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Abstract

Not all genes are essential for plant survival. With the rise of pan-genomics, it is evident that certain genes can be lost without negatively
affecting fitness. Naturally occurring loss-of-function (LoF) mutations provide a valuable perspective on gene dispensability, offering
insights into deleterious and adaptive gene loss. In this study, we identified 91,751 naturally occurring LoF variants from publicly
available Arabidopsis genome data. Our findings demonstrate that LoF-intolerant genes are enriched in essential biological
functions and associated with specific histone marks linked to active transcription. In contrast, LoF-tolerant genes exhibit relaxed
selective pressure and are enriched in functions related to pollen rejection and defense responses and can be used as a proxy for
dispensable genes in the pan-genome. Using a random forest model trained on histone marks, we achieved moderate success in
predicting gene LoF tolerance, with an area under the curve (AUC) of 0.718 in Arabidopsis and 0.767 in rice, and even across species.
We also pioneered genome-wide LoF burden tests in Arabidopsis, collapsing independent LoF alleles into a single state to reduce
allelic heterogeneity. By integrating LoF burden tests with transcriptomic data, we identified thousands of LoF-expression
associations. Notably, this analysis accurately recapitulated the flowering time networks and identified FRIGIDA as a key regulator of
flowering time genes. Furthermore, we found that collapsing alleles based on functional outcomes enhances association sensitivity.
These results provide insight into gene dispensability and a framework for leveraging LoF mutations to study gene functions with
improved association studies.

Zhang et al. 2025). Adaptive gene loss contributes to the dynamic na-
ture of gene content evolution, where genomes are continuously
shaped by gains, losses, and modifications of genes (Sdnchez-Serna
et al. 2025). Previously in human studies, researchers have pointed
out that loss-of-function (LoF) variants are valuable for identifying
promising drug targets and assessing the safety of gene inhibition
(Minikel et al. 2020). Artificial gene knockouts in agriculture, like the
knockout of CYP79D1 and CYP79D2 in cassava to reduce cyanide levels
by 92% (Jorgensen et al. 2005), can accelerate plant breeding and crop
improvement.

Studying gene function in the context of dispensability provides in-

Introduction

Not all genes are essential for an organism’s survival. In the age of
pan-genomics, it is clear that many genes within a species’ genome
can be absent or lost. Moreover, gene loss can often be adaptive
(Smith 1970; Olson 1999; Orr 2005; Albalat and Cafiestro 2016;
Murray 2020; Klim et al. 2024). When certain genes become dispensa-
ble, their loss can lead to advantageous traits under specific environ-
mental conditions or selective pressures. For example, functional
disruption of CBF genes, which encode transcription factors that reg-
ulate the expression of various cold-responsive genes, improves fit-

ness in warmer climates in Arabidopsis (Monroe et al. 2016; Lee
et al. 2024). In humans, individuals with a homozygous knockout
for C-C chemokine receptor type 5 (CCR5) are resistant to HIV-1 infec-
tion (Liu et al. 1996). A plethora of adaptive gene loss cases has also
been reported in other plant, animal, and microorganism species
(Spielmeyer et al. 2002; Wong et al. 2012; Kvitek and Sherlock 2013;
Flannick et al. 2014; Claessens et al. 2017; Sharma et al. 2018; Gomez
et al. 2019; Cortinovis et al. 2024; Klim et al. 2024; Liu et al. 2024;

sight into which genes are essential for basic cellular processes, and
which can tolerate LoF mutations. Genes that can withstand LoF are
typically non-essential but may play significant roles in specialized
or redundant functions. Investigating the functions of these dispensa-
ble genes can reveal their contributions to phenotypic diversity and
adaptation. In traditional genetic research, the process started by
identifying a phenotypic change, followed by discovering the gene re-
sponsible for it, often resulting in the identification of previously
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unidentified genes. However, genes that had little or no influence on
commonly studied traits were largely overlooked. Non-essential
genes, by their nature, often don’t have significant effects on observ-
able phenotypes, thus are less studied and have poor functional
annotations.

Genome-Wide Association Studies (GWAS) aim to identify genetic
variants associated with specific traits by testing for allele-phenotype
relationships across large populations (Manolio 2010; Uffelmann et al.
2021). This method aids gene discovery and functional studies by re-
vealing how genes contribute to complex traits and diseases, offering
insights into new gene targets. However, allelic heterogeneity poses a
significant challenge in conventional GWAS. Allelic heterogeneity oc-
curs when different alleles at a single locus or different loci contribute
to the same trait, such as multiple independent LoF variants leading to
disrupted gene function, complicating the identification of causal var-
iants (Bergelson and Roux 2010). Over the past decades, the availabil-
ity of Whole-Genome Sequencing (WGS) data has revolutionized
genomic studies, and advances in predicting variant effects from
gene sequences have significantly contributed to human and medical
research (MacArthur et al. 2012; Brandes et al. 2023; Neville et al.
2024), paving the way for the exploration of genes by leveraging nat-
ural genetic variation. To study rare protein-coding variants and en-
hance the statistical power of their analysis, burden tests were
introduced. This approach aggregates genetic variants, typically
loss-of-function variants, within a gene to construct a “burden geno-
type,” which is subsequently tested gene-by-gene for associations
with phenotypes. LoF burden tests have proven instrumental in
gene discovery within human genomics (Backman et al. 2021;
Koprulu et al. 2022; Ivarsdottir et al. 2024; Spence et al. 2026).
Although conceptually similar to GWAS, they excel in prioritizing
the identification of distinct genes (Spence et al. 2026), offering a com-
plementary and powerful tool for genetic research.

Utilizing LoF alleles for genome-wide association studies offers sev-
eral additional advantages. Traditional GWAS relies on linkage to ge-
netic markers, which often identify broad genomic regions containing
hundreds of candidate genes, necessitating additional work to pin-
point causalloci. By directly associating functional states of individual
genes with phenotypes, LoF association testing provides a more tar-
geted approach. Furthermore, LoF burden tests provide actionable in-
sights, offering testable hypotheses for experimental validation.

In this study, we performed genome-wide LoF burden tests that
mitigate allelic heterogeneity by collapsing independent LoF alleles
to a single allelic state (LoF burden). We tested this approach with
transcriptome data, present evidence that collapsing alleles based
on their functional outcomes enhances the sensitivity of association
testing and offer a framework for gene function discovery through
LoF-expression associations.

Results and discussion

Pan-genome gene dispensability can be inferred from
predicted LoF based on a single reference genome

In total, we called 91,751 naturally occurring variants that have putative
LoF effects on genes from publicly available WGS data. This is higher
than previous estimates (Xu et al. 2019) because we combined both
small-scale mutations and structural variants (see Materials and
Methods). We emphasize that these are putative loss-of-function similar
to related analyses in humans (MacArthur et al. 2012; Emdin et al. 2018;

Rausell et al. 2020; Beaumont et al. 2024), and that their true effects
would require further experimental validation. The majority of those
LoF alleles have a lower expression level compared to their functional
counterparts, as expected (Figure S1). The variant calling process is based
on a single reference genome, Columbia (Col-0). To avoid confusion, we
note that gene dispensability refers to variation in gene presence/ab-
sence across the species pan-genome, while LoF tolerance refers to the
degree to which genes in the Col-O reference genome can withstand
loss-of-function mutations as predicted in our computational models.

To evaluate whether LoF calls from a single reference genome can
serve as a proxy for gene dispensability in the pan-genome, we
trained a random forest model to predict dispensability using gene
features. Input features included LoF frequency (from Col-0 calls), tis-
sue breadth, epigenomic patterns, and sequence composition, and the
dispensability status of each gene was derived from a recent
Arabidopsis pan-genome study of 32 genotypes (Kang et al. 2023),
where core genes were classified as “indispensable” whereas softcore
genes, dispensable genes and private genes were classified as “dispen-
sable” in the random forest model. The model achieved strong predic-
tive performance (AUC-ROC=0.811, Fig. 1a). Among all features, LoF
frequency was by far the most predictive with the highest Mean
Decrease Gini score, followed by tissue breadth and H3K36me3. A
model categorizing softcore genes as “indispensable” was also tested,
as they clearly represent a high degree of functional importance. This
model consistently demonstrated strong and reliable predictive per-
formance (AUC-ROC=0.842, Figure S2). These results indicate that
the frequency of LoF variants called against a single reference genome
is highly predictive of whether genes are dispensable in the pan-
genome, supporting the utility of single-genome LoF calls as a proxy
for broader pan-genome classifications.

LoF-tolerant and LoF-intolerant genes display distinct
features in Arabidopsis

Most genes have low LoF frequency across all accessions, and 10,999
genes remain functional (LoF frequency=0) in all 1,113 accessions
represented in the LoF allele matrix (Fig. 2a). To better understand
the distribution of LoF mutations, we categorized genes by their muta-
tional burden: 10,873 genes (39.7%) carry no predicted LoF mutations
in their gene body, 5,278 genes (19.3%) harbor only one, and the re-
maining 41.0% contain multiple independent LoF mutations
(Fig. 2b). Five genes have more than 100 independent LoF alleles accu-
mulating in the natural population, and they are either annotated as
hypothetical proteins/pseudogenes or predicted protein-coding genes
lacking protein-level evidence. It is likely that genes accumulating
many LoF variants are undergoing pseudogenization. When consid-
ering the mutations that lead to loss of function, the most prevalent
types of LoF variants we detected were frameshift mutations and pre-
mature stop codons, which represent 44.59% and 24.98% of all var-
iants, respectively (Fig. 2c), consistent with previous reports (Xu
et al. 2019).

Chromatin states, such as histone modifications, are closely linked
to gene regulation and function (Berr et al. 2011; Deal and Henikoff
2011; Liu et al. 2018). Because these epigenomic features can reflect
the functional importance of genes, we investigated whether gene tol-
erance to loss of function is associated with specific chromatin marks.
Genes were categorized into two groups according to their tolerance
to loss of function (tolerant: LoF frequency > 0). We found that genes
intolerant to LoF are enriched in H3K4mel, H3K4me2, H3K4me3,
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Figure 1 Random forest model of pan-genome gene dispensability pre-
diction. a) The ROC curve of the predictive model using Random Forest
(RF). An AUC-ROC value of ~0.5 is equivalent to random guessing, while
an AUC-ROC of 1 indicates perfect predictions. The diagonal dashed line
shows the expected performance of a model based on random guessing.
Curves closer to the upper left corner of the chart represent a better pre-
dictive performance than curves that are closer to the diagonal dashed
line. b) The Mean Decrease Gini of all the predictors in the RF model. A
higher Gini score signifies higher importance of the variable to the pre-
dictive model.

H3K9ac, H3K14ac, H3K23ac, H3K27ac, H3K36ac, H3K36me3, and
H3K56ac (Fig. 2d). These epigenomic marks are generally associated
with active gene transcription (Roth et al. 2001; Bannister and
Kouzarides 2011; Deal and Henikoff 2011; Liu et al. 2018; Lee et al.
2020; Jamge et al. 2023). However, the same enrichment was not ob-
served in H3K27me1, H3K9me1, and H3K9me2, which have been pre-
viously shown to be linked to gene repression or heterochromatin
formation (Noma K et al. 2001; Schotta et al. 2002; Deal and
Henikoff 2011; Pan et al. 2018). These findings are similar to those
in humans, where loss-of-function intolerant genes are enriched for
active epigenomic marks (Boukas et al. 2022). We further observed
higher Pn/Ps, higher Dn/Ds ratios, and lower neutrality index (NI)
(McDonald and Kreitman 1991) in genes tolerant to LoF, consistent
with these genes experiencing less purifying selection and reduced
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functional constraint compared to genes intolerant to LoF.
LoF-intolerant genes are also expressed in a wider range of tissue
types (higher tissue breadth), indicating their roles across diverse bio-
logical processes and developmental stages. Interestingly, we also
found that genes highly expressed in reproductive tissues exhibit sig-
nificantly lower LoF rates compared to the genome-wide average
(Figure S3a). This underscores the critical importance of reproduction-
related genes, which appear to be under stronger selective pressure.
As expected, genes with prominent mutant phenotypes (Lloyd and
Meinke 2012) also exhibit lower LoF frequencies compared to other
genes (Figure S3b).

Moreover, we performed functional analysis of LoF-tolerant and
LoF-intolerant genes (Table S1) using Gene Ontology (GO) terms.
LoF-intolerant genes are enriched with functionally important GO
terms that are vital to plants’ growth, reproduction, and development
(Fig. 2e). This is expected as detrimental LoF mutations in functionally
important genes would have been purged by purifying selection.
Conversely, the GO terms for LoF-tolerant genes (LoF frequency > 0)
are enriched in sesquiterpene metabolic process and defense-related
GO terms, including “Killing of Cells of Another Organism” and
“Defense Response” (Fig. 2f). Sesquiterpenes are a diverse group of
naturally occurring terpenes and play crucial roles in plants, includ-
ing defense mechanisms, environmental stress responses, communi-
cation and signaling, etc (Chizzola 2013). Plants maintain a delicate
balance in allocating energy and resources between defense and
growth (Giolai and Laine 2024). Previous research found that a muta-
tion in Replication Factor C Subunit 3 (RFC3) enhances resistance to
pathogen infection but also leads to developmental defects, including
smaller plant size, narrower leaves and petals, and reduced cell prolif-
eration (Xia et al. 2009). In certain environments, it may be advanta-
geous for plants to lose genes associated with defense mechanisms,
enabling greater allocation of resources toward overall growth and re-
production. The regulation of biotic and abiotic stress responses is
highly interconnected, with extensive signaling cross-talk shaping
plant adaptation (Jambunathan et al. 2001; Paparella et al. 2014;
Desaint et al. 2024). Recent studies highlight this trade-off: a disease re-
sistance gene in wild pepper was repeatedly lost at high temperatures,
indicating that pathogen resistance may entail fitness costs (Poulicard
et al. 2024), while species with lower pathogen pressure exhibit pro-
nounced loss of immune receptors during adaptation (Li et al. 2025).
Moreover, the convergent loss of plant immunity components across
multiple lineages underscores the complex coevolutionary interplay
between the immune system and drought tolerance, as these genes
are differentially regulated in defense and drought response path-
ways (Baggs et al. 2020). Interestingly, some cases of gene loss enhance
immunity without compromising growth and architecture (Castell6
etal. 2010; Wang et al. 2019), making these genes particularly valuable
for agricultural applications.

LoF-tolerant genes in Arabidopsis are also associated with
“Rejection of Self Pollen”, “Recognition of Pollen”, and “Pollen—Pistil
Interaction”. Because Arabidopsis is a dominantly inbreeding plant
species, the predominance of inbreeding may reduce the need for or
even select against the function of genes that mediate pollen—pistil in-
teractions and self-incompatibility. Notably, the GO terms associated
with LoF-tolerant genes show substantial overlap with those of genes
affected by copy number variations (CNVs) as reported by Zmienko
et al. (2020). These terms are significantly enriched for processes re-
lated to interactions with other organisms, defense mechanisms,
and stress responses. We also permuted the LoF-tolerant and
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Figure 2 Characteristics of loss-of-function (LoF) mutations in Arabidopsis. a) The histogram of LoF frequency of all Arabidopsis genes. Red dash line
indicates the 5% allele frequency threshold commonly used in Genome-Wide Association Studies. b) The histogram of numbers of independent LoF
mutations per gene. c) Percentage of each mutation type that causes gene disruption. d) Box plots of gene features of LoF-tolerant and
LoF-intolerant genes in Arabidopsis. The center line indicates the median; boxes represent the interquartile range (25th-75th percentiles); whiskers
extend to 1.5x the interquartile range. Statistical significance was assessed using a two-sided Student’s t-test. *** indicates P <0.001; NS indicates
not significant. e) Top 14 Gene Ontology (GO) terms of LoF-intolerant genes in Arabidopsis ranked by Fold Enrichment. f) Significant Gene
Ontology (GO) terms of LoF-tolerant genes in Arabidopsis ranked by Fold Enrichment.

LoF-intolerant gene lists, and no significant enrichment was observed
for either permuted list (Table S1), supporting the robustness of our
GO analysis results. Furthermore, LoF mutations are more commonly
tolerated in non-single-copy genes, as expected (Xu et al. 2019)
(Figure S3c).

We also observed a positive correlation between gene CDS length
and the number of accumulated LoF variants (P < 2.2 x 107¢), which
appears to depend on the functional importance of the gene.
However, despite this overall trend, some genes accumulate relatively
few LoF variants regardless of their length. This may indicate that
these genes are under stronger selective pressures, possibly due to
their constrained biological functions. (Figure S4).

Within- and cross-Species prediction of LoF tolerance
through epigenomic patterns

Histone modifications are well established as regulators of gene acti-
vation and repression (Bannister and Kouzarides 2011; Berr et al.
2011; Deal and Henikoff 2011; Liu et al. 2018). More recently, they
have also been implicated in DNA repair and mutation probabilities,
which can in turn shape the patterns of gene LoF (Monroe et al
2022; Quiroz et al. 2024). Building on this, we next set out to test if epi-
genomic information could serve as a broadly applicable predictor of
gene LoF tolerance in plants. Using a random forest model trained
with Arabidopsis thaliana histone marks, we achieved a moderate

predictive performance for gene LoF tolerance within the species,
with an AUC-ROC of 0.718 and H3K4me3 being the top predictor
(Fig. 3a and b). We applied the same approach to rice (Oryza sativa)
by training a separate random forest model with its corresponding
histone marks, achieving a similar result with an AUC-ROC of 0.767
and H3K4me3 being the most important predictor (Fig. 3c and d).
These results indicate that epigenomic features can be used to infer
LoF tolerance. To further evaluate the generalizability of these mod-
els, we tested them across species. When the Arabidopsis-trained mod-
el was applied to rice data, it achieved an AUC-ROC of 0.731 (Fig. 3e),
comparable to within-species predictions for Arabidopsis.
Conversely, the rice-trained model tested on Arabidopsis data yielded
a lower AUC-ROC of 0.630 but still outperformed a random expecta-
tion (Fig. 3f). This cross-species validation underscores the potential
of conserved epigenomic features as reliable predictors of gene LoF
tolerance across diverse plant species. Interestingly, the
Arabidopsis-trained model predicted LoF tolerance in rice nearly as
well as it did within Arabidopsis, whereas the rice-trained model
did not transfer well to Arabidopsis, despite performing strongly with-
in rice. One possible explanation is that LoF calls in rice may be less
comprehensive or accurate. In our analysis, rice LoF variants were re-
stricted to high-effect annotations from SnpEff, which may underesti-
mate true LoF variation compared to the more extensively curated
Arabidopsis dataset. Another contributing factor may be that
species-specific relationships between epigenomic features and LoF
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tolerance are stronger in rice, which would limit the generalizability
of rice-trained models to Arabidopsis. We emphasize that the exact ex-
planation remains uncertain, but that these are potential possibilities.

Collapsing LoF alleles into their functional states
mitigates allelic heterogeneity in association testing

Gene loss of alocus can be caused by multiple independent molecular
variants, for example, a frameshift mutation or the introduction of a
premature stop codon. This phenomenon is called allelic heterogene-
ity and can be problematic for the conventional functionally agnostic
genome-wide association studies, potentially masking important loci
(Monroe et al. 2021). Categorizing variants by their predicted function-
al effects should theoretically increase our ability to detect causative
loci exhibiting allelic heterogeneity. Building on this idea,
loss-of-function burden tests have been developed to aggregate the ef-
fects of multiple rare or independent LoF variants within a gene into a
single burden score. By collapsing these variants at the gene level, this
approach enhances statistical power to detect associations between
gene disruption and phenotypic variation, even when individual var-
iants are too rare to show significant effects on their own (Povysil et al.
2019). Based on the prediction of variant effects on gene function, we
created uncollapsed and collapsed LoF matrices, respectively
(Materials and methods, Fig. 4a). Gene expression as a class of quan-
titative traits can be highly heritable and have complex genetic archi-
tecture (Kliebenstein 2009). In this study, we utilized gene expression
as a suite of quantitative traits to evaluate the performance of LoF

burden tests for gene discovery in association studies in plants, testing
for the effects of candidate loci on the expression of thousands of
genes at a time. Using the collapsed LoF matrix and transcriptome
data from the 1001 Genomes collection of Arabidopsis thaliana
(Kawakatsu et al. 2016), we performed genome-wide LoF
burden-expression tests, which yield 14,175 significant associations
after stringent filtering processes (Materials and methods, Fig. 4b).
The loss of function of one gene is associated with the expression of
up to 175 other genes, although the majority of LoF genes are associ-
ated with the expression of fewer than 50 genes (Fig. 4c). Similarly, in-
dividual expressing genes are associated with up to 80 expression
quantitative trait loci (eQTLs), with most genes linked to fewer than
20 eQTLs (Fig. 4d). Statistically, the power to detect associations in-
creases with the allele frequency of a variant, which is why common
genetic variants have been extensively studied, while rare variants re-
main a compelling frontier in GWAS (Lee et al. 2014; Auer and Lettre
2015). Interestingly, we observed a higher number of significant
LoF-expression associations for genes with either very low or very
high LoF frequencies (Figure S5). A possible explanation for this pat-
tern is that genes with low LoF frequencies are likely to be function-
ally pleiotropic, and their loss is more likely to affect the expression
of numerous other genes. Alternatively, this result could reflect a
bias in the detection of non-normally distributed phenotypes with
rare variants (Beasley et al. 2009; McCaw et al. 2020), which we there-
fore aimed to address.

To further reduce false positives and eliminate the bias of allele fre-
quency, the P-value of each association test was ranked among the
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LoF association testing. More high-ranking associations were identified with the LoF burden approach. Dash line represents null expectation

(ratio=1).

first 100 simulations, and the 101st simulation was also ranked among
the same 100 simulations to generate a null distribution of the rank
matrix (Fig. 4b). An enrichment of high ranks (eg rank 1 to 10) was ob-
served in the LoF-expression associations while the null scenario is
evenly distributed (Figure S6), suggesting more significant associa-
tions between gene LoF and gene expression than expected by chance.
To test if collapsing LoF alleles mitigates allelic heterogeneity and, as a
result, increases the power of association testing, we performed the
same approach with the uncollapsed LoF allele matrix. Overall, a re-
duction in high-rank and an increase in low-rank LoF-expression as-
sociations were observed with the uncollapsed LoF allele associations.
Specifically, there was a 17.2% decrease in the percentage of rank 1
associations (Fig. 4e, Figure S6). This aligns with the expectation that
LoF burden approaches, which contrast alleles based on their func-
tional state rather than individual variants or linked SNPs, have im-
proved power by overcoming allelic heterogeneity. Intriguingly, we
observed a slight enrichment of rank 101 associations in both col-
lapsed and uncollapsed tests. This pattern is likely attributable to cor-
rection for genetic relatedness in a GWAS framework, caused by
extreme covariance between allele states and the kinship matrix. To
further investigate, we performed associations without accounting
for kinship, using a simple linear regression model. While this ap-
proach resulted in no enrichment at low ranks (eg rank 90 to 101)
and a much higher number of rank 1 associations, as expected for
true positives, many still are likely false positives driven by spurious
correlations due to genetic relatedness (Figure S6).

LoF-expression associations recapitulate the canonical
flowering regulatory network

In the global analysis of LoF-expression associations, we identified
11,445 significant positive (eg LoF in gene A is associated with in-
creased expression in gene B) and 2,730 negative associations for a

ratio of positive/negative of 4.2 (Table S2). These associations can be
visualized as a gene network that captures the significance and direc-
tionality of each association (Fig. 5a). The observed enrichment of pos-
itive LoF-expression associations could result from repressor genes
being more tolerant to loss of function, or from a detection bias in
RNA-seq favoring highly expressed genes with greater statistical
power. To assess whether the unbalanced ratio of positive to negative
associations has biological significance or is merely a statistical arti-
fact, we applied the same filtering process to 50 simulated datasets
generated by permuting LoF and functional alleles. Surprisingly, the
simulations produced even higher positive-to-negative association ra-
tios (Figure S7a). This indicates that the inflation of positive associa-
tions could be largely driven by artifacts in the association testing.
However, the number of biologically meaningful positive
LoF-expression associations we observed is actually lower than ex-
pected by chance, suggesting that the real data may be less influenced
by statistical noise than the permuted datasets and therefore more re-
flective of true underlying biological relationships. To explore
whether the non-normal distribution of expression data contributes
to this bias, we applied a rank-based inverse normal transformation
(INT) (McCaw et al. 2020). However, INT did not fully normalize the ex-
pression data, as 8,589 genes (37.5% of all expressed genes) remained
non-normally distributed due to an abundance of zero-value observa-
tions (Shapiro-Wilk normality test, P<0.05). After excluding these
genes, the positive-to-negative association ratio dropped to 0.63, while
the 50 simulations averaged 1.06 (One-Sample t-test, P<2.2x 10716,
Figure S7b). These findings suggest that the observed bias toward pos-
itive associations is driven by enrichment of type I errors for positive
associations due to the skewed distribution of the expression pheno-
type and unequal group sizes in the binary predictor, which should
be carefully considered in future eQTL studies, particularly when an-
alyzing associations with rare alleles. Additionally, the higher preva-
lence of negative LoF-expression associations suggests that many
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Figure 5 LoF burden-expression association recapitulates the canonical flowering regulatory network. a) The gene network constructed from LoF
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Genes serving as both LoF and Exp genes are depicted as circles. The edges denote directed associations from LoF genes to Exp genes, with edge colors
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showing variant positions or deletions. Numbers above bars indicate the rank of LoF-expression associations across 100 simulations.

genes may function to promote the expression of others, consistent
with widespread positive regulatory interactions in the transcrip-
tome. An additional source of potential bias is that LoF variant detec-
tion and RNA-seq expression estimates may both be affected by
genetic distance from the Col-0 reference, such that read alignment
in divergent accessions could artificially increase the apparent num-
ber of negative LoF-expression associations.

Given the concerns about the imbalance between positive and neg-
ative associations, we next asked whether the directionality of these
associations aligns with known gene functional relationships inferred
from independent datasets. Subsequently, we constructed gene coex-
pression networks using Spearman correlation based on gene expres-
sion data. The global patterns revealed that gene pairs with negative
LoF-expression Beta coefficients exhibit higher coexpression coeffi-
cients compared to those with positive Beta coefficients (Fig. 5b). To
explore the spatial linkages of these significant gene pairs, we calcu-
lated the Jaccard similarity index of their tissue-specific expression
profiles, finding that gene pairs with negative Beta coefficients also

tend to be expressed in similar tissues (Fig. 5¢). A gene pair with a neg-
ative LoF-expression Beta coefficient is positively co-regulated—per-
haps part of the same pathway or functional module, where the
activity of one gene supports or enhances the activity of the other
(Eisen et al. 1998). It is natural that they are also expressed in similar
tissues as genes involved in the same biological processes often exhibit
tissue-specific coexpression because their function is required in spe-
cific cell types or environmental conditions (Marbach et al. 2016;
Sonawane et al. 2017). On the other hand, genes in antagonistic rela-
tionships are less likely to be directly coexpressed because their regu-
lation is inverse rather than synchronous. Consequently, lower
coexpression coefficients are expected for gene pairs with positive
Beta coefficients. These findings underscore a strong functional and
spatial connection between significantly associated LoF-expression
gene pairs, suggesting their potential involvement in coordinated bio-
logical processes.

Due to the poor annotation of many less-studied non-essential
genes, interpreting many of these associations remains challenging.
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Nevertheless, the LoF burden-expression tests effectively captured as-
sociations between FRIGIDA (FRI), a major determinant of natural
variation in Arabidopsis flowering time, and its downstream targets
in the well-studied flowering time pathway. These associations exhibit
remarkable statistical significance, with directionalities that align
with findings from previous empirical studies (Fig. 5d and e).
Specifically, the LoF of FRI is negatively correlated with the expression
of FLOWERING LOCUS C (FLC), consistent with earlier reports that FRI
activates FLC transcription (Clarke and Dean 1994; Gazzani et al. 2003;
Choietal. 2011). Additionally, positive associations were observed be-
tween the LoF of FRI and the expression of FLOWERING LOCUS T (FT)
and SUPPRESSOR OF OVEREXPRESSION OF CONSTANS1 (SOC1),
which is consistent with findings that FT facilitates the activation of
SOC1 (Yoo et al. 2005) and that FLC binds and represses FT and
SOC1 (Deng et al. 2011).

LoF burden-expression tests also identified a positive association
between FRI LoF and AGAMOUS-LIKE 9 (AGL9) expression, a gene
downstream of FT that promotes flowering (Mandel and Yanofsky
1998; Yu and Goh 2000; Hsu et al. 2003; Gao et al. 2021). Similarly, a
positive association was noted with SQUAMOSA PROMOTER
BINDING PROTEIN-LIKE 15 (SPL15), known to promote FT (Kim
et al. 2012), mediate floral transition (Xu et al. 2016), and which is re-
pressed by FLC (Deng et al. 2011). Another notable association is with
the expression of AT2G20440, a Ypt/Rab-GAP domain protein whose
knockout results in early flowering (Chien et al. 2023), though the mo-
lecular mechanism and its interactions with other flowering genes
warrant further investigation.

Furthermore, our results uncovered associations involving FRI,
including genes such as AT5G10390 (HISTONE 3.1), AT3G06455
(ubiquitin family protein), AT3G23955 (F-box family protein), and
AT3G60270 (Cupredoxin superfamily protein). Notably, LoF
burden-expression tests not only detected direct targets of the LoF
gene but also downstream pathway components, exemplified by cap-
turing associations between FRI and FT, with FLC as an intermediary
(Fig. 5d). These findings highlight the power of LoF burden-expression
tests to dissect complex regulatory networks, offering insights into
gene interactions and uncovering both known and previously un-
characterized biological connections.

Because the fri-FLC relationship serves as a positive control whose
causality is extensively supported experimentally, it served as a test
case for examining the consequence of allelic heterogeneity in gene
discovery. We therefore compared the uncollapsed LoF-expression as-
sociation results to the collapsed LoF burden approach, focusing on as-
sociations involving FRI. When associating with FLC expression,
collapsing LoF alleles resulted in a notably reduced P-value, under-
scoring the increased sensitivity of the collapsed approach.
Interestingly, the strongest signal in the uncollapsed association test-
ing was driven by a large structural deletion (Fig. 5f). This finding is
particularly striking, as structural variations have often been under-
explored in traditional GWAS analyses. In the case of the FT associa-
tion, the collapsed LoF burden test produced a slightly less
significant P-value compared to the most significant uncollapsed var-
iant. However, the LoF burden approach achieved a higher rank
across simulations (Fig. 5g), suggesting greater robustness in identify-
ing biologically relevant associations. Overall, these observations
highlight that collapsing alleles with shared functional consequences
may reduce noise and better capture the cumulative effects of LoF var-
iants on trait variation. This further supports the utility of collapsing
LoF alleles in LoF burden tests as a strategy to uncover subtle but

meaningful genetic associations, particularly in traits influenced by
complex genetic architectures.

LoF burden tests with flowering time capture FRIGIDA
as a key regulator

Inspired by the identification of the flowering time network through
LoF burden tests with gene expression data, we sought to investigate
whether association tests with phenotypic traits, such as flowering
time, could yield similar insights. To explore this, we conducted
genome-wide LoF burden tests for flowering time at 10 °C and 16 °C
(1001 Genomes Consortium 2016) using EMMAX. As anticipated, FRI
LoF emerged as a highly significant gene for flowering time at both
temperatures, with results nearing or surpassing a stringent
Bonferroni-corrected P-value threshold. However, no other significant
associations were identified under these conditions (Fig. 6a and b). In
addition to modeling kinship as a random effect, incorporating the
top five principal genetic components as fixed effects produced nearly
identical results (Figure S8 and S9), suggesting that the kinship matrix
already captures most of the underlying population structure.

In GWAS, correction for kinship or population structure can obfus-
cate true causal relationships. This challenge is especially pronounced
for flowering time, since the trait itself contributes to non-random
mating and thus generates structured populations. In such cases, cor-
rections for kinship or population structure may disproportionately
remove true associations, making it particularly difficult to disentan-
gle confounding from genuine biology. To evaluate whether relaxing
structure control uncovers additional meaningful signals, we tested
association models with different levels of control for kinship and
population structure (Materials and methods). Specifically, we per-
formed a simplified version of the LoF burden tests using linear mod-
els, with or without the top five PCs as covariates. Under this less
stringent approach, a considerable number of associations surpassed
the Bonferroni and FDR threshold, in addition to FRI (Fig. 6¢c and d,
Figure S8). Distinguishing whether these signals represent false posi-
tives due to uncorrected population stratification or whether they
are genuine biological associations is challenging, as the Quantile—
Quantile plot remained severely inflated even after incorporating
the top five PCs (Figure S9). A notable case in this regard is
AT1G11520, which appeared among the most significant hits at both
10 °C and 16 °C in the linear models. Previous research by Liu et al.
(2021) used a deletion-based genome-wide association approach
and found that accessions carrying a 182-bp deletion in AT1G11520
exhibited delayed flowering. Interestingly, all accessions from north-
ern Sweden contained this deletion, highlighting a strong population
structure. This high degree of population stratification likely explains
why this signal was lost when structure was controlled for in our
analysis. However, we acknowledge that D.-X. Liu et al. (2021) ana-
lysed the same Arabidopsis 1001 Genomes dataset, and this associa-
tion has not been confirmed in independent datasets or through
experiments. Other highly significant associations revealed here also
yield compelling candidates (Table S3). For example, multiple
MADS-box genes show associations with flowering time at 10 °C, in-
cluding AT2G41445 (P=6.43x107%%), AT2G41440 (P=6.71x1072%),
AT4G11880 (P=9.69x107'), and AT2G41470 (P=1.84x107%), etc.
Members of the MADS-box gene family are well known for their roles
in the transition to flowering (Parenicovd et al. 2003). In particular,
AT4G11880 (AGAMOUS-LIKE 14, AGL14) has previously been shown
to promote flowering (Pérez-Ruiz et al. 2015; Chen et al. 2022), aligning
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Figure 6 LoF burden tests with flowering time capture FRIGIDA as a key regulator. a & b) Manhattan plots showing genome-wide LoF burden tests
using EMMAX with flowering time at 10 °C and 16 °C, respectively. Each point represents the LoF burden test for a specific gene, with colors indicating
the chromosome on which the gene is located. The genomic position of each gene is determined as the midpoint between its start and end positions,
based on the Col-0 gene annotation. The dashed black line indicates the significance threshold determined by Bonferroni correction, with FRIGIDA
(AT4G00650) being the only gene surpassing this threshold. Dotted grey lines represent the largest significant FDR-adjusted P-value. ¢ & d)
Manhattan plots showing genome-wide LoF burden tests using a linear model approach with flowering time at 10 °C and 16 °C, respectively. A sub-
stantial number of associations exceeded both Bonferroni and FDR thresholds.

with our finding that loss-of-function of AGL14 is associated with in-
creased flowering time, despite its low LoF allele frequency (LoF fre-
quency =0.036).

Similarly, loss of function in AT1G08620 (JUMON]I DOMAIN-
CONTAINING PROTEIN 16, JMJ16) is significantly and positively asso-
ciated with flowering time at both 10°C and 16 °C (Fig. 6c and d,
Figure S8), suggesting a role for /M/16 in promoting flowering. The
Arabidopsis genome encodes six homologs of Lysine Demethylase 5
(KDM5): JMJ14, JMJ15, JM]J16, JMJ17, [MJ18, and JMJ19 (Lu et al.
2008). While previous studies reported no discernible phenotype for
JMJ16 mutants in the Col-0 background (Yang et al. 2010), other mem-
bers of this family—such as JMJ14, which represses the floral transi-
tion (Yang et al. 2010), and /MJ15 and JMJ18, which promote
flowering (Yang et al. 2012a, 2012b)—support the plausibility of a reg-
ulatory role for JMj16 as well. It is possible that the lack of a phenotype
previously observed in the Col-0 background reflects epistatic interac-
tions with other loci, such as the inactive FRIGIDA allele in Col-0
(Johanson et al. 2000; Risk et al. 2010), which may mask flowering-
related effects of JMJ16 loss of function.

Another noteworthy candidate is AT1G18510 (TETRASPANIN 16,
TET16), which also shows a significant association with flowering
time at both 10 °C and 16 °C (Fig. 6¢ and d, Figure S8). While the role
of tetraspanins in plant development remains poorly understood, pri-
or studies suggest they may contribute to reproductive processes in
flowering plants (Wang et al. 2012, 2015; Boavida et al. 2013).

Previous expression and regulatory analyses have implicated TET3
in the flowering response under low temperatures, including interac-
tions with key flowering time regulators such as PSEUDO-RESPONSE
REGULATOR 5 (PRR5), AGAMOUS-LIKE 15 (AGL15), and PHYTO
CHROME INTERACTING FACTOR 4 (PIF4) (Wang et al. 2015). The iden-
tification of TET16 in the flowering time association suggests it may
have a role in flowering regulation. We should also emphasize that
although we cannot fully exclude the possibility of spurious associa-
tions due tolimited control for kinship or population structure in these
cases, the strength of these associations suggests they may reflect true
biological effects and thus merit further investigation.

Current limitations and potential improvements

Our LoF calling strategy, while effective, is not without its limitations.
Using a single reference genome simplifies analyses but inherently
limits our ability to capture variation across diverse genomes. Genes
absent in the reference genome or structural rearrangements that de-
viate from it cannot be accurately assessed. For example, tools like
SnpEff rely on genome annotations that, while powerful, cannot per-
fectly predict the functional impact of all variants. Furthermore, our
approach considers genetic variants individually. In rare cases, LoF
effects may be rescued by compensatory mutations, such as a frame-
shift mutation restored by a subsequent deletion, which can lead to
functional outcomes.
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However, as a famous saying goes, “All models are wrong, but some
are useful” (Box 1976), our genome-wide LoF burden tests successfully
captured the textbook flowering regulatory networks centered
around FRI, validating its usefulness. Notably, a naturally occurring
16-base-pair deletion is found in the loss-of-function FRI allele in
Col-0 (Johanson et al. 2000; Risk et al. 2010). This demonstrates that
even with imperfect reference-based predictions, functional out-
comes of genetic variants can still be inferred. The FRI associations,
while not the most statistically significant among all LoF-expression
association results (Fig. 5d), exemplify the power of LoF burden tests
to uncover biologically meaningful signals. This suggests that our da-
taset of LoF-expression associations represents a unique resource that
may contain other true biological interactions warranting further ex-
ploration (Table S2).

To address some of the challenges mentioned above, several im-
provements can enhance LoF prediction in future studies. To begin
with, transitioning from single-reference genomes to pan-genomes
would enable better representation of genetic diversity across popula-
tions, capturing dispensable genes that are absent in the reference.
Moreover, integrating tools like AlphaFold could help predict how spe-
cific genetic variants impact protein function, providing a more pre-
cise definition of LoF.

An intrinsic limitation of our methodology is the statistical chal-
lenge posed by low allele frequency. In standard GWAS, detecting sig-
nificant signals is generally easier when the minor allele frequency
(MAF) of a variant is higher. Variants with a MAF below 5% are often
excluded from analysis to maintain statistical power and minimize
false positives. To ensure the robustness of our candidate selection,
we adopted this approach in our study. However, this filtering led to
the removal of a large proportion of genes (Fig. 2a), particularly those
essential for plant survival. For instance, while we successfully iden-
tified FRI as a key regulator of flowering time through LoF burden as-
sociation testing, other well-known regulators such as FLC and FT
were not captured because they did not meet the 5% MAF threshold.
That is, the function of genes with few or no natural LoF cannot be
studied with this kind of analysis. This limitation is particularly rele-
vant for LoF-intolerant genes, which are often involved in critical bio-
logical processes, exhibit low LoF frequencies, and are consequently
underrepresented in LoF association testing. These findings align
with the recent report by Spence et al. (2026), which highlights that
LoF burden tests often fail to prioritize genes based on their impor-
tance to a trait. This is because the most trait-critical genes are typi-
cally highly constrained and have the lowest LoF variant
frequencies. Additionally, Spence et al. noted that gene length signifi-
cantly influences the power of LoF burden tests, consistent with our
observation that coding sequence length is positively correlated
with the number of accumulated LoF variants in Arabidopsis. On
the other hand, this underscores the importance of accurate LoF var-
iant calling and the aggregation of all LoF variants, as these steps can
substantially increase the LoF frequencies of genes of interest, im-
proving their representation in association studies.

Conclusion and future directions

In this study, we explored the characteristics and functional signifi-
cance of genes tolerant of accumulating putative loss-of-function al-
leles. Although these genes are not essential for plant survival, they
often play specialized roles in processes such as defense and environ-
mental adaptation. Their functions, however, remain underexplored

due to functional redundancy and their non-essential nature. To ad-
dress this, we constructed a comprehensive LoF allele matrix using
available whole-genome sequencing data, detailing the functional sta-
tus of every gene across all accessions represented in the 1001
Genomes Project (Table S4), in the hope that this LoF matrix will serve
as a valuable resource for advancing Arabidopsis genetic studies.
Building upon a previous insightful study (Xu et al. 2019) on
Arabidopsis LoF variation, our work further incorporates structural
variants—an important but sometimes underrepresented source of
gene disruption—into LoF calling, and consolidates all LoF variants
into gene-level LoF burdens to overcome allelic heterogeneity. We
then applied a function-based burden test approach, leveraging
gene expression and flowering time as phenotypes to evaluate its ef-
fectiveness. Our LoF burden tests successfully identified associations
between gene pairs, including those within well-characterized flower-
ing time networks and previously uncharacterized genes, offering in-
sights into both previously undescribed and well-established
functional connections.

Our framework for LoF burden tests was developed in Arabidopsis,
but future applications will need to account for the added genetic com-
plexity of plant species with high heterozygosity or polyploidy. In such
genomes, distinguishing true LoF variants from technical artifacts can
be complicated by multiple homeologous or paralogous gene copies,
making accurate read mapping and variant calling more challenging.
Moreover, functional redundancy in large gene families, where LoF
alleles may segregate in a dosage-dependent manner, may mask the
phenotypic consequences of individual gene loss, reducing the power
to detect meaningful associations. Extending this approach to crops
with highly duplicated genomes will therefore require strategies
that integrate gene copy-number variation, dosage effects, and
subgenome-specific regulation. For applied research, understanding
how LoF variants affect agriculturally relevant traits could have sig-
nificant implications for plant breeding by accelerating the discovery
of targets for CRISPR-mediated knockouts. Could we manipulate dis-
pensable genes or create synthetic LoF alleles to improve stress resil-
ience, yield, or nutrient use efficiency? These questions not only
provide exciting avenues for future exploration but also underline
the importance of studying LoF variants within an integrated frame-
work that connects evolutionary biology, functional genomics, and
agricultural applications.

Materials and methods
Arabidopsis LoF calling and LoF matrix

Loss-of-function variants were called from publicly available
Whole-Genome Sequencing data, including SNP variants and small in-
del calls for 1,135 Arabidopsis accessions from the 1001 Genomes
Project (1001 Genomes Consortium 2016) and structural variants
and indel calls for 1,301 accessions (Goktay et al. 2021). The VCF
from the 1001 Genomes Project annotated using SnpEff was down-
loaded from the 1001 Genomes Data Center (https:/1001genomes.
org/data/GMI-MPI/releases/v3.1/1001genomes_snpeff v3.1/). The pro-
gram snpEff (Cingolani et al. 2012) is widely used to annotate muta-
tion effects from genotype variants. Variants annotated as “High”
impact are considered as putative LoF variants. Those include “sto-
p_lost”, “stop_gained”, “start_lost”, “frameshift”, “splice_donor_var-
iants”, and “splice_acceptor_variants”. For structural variants, we
mainly focus on deletions as they constitute the majority of the data.
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A deletion variant is considered a LoF mutation if it either causes a fra-
meshift by disrupting the reading frame (ie, the deletion overlaps the
coding DNA sequence in a length not divisible by three) or removes
more than 10% of the coding sequence of the affected transcript. It
is also assumed that the protein product could still be functional
with a change in the first and last 5% of the coding sequence, as an al-
ternative start/stop codon may rescue the disrupted transcript, and
thus variants that only affect the first and last 5% of the coding se-
quence were therefore systematically removed (MacArthur et al.
2012). Lastly, to ensure true knockout of a gene and reduce false pos-
itives, only variants that disrupt all gene models for the gene of inter-
est are kept. With the prediction of LoF alleles, a LoF allele
matrix is generated to reflect the relationship between accessions
and LoF alleles. Independent LoF alleles of the same gene were then
collapsed into a single allele state. The collapsed LoF allele
matrix represents a binary state of LoF or functional for
each accession-gene combination, where LoF alleles are shown as
“1” and functional alleles are shown as “0” in the LoF allele matrix
(Table S4).

Arabidopsis expression matrix

An expression matrix was generated based on the 1001 Arabidopsis
transcriptomes (Kawakatsu et al. 2016) after correction for batch ef-
fect. It reflects the log,-transformed transcript level for every acces-
sion-gene combination. The NaN values after log, transformation
were replaced with the lowest transcript value among all accessions
for each gene.

To test if the non-normality of expression data changes the scale of
LoF-expression associations, we applied a rank-based inverse normal
transformation (INT) to normalize non-normally distributed expres-
sion data. Non-missing values were ranked (with ties assigned
the average rank) and transformed into a standard normal distribu-
tion using the inverse cumulative distribution function of the
normal distribution. The transformed values retained the original
rank order.

Gene ontology analysis

GO enrichment of LoF-tolerant and LoF-intolerant genes was per-
formed using ShinyGO 0.81 (http:/bioinformatics.sdstate.edu/go/)
(Ge et al. 2020). An FDR-adjusted P-value cutoff of 0.05 was adopted
to identify significantly enriched GO terms.

Arabidopsis gene features and epigenomic data

We compiled and generated data on genome-wide sequence and epi-
genomic features of Arabidopsis to construct a high-resolution predic-
tive model of pan-genome gene dispensability. Polymorphism was
previously calculated from the 1001 genomes project (1001
Genomes Consortium 2016). Tissue breadth data were obtained
from Mergner et al. (2020). Additionally, we retrieved 62
BigWig-formatted datasets from the Plant Chromatin State Database
(Liu et al. 2018), detailing the distribution of histone modifications,
including H3K4me2, H3K4mel, H3K4me3, H3K27ac, H3K1l4ac,
H3K27mel, H3K36ac, H3K36me3, H3K56ac, H3K9ac, H3K9mel,
H3K9me2, and H3K23ac. For each modification, signal intensities
were normalized (0 to 1) and averaged across each genomic region
for downstream analyses.
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Rice LoF-tolerant genes and epigenomic data

To obtain a list of LoF-tolerant genes in rice, a set of 29 million biallelic
SNPs with SnpEff annotation was downloaded from the International
Rice Research Institute (IRRI) Rice SNP-Seek Database (https://s3.
amazonaws.com/3kricegenome/snpseek-dl/NB_bialSNP_pseudo_canonical
ALL.vcf.gz). This dataset consists of 3,024 genotypes and was mapped
to the O. sativa cv. Nipponbare IRGSP 1.0 reference genome (Wang
et al. 2018). Any genes with variants annotated with “High” impact
were extracted. To build predictive models of LoF tolerance, the
Arabidopsis and rice epigenomic data were obtained from Lu et al.
(2019).

Random forest predictions

Random Forest Predictions in this study were performed using the R
package “randomForest”. Pan-genome dispensability and gene LoF
tolerance were converted to binary factors. For pan-genome dispens-
ability prediction, a dataset of 25,611 genes with 19 gene features was
used. For LoF tolerance prediction through histone marks, 27,206
Arabidopsis genes and 55,986 rice genes with corresponding epige-
nomic data were included. We applied 10-fold cross-validation with
balanced training sets, randomly downsampling the majority class
to match the minority class in each fold. The predictors (gene features
or histone marks) were fitted into the model with 500 decision trees
(ntree =500). Model performance was assessed using receiver operat-
ing characteristic (ROC) curves and the area under the curve (AUQ),
with feature importance quantified by the Mean Decrease in Gini.
All genes were held out exactly once for validation, and predictions
and variable importance were aggregated across folds to obtain ro-
bust performance metrics. For cross-species predictions, all available
data were used for model building after balancing.

Gene coexpression network and coefficient

To measure gene co-expression, we used previously published data
from 874 transcriptomes of natural Arabidopsis genotypes, capturing
stochastic interindividual variation. We calculated all-by-all expres-
sion correlations using Spearman correlation coefficients, employing
the mr2mods program (Kawakatsu et al. 2016; Wisecaver et al. 2017).
This data was previously published by Katz et al. (2022).

Genome-wide LoF burden tests and permutations

Genome-wide association testing through LoF burdens was per-
formed using the EMMAX algorithm (Kang et al. 2010) with the func-
tion “cGWAS.emmax” in the R package “cpgen”. The collapsed or
uncollapsed binary LoF allele matrix was input as the marker matrix,
and the expression level of each gene from the expression matrix was
input as a phenotype for each association testing. The kinship matrix
derived from SNP data (https:/1001genomes.org/data/GMI-MPI/
releases/v3.1/SNP_matrix_imputed_hdf5/) was used in the model to
control for genetic relatedness.

To mitigate the bias of allele frequency in association studies, we
performed 101 permutations for the collapsed and uncollapsed LoF
allele matrices, respectively. The order of LoF or functional alleles
(“1” or “0” in LoF allele matrix) was shuffled for each gene (or allele
for the uncollapsed matrix), but the same allele frequency was main-
tained. The 101 simulated LoF matrices were input into the LoF asso-
ciation testing pipeline as described above. The P-values from the
LoF-expression associations were then compared to and ranked
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among the simulated values from 100 permutations. A rank matrix
was obtained, showing the rank of the P-value or the absolute value
of the beta coefficient among 100 simulations for each
LoF-expression association. The 101st simulated P-value matrix was
also ranked among the 100 simulations to create null rank matrices.
Besides expression association, we also obtained flowering time
phenotype at both 10 °C and 16 °C from the 1001 genome project
(1001 Genomes Consortium 2016). Association tests with flowering
time were modeled with different levels of confounding effect control.
Specifically, four commonly used approaches were tested:

1. Naive linear model (GLM): y=xB+¢

2. Linear model with top 5 principal
y=xB+Cy+e¢

3. Linear mixed model with kinship using EMMAX: y=x8+ u+e¢

4. Linear mixed model with top 5 PCs and kinship using EMMAX:
Yy=xB+Cyr+u+ce

components (PCs):

In these equations, y denotes the phenotype of interest, x3 repre-
sents the effect of the alleles being tested, and ¢ is the residual error
term. In models that include principal components, Cy captures the
contribution of the top 5 PCs, which account for broad-scale popula-
tion structure. In models that include kinship, u is a random effect
with distribution u ~ (0, 0,2 K) , where K is the kinship matrix used
to model relatedness among individuals. The genetic principal compo-
nents were calculated from the 1001 genomes VCF using Plink.

Candidate filtering

To minimize false positives, association hits underwent a series of
stringent filtering steps. First, the P-values of LoF-expression associa-
tions were corrected for multiple comparisons using the false discov-
ery rate (FDR) method implemented in the “p.adjust” function.
Associations with an FDR-adjusted P-value greater than 0.05 were ex-
cluded. Second, to eliminate potential linkage effects, gene pairs lo-
cated within 1,000 kb of each other were removed. Genes annotated
as “hypothetical” were also removed. Finally, only candidates with
the top-ranked (rank 1) P-value among 100 simulations were retained,
ensuring only the most robust associations were considered for down-
stream analysis. While other high-ranking associations were not in-
cluded in subsequent analysis, they may still represent biologically
meaningful signals.

Gene network

We constructed and visualized a gene interaction network based on
LoF burden-expression associations using the R package “igraph”.
Genes are represented as nodes, with edges indicating the relation-
ships between LoF genes and their associated expression genes. The
strength of these associations is weighted by statistical significance,
while directionality is distinguished based on whether the association
is activating or repressing.
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