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Abstract
Background  The maize inbred line Chang7-2 and derived lines are important male 
donors for hybrid production, contributing significantly to the development of 
high-yield and stress-tolerant hybrids. Additionally, Chang7-2 serves as a valuable 
model inbred line for genetic and genomic studies, facilitating the discovery of genes 
underlying hybrid vigor and other agronomic traits.

Results  Here, a reference genome assembly and a chemical-induced mutant 
population (N = 1,716) through ethyl methyl sulfonate (EMS) treatments are generated 
using Chang7-2. Each EMS line is whole genome sequenced and compared to the 
Chang7-2 genome, identifying 2,586,769 mutations with 4,939 mutations causing 
premature stop codons or altered splicing sites. The effect estimation of mutations 
using two large language artificial intelligence (AI) models, namely the protein 
language model ESM1b and the DNA language model PlantCaduceus, reveals 15,264 
and 18,326 deleterious mutations, respectively. Mutation effects estimated with AI 
models accelerate revelation of four causal mutations underlying phenotypes of 
albino leaf, reduced cuticular wax, altered seed color, and male sterility. In addition, 
allelic expression quantification of genic mutations in 13 EMS M1 lines and their M2 
heterozygous progeny, which contain both wildtype and mutant alleles, shows that 
mutant alleles are overall accumulated at a lower level compared to wildtype. Such 
allelic disparity is observed for some synonymous mutations, indicating they may not 
be biologically inconsequential.

Conclusions  AI-based estimation of mutation effects offers cross-species evidence for 
functional impacts of mutations. Our study demonstrates its application in revealing 
deleterious EMS mutations and identifying causal mutations responsible for mutant 
phenotypes.
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Background
Maize is a staple crop worldwide. The species also serves as a model organism for essen-
tial research in fundamental biology and crop breeding. Many maize inbred lines have 
been established, preserving the high level of genetic diversity [1–4]. High-quality 
genome assemblies of diverse inbred lines provide resources for genetic improvement 
of maize [5–11]. The inbred line Chang7-2, established in 1986, is the best-known prog-
eny of HuangZaoSi, which, in turn, represents a major maize germplasm heterotic group 
in China [12]. Due to the exceptional combining ability, resilience to drought and bar-
ren soil, high-level adaptability, and robust disease resistance, Chang7-2 and derived 
inbred lines are favorable male parents for hybrid lines, including the popular commer-
cial hybrid ZhengDan 958 [13, 14]. Chang7-2, in itself, is an important model inbred for 
genetic and genomic studies, and a draft genome assembly of Chang7-2 has been gener-
ated [12].

Mutagenesis is a general approach for studying genetic variation. In maize, Mutator 
transposon tagging has been used to create the mutant stocks, UniformMu, BonnMu, 
and ChinaMu [15–18]. Mutator tagging has provided tens of thousands of knockout 
mutants although Mutator transposon is preferred to be integrated at gene promoters or 
untranslated genic regions [16, 19, 20]. Ethyl methyl sulfonate (EMS), a highly effective 
and less biased mutagen, has been used to mutagenize inbred line B73, producing hun-
dreds of thousands of EMS characteristic point mutations from G/C to A/T [21].

Here we generated 1,716 EMS lines of Chang7-2 and performed whole genome 
sequencing for all these lines. A chromosome-level Chang7-2 reference genome was 
constructed to facilitate accurate identification of EMS mutations. The high-quality 
genome and genome annotation, along with a recently developed prediction tool using 
large language models (LLM), enabled classification of numerous EMS mutations to 
functionally impactive mutations.

Results
Chang7-2 genome assembly and annotation

A contig assembly of Chang7-2 was created from approximately 40x PacBio HiFi 
sequencing reads through Hifiasm [22], which produced 2.32 Gb of sequences consisting 
of 1,740 contigs, with the longest contig being 150.4 Mb and the N50 of 55.6 Mb (Addi-
tional file 1: Fig. S1, Additional file 2: Table S1). HiC data of Chang7-2 were then used to 
scaffold the assembled contigs with 3d-dna and Juicebox [23, 24], resulting in the final 
genome assembly (Chang7-2v1) of ten chromosome-level pseudomolecules (2.13  Gb) 
and unanchored contigs (Additional file 1: Fig. S2, Additional file 2:Table S2). The repeat 
and transposable element annotation identified approximately repetitive DNA content 
of 86% with 70% long terminal repeat (LTR) retrotransposons (Additional file 2: Table 
S3). RNA-seq data of ten diverse tissues (Additional file 2: Table S4) were generated to 
facilitate gene annotation, which was conducted with an integrated pipeline [8]. Gene 
annotation resulted in the annotation version of Chang7-2v1a with 39,702 well-evi-
denced genes and 93,689 transcripts. The gene annotation includes 20,556 genes with 
a single isoform and two genes that each have the highest number of isoforms, with 26 
isoforms per gene (Additional file 2: Table S5). BUSCO transcriptomic analysis showed 
the Chang7-2 gene annotation covers 97.5% (3,155/3,236) of Liliopsida conserved genes 
[25].
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PacBio HiFi sequencing data were used to identify the 5-methylcytosine modification 
at CG sites. In total, 87.7% of 93.15 millions of CG sites were heavily methylated. The 
methylation level progressively increased from two arms of each chromosome to the 
centromere (Fig. 1). Most of CG methylation sites (92.1%) were in intergenic regions. and 
4.1% were in gene body regions. The CG methylation was detected in 67.3% (N = 26,357) 
of genes, and most genes had less than 10 CG methylation sites per kb. Genic CG meth-
ylation sites were largely located within the gene body, with a pronounced reduction 
around translation start and end sites (Additional file 1: Fig. S3).

Comparative genomic analysis identified unique inversions in Chang7-2

The Chang7-2 genome sequences were compared with a collection of chromosome-level 
genomes of maize inbred lines, including B73, A188, Mo17, and additional twenty-five 
founders of the Nested Association Mapping (NAM) populations [5, 7, 8]. The Nucmer 
genome alignment tool and the structural variation pipeline Syri were used to iden-
tify syntenic blocks and structural variation [26, 27]. On average, 50% of chromosomal 
regions in Chang7-2 exhibit synteny with the other inbred lines (Additional file 2: Table 
S6). Approximately 3.8 single nucleotide polymorphisms (SNPs) and 0.6 insertion or 
deletion (INDEL) events per kilobase were observed in the syntenic blocks (Additional 
file 2: Table S6). The top 15 largest syntenic blocks are from comparisons with Mo17, 
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Oh43, B97, Ms71, M162W and B73. Megabase-level large syntenic blocks exhibited a 
low level of DNA polymorphisms, and 9 out of 15 lay within 20 Mb around the centro-
meres. (Additional file 1: Fig. S4, Additional file 2: Table S7). At the gene level, approxi-
mately 65% of Chang7-2 genes were syntenic to B73v5 genes. Similar levels of syntenic 
gene pairs were found with the other inbred lines (Additional file 2: Table S8).

Structural variation analysis found inversions, translocations, copy number variations, 
and unaligned Chang7-2 sequences (Fig. 2, Additional file 2: Table S9). The unaligned 
Chang7-2 sequences presumably are absent in other maize lines or represent complex 
sequences possibly found in intractable repetitive regions. Notably, forty large inverted 
regions were found in Chang7-2v1 as compared with the 28 maize inbred lines. The 
largest event is 26.7 Mb in size and is located on the long arm of chromosome 2, from 
94.5 Mb to 121.2 Mb. Genomes from CML322, Il14H, Oh7B, and P39 also possess this 
large inversion. Two inversions are unique to Chang7-2 (Additional file 2: Table S10). 
One Chang7-2-specific inversion (INV_29) spans approximately 4.4 Mb at around from 
51 to 55 Mb on chromosome 6 and is near the centromere. The other Chang7-2-specific 
inversion (INV_2) is 25 Mb and located from the 228 Mb to 253 Mb in chromosome 1 of 
Chang7-2v1. The INV_2 interval was fully covered by a long recombination-suppression 
region in a recombinant inbred line (RIL) population developed from the cross between 
Chang7-2 and another maize inbred line Zheng58 (Additional file 1: Fig. S5), supporting 
the inversion of the INV_2 region between Chang7-2 and Zheng58 [28, 29]. The INV_2 
region overlapped with a plant height quantitative trait locus (QTL) and an ear height 
QTL identified from the Zhang58 x Chang7-2 RIL population, of which the Chang7-2 
allele positively contributed to the height [29]. On average 56.7% sequences of INV_2 
were classified as highly divergent between Chang7-2 and all 28 maize inbreds. INV_2, 
therefore, may represent an ancient inversion event. The B73 and Chang7-2 regions of 
INV_2 contained 518 and 515 genes, respectively. Of these, 342 genes were syntenic, 
although arranged in largely reverse order. The proportion of syntenic genes in INV_2 
was not significantly different from that in the genomic regions outside of INV_2 (χ2 
test, p-value = 0.503 for B73 and p-value = 0.418 for Chang7-2 genes). The composition of 
repetitive sequences was also similar between the two inverted regions (Additional file 2: 
Table S11).
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Construction of Chang7-2 EMS mutants and detection of EMS mutations

Chang7-2 pollen was treated with EMS and used to pollinate Chang7-2 wildtype plants. 
Approximately 2,000 M1 seeds were germinated and self-pollinated to generate M2 
seeds (Fig. 3). Leaves of 1,802 M1 plants that successfully produced M2 seeds were used 
for DNA extraction and whole genome sequencing (WGS), of which 1,716 were main-
tained. Multiple visible traits were phenotyped for 1,063 families of M2 seeds, seedlings, 
and mature plants (Additional file 2: Table S12, Additional file 1: Fig. S6). Seed related 
phenotypes included mutants with small kernels, defective kernels, embryo-related 
mutations, the pale-yellow color, opaque and vivipary. Seedling phenotypes included 
albinism, yellowing, and glossy, accounting for 9.12% of 1,063 M2 families. Mature plant 
phenotypes included male sterility, female sterility, and lesion mimicry, which, in total, 
were observed in 7.24% of M2 families (Additional file 2: Table S12).

Approximately 25x whole genome sequencing (WGS) data were generated for each of 
seven M1 lines to assess the depth requirement for accurate read calls. Stringent crite-
ria were used to identify polymorphic sites, which served as the ground truth for EMS 
mutant sites. We then downsampled WGS reads for EMS mutation validation. At least 
70% of the mutations could be reliably identified using WGS of 10x sequencing depth, 
and the accuracy of the mutation discovery was estimated to be up to 78% for the seven 
test M1 lines (Additional file 2: Table S13). Accuracy was higher when a higher num-
ber of EMS mutations occurred in a line. Approximately 10x WGS data was generated 
for each of the 1716 EMS M1. The 1,716 EMS lines harbored 2,586,769 non-redundant 
mutations, ranging from 502 to 9,193 EMS mutations per EMS line (Additional file 2: 
Table S14). The EMS mutations were uniformly distributed in the genome and most 

WGS

EMS-treated pollens

Chang7-2 M1 seeds M1 plants

M2 seeds30~40 M2 plants

M3 seeds

Fig. 3  EMS mutagenesis of Chang7-2 and the mutant collection. Ethyl methyl sulfonate (EMS) treated Chang7-2 
pollens were pollinated with Chang7-2 wildtype plants. M1 plants were self-pollinated to generate M2 seeds. 
Leaves of M1 plants were used for DNA extraction and whole genome sequencing (WGS) for detection of EMS 
mutations. M2 plants were self-pollinated to bulk M3 seeds
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EMS mutations were located in the intergenic (48.8%) or intron (15.0%) regions (Fig. 1E, 
Additional file 2: Table S15). The distribution of the levels of CG methylation at EMS 
mutation sites (N = 43,207) is highly similar to the distribution of the methylation lev-
els at CG sites with no EMS mutations, indicative of no obvious connection between 
EMS mutation and cytosine methylation (Additional file 1: Fig. S7). One hundred and 
thirty-three mutations from 86 M1 EMS lines were selected for the validation. The EMS 
mutations selected for the validation were from 117 genes, including 62 premature stop 
codon gain mutations, 32 missense mutations, 31 mutations affecting splicing, and a few 
other types of mutations (Additional file 2: Table S16). PCR and Sanger sequencing of 
genomic DNAs from M2 of M3 family seedlings showed that 84% (113/133) mutations 
were recovered in homozygous or heterozygous forms (Additional file 2: Table S17). 
EMS mutants are available to order through the website ​h​t​t​p​s​:​/​/​m​a​i​z​e​d​b​.​r​m​b​r​e​e​d​i​n​g​.​c​
n​​​​​. EMS mutations can be searched through inputting a gene model name or a genomic 
interval in the Chang7-2 genome. The website also allows users to search B73 gene mod-
els directly to identify EMS mutations on Chang7-2 homologous genes.

Annotation of EMS mutations to identify deleterious mutations

Potential functional impacts of EMS mutations were evaluated with SNPEff [30]. While 
the majority (96%) of the mutations were on non-coding sequences or synonymous sub-
stitutions, 4,939 EMS mutations of the original 2,586,769 were annotated to have high 
impacts on 4,240 genes (Additional file 2: Table S18). Among these, 596 genes had two or 
more EMS mutations. Genes with multiple mutations are associated with large gene size 
(Additional file 1: Fig. S8). Four genes, namely Zm00091aa003120, Zm00091aa006099, 
Zm00091aa029947, and Zm00091aa034435, carried the most mutations (N = 5). All 
these four genes are at least 12 kb in length. More than half of 4,939 mutations intro-
duced premature stop codons. On average, each M2 family carried approximately 2–3 
functionally high-impact mutations.

SNPEff analysis identified 55,615 EMS mutations causing single amino acid missense 
changes in encoded proteins of 23,337 genes. To refine the estimation of impacts due to 
missense mutations, the missense effect prediction ESM1b model, which is a large pro-
tein language model used to evaluate functional effects of human protein variants [31]. 
A curated Arabidopsis dataset including 2,910 mutations with detectable phenotypic 
changes and 1,583 neutral SNPs was used to evaluate the model performance for plant 
data. The method scores a variant effect for each missense mutation, the log-likelihood 
ratio (LLR) between the variant and the wildtype residue. A small negative LLR score 
(e.g., less than −7.5) indicates a predicted deleterious impact on protein function. Using 
the ESM1b LLR score cutoff of −7.5, the prediction precision was 97.2%, and the recall 
rate, or the detection rate, was 78.6% (Additional file 2: Table S19). The method with a 
high precision allows for accurate identification of deleterious missense EMS mutations.

The prediction of 55,615 mutations detected from Chang7-2 EMS mutants at LLR 
scores peaked at around −4 (Fig.  4), indicating that most EMS missense mutations 
exhibited low or neutral impacts on protein function. Using the LLR score cutoff of −7.5, 
15,264 predicted deleterious missense EMS mutations occurred in 9,602 genes. The LLR 
scores of all possible simulated EMS-type missense mutations in Chang7-2 revealed a 
LLR score distribution with a slightly higher proportion of deleterious missense EMS 
mutations (Fig. 4A). Many fewer deleterious mutations were predicted for native SNPs 

https://maizedb.rmbreeding.cn
https://maizedb.rmbreeding.cn
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in the syntenic regions between Chang7-2 and other maize inbred lines. Overall, the 
fitness selection for missense EMS mutations in the heterozygous form in M1 plants 
appears to be weak. In contrast, naturally occurring missense alterations were subjected 
to a much stronger selection in inbred line populations.

The large DNA language model PlantCaduceus, or PlantCAD, was used to estimate 
functional effects of all EMS mutations, including missense mutations [32]. A similar 
LLR score was determined for each mutation. The same curated Arabidopsis missense 
mutation dataset was used to evaluate the performance of PlantCAD. The effect esti-
mation between PlantCAD and ESM1b was highly consistent (Additional file 1: Fig. S9, 
Additional file 2: Table S20). Using the LLR score cutoff of −6, the prediction precision 
was 88.2%, and the recall rate was 86.4% (Additional file 2: Table S19). The PlantCAD 
LLR score less than −6 was therefore applied to identify 18,326 deleterious EMS muta-
tions, including 4,028 deleterious EMS mutations on non-coding regions or causing syn-
onymous amino acid changes whose effects could not be estimated by either SNPEff or 
ESM1b (Fig. 4B, Additional file 2: Table S21).

To understand the reliability of using the LLR thresholds of −7.5 and −6 for predict-
ing maize deleterious mutations with ESM1b and PlantCAD, respectively. We created 
a Maize Missense Mutation Database (v0.3), 3MD, including 54 missense deleterious 
mutations causing visible mutant phenotypes (Additional file 2: Table S22). As a control, 
54 SNPs in Chang7-2 regions syntenic with the genomes of maize inbred lines, A188, 
Mo17 and 26 NAM parents were randomly selected and referred to as non-deleterious 
missense mutations. Both ESM1b and PlantCAD predictions showed a very high preci-
sion (> 97%) (Additional file 2: Table S23, Table S24). The recall rate using ESM1b was 
90.7%. However, the recall rate using PlantCAD was relatively low (68.8%). The result 
indicated the deleterious maize missense mutations identified by either of the two mod-
els are reliable, and some deleterious mutants may be overlooked by using only one 
model.

Fig. 4  Density of variant effect scores of EMS mutants using large language models. A The blue curve represents 
the density of variant effect, or LLR, scores of all possible Ethyl methyl sulfonate (EMS) mutations (all). The red 
curve represents the density of LLR scores of experimentally collected EMS mutations (exp). Dashed gray curves 
represent the density of randomly selected EMS-type mutants with an equal number to those of the experimental 
mutation set (random). Ten dashed curves were plotted from 10 repeated random selections. The orange curve 
represents the density of a set of single nucleotide polymorphisms (SNPs) on syntenic regions between Chang7-2 
and other maize inbred lines (inbred). B Scatterplot between ESM1b LLR scores and the LLR scores from PlantCAD. 
cor: correlation coefficient
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Transcriptional analysis of genic EMS alleles

To understand transcriptional expression of mutant alleles of EMS mutations on genes, 
RNA-seq was generated for additional 13 Chang7-2-derived EMS M1 lines, which exhib-
ited heterozygous for each EMS mutation site. For each M1 line, three RNA-seq datasets 
were generated for three M2 individual plants. In total, four RNA-seq datasets were gen-
erated per M1 family. At the same time, WGS was produced for each of the 13 M1 lines 
for discovering EMS mutations. On average, 1,243 EMS mutations were identified from 
each M1 using WGS data. To find EMS mutations on expressed transcripts, EMS muta-
tions were called independently using all the RNA-seq datasets. Only EMS mutations 
discovered by using both WGS and RNA-seq were further analyzed. To further avoid 
falsely discovered EMS mutations, we required that each EMS mutation was detected 
in one M1 family and only in one M1 family. As a result, 30.3% EMS mutations detected 
using WGS data were supported by RNA-seq reads covering transcribed genic regions. 
Of M1, relative expression of a mutant allele was determined by calculating the propor-
tion of RNA-seq reads of the mutant allele to the total reads from both mutant and wild-
type alleles. Of M2, for each EMS mutation, the heterozygous EMS mutation genotype 
was first found from three M2 individuals. If identified, relative expression of a mutant 
allele was determined by calculating the proportion of total RNA-seq reads of the mutant 
allele to the total reads from both mutant and wildtype alleles of all heterozygous M2 
individuals. In both M1 and M2, the means of relative expression of EMS mutant alleles 
were significantly lower than 0.5 (t-tests, p-value = 1.8e-50 for M1 and p-value = 6.7e-17 
for M2), indicative of lower expression of the mutant allele as compared to the wildtype 
allele in general. Among mutation types, the means of relative expressions of missense 
and synonymous mutant alleles were significantly lower than those of wildtype alleles 
in both M1 and M2 (Fig.  5A, B). For example, both a synonymous EMS mutation on 
Zm00091aa005636 and a missense EMS mutation on Zm00091aa012598 showed con-
sistently lower expression of the mutant alleles as compared to that of wildtype alleles 
in both M1 and M2 heterozygous individuals (Fig. 5C, D). Zm00091aa005636 is a cnr7 
homologous gene encoding a cell number regulator that could potentially affect plant 
and organ size [33], while Zm00091aa012598 is a poc1B homologous gene ensure centri-
ole integrity in human cells [34]. Most relative expressions of mutant alleles due to pre-
mature stop codons were low in M1 but not in M2 (Fig. 5A, B). To examine the potential 
underlying mechanisms for the biased expression of missense or synonymous mutation 
alleles, the functional effect of each missense allele and the codon usage of synonymous 
alleles were examined. As a result, the relative expression of missense alleles was not 
associated with their effect scores as estimated by using the ESM1b model (Fig. 5E, F). 
Codon usages of synonymous mutations were also analyzed. As compared with wildtype 
alleles, codons of most synonymous mutations were less frequently used in Chang7-2 
coding sequences (Additional file 1: Fig. S10). However, for synonymous mutations, we 
did not observe the association between the ratios (mutant:wildtype) of codon usages 
and relative expressions of mutation alleles in both M1 and heterozygous M2 individuals 
(p-values > 0.38) (Additional file 1: Fig. S10).
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Language models facilitated identification of causal mutations underlying mutant 

phenotypes

Chang7-2 EMS mutants provide a valuable resource for forward genetics analy-
ses. We analyzed an albino mutant observed in the EMS accession of ems21S398203. 
BSR-seq, bulked segregant RNA-seq analysis, was conducted on the EMS mutant 
populations to map the genomic locus underlying the albino phenotype (Fig. 6A) [35]. 
BSR-seq analysis using EMS mutations of ems21S398203 found that the EMS mutation 
site at 147,910,306 bp on chromosome 10 was strongly associated with the albino mutant 

Fig. 5  Expression of mutant alleles in EMS lines. A, B Proportions of RNA-seq reads from mutant alleles of total 
reads in M1 (A) and in heterozygous M2 (B) were used to represent the relative expression (exp) of a mutant allele, 
which were plotted versus mutation types. Stop_gained stands for mutations introducing premature stop codons. 
C, D Relative expressions of missense alleles in M1 (C) and in heterozygous M2 (D) versus variant effect scores 
(LLR) estimated by ESM-variants (ESM1b). cor: correlation coefficient; p-value: the p-value from a correlation test. 
E, F Read counts of wildtype (WT) and EMS mutation alleles of two genes in four RNA-seq datasets. Genotypes 
(e.g., GA) in M1 and three M2 individuals are listed below sample names. GA: heterozygous; GG: homozygous 
wildtype; AA: homozygous mutation
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phenotype (Fig. 6B, Additional file 2: Table S25). The PlantCAD LLR score of the muta-
tion was −8.1, indicating it is a deleterious mutation. The mutation produced a glycine 
(G) to glutamic acid (E) change at the 989th amino acid (G989E) of Zm00091aa039132, 
which is homologous to a known albino gene, w2 (Fig. 6C) [36]. The ESM1b LLR score of 
the G989E missense mutation was −14.4, consistently evidencing its deleterious impact 
on the gene function. Genotyping the mutation site in Zm00091aa039132 of M2 plants 
showed that only homozygous mutants of the mutated allele exhibited an albino pheno-
type (Additional file 2: Table S26), further supporting the G989E alternation is the causal 
mutation and suggesting the mutation allele is recessive.

A glossy mutant (ems21S377304) was observed in an M2 family (Additional file 1: Fig. 
S11A). Examination of wax accumulation on leaf surfaces via scanning electron micros-
copy (SEM) confirmed the reduction of cuticular wax in mutants (Additional file 1: Fig. 
S11A). Total leaf surface wax on ems21S377304 was reduced by 42% (Additional file 1: 
Fig. S11B). A missense mutation at 172,623,220 bp on chromosome 4 occurred in the 
previously identified glossy gene gl4 [37]. The PlantCAD LLR score of the mutation was 
−11.3 and the predicted ESM1b LLR score of the missense change from glutamic acid 
to lysine at the 152th amino acid (E152K) of Zm00091aa017103 was −12.1, strongly 
indicative of a deleterious impact (Additional file 1: Fig. S11C). The phenotypic co-seg-
regation with the mutation genotype supported that the missense mutation is recessive 
and responsible for the mutant phenotype (Additional file 2: Table S26). Using a similar 
strategy, underlying EMS mutations were identified for two additional phenotypes. An 
EMS mutation (ems21S371203) in the splicing acceptor of y9 resulted in the phenotype 
of white kernels [38] (Additional file 1: Fig. S12). A nonsense mutation (ems21S399802) 
in ms28, a known male sterility gene, was associated with male sterility (Additional 
file 1: Fig. S12) [39]. Both y9 and ms28 mutations were predicted to impose deleteri-
ous impacts through PlantCAD, whose LLR scores were −10.4 and −7.6, respectively. 
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Collectively, both large language models provide highly valuable tools for evaluating the 
functional impacts of mutations, facilitating the identification of causality.

Discussion
This study constructed a chromosome-level reference genome for the elite maize inbred 
line Chang7-2 with both protein-coding genes and transposable elements annotated. 
The genome assembly is near-complete as 10 chromosomes, or pseudomolecules, con-
tain only 81 gaps. Comparisons with other diverse maize inbred lines found unique 
genomic variations, including a highly divergent 25  Mb inversion (INV_2). However, 
no lines in the 28 elite inbred lines developed in the US, A188, Mo17, and 26 NAM 
founders, carried the Chang7-2 haplotype of INV_2. The result indicates that Chang7-2 
related varieties likely have not been introduced in early breeding programs in the US. 
Inbred Chang7-2 is an important genetic source developing male donors for hybrid pro-
duction. Understanding the uniqueness of Chang7-2 and functional genetic elements 
relevant to agronomic traits is valuable for the revelation of its heterotic contribution in 
the future. The genome sequence and annotation produced in this study are valuable for 
future genetic studies of Chang7-2.

This study contributes one of the largest resources of EMS mutations for exploring 
genetics and genomics in maize. The collection of over 2.5 million EMS mutations of 
Chang7-2 will complement the current sequence-indexed maize mutant resources, 
such as the B73 EMS mutant stock [21], Zheng58 EMS mutants [40], and various Muta-
tor mutant stocks [15–18]. From the breeding point of view, among published mutant 
stocks, the Chang7-2 EMS mutant stock is an important large-scale mutant resource for 
direct improvement of male donors. The EMS mutant stock along with its high-quality 
genome will open a door for genetic studies of agronomic traits and heterosis.

We established a WGS and bioinformatics procedure for reliable identification of EMS 
mutations, each of which was in the heterozygous form in M1 plants. Initially, 10x was 
demonstrated to achieve reasonable accuracy and power for mutation detection. Sec-
ond, we developed a mutation calling pipeline through GATK4 [41]. Only EMS-type 
mutations, which involve G(C) to A(T) transitions were analyzed. For the final mutation 
set, the maximum of four EMS lines carrying the same EMS mutations were allowed, 
which is referred to as a population filtering. The population filtering is critical to avoid 
falsely discovered mutations that were derived from errors in the reference genome, mis-
alignments, heterozygous residues, and, possibly, genomic sites vulnerable to sequence 
errors [42]. Although the initial in silico estimated accuracy of the mutation discovery 
using seven EMS lines ranged from 49 to 78% (Additional file 2: Table S13), the experi-
mental validation of over 100 mutations obtained after the population filtering revealed 
that 84% of the mutations can be recovered from M2 or M3 seeds. The higher validation 
than the in silico estimation may attribute to the population filtering, and/or the limited 
EMS lines used in the validation.

We annotated EMS mutations to find EMS mutations with substantial functional 
impacts. As expected, only a small proportion of EMS mutations were annotated with 
deleterious impacts on protein functions due to sequence alterations at stop codons and 
splicing sites. We evaluated the impacts of large numbers of missense mutations with the 
ESM1b protein model, an artificial intelligence (AI) tool using a large language model 
[31], adding 15,264 EMS mutations, 27% of missense mutations, as potentially impactful 
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mutations. The DNA language model PlantCAD enables the prediction of functional 
impacts at every EMS mutation site and the prediction does not rely on gene annota-
tion [32]. Our validation using both Arabidopsis and maize curated missense mutation 
databases showed that the precisions from both ESM1b and PlantCAD predictions were 
very high, suggesting that deleterious missense mutations identified by either model 
could probably impose a high functional impact. The PlantCAD prediction indicates, 
unsurprisingly, that the proportion of deleterious mutations on non-coding regions or 
causing synonymous changes is much smaller than that of mutations causing non-syn-
onymous mutations or affecting splicing. From our result, 0.1–1% percent of mutations 
in non-coding sequences or those causing synonymous changes could have deleterious 
impacts. They, however, are often overlooked due to the lack of assessment tools. DNA 
language models, such as PlantCAD, could help fill this gap by providing accurate effect 
estimation for these mutations. The adaptation of both protein and DNA large language 
models to assess functional impacts of EMS mutations represents an early demonstra-
tion of the potential of state-of-the-art AI models in genomics. Our results highlight the 
promise of AI-driven approaches for advancing genomic analysis and interpretation.

The density distributions of ESM1b prediction scores of the EMS missense muta-
tions identified from our experiments and all possible EMS missense mutations in the 
Chang7-2 genome are nearly identical with a slightly lower proportion of experimen-
tal EMS mutations predicted with deleterious impacts. The result indicates the experi-
mental EMS missense mutations were under a very weak selection, which is expected 
given all the experimental missense mutant alleles were in the heterozygous form and 
deleterious dominant mutations are probably rare. In contrast, missense mutations pre-
dicted to possess deleterious impacts were largely purified in diverse maize inbred lines. 
The result indicates that massive novel functional variations are present in the Chang7-2 
EMS mutant stock, providing valuable resources for genetics studies and breeding.

Transcription analysis in M1 and M2 leaf samples showed that, overall, mutant alleles 
on transcribed regions expressed at a lower level as compared to corresponding wild-
type alleles. We should note that some WGS-informed genic EMS mutations that were 
not supported by RNA-seq may be due to complete silence of the mutant alleles. We 
did not examine this group of EMS mutations because these EMS mutations cannot be 
clearly distinguished from the EMS mutations falsely discovered by using WGS. It was 
well known that nonsense-mediated mRNA decay (NMD) could reduce mRNA with a 
premature stop codon caused by a nonsense mutation [43]. However, we did not detect 
significant reduction in the transcript accumulation of nonsense mutation alleles in both 
M1 and M2. In M1, the relative expressions of most nonsense mutation alleles were 
lower than 0.4, which was derived from the expected value of 0.5 in M1. The failure to 
detect a significant impact of nonsense mutation alleles may be attributed to the small 
number of total nonsense mutations with a few outliers. For unknown reasons, relative 
expressions of most nonsense mutations in heterozygous M2 plants were close to 0.5.

The finding of reduced transcripts of mutation alleles was consistent across two major 
mutant types, namely, missense and synonymous mutations. Our analysis showed that 
the functional impacts of missense mutations estimated by using homologous protein 
sequences across kingdoms were not significantly associated with transcript accumu-
lation. Synonymous mutations are generally considered to impose neutral functional 
impacts due to no alteration in protein sequences [44]. Synonymous mutations were 



Page 13 of 22Wang et al. Genome Biology          (2025) 26:412 

found to frequently disturb gene expression and affect fitness in yeast, indicative of 
non-neutral impacts [45]. A recent study showed a synonymous substitution on a gene 
encoding an aminocyclopropane-1-carboxylic acid synthase caused changes in m6A 
modification on surrounding adenosine residues and the RNA structural conformation 
[46]. Here, we observed that some synonymous mutant alleles exhibited reduced accu-
mulation of mRNA transcripts. Codon analysis showed that a high proportion of synon-
ymous mutations introduce codons that are less frequently used. However, codon usages 
appear to not be the major reason for the reduction of the transcript accumulation of 
synonymous alleles. In the future, further examination of epitranscriptional modifica-
tions and mRNA structural conformation might provide additional clues. Nevertheless, 
our result supports that synonymous mutations are not necessarily silent changes. The 
observation is important for the genetics community and breeding applications that syn-
onymous mutants should not be completely ignored.

Conclusions
In this study, the chromosome-level Chang7-2 genome was assembled and annotated, 
and comparisons with other maize genomes showed that Chang7-2 carries unique 
sequences that are not commonly present in other maize lines. More than 2.5 million 
mutations in Chang7-2 were generated through EMS mutagenesis, of which over 15 
thousand mutations were annotated to be deleterious with the aid of large protein and 
DNA language models. The effective annotation of deleterious mutations accelerated the 
discovery of four causal mutations responsible for various traits.

Methods
Chang7-2 reference genome assembly

Genomic DNA of Chang7-2 was extracted from the third leaves of four-leaf plants using 
the DNeasy Plant Mini Kit (QIAGEN). Genomic DNA was sheared using g-Tubes (Cova-
ris) and purified with AMPure PB magnetic beads. SMRT bell libraries were constructed 
using the Pacific Biosciences SMRT bell template prep kit 1.0. The constructed library 
was size-selected by Sage ELF for molecules 14–17 kb, followed by primer annealing and 
the binding of SMRT bell templates to polymerases with the DNA Polymerase Binding 
Kit. Sequencing was carried out on a Pacific Bioscience Sequel II platform at Annoroad 
Gene Technology company. Software Hifiasm (0.16.1-r375) was used for the de novo 
assembly with the parameters of “-l0 -n5” [22].

Prior to scaffolding, contigs from mitochondria and chloroplasts were identified based 
on the homology with the mitochondrion and chloroplast reference genomes and dif-
ferential coverages of Illumina short reads from leaf and immature embryo tissues. The 
proportion of mitochondrial DNAs are expected to be more in immature embryos and 
the proportion of chloroplast DNAs are expected to be more in leaves [7]. Therefore, 
we categorized contigs to potential mitochondrial sequences (pmt) if aligned reads per 
kilobase of contig sequences per million total reads (RPKM) of immature embryos is 1.5 
times of that of leaves. In contrast, if the contig RPKM value of leaves was five times that 
of immature embryos, the contig was categorized to a potential chloroplast sequence 
(ppt).

For scaffolding, HiC libraries were generated and sequenced on an Illumina HiSeq, 
producing 2 × 150  bp reads [47]. The software 3d-dna (version:180922) was used with 
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HiC data for scaffolding the contigs that were not categorized to either pmt or ppt [24]. 
The parameters of “-r 0 -q 10” were specified for “run-asm-pipeline.sh”. The 3d-dna 
scaffolding result was manually examined in Juicebox (version 1.11.08) for corrections 
[23]. Scaffolds and contigs with a length less than 25 kb were discarded. The remaining 
sequences were then merged with pmt and ppt sequences with at least 25 kb, resulting in 
the Chang7-2 reference genome version 1 (Chang7-2v1).

Genome annotation

The transposable element (TE) annotator EDTA (v2.0.0) was used to annotate TEs and 
other repetitive sequences [48].

We referred to an updated gene annotation process used for annotating NAM 
genomes [8, 49]. RNA-seq from ten tissues of Chang7-2 were produced to provide evi-
dence for gene annotation. Ten tissue types include root, seedling, the base, middle, and 
tip of leaves, tassel, ear, anther, endosperm, and embryo (Additional file 2: Table S4). 
RNA-seq were mapped to Chang7-2v1 using STAR (2.7.9a) [50]. STAR alignments were 
used for the identification of splicing junctions using Portcullis (v1.2.4) [51], and for 
transcript assembly using multiple programs, namely, Cufflinks (v2.2.1) [52], Stringtie 
(v2.0) [53], Class2 (v2.1.7) [54], and Strawberry (v1.0.2) [55]. The resulting assembled 
transcripts were collapsed, selected, and improved using Mikado (v2.3.3) [56] with the 
additional inputs of splicing junctions using Portcullis (v1.2.4) [51], open reading frames 
(ORFs) using TransDecoder (v5.5.0) [57], and homology in the Viridiplantae SWISS-
Prot database (https://www.uniprot.org/taxonomy/33090) identified using BLASTX 
(v2.12.0) [58]. TEs of Mikado gene models were removed using TESorter with the 
parameter of –filtpara “-cov 80 -eval 1e-6” (v1.3) [59].

In addition to the gene prediction from Mikado, two more gene annotation datasets 
were generated. First, GeMoMa (v1.8) was used to project gene models of five NAM 
founders, namely B73, P39, Tx303, M37W, and NC350 on Chang7-2v1 [60]. All five 
predicted transcripts were merged using GeMoMa. Second, BRAKER2 (v2.1.6) was 
used for gene annotation with RNA-seq evidence from STAR alignments and protein 
evidence from the Mikado output [61]. Three gene annotation datasets were merged 
using GeMoMa with the weight of 1.2 for the GeMoMa gene annotation, 1.1 for the 
Mikado gene annotation, and 0.2 for the BRAKER2 gene annotation. The merged gene 
annotation was input to Maker (v2.31.10) to assess evidence supports for gene predic-
tion, which was quantified using the Annotation Edit Distance (AED) score [62]. The 
Maker annotation using the repeat-masked genome generated with Repeatmasker 
(4.0.7) (http://www.repeatmasker.org). Predicted transcripts with AED smaller than 0.75 
remained. TESorter was then implemented to filter TE genes, resulting in the final gene 
annotation of Chang7-2 (Chang7-2v1a).

Functional annotation was conducted through InterProScan (v5.55–88.0) and 
BLASTP to all proteins to the SWISS-Prot database (www.uniprot.org) with the e-value 
cutoff of 1e − 6.

Syntenic genes between Chang7-2 and B73

Synima was used to identify syntenic gene pairs between Chang7-2 and B73 [63]. In 
brief, the reference genome, genome annotation, the coding DNA sequences and the 
protein sequences of both Chang7-2 and B73 were input to identify orthologous and 

https://www.uniprot.org/taxonomy/33090
http://www.repeatmasker.org
http://www.uniprot.org
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paralogous gene clusters between Chang7-2 and B73 by the “Orthofinder” method in 
Synima [64]. Genes in a cluster and within 10 Mb in distance between gene positions in 
the two genomes were deemed as syntenic gene pairs by the “DAGchainer” package in 
Synima [65].

Identification of CG methylation using HiFi reads

PacBio HiFi sequencing data were used to identify 5-methylcytosine (5mC) modification, 
cytosine methylation, at CG sites, including four steps ​(​​​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​P​a​c​i​f​i​c​B​i​o​s​c​
i​e​n​c​e​s​​​​​)​: 1) Raw subreads were merged to consensus reads with HiFi kinetics annotation 
by the package “pbccs” of PacBio tools. 2) A model implemented in the primrose soft-
ware was used to predict 5mC probabilities from HiFi reads and the SAM tags encoding 
5mC positions and methylation scores were added to all HiFi reads. 3) HiFi reads with 
5mC tags (supplied in an unaligned BAM format) were aligned to the reference genome 
using pbmm2. (4) From alignments, pileup scores for 5mC across CG sites were obtained 
using PacBio’s CG tools. The Modification Probabilities (MP) of each nucleotide site rep-
resents the possibility of the site to be methylated. According to the ratio of sites under 
different MPs, nucleotide sites with MPs less than 10% were considered as unmethylated 
sites and nucleotide sites with MPs larger than 80% were considered as methylated sites.

Detection of synteny and structural variation between maize genomes

The Syri pipeline using Nucmer as the aligner was employed for analyzing structural 
variation with 28 diverse maize inbred lines [26, 27]. The genome sequences of the 28 
inbred lines include the reference genome B73 (B73-5.0), A188v1, telomere-to-telomere 
Mo17 assembly (Mo17CAU2), and the first version of assemblies of the other 25 NAM 
founders [5, 7, 8]. Syntenic regions, highly divergent regions, inversions, and other struc-
tural variations were parsed from Syri outputs.

Conversion of physical coordinates between different versions of B73 reference genomes

Genomic locations on B73v2 of a large recombination suppression region in chromo-
some 1 and QTLs identified from a previous study [29] were converted to locations on 
B73v5 through a web tool: ​h​t​t​p​s​:​​/​/​p​l​a​​n​t​s​.​e​n​​s​e​m​b​​l​.​o​r​g​​/​Z​e​a​_​​m​a​y​s​/​T​​o​o​l​s​​/​A​s​s​e​​m​b​l​y​C​​o​n​v​e​
r​t​​e​r​?​d​​b​=​c​o​r​e.

EMS mutagenesis of Chang7-2

The Chang7-2 pollen was treated with the 0.07% solution of EMS (M0880, Sigma-
Aldrich) in paraffin oil (M18512; Sigma-Aldrich) for 30 min prior to the application to 
silks of Chang7-2 ears for pollination, producing M1 seeds [66]. M1 plants grown from 
M1 seeds were then self-pollinated to generate M2 seeds. Similarly, M2 plants were 
selfed for M3 seeds.

Mutation validation

EMS mutations were chosen for the validation. Primers were designed to produce frag-
ments of 400–1000 bp containing mutation sites (Additional file 2: Table S16). Genomic 
DNA was extracted from M2 or M3 seedlings derived from M1 plants containing muta-
tions. PCR products were Sanger sequenced and compared with the wildtype Chang7-2.

https://github.com/PacificBiosciences
https://github.com/PacificBiosciences
https://plants.ensembl.org/Zea_mays/Tools/AssemblyConverter?db=core
https://plants.ensembl.org/Zea_mays/Tools/AssemblyConverter?db=core
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Scanning electron microscope of epicuticular wax

Glossy mutants ems21S377304 and wild types were grown in the greenhouse (28  °C) 
under 16/8 h light/dark. The second leaves collected from mutant and wild types were 
used for scanning electron microscopy (SEM; SU8010, Hitachi, Japan) analysis [67]. In 
brief, samples were cut into a small square and immediately put into 1% osmium acid 
fixative solution for 48 h. Leaves were dehydrated and dried, and then analyzed with a 
SEM.

Pilot analysis to optimize the sequencing depth for mutant detection

To optimize the depth of WGS for detecting EMS mutations, we generated a high-depth 
sequencing data (> 25x) for each of seven EMS M1 lines. An in-house Perl script “vcf-
box” (github.com/liu3zhenlab/vcfbox) was used to filter variants discovered by GATK to 
identify the ground truth mutations from seven EMS mutants [41]. Briefly, five reads for 
each of the reference and mutant alleles are required for a mutation site. Each mutation 
must be G to A or C to T changes and only occurs in one EMS mutant. Further, WGS 
sequencing Illumina data of wildtype Chang7-2 mentioned above were used to ensure 
that the mutation sites showed the reference allele types in wildtype Chang7-2.

Raw reads were then randomly downsampled to various sequencing depths, ranging 
from 5x to 15x, with seqtk (https://github.com/lh3/seqtk), for examining the accuracy 
of mutation detection at each sequencing depth. The 10x depth balancing the power of 
mutation detection and the sequencing cost was selected for sequencing all other M1 
lines.

Identification of EMS mutations in Chang7-2 M1 lines

First, adaptor and low-quality sequences of reads were trimmed using Trimmomatic 
(version 0.38) with the parameters of “ILLUMINACLIP: < adaptor > :3:20:10:1:true 
LEADING:3 TRAILING:3 SLIDINGWINDOW:4:13 MINLEN:50” [68]. Trimmed reads 
were aligned to Chang7-2v1 with BWA [69]. Second, GATK4 was used to identify vari-
ants between each Chang7-2 M1 line and Chang7-2v1 [41]. Prior to variant calling, the 
GATK module “MarkDuplicates” was used to mark duplicated reads. Then the GATK 
module “HaplotypeCaller” was used to identify raw variants. Third, to identify EMS 
mutations, additional filtering was implemented: 1) Only bi-allelic variant sites with at 
least three supporting reads were retained. 2) Perl script “vcfbox.pl” (github.com/liu-
3zhenlab/vcfbox.git) was used to find sites with sufficient read support for the mutant/
wildtype alleles with the parameters “-A 5 -a 0.9 -R 1 -r 0.1 -N 3 -n 0.2”. 3) Only variant 
sites with the mutation from G to A or C to T were considered as candidate EMS muta-
tions. 4) Across all EMS lines, candidate EMS mutations that existed in more than four 
M1 lines were removed.

Filtering Chang7-2 M1 lines that were sequenced

We removed M1 lines with too high (> 10,000) or too low (< 500) EMS mutations found, 
or an unexpected rate of mutations from A to G or T to C (i.e., > 0.4 of the ratio between 
these mutations and mutations of all types). As a result, of 1802 EMS M1 lines with 
WGS data, four lines containing at least 0.25 million mutations were considered to be 
contaminated lines and thus were removed. Eighty-two EMS lines containing no more 

http://github.com/liu3zhenlab/vcfbox
https://github.com/lh3/seqtk
http://github.com/liu3zhenlab/vcfbox.git
http://github.com/liu3zhenlab/vcfbox.git
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than 500 mutations were also removed as the falsely discovered mutations may be high 
in these 82 mutants.

Evaluation of functional impacts of EMS mutations with SNPEff

The SNPEff software (5.0e) was used to annotate EMS mutations [30]. The impacts of 
mutations were grouped to four categories: high, moderate, low, and modifier (​h​t​t​p​:​/​​/​p​c​i​
n​​g​o​l​a​.​g​​i​t​h​u​​b​.​i​o​/​​S​n​p​E​f​​f​/​s​e​_​i​​n​p​u​t​​o​u​t​p​u​t​/).

Predicting impacts of missense EMS mutations with the protein language model ESM1b

Impacts of missense mutations identified from SNPEff were further assessed with 
ESM-variants [31]. The ESM1b model (ESM1b model: esm1b_t33_650M_UR50S) was 
used (github.com/ntranoslab/esm-variants). The model performance was evaluated by 
analyzing the curated Arabidopsis curated data containing 2,910 missense mutations 
causing detectable mutant phenotypes and 1,583 non-deleterious missense mutations 
[70]. Based on the evaluation result, missense EMS mutations with ESM1b LLR scores 
smaller than −7.5 were categorized as deleterious missense mutations.

Predicting impacts of EMS mutations with the DNA language model PlantCAD

Zero-shot scores, also referred to as PlantCAD LLR scores, were estimated using the 
model PlantCaduceus_l32 to represent the functional impacts of all EMS mutations 
[32]. The Arabidopsis curated data containing 2,910 missense mutations were first used 
to assess the model performance [70]. Since only protein sequences and amino acid 
changes were available in curated data, we mapped proteins to the TAIR10 reference 
genome with miniprot and converted amino acid changes to all possible DNA changes 
[71, 72]. The correlation of PlantCAD LLR scores between duplicated DNA changes for 
the same amino acid changes was 0.91 (Additional file 1: Fig. S13). We therefore used 
their average score to represent the effect of each missense mutation. In the final DNA 
mutation set, 1,872 deleterious mutations and 1,509 non-deleterious mutations were 
examined using both ESM1b and PlantCAD. Based on the assessment of the effect pre-
diction of missense mutations, EMS mutations with PlantCAD LLR scores smaller than 
−6 were categorized to the group with deleterious impacts.

Evaluation of LLR thresholds for deleterious mutations using maize missense mutations 

causing visible mutant phenotypes

Missense mutations (N = 54) on 35 genes causing visible phenotypes in maize plants 
were collected. These missense mutations represent a small set of deleterious maize 
mutations, referred to the Maize Missense Mutation Database (3MD) v0.3 (Addi-
tional file 2: Table S22). The effects of these missense mutations were predicted using 
both ESM1b and PlantCAD. Similar to the Arabidopsis missense mutation collection, 
changes in protein sequences were curated. We therefore employed a similar strategy 
to map proteins to the B73v5 reference genome with miniprot and convert amino acid 
changes to all possible DNA changes. As a result, 49 mutations were confidently mapped 
and seven had two types of DNA alternations per amino acid mutations. The PlantCAD 
LLR scores between duplicated DNA changes for the same amino acid changes were also 
similar. We therefore used their average PlantCAD LLR score to represent the effect of 
each missense mutation.

http://pcingola.github.io/SnpEff/se_inputoutput/
http://pcingola.github.io/SnpEff/se_inputoutput/
http://github.com/ntranoslab/esm-variants
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We extracted missense SNPs in the syntenic regions between Chang7-2 and at least 
two genomes from the NAM founders, A188, and Mo17. The functional effects of these 
missense SNPs were deemed to be non-deleterious, although a very small proportion 
might impose some levels of deleterious impacts. We applied ESM1b to estimate their 
functional effects. Fifty-four missense SNPs were randomly extracted to pair with the 
3MD (v0.3) for the assessment of ESM1b and PlantCAD models.

Allelic transcription analysis of 13 M1 plants

Both WGS and RNA-seq data of leaf samples of 13 Chang7-2 EMS M1 plants were 
conducted. WGS was first used to identify EMS mutations with the method for the 
EMS mutation discovery described. For each of 13 M1 families, three M2 individuals 
were subjected to RNA-seq. In total, four RNA-seq datasets per family were produced, 
including one M1 sample and three M2 samples. Variants were then called using RNA-
seq data as the method employed for BSR-seq. Overlapping variants identified by using 
both WGS and RNA-seq were quantified for expression of mutation alleles. To avoid 
falsely discovered mutations, for each mutation, at least one individual sample identified 
as a heterozygote or a homozygote of the mutation allele in four RNA-seq samples of 
a family. We therefore only examined EMS mutation sites where mutation alleles were 
transcribed in at least one RNA-seq sample. Note that some EMS mutations in tran-
scribed regions in genes might not be included due to undetectable expression of the 
mutant allele.

For allelic expression analysis, the proportion of the mutation allele out of total reads 
summed from both wildtype and mutation alleles was used to represent the relative 
expression of a mutation allele. In M1, only the mutation sites with the total reads larger 
than 18 were analyzed. In M2, for each mutation site, heterozygous individuals were 
identified when both wildtype and mutation alleles had more than one read and read 
counts of each allele were higher than 5% of the total reads from both alleles. Expres-
sion of mutation alleles were only examined for heterozygous M2 individuals. SNPEff 
was employed to evaluate the impacts of all mutation sites examined [30]. T-tests were 
conducted to test the null hypothesis that the mean of relative expressions of muta-
tion alleles is no difference from 0.5. For missense mutations, ESM1b was employed for 
assessing their functional impacts [31].

Codon usage analysis

Usages of codons were determined for Chang7-2 using the coding sequences of the 
annotation of Chang7-2v1a. The codon usage analysis determined the occurrence of 
each codon in coding sequences. We then determined the codon change caused by a 
synonymous mutation from 13 families that were subjected to RNA-seq. For each 
synonymous mutation, the codon occurrences of the wildtype and mutation alleles in 
Chang7-2 coding sequences can be determined, and then their ratio (mutation:wildtype) 
was calculated. The codon usage ratios of synonymous mutations were examined 
for their relationship with relative expressions of mutation alleles in both M1 and M2 
through fitting a linear model.
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Bulked segregant RNA-seq (BSR-seq) analysis of Chang7-2 EMS mutants

The M2 segregation population of an albino mutant (ems21S398203) was used for BSR-
seq [35]. Raw RNA-seq reads were trimmed by Trimmomatic with the same parameters 
as used in EMS variant calling. Trimmed reads were aligned to Chang7-2v1 by STAR 
[50] with the parameters “–alignIntronMax 100000 –alignMatesGapMax 100000 –
outSAMattrIHstart 0 –outSAMmultNmax 1 –outSAMstrandField intronMotif –out-
FilterIntronMotifs RemoveNoncanonicalUnannotated –outFilterMismatchNmax 
5 –outFilterMismatchNoverLmax 0.05 –outFilterMatchNmin 50 –outSJfilterReads 
Unique –outFilterMultimapNmax 1 –outSAMmapqUnique 60 –outFilterMultimap-
ScoreRange 2”. The variants were called by GATK4 HaplotypeCaller function through an 
RNA-seq short variant calling pipeline [41]. The bi-allelic SNPs that passed the standard 
GATK hard-filtering cutoff (FS > 60, ReadPosRankSum < −8.0, QUAL < 30.0, SOR > 3.0, 
MQ < 40.0, MQRankSum < −12.5) were retained for BSR-seq analysis. BSR-seq statistical 
analysis was described previously. The probability of complete linkage between a marker 
and the potential causal variant larger than 0.3 were considered as a significant marker 
associated with the phenotype.
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