWAS signals for subsequent analyses. The beta values from joint-analysis of COJO results were used to determine the effect
size and effect direction of these independent GWAS signals directly, which has considered the influence of other significant
trait-related signals.

To further assess the impact of winner’s curse on effect size estimation, we applied five summary statistic-based correction
methods to adjust the observed effect sizes from the winnerscurse and ashr R packages, with raw effect sizes and standard errors
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as input. Conditional likelihood correction was restricted to genome-wide significant variants, while the other four methods were run
across all GWAS markers.

Robustness and independence validation of GWAS signals

We first performed subgroup-aware robustness testing of representative association signals via leave-one-subgroup-out analysis.
Using subgroup membership from Figure 1, we sequentially excluded each subgroup and re-ran GWAS with the original kinship ma-
trix and top four principal components (PCs) as covariates.

To assess the stability of the rare variant proportion among all detected association signals, we conducted two complementary
replication GWAS: one with varying PC counts as covariates, and another adding subgroup membership as a fixed effect alongside
the top four PCs. Independent signals were identified via COJO correction following the primary analysis pipeline.

Finally, we evaluated the conditional stability of three representative signals (ZmAGO5¢c, ZmMADS1 and gPH6). For each focal lo-
cus, genotypes of the lead variant or its co-chromosome independent significant variants were included as covariates alongside PCs
to control for their effects; self-imputed genotypes were used to handle missing data.

Estimation of heritability for 10 key agronomic traits

Phenotypic variance explained by different genomic components was estimated using the genome-based restricted maximum likeli-
hood (REML) approach implemented in GCTA. Specifically, genomic relationship matrices (GRMs) were constructed separately for
rare and common variants using the make-grm-inbred command. Only variants with minor allele count (MAC) > 10 and missing
rate < 0.5 were retained for this analysis. To partition rare- and common-variant genetic variance conditional on each other, these
two GRMs were then fitted jointly in a single GREML model to estimate the heritability proportions attributable to rare and common
variants for the 10 key agronomic traits, with the top 10 principal components (derived from LD-pruned common SNPs) included as
covariates. Whole-genome heritability (h?,,gs) Was calculated as the sum of the rare- and common-variant variance components
estimated from the joint GREML model. Standard errors for the directly estimated h®.,e and h®common Were obtained from the
REML procedure implemented in GCTA.

The dynamic changes in heritability between temperate and tropical genomes were estimated with the same pipeline. In this anal-
ysis, variants were processed separately within the temperate and tropical subgroups, with allele frequencies and missing rates
computed exclusively within each corresponding group. The standard errors for the derived parameter, the h?,., /h®ygs ratio,
were approximated with the delta method.'*® P-values for all comparisons between different point estimates were determined using
normal-approximation Z-tests. A threshold of P < 0.05 was considered statistically significant.

Sensitivity analysis of heritability estimation with different covariates, models and planting environments

To assess the impact of covariate settings on heritability estimation, we performed PCA using different variant datasets and
estimated heritability with varying numbers of principal components (PCs). Specifically, we also used the top 2, 3, 5, 20, and 50
PCs derived from LD-pruned common SNPs, as well as the top 10, 20, and 50 PCs calculated from LD-pruned rare SNPs. Addition-
ally, we incorporated membership of the 19 subgroups as a covariate in the heritability model. We further estimated heritability using
differently processed phenotypic values, including Z-score normalization and the exclusion of samples with significantly deviated
phenotypic values identified based on the Z-score normalization.

To mitigate LD-related and MAF-related biases of phenotypic effects of causal variants (i.e., to relax the assumption that variants
with different global LD levels and MAFs exhibit similar phenotypic effects), we further stratified variants into multiple bins accord-
ing to LD score and MAF, constructed genomic relationship matrices (GRMs) independently for each bin, and jointly estimated
their contributions to phenotypic variance. LD scores were calculated within a 5-Mb window with GCTA-LDS, and variants
were stratified in two different groups based on the LD scores of each variant. The estimation for h?,,,. and h?common Were obtained
by summing variance components from bins corresponding to their respective MAF categories. The standard errors for the esti-
mation of h.are and h?common Were also approximated with the delta method. Given the substantially smaller sample size relative to
near-million-scale human genetic studies,®>””® we applied a maximum of six bins (two LD scores based bins x three MAF-based
bins) in this analysis.

We also assessed the influence of planting environments on heritability estimates by comparing results derived from phenotypic
values measured in individual environments with those based on BLUP-derived phenotypic values. For all the analyses in this section,
only one parameter was varied at a time.

Furthermore, we performed within-subgroup phenotype permutation for all seven traits with hz,are > 0. Phenotypes were randomly
shuffled within each of the 19 subgroups, and GREML analysis was subsequently conducted with subgroup labels and the top 10
PCs retained as covariates. The entire permutation procedure was repeated 3,000 times.

Qst-Fst analysis between temperate and tropical genomes

The null FST model was generated using synonymous SNPs annotated by SNPEff. Only SNPs with MAF > 0.05 in both temperate
and tropical populations were retained for this analysis. QST-FST tests were additionally performed for each trait using the R scripts
provided by Whitlock and Guillaume.®®
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Selection of random variants matched to trait-associated variants

To measure the random frequency dynamics between temperate and tropical genomes, random variants were selected that
matched the analyzed trait-associated variants on a per-variant basis.®® Prior to this selection, genome-wide data had been pruned
to eliminate the impact of highly correlated variants: a sliding window encompassing 500 variants was used, with a step size of 50
variants and an r? threshold of 0.8. For each trait-associated variant, control variants were matched for MAF (+0.2% tolerance) and
LDscores stratum (five equal bins), where LDscores were calculated with all 3,367 genomes. Finally, 10,000 sets of random variants
were drawn.

Gene-based association test

After annotation with SNPeff, variants with high or moderate effects on specific genes were regarded as functional variants for the
corresponding genes. Variants located within 1 kb upstream of a gene were classified as promoter variants for that gene. We
defined four distinct variant sets based on MAF and functional categories: (i) functional + synonymous variants with MAF < 1%;
(if) functional + synonymous variants with MAF < 0.1%; (iii) promoter variants with MAF < 1%; and (iv) promoter variants with
MAF < 0.1%. After rare variant aggregation and quantification, we retained only genes satisfying the following criteria for subse-
quent association analysis: (i) containing no fewer than two qualifying variants; (iij) having a minimum of 10 phenotyped samples
that carry any of these quantified rare variants.

Association analyses between aggregated rare variants in genes or loci and traits were performed using the SKAT®® software, with
the SKAT-O model applied for these tests. Confounding effects were controlled using the SKAT_NULL_emmaX() function,
which accounts for the effects of the kinship matrix and the first four principal components. The calculation of kinship and principal
components was consistent with that used in the single-variant GWAS analysis.

On average, 23,995 (range: 12,200-34,855) gene-trait pairs were tested for each variant set. The significance threshold was deter-
mined using Bonferroni correction as 0.05 / 23,995 (a value slightly greater than 2x107), with the final threshold set at 2x107.
Additionally, to avoid the influence of LD among rare variants, for significant genes associated with the same trait (from the same
variant set) and located within 100-kb region to each other, only the most significant gene was retained.

Imputation accuracy of the 3,367-genome reference panel

Due to the impact of missing rate on imputation accuracy, only SNP with missing rate less than 0.2 were included in reference
panel. The Eagle'*® software was used to phase the genotypes of the 3,367 maize inbred lines for each chromosome. The genetic
map was set at a density of 1 centimorgan (cM) per 1 megabase (Mb) on the physical map. Only variants with a minor allele count > 5
were included.

To evaluate the imputation performance of this reference panel, 200 samples were randomly selected from the 3,367 genomes,
with even distribution across 19 subgroups. All samples with an identity-by-state (IBS) > 0.95 with these 200 samples were
excluded from the reference panel to avoid overestimating imputation accuracy due to the inclusion of highly similar accessions.
After downsampling the identified SNPs of these randomly selected samples to the previously used 680K polymorphic sites that
revealed by GBS,?” Beagle was used to impute these samples with the modified reference panel. The imputed genotypes were
then compared with the true genotypes (from GATK) to assess imputation accuracy. The average coefficient of determination
(r?) of polymorphic variants across the 200 samples was used to quantify imputation accuracy. When estimating the imputation
accuracy of this reference panel for temperate and tropical genomes, the same 200 samples were re-analyzed, with only the
corresponding samples (temperate or tropical) included in each respective analysis.

The same pipeline was used for other specific accuracy evaluations of the reference panel, but different modifications were applied
to the reference panel. To evaluate the imputation performance of this reference panel without tropical genomes, all tropical genomes
and IBS-related samples were removed from the reference panel. To evaluate the influence of variant missing rates on the imputation
performance of the reference panel, all variants were included without applying a missing rate filter.

Re-GWAS analysis using imputed genotypes

The original genotypic data included approximately 3,000 samples from the U.S. National Maize Inbred Seed Bank.®” These raw
genotypes were converted to the B73v4 coordinates, and variants with discordant genomic base were removed. The genotypes
were then imputed using the 3,367-genome reference panel with Beagle. Only variants with a minor allele frequency (MAF) > 1%
were included for further analysis, as imputation accuracy declines with decreasing MAF. Phenotypic data for growing degree
days to silking were used for GWAS analysis. GWAS was re-conducted using EMMAX, following the same pipeline as the
single-variant GWAS analysis in this study. We noted here that it should be preferable to treat imputed genotypes as dosages
rather than discrete hard genotype calls for reference or alternative alleles, as this treatment would enhance the statistical power
when imputation accuracy is not perfectly high. Here the discrete genotype calls were used for GWAS analysis.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analyses were performed using R and the specialized software described in the Method Details. Four classes of
significance tests were applied without formally testing whether the data met their underlying assumptions: (1) Two-group
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comparisons used two-tailed t-tests. (2) Two-tailed t-tests from linear models were used for two-group comparisons, adjusted
for population structure and membership. (3) Observed values were compared with random permutation replicates;
significance was determined by the deviation of observed values relative to the fitted normal distribution of the permutation out-
puts. (4) Normal-approximation Z-tests were used either to compare pairs of estimated parameters or to test whether individual
estimates differed from zero; One-sided standard-normal P values assessed directional differences. Details are provided in
the figures and figure legends. Asterisks above bars indicate significant differences at P < 0.05. For all box plots presented in
the figures, the horizontal line inside the box represents the median; the lower and upper edges of the box represent the 25th
and 75th percentiles.
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