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Predicted protein 3D structure provides essential insights into the genetic architecture 1 

underlying phenotypic diversity in maize 2 
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Abstract: 19 

Variation in protein 3D structures reflects genetic variation and contributes to phenotypic diversity, 20 

yet its underlying genetic mechanisms remain unclear. To investigate the relationship between 21 

protein 3D structure and phenotype, we predicate the 3D structures of 795,649 proteins from 26 22 

maize (Zea mays L.) inbred lines using AlphaFold2. Population genetics analysis of these protein 23 

3D structures reveal that buried residues held greater genomic evolutionary rate profiling (GERP) 24 

scores than exposed residues, indicating that buried residues are under stronger purifying 25 

selection. The design of the maize nested association mapping population makes it possible to 26 
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utilize haplotype information and protein 3D structural variation to reveal the molecular 27 

mechanisms linking genetic diversity and phenotypic variation for a population with ~5,000 28 

individuals. Associating protein 3D structure variation with phenotypes (structure-based 29 

proteome-wide association study, PWAS) identifies 15.7% more (96 vs. 83) significant proteins 30 

compared to associating protein sequence with phenotypes (sequence-based PWAS) using 32 31 

agronomic traits. Moreover, structure-based PWAS identifies 24 additional significant proteins 32 

unique to predicted structures, while sequence-based PWAS identifies 12 additional significant 33 

proteins. Structure-based proteome-wide predictions (PWP) improves genomic prediction 34 

accuracy by an average of 3.8% compared to sequence-based PWP. In general, predicted protein 35 

3D structures represent a powerful approach for understanding the natural diversity of protein 36 

haplotypes. 37 

 38 

Introduction: 39 

Tremendous progress has been made over the past decade in linking genomic variation to 40 

phenotypic variance (Xiao et al. 2017; Tam et al. 2019; Klein et al. 2010; Atwell et al. 2010; 41 

Togninalli et al. 2020; Wu et al. 2023; Wang et al. 2023; Ramstein and Buckler 2022). However, 42 

understanding the molecular mechanisms underlying sequence phenotype relationships remains 43 

a major challenge. Genome-wide predictions can now reach high accuracy within narrow 44 

germplasm pools but are less accurate for many complex traits in individuals with greater genetic 45 

distance (Windhausen et al. 2012; Desta and Ortiz 2014). This lack of transferability has been 46 

observed in both human and agricultural contexts. Moreover, different populations may exhibit 47 

distinct architectures of the causal variants underlying complex traits (Werner et al. 2005; Song, 48 

Mott, and Gan 2018; Keys et al. 2020), with rare alleles and different allele frequencies. In addition, 49 

even the most accurate whole-genome prediction models tend to overlook molecular mechanistic 50 

functions and fail to model aspects such as disruptions in protein activity. 51 

 52 
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Phenotypic variation broadly results from the modification of molecular processes within 53 

cells (Doerge 2002) where proteins are among the most important functional molecules. The 54 

biological function of a given protein is dictated by the arrangement of the atoms and functional 55 

groups in its three-dimensional (3D) structure. Therefore, variation in protein 3D structure is an 56 

essential source of information to explain how coding sequence variants impact gene activity 57 

(Hicks et al. 2019). Due to the extremely high cost and throughput bottleneck of protein 3D 58 

structure investigation technology, omics-wide comparisons of 3D structure have rarely been 59 

conducted for alleles at the population scale within eukaryotic species or across related species. 60 

AlphaFold2 (Jumper et al. 2021) enables researchers to perform proteome-wide 3D structure 61 

predictions without having to generate crystals for all individual proteins encoded by a genome. 62 

 63 

Proteins carry diverse selection signatures resulting from structural and functional 64 

constraints (MacGowan et al. 2024). One prime determinant of structural constraints is the relative 65 

solvent accessible surface area (RSA) of residues. Buried residues accept lower evolutionary 66 

substitutions and are more structurally constrained than exposed residues (Chothia and Lesk 67 

1986). Structural constraints are reflected in the allele frequency spectrum, which is commonly 68 

used as an indication of natural selection (Vishnoi et al. 2011). Evolutionary measures of 69 

sequence conservation provide important insights into structural constraints (Sun et al. 2023; 70 

Kistler et al. 2018; Davydov et al. 2010). Therefore, understanding how natural selection shaped 71 

protein 3D architecture is crucial for identifying functionally important regions that contribute to 72 

genetic adaptation to the environment. 73 

 74 

Genome-Wide Association Studies (GWASs) have identified many candidate causal loci 75 

in protein-coding genes and regulatory regions. These genomic variations impact traits largely by 76 

modulating the dosage or functional activity of proteins. Association studies based on gene 77 

expression have also been conducted at population scale. These analyses are often based on 78 
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mRNA abundance (G. Yang et al. 2024), which demonstrates a moderate correlation with protein 79 

abundance (Mergner et al. 2020). Protein 3D structure, as determinant of protein function, also 80 

influences various important biological activities. An improved understanding of protein 3D 81 

structural variation might provide critical insights into the molecular mechanisms underlying 82 

complex traits (Gerasimavicius, Teichmann, and Marsh 2025). To capture such effects, 83 

association analysis and genomic prediction integrating 3D structural variation into quantitative 84 

genetics might offer a concrete, functionally interpretable framework for analyzing phenotypic 85 

variation. 86 

 87 

Considering the high computational cost and lack of annotated protein sequences, 88 

applying AlphaFold2 to large-scale natural populations is challenging. Artificially designed 89 

populations with a limited number of founder lines makes it possible to use AlphaFold2 to explore 90 

the genetic mechanisms underlying phenotypic diversity. In this context, the maize (Zea mays L.) 91 

nested association mapping (NAM) population (McMullen et al. 2009; Gage et al. 2020) provides 92 

a valuable resource to link genotypic variation with phenotypic variation using computationally 93 

folded protein structures with affordable computing resources. The genomes of 26 NAM founder 94 

lines have been de novo assembled using long sequencing reads, and their protein sequences 95 

have been annotated (Hufford et al. 2021). The NAM population has been characterized by over 96 

100 different phenotypes in different environments over tens of millions of plants, ranging from 97 

agronomic characteristics to omics profiles (Gage et al. 2020; Khaipho-Burch et al. 2023). The 98 

use of this unique genetic resource for powerful AI-based structure prediction offers a valuable 99 

opportunity to investigate the genetic mechanisms underlying phenotypic diversity. 100 

 101 

In this study, we predicted protein 3D structures for 26 maize founder inbred lines and 102 

projected these structures onto the NAM inbred population with ~5,000 individuals. Based on 103 

these predictions, we investigated signatures of natural selection acting on protein structure. To 104 
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examine the impact of structural variation on phenotypes, we utilized the increased association 105 

power of protein 3D structural variation by conducting a structure-based proteome-wide 106 

association study (PWAS). Additionally, we explored the contribution of protein 3D structural 107 

variation to the accuracy of phenotypic prediction using proteome-wide prediction (PWP). Our 108 

findings suggest that protein structures have significant potential for enhancing quantitative and 109 

population genetics analyses. 110 

 111 

Results: 112 

Protein structure predictions for 26 diverse maize inbred lines 113 

To investigate the structural diversity, we used AlphaFold2 to predict the structure of proteins for 114 

the maize inbred line B73 and the 25 other NAM founder lines. Whether AlphaFold2 can predict 115 

the effects of single amino-acid polymorphisms (SAPs) is controversial (Stein and Mchaourab 116 

2024), so we first compared the protein sequence from the same core pan-gene group to 117 

characterize the sequence diversity of orthologous proteins among the 26 maize NAM founder 118 

lines (Hufford et al. 2021). We identified sequence variants in approximately 70% of pairwise 119 

protein comparisons, while only ~10% differed by a single point mutation (Fig. 1A), indicating the 120 

high level of sequence diversity within this panel. 121 

 122 

We predicted the 3D structures of 68,262 proteins from B73 (v5.0) (including canonical 123 

proteins from 37,724 genes) using AlphaFold2 (Jumper et al. 2021), as B73 has been widely used 124 

as the reference maize line for over a decade (Schnable et al. 2009). For the other 25 founder 125 

lines, we merged their canonical protein sequences into a nonredundant collective protein set 126 

(excluding protein sequences identical to their respective B73 reference). Overall, we predicted 127 

the structures of 313,639 unique protein sequences, corresponding to 795,649 proteins for all 26 128 

NAM founder lines (Supplemental Fig. S1A, B). The folded protein structures represent 94.1% of 129 

all proteins from B73 and approximately 73% of proteins from the NAM founder lines (Fig. 1B and 130 
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Supplemental Table S1). To assess the prediction confidence for each protein and each residue, 131 

we used the predicted local distance difference test score (pLDDT) (Jumper et al. 2021). At a per-132 

protein level, 59.2% and 49.1% of all proteins showed high confidence (median pLDDT  ≥ 70) in 133 

B73 and the NAM founder lines, respectively (Fig. 1B and Supplemental Table S1). A more 134 

stringent cut-off (median pLDDT ≥ 90) predicted 33.6% (B73) and 29.6% (NAM founder lines) of 135 

folded proteins with very high confidence (Fig. 1B). At the per-residue level, 61.0% (B73; 136 

Supplemental Fig. S2A) and 64.4% (NAM founder lines; Fig. 1C) of residues were predicted with 137 

high confidence (pLDDT ≥ 70, Supplemental Table S2). The pLDDT scores for each residue 138 

followed a clear bimodal distribution (Fig. 1C and Supplemental Fig. S2A), similar to that of 139 

humans (Alderson et al. 2023). 140 

 141 

RSA is a measure of the exposure of an amino acid residue to the protein’s solvent 142 

(Ramsey et al. 2011; Savojardo et al. 2020), with values ranging from 0 for a totally buried residue 143 

to 1 for a totally exposed residue. RSA followed a bimodal distribution, with low pLDDT scores 144 

mainly distributed in the high RSA region and high pLDDT scores mainly distributed in the low 145 

RSA region for both B73 (Supplemental Fig. S2B) and the NAM founder lines (Fig.  1D). 146 

Furthermore, RSA was significantly negatively correlated with pLDDT (Supplemental Fig. S3). 147 

Residues with high confidence scores are potentially functional domains and are tightly folded 148 

(Akdel et al. 2022). Structural domains are fundamental units critical to biological function, 149 

typically ranging in length from 100 to 500 residues (Wheelan, Marchler-Bauer, and Bryant 2000). 150 

Our results reveal that high confidence levels are predominantly enriched in domain-like length 151 

regions in B73 (Supplemental Fig. S2C) and the NAM founder lines (Fig. 1E). The folded maize 152 

proteins structures with high sequence diversity represent valuable resources to investigate the 153 

evolution of protein structures and conduct quantitative genetics analysis. 154 
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 155 

 156 

Fig. 1. Protein 3D structure predictions for 26 maize NAM founder lines using AlphaFold2.  157 

(A) Protein sequence diversity in maize NAM founder lines. Each NAM founder line was 158 

compared with other NAM founder lines in pairs. SAP, single amino acid polymorphism; indel, 159 

insertion/deletion. (B) Percentage of predicted protein 3D structures at different confidence levels in B73 160 

(left, total count: 72,539) and NAM founder lines (right, total count: 1,089,242); colors represent median 161 

confidence scores. Unresolved protein structures were not predicted; see Methods. (C) Distribution and 162 

percentage of confidence scores for all NAM founder lines residues. The histogram shows the density 163 

distribution of confidence scores, and the pie chart shows the percentage of confidence scores. pLDDT, 164 

predicted local distance difference test. (D) Distribution of RSA for residues in all NAM founder lines. 165 

RSA, relative solvent accessible surface area. (E) Heatmap representing median confidence scores of 166 

protein structures as a function of protein length in all NAM founder lines. 167 

 168 

Buried residues are under stronger purifying selection than exposed residues  169 
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Natural selection acting on protein 3D structures plays key roles in environmental adaptation 170 

and fitness with structural constraints representing one of the main determinants of the rates of 171 

evolution (Wolf, Wolf, and Koonin 2008). Therefore, we aimed to explore the molecular 172 

mechanisms underlying natural selection via predicted 3D structures. We identified 495,357 173 

nonsynonymous and 490,815 synonymous single nucleotide polymorphisms (SNPs) (Bukowski 174 

et al. 2018) from the maize 282 association panel (Flint-Garcia et al. 2005). High confidence 175 

and buried regions (with high pLDDT and low RSA) held higher proportions of synonymous 176 

SNPs than nonsynonymous SNPs, indicating that these regions are likely subject to stronger 177 

purifying selection pressure (p-value < 2.2×10−16, Fisher’s Exact Test, Fig. 2A, 2B). To further 178 

investigate how natural selection acted on protein structure, we used Zea mays ssp. mexicana 179 

and Zea mays ssp. parviglumis as outgroups to infer ancestral states and observed that 180 

nonsynonymous SNPs in the lowest derived allele frequency bin held the lowest mean RSA 181 

value compared to the other bins (p-value < 0.05, one-way analysis of variance and Fisher's 182 

least significant difference test, Fig. 2C), suggesting that purifying selection acts on buried 183 

residues. 184 

 185 

Genomic sites with higher genomic evolutionary rate profiling (GERP) scores are 186 

interpreted to be under stronger purifying selection (J. Yang et al. 2017; Davydov et al. 2010). 187 

Genomic sites at buried residues (RSA < 0.5) had greater GERP scores than those at exposed 188 

residues (RSA ≥ 0.5), suggesting that buried residues are under stronger purifying selection (p-189 

value < 2.2×10−16, t-test, Supplemental Fig. S4 and Fig. 2D). RSA is negatively correlated with 190 

pLDDT (Supplemental Fig. 2), and pLDDT decreases substantially when the median alignment 191 

depth is less than ~30 sequences in the multiple sequence alignment (MSA) from the AlphaFold2 192 

model (Jumper et al. 2021). A high depth of MSA is likely to reflect sequence conservation. To 193 
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avoid this source of confounding (Chakravarty and Porter 2022), we analyzed the strength of 194 

purifying selection conditionally on pLDDT bins. In each bin, residues with low solvent accessibility 195 

held higher GERP scores than residues with high solvent accessibility (Fig. 2E), suggesting that 196 

they are subjected to stronger purifying selection than those with high solvent accessibility, even 197 

after accounting for the confounding effect of pLDDT. Moreover, πN/πS (the ratio of 198 

nonsynonymous to synonymous nucleotide site diversity) was lower in buried regions than 199 

exposed regions, even when considering the confounding effect of pLDDT scores, confirming 200 

purifying selection in buried regions (Supplemental Fig. S5). Taken together, these observations 201 

indicate that predicted protein 3D structure by AlphaFold2 at population scale could reveal 202 

associations between structural features of protein and evolutionary constraint, providing key 203 

functional insights into natural selection. 204 
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 205 

Fig. 2 Protein structure predictions provide functional insights into natural selection in maize. 206 

(A) Density distribution of pLDDT scores between synonymous and nonsynonymous SNPs. (B) 207 

Density distribution of RSA between synonymous and nonsynonymous SNPs. (C) Distribution of 208 
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RSA for different derived allele frequencies. (D) Relationship between GERP scores and buried 209 

(RSA < 0.5) or exposed residues. Median value is shown as a solid middle line within the 210 

boxplot, which spans from the 25th to 75th percentiles. For definition of buried and exposed 211 

residues, please see Supplemental Fig S4. (E) Correlation between RSA and GERP scores 212 

divided by pLDDT score bins (as indicated by the gray shading above the plots). 213 

 214 

Predicted structural variants provide novel insights into genetic effects on phenotypes 215 

To conduct association analysis based on protein variation, we measured the structural 216 

similarity as well as sequence similarity for the canonical isoforms of each core pan-gene group. 217 

We used the principal components of the structure- and sequence-based similarity matrices as 218 

independent variables to perform association analysis on 32 traits. To account for population 219 

structure and relatedness, we included a genome wide relationship matrix (based on genomic 220 

SNPs) and a genome-wide IBD matrix (based on protein haplotypes) in a linear mixed model 221 

(Supplemental Fig. S6). Our PWAS focused on PCs (Principal Components) with eigenvalues higher than 222 

a predefined threshold (1✕10-5), which included most PCs with non-zero variance (Supplemental Fig. S7 223 

A). Lowering this predefined threshold resulted in near-identical results from structure-based tests 224 

(Supplemental Fig. S7 B, C, D, E). It is noteworthy that this lower threshold also resulted in spurious 225 

associations with extremely high significance values (e.g., pangene 9228, with -log10(p) > 200; 226 

Supplemental Table S3). On average, the associations between predicted structure and 227 

phenotype were stronger than those between sequence and phenotype (Fig. 3A and 228 

Supplemental Fig. S8), suggesting higher statistical power through structure-based 229 

associations. We identified 108 significant proteins through both structure-based and sequence-230 

based association analyses (96 and 84 by structure- and sequence-based tests, respectively). 231 

Of these, 72 proteins were shared between the two methods, while structure-based association 232 

identified 24 additional significant protein-trait associations unique to predicted structures (Fig. 233 
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3B; Supplemental Fig. S9 and Supplemental Table S4), suggesting that structure-based 234 

association analysis is a valuable and informative complement to sequence-based association 235 

analysis. The variability of principal components was almost identical with different significant 236 

levels for all significant proteins (Supplemental Fig. S10). To test whether the relative advantage 237 

of structure-based PWAS was not due to the use of specific sequence-based MSA software, we 238 

conducted the analysis using two other MSA tools: MUSCLE and T-Coffee (Notredame, 239 

Higgins, and Heringa 2000; Edgar 2004). The protein sequence similarity matrices generated 240 

from different MSA approaches were highly correlated with each other but different from the 241 

structural similarity matrices (Supplemental Fig. S11). The observed improvement in statistical 242 

significance from predicted protein structures was consistent across MSA software 243 

(Supplemental Fig. S12; Supplemental Fig. S13). Furthermore, we investigated whether the 244 

significant proteins identified via structure-based PWAS could be identified via standard SNP-245 

based GWAS. The results suggested structured-based PWAS identified additional loci that were 246 

not identified by SNP-based GWAS (Fig. 3C, D). 247 

To assess our ability to identify candidate causal genes via structure-based PWAS, we 248 

inspected associated protein structures encoded by known genes with phenotypes (Supplemental 249 

Fig. S14). The predicted protein structure of the transcription factor LIGULELESS1 (encoded by 250 

Zm00001eb067740) was significantly associated with upper leaf angle. LIGULELESS1 regulates 251 

ligule and leaf angle development and the mutant phenotype of this gene has been genetically 252 

studied (Li et al. 2017; Mantilla-Perez and Salas Fernandez 2017). The predicted protein structure 253 

of TUBTF6 (encoded by Zm00001eb188370) was significantly associated with upper leaf angle. 254 

This gene was reported to be enriched in a leaf gene regulatory network (Bertolini et al. 2025). 255 

DWARF and IRREGULAR LEAF1 (DWIL1; encoded by Zm00001eb287100) was associated with 256 

node number above the ear and was previously reported to influence plant height, internode 257 

length, and potentially node number (Jiang et al. 2012). GNARLEY (encoded by 258 

 Cold Spring Harbor Laboratory Press on June 11, 2026 . Published by genome.cshlp.orgDownloaded from 

https://paperpile.com/c/iH2u8R/zZh4u+wS2Tp
https://paperpile.com/c/iH2u8R/zZh4u+wS2Tp
https://paperpile.com/c/iH2u8R/p6Tk2+BQImc
https://paperpile.com/c/iH2u8R/r84P
https://paperpile.com/c/iH2u8R/gPR4Z
http://genome.cshlp.org/
http://www.cshlpress.com


Zm00001eb117820) was associated with node number above the ear. Its mutation alters the 259 

overall plant architecture (Foster et al. 1999), and its ortholog in rice, Oryza sativa homeobox 15 260 

(OSH15), affects node development (Sato et al. 1999). Due to linkage disequilibrium (LD), the 261 

extra power gained from structured PWAS might not point to the causal genes. The predicted 262 

structure of GOLDEN2-LIKE 37 (GLK37, encoded by Zm00001eb073790) showed a stronger 263 

association with ear row number than its sequence, and KRN2 (Zm00001eb073740) is in high LD 264 

with GLK37. KRN2 was previously reported to regulate ear row number (Wenkang Chen et al. 265 

2022). Genetic research is needed to confirm and further understand the underlying molecular 266 

mechanisms of these significant protein-traits associations. 267 

 268 
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 269 

Fig. 3 Comparison between association analyses.  270 

(A) Decay of significance over physical distance from significance peaks in PWAS. The peak is 271 

at the starting point of a significant gene. (B) Significant association signals from structure- and 272 

sequence-based PWAS. The dashed lines correspond to a 5% significance threshold with 273 

Bonferroni correction. (C) Significant loci from structure-based PWAS and SNP-based GWAS. 274 

The dashed lines correspond to a 5% significance threshold with Bonferroni correction (5.32 in 275 
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green for structure-based PWAS, 7.34 in purple for SNP-based GWAS). In SNP-based GWAS, significant 276 

genes are selected based on the most significant SNP in coding regions. (D) Manhattan plot of structure-277 

based PWAS and SNP-based GWAS. Traits shown are ear row number, node number above ear and 278 

upper leaf angle. The red dashed lines are identical to those shown in Fig. 3C. 279 

 280 

Protein 3D structure improves genomic prediction accuracy 281 

We assessed the additional contributions of protein structure variation to the genomic variance 282 

of the 32 traits in the NAM population, by performing variance partitioning using a genomic 283 

prediction model. Since the genotypic variants used for association are not fully independent of 284 

each other, we estimated their effect sizes (i.e., the amount of phenotypic variance explained) 285 

using a mixed model and included the whole genome SNP-based genomic value as an 286 

independent variable. We constructed three proteome-wide similarity matrices using structure, 287 

sequence, and IBD from all pan-gene groups. We first estimated the variance explained by the 288 

sequence similarity matrix, then added the protein structural similarity matrix as an additional 289 

source of variance (Fig. 4A). The inclusion of the structural similarity matrix provided a better fit 290 

compared to using the sequence similarity matrix alone (likelihood ratio test, p-value <0.05, Fig. 291 

4A). Structure-based PWP improved prediction accuracy by 3.8% on average compared to 292 

sequence-based PWP (p-value =1.1×10−7, paired t-test, Fig. 4B), where node number below 293 

ear, fructose content, and glucose content yielded more than 10% improvement in prediction 294 

accuracy. Structure-based PWP incorporating sequence information improved prediction 295 

accuracy by 4.1% compared to sequence-based PWP on average (p-value = 2.7×10−7, paired t-296 

test, Fig. 4C), where fumarate, node number below ear, protein, fructose content and glucose 297 

content yielded more than a 10% improvement in prediction accuracy. The increased prediction 298 

accuracy was independent of MSA methods used (Supplemental Fig. S15 and Supplemental 299 

Fig. S16). Structure-based similarities, alone or combined with IBD-based similarities, resulted 300 
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in increased prediction accuracy compared to IBD-based similarity alone (1.9% and 2.5%, 301 

respectively; Supplemental Fig. S17), while node number below ear led to the highest 302 

improvement in prediction accuracy (12.0% and 11.4%). These results indicate that protein 303 

structures explain genotypic variation not captured by protein sequence or IBD information, 304 

which translates into higher genomic prediction accuracy. 305 

 306 

 307 
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Fig. 4 Protein 3D structure improving prediction accuracy compared to protein sequence.  308 

(A) Variance partitioning in different genomic models for 32 traits. Sequences were aligned 309 

using MAFFT. Likelihood values are listed in Supplemental Table S5. (B) Comparison of prediction 310 

accuracy between sequence-based PWP and structure-based PWP. (C) Comparison of prediction 311 

accuracy between sequence-based PWP and sequence-based plus structure-based PWP. Dots 312 

represent the mean values of 25 leave-one-family-out repeats, and error bars indicate their standard 313 

errors. 314 

Discussion:  315 

Although functional features have been incorporated into association testing or genomic 316 

prediction, leading to significant improvements (Weiwei Chen et al. 2024; Ramstein and Buckler 317 

2022), the use of protein 3D structure for PWAS and PWP remains unexplored. Information on 318 

protein 3D structure provided molecular insights into the consequences of natural selection. The 319 

structure variants at population scale enabled us to perform structure-based PWAS and PWP to 320 

identify genes associated with important agronomic traits. Our results represent a pioneering 321 

exploration of how predicted protein 3D structural diversity can enhance our understanding of 322 

phenotypic variation. 323 

 324 

Prediction of protein structure requires high-quality genome sequence and annotation 325 

Prediction of protein structure heavily depends on high-quality protein sequences, as the 3D 326 

conformation of a protein is determined by the arrangement of its amino acids. Sequencing 327 

errors or gaps in the sequence can lead to inaccurate or misleading predicted structures. 328 

Therefore, ensuring the completeness and accuracy of the genomic sequence data is crucial for 329 

reliable structure prediction. Highly accurate gene annotation (the process of finding and 330 

designating the locations of individual genes) is also required to improve structure predictions 331 

(Salzberg 2019). With the advent of Oxford Nanopore Technology (ONT) and PacBio HiFi 332 
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sequencing technologies, more and more genomes are being assembled at the Telomere-to-333 

Telomere (T2T) level (Xie et al. 2024). As a result, the acquisition of high-quality protein 334 

sequences has become increasingly feasible, enabling large-scale protein structure predictions 335 

and opening new avenues for the exploration of functional mechanisms. 336 

 337 

Genetic effects are captured by high confidence protein 3D structure 338 

Proteome-wide protein 3D structure prediction accurately captures structural differences 339 

between genes in the reference genome of human and other model organisms 340 

(Tunyasuvunakool et al. 2021; Akdel et al. 2022). As protein sequence alleles are conserved 341 

across mammalian species, AlphaFold2 might not have the power to predict the impact of SAPs 342 

(Stein and Mchaourab 2024). However, AlphaFold2 may effectively predict allelic differences in 343 

protein structures in plant species, which are significantly more diverse than mammal species 344 

(Song, Buckler, and Stitzer 2023; Buckler, Gaut, and McMullen 2006). In this study, we extend 345 

proteome-wide protein 3D structure prediction to a population scale by taking advantage of the 346 

design of the maize NAM population. This allowed us to use predicted structure to analyze 347 

phenotypic variation in quantitative genetics studies, thereby enabling the decomposition of 348 

genotypic variability which would otherwise not be possible. 349 

 350 

Predicted protein structural similarity is more informative than protein sequence 351 

similarity 352 

Structural similarity between proteins is a strong predictor of functional similarity (Erdin, 353 

Lisewski, and Lichtarge 2011). Vastly different amino acid sequences can lead to similar 354 

structures, while even two closely related sequences may fold into distinctly different structures 355 

(Krissinel 2007). Our structure-based PWAS results suggest that 3D structures predicted from 356 

sequences are more useful than sequences alone for discovering candidate genes. Our method 357 
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filtered some PCs with low variance, which introduced extra false positives in PWAS. We 358 

examined several candidate genes that contribute to phenotypic variation. Although we 359 

identified promising candidates, sequence differences in proteins do not necessarily affect their 360 

predicted 3D structure. For omic-wide associations, we applied the canonical Bonferroni 361 

multiple tests correction to adjust significance thresholds for SNPs and pan-gene groups 362 

separately. Owing to the substantially larger number of SNPs compared to pan-gene groups, 363 

the resulting significance thresholds (expressed as -log10(p-value)) were higher for SNPs. 364 

Nevertheless, even applying the same threshold to SNP-based GWAS and PWAS, the 365 

observation that structure-based PWAS provides complementary information to SNP-based 366 

GWAS still holds (Fig. 3C). In our analysis, we only kept pan-genes that were present in all 367 

individuals, while additional genes are dispensable or private to some founder lines. Our 368 

analysis focused on sequence variability and did not consider potential effects of gene absence. 369 

Moreover, the dosage of functional molecules in cells, which is also essential for trait regulation 370 

(Wingo et al. 2021), could not be captured by predicting protein structure. Including dosage 371 

regulation and protein complexes in the model might further improve our understanding of the 372 

genetic mechanisms underlying trait diversity. Predicted 3D structure may only describe one 373 

component of gene activity, independent from gene regulation. Therefore, our proposed 374 

structure-based PWAS approach should ultimately be combined with other approaches (e.g., 375 

proteome-wide dosage association studies) in order to obtain a detailed biological description of 376 

genotypic variability. 377 

 378 

Predicted protein structural variants capture genotypic variability 379 

There have been mixed results about the usefulness of AlphaFold2 for predicting the effect of 380 

single-residue variants on protein structure (Buel and Walters 2022; McBride et al. 2023). Our 381 

PWAS and PWP results clearly indicate that AlphaFold2 can capture genotypic variability for 382 

agronomic, morphological, and compositional traits in maize. Importantly, predicted protein 383 
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structural variants in our study consisted of haplotype variants, not necessarily single-residue 384 

variants. Based on our results, we hypothesize that AlphaFold2 can accurately predict allelic 385 

variants for protein structure, provided that there are large enough differences among protein 386 

alleles. This hypothesis calls for further research to quantify the structural differences between 387 

protein alleles, and to test the accuracy of their prediction. 388 

 389 

In our analyses, precision was prioritized over power, as our PWAS approach was 390 

essential to account for biases introduced by LD, by including both SNP-based relationship and 391 

haplotype-based IBD matrices (Supplemental Fig. S6). A previous study predicted mRNA 392 

abundance for each haplotype in the NAM population, similar to our prediction of protein 393 

structures (Giri et al. 2021). Importantly, in this study permutations of predicted gene activity 394 

across the 26 haplotypes in the NAM population were predictive of phenotypes, as long as 395 

haplotypes were still correctly assigned to individual NAM lines. This result highlights the 396 

potential source of confounding due to haplotype variation alone, and the necessity to account 397 

for haplotype IBD in association studies of gene activity imputed by haplotype. 398 

 399 

Although our PWP results suggest that predicted 3D structure provides useful functional 400 

information about genetic effects, the gains in prediction accuracy realized in our study are 401 

certainly too low to justify routine applications of AlphaFold2 in genomic selection programs. 402 

However, the PHG used in this study may still be used for imputing haplotypes in any breeding 403 

population, and our structure-based similarity matrices may then be used without running 404 

AlphaFold2 again. Further research is needed to determine whether haplotype imputation by 405 

this PHG database (or future databases containing more genome assemblies) is accurate 406 

enough for effective incorporation of predicted protein structure information into genomic 407 

prediction models.  408 

 409 
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Methods: 410 

Protein sequence diversity investigation 411 

To investigate sequence diversity, we extracted the pan-genes from previously published pan-412 

gene annotations (Hufford et al. 2021) with at least one predicted protein structure for each of 413 

the 26 founder lines (see below), resulting in 17,633 pan-genes. MSA was performed using 414 

MAFFT to investigate the sequence diversity (Katoh and Standley 2013) for each pan-gene 415 

group. Protein sequences from the 26 NAM founder lines were iteratively used as the reference. 416 

The query sequences were compared with the reference sequence for each pan-gene of each 417 

iteration to count the number of SAPs and indels. 418 

 419 

Protein 3D structure prediction 420 

Protein structure prediction was performed using AlphaFold v2.0.0 with the preset reduced_dbs 421 

parameter as described in the AlphaFold database publication (Tunyasuvunakool et al. 2021). 422 

The genome annotations and pan-gene results were generated by Hufford et al. (Hufford et al. 423 

2021). All B73 v5.0 protein sequences and canonical protein sequences from the other NAM 424 

founder lines were selected as input. Sequences with residue codes ‘*’ (premature stop codon) 425 

or ‘X’ (unknown residue) were also excluded. The 3D structures of all B73 protein sequences 426 

were predicted, and canonical protein sequences from the other NAM founder lines were 427 

extracted for 3D structure prediction. All the kept protein sequences were merged to check for 428 

duplicated protein sequences. By default, AlphaFold v2.0.0 outputs five structural models for 429 

each input sequence; the model with the highest pLDDT was selected for subsequent analyses. 430 

Due to high computational cost, we only folded proteins with less than 1200 amino acids for the 431 

25 NAM founder lines, except for B73. Due to high GPU memory requirements, some proteins 432 

failed to fold. Protein structures were defined as resolved if they were successfully predicted by 433 
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AlphaFold2 and were otherwise considered to be unresolved. Protein folding was conducted 434 

using high-performance computing (HPC) computational nodes with 4 NVIDIA Quadro RTX 435 

5000 GPU cards.  436 

Calculation of RSA 437 

The accessible surface area (ASA) for each amino acid residue in a protein structure was 438 

calculated using DSSP v2.3.0 (Touw et al. 2015). The maximum possible solvent accessible 439 

surface area (MaxASA) was obtained from a previous publication (Tien et al. 2013). The RSA of 440 

each amino acid residue was calculated using the formula RSA = ASA/MaxASA. 441 

SNP annotation 442 

The variant calling file for 282 association panels was downloaded from maize HapMap 3.2.1 443 

(Bukowski et al. 2018) and uplifted to B73 V5.0 reference coordinates via CrossMap (Zhao et al. 444 

2014). Allele frequencies were counted using VCFtools (Danecek et al. 2011). Based on 445 

genome annotation information in general feature format (GFF3), SNPs in protein-coding 446 

regions were extracted and classified as either synonymous SNPs or nonsynonymous SNPs. 447 

The SNP dataset was annotated by GERP score from a previous publication (Kistler et al. 2018) 448 

uplifted to B73 V5.0 coordinates.  449 

Calculation of nucleotide diversity (π) 450 

The bi-allelic SNP file for each line in the 282 association panel was converted to a genomic 451 

sequence file using B73 V5.0 reference coordinates as the reference. Protein-coding sequences 452 

were extracted using GffRead (Pertea and Pertea 2020), and the same transcripts from all lines 453 

were merged into multiple sequence alignment files. Each codon was classified based on 454 

pLDDT bin and RSA bins. RSA value was divided into 10 bins ranging from 0 to 1 at intervals of 455 

0.1. πN and πS (π of nonsynonymous and synonymous mutations, respectively) were 456 
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calculated by bppsuite (Guéguen et al. 2013), with multiple sequence alignment files used as 457 

input. The average πN and πS values for all the codons in each bin were used to perform 458 

statistics analysis and generate the plot (Supplemental Fig. S5).  459 

Estimation of derived allele frequency  460 

To infer the derived allele for each SNP in the maize population, the genomes of Zea mays ssp. 461 

mexicana (TIL18) and Zea mays ssp. parviglumis (TIL11) were used as outgroups. The 462 

sequences of two genomes are available at MaizeGDB (https://download.maizegdb.org/). The 463 

genomes of the two outgroups were aligned against the B73 v5.0 reference genome (Hufford et 464 

al. 2021) using AnchorWave (Song et al. 2022). The genome alignments were converted into a 465 

GVCF format file using the MAFToGVCF plugin of TASSEL (Peter J. Bradbury et al. 2007). For 466 

each SNP in the maize population, if the reference allele matched either the TIL18 or TIL11 467 

allele, the reference allele was categorized as an ancestral allele. Otherwise, if the alternative 468 

allele was identical to the TIL18 or TIL11 allele, the reference allele was defined as a derived 469 

allele. For a SNP, whose reference position was not aligned to either of those two outgroups 470 

and was therefore likely located in newly derived sequence fragments, the SNP was excluded 471 

from the analysis. 472 

Variant calling for the NAM population and kinship matrix construction  473 

SNP variant calling of the NAM founder lines was conducted using PHG v1 (P. J. Bradbury et al. 474 

2022). A PHG database was constructed from the genomes of 26 NAM founder lines (Hufford et 475 

al. 2021), using the B73 v5.0 assembly as the reference. GBS reads from 4,736 accessions 476 

were mapped to the pangenome, and SNP variants were imputed in the NAM RIL population. 477 

The PLINK (Purcell et al. 2007) program was used to retain only biallelic variants with the 478 

parameter ‘--max-alleles 2’, resulting in 42,329,376 SNPs for 4,736 inbred lines. The SNP-479 

 Cold Spring Harbor Laboratory Press on June 11, 2026 . Published by genome.cshlp.orgDownloaded from 

https://paperpile.com/c/iH2u8R/SAga0
https://paperpile.com/c/iH2u8R/ijJts
https://paperpile.com/c/iH2u8R/ijJts
https://paperpile.com/c/iH2u8R/5JMca
https://paperpile.com/c/iH2u8R/kXv20
https://paperpile.com/c/iH2u8R/ILClw
https://paperpile.com/c/iH2u8R/ILClw
https://paperpile.com/c/iH2u8R/ijJts
https://paperpile.com/c/iH2u8R/ijJts
https://paperpile.com/c/iH2u8R/2rPTN
http://genome.cshlp.org/
http://www.cshlpress.com


based kinship matrix G was computed using the Balding-Nichols (BN) methods in the EMMAX 480 

software (Kang et al. 2010). 481 

 482 

Protein similarity matrix construction  483 

The NAM population was used for PWAS and PWP. To predict protein structures at population 484 

scale, all metrics for NAM founder lines were projected onto the NAM population with 25 485 

families using the PHG (Supplemental Fig. S18, Bradbury et al. 2022), assuming no 486 

recombination crossover in the middle of coding genes. To measure the structural similarity 487 

within each core pan-gene group j, structure alignments were performed using US-align, and 488 

the structural similarity matrices were computed as TM scores with values in [0,1], using 489 

structure alignment results as input (C. Zhang et al. 2022). To construct sequence similarity 490 

matrices, protein sequences were aligned via one of three MSA approaches, i.e., MAFFT 491 

(Katoh and Standley 2013), MUSCLE (Edgar 2004), or T-Coffee (Notredame, Higgins, and 492 

Heringa 2000). The similarity scores for each pair of sequences were calculated as numerical 493 

values in [0,1] as well. Each pair of amino acids was treated as similar to each other if they had 494 

a positive score from the BLOSUM62 matrix; otherwise, they were considered to be dissimilar to 495 

each other. For each pair of protein sequences, the similarity score was calculated as the 496 

number of similar amino acids divided by the average length of these two protein sequences. 497 

The IBD matrix for each pan-gene group was constructed using an identity matrix to NAM 498 

founder haplotypes. 499 

 500 

For each type of similarity (structure-, sequence-, or IBD-based) and pan-gene group j,  was 501 

the 26 ✕ 26 relationship matrix among the 26 founder haplotypes computed from similarity 502 

matrix  (https://github.com/shuaiwang2/Protein3D_QG/blob/main/PWAS/PWAS-503 
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data_processing.R). First, each relationship matrix was obtained by centering the corresponding 504 

similarity matrix: , where  is the centering matrix . The pan-505 

gene groups were then filtered, according to the following criteria: (i) no missing haplotypes 506 

among the 26 NAM founders; (ii) successful protein structure prediction for all observed 507 

haplotypes; (iii) trace of similarity matrix (sum of diagonal elements after centering) greater than 508 

1/25. This filtering step resulted in m=11,927 retained pan-gene groups across similarity metrics 509 

(US-align, MAFFT, MUSCLE, T-Coffee, IBD). The distribution of pan-gene is almost even on the 510 

chromosomes, except for a missing portion of Chromosome 10 (Supplemental Fig. S19). 511 

 512 

The input to PWAS consisted of one or more principal components per retained pan-gene 513 

group, obtained by eigen decomposition of  for each pan-gene group j. To retain eigenvalues 514 

that contribute substantially to the overall variance of the matrix, for each pan-gene group j, 515 

principal components were included in PWAS if their variance explained in  was greater than 516 

1✕10-5. If there were no principal components kept, the pan-gene group would not be used for 517 

the following analyses. The average number of structured-based principal components included 518 

(k) was 7, with a range from 1 to 25. The average number of sequence-based principal 519 

components included was 6, with a range from 1 to 25. For each pan-gene group j and 520 

relationship matrix , the matrix of principal components used in PWAS was , 521 

where  is the n ✕ 26 design matrix assigning each individual to one of the 26 founder 522 

haplotypes at the pan-gene group j,  is the 26 x k matrix of retained eigenvectors of  and 523 

 is the k x k diagonal matrix of the corresponding eigenvalues. 524 

 525 
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The input to PWP consisted of the sum of sequence-based, IBD-based, or structure-based 526 

similarity matrices across all pan-gene groups. To ensure mathematical validity, similarity 527 

matrices were adjusted to positive definite matrices using the nearPD function from the Matrix 528 

package in R (Higham 2002; R Core Team 2025). To normalize proteome-wide relationship 529 

matrices, the mean of their diagonal elements was set to 1, as follows: 530 

 531 

 532 

where trace is the sum of diagonal elements of a matrix. 533 

 534 

PWAS 535 

PWAS was performed using the following linear mixed model for each pan-gene group j: 536 

 537 

 538 

 539 

where y is an n × 1 vector of phenotypes;  is an n × 25 design matrix assigning each individual 540 

to its NAM family, and  is a 25 × 1 vector of fixed NAM family means;  is an n × k matrix of 541 

principal components for pan-gene group j, and  is the k x 1 vector of their fixed effects;  are 542 

random genomic values, as captured by the SNP-based kinship matrix;  are random proteome-543 

wide effects, as captured by pan-gene IBD-based similarities; and  are random residual effects, 544 

n is the number of individuals, and k is the number of principal components. The model 545 

accounts for the population structure and NAM family relationship through ,  and . PWAS 546 

was conducted using a two-stage approach (Z. Zhang et al. 2010). First, variance parameters 547 

were estimated in the null model, excluding , using qgg (Rohde, Fourie Sørensen, and 548 

Sørensen 2020). Then, the effects of principal components  were included for each pan-549 
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gene group j, and the significance of  estimates was assessed by a joint Wald test (H0: 550 

). A pan-gene group was deemed significant if the p-value from its joint Wald test was 551 

less than 4.7×10−6, according to a Bonferroni multiple-testing correction. The candidate proteins 552 

of significant pan-gene groups were reported for each trait (Supplemental Table S4). 553 

 554 

A total of 11,927 pan-genes were investigated in PWAS separately. A total of 32 traits were 555 

analyzed in PWAS. The phenotypes used were selected from previous publications (Buckler et 556 

al. 2009; Peiffer et al. 2013; Hung et al. 2012; Wallace et al. 2014; Poland et al. 2011; Brown et 557 

al. 2011; Bian and Holland 2017; Kump et al. 2011; Cook et al. 2012; Olukolu et al. 2014; 558 

Benson et al. 2015; Diepenbrock et al. 2017; Tian et al. 2011; Foerster et al. 2015), of which the 559 

most highly correlated traits were excluded (Supplemental Table S6). 560 

 561 

SNP-based GWAS 562 

GWAS was implemented by GEMMA (Zhou and Stephens 2012) using default parameters. A 563 

total of 19,458,794 SNPs were used for SNP-based GWAS. SNPs with minor allele frequency 564 

more than 0.05 and missing rates less than 20% were retained using PLINK (Purcell et al. 565 

2007). We calculated the GWAS significant threshold using Bonferroni multiple-testing 566 

correction based on the number of effective SNPs. The effective SNP count was derived with an 567 

R² threshold of 0.99, a window size of 100,000, and a step size of 50,000, resulting into 568 

1,090,989 SNPs. The GWAS used the same phenotypic traits as those used in the PWAS. 569 

 570 

Variance partitioning 571 

To assess the significance of structure-based PWP, variance partitioning was performed using 572 

the MMEst function implemented by the MM4LMM package (Laporte, Charcosset, and Mary-573 

Huard 2022). Proteome-wide relationship matrices were used as input for variance partitioning. 574 
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The ‘baseline’ prediction model only included a SNP-based kinship matrix G. The ‘sequence’ 575 

model included a G matrix and a proteome-wide relationship matrix P based on protein 576 

sequences. The ‘IBD’ model included a G matrix and a P matrix based on haplotype IBD. The 577 

‘structure’ model included a G matrix and a P matrix based on predicted structures. The 578 

‘sequence+structure’ model included a G matrix and two P matrices based on sequences and 579 

predicted structures. The ‘IBD+structure’ model included a G matrix and two P matrices based 580 

on haplotype IBD and predicted structures  581 

To test the statistical significance of additional random effects (e.g., structure-based genomic 582 

values), a likelihood ratio test was conducted to compare different genomic models using the 583 

following formula:𝜆 = −2 × (𝑙𝑜𝑔𝐿0 − 𝑙𝑜𝑔𝐿1) 584 

where 𝐿0 and 𝐿1 are the likelihoods of the null and alternative genomic models, respectively. 585 

The resulting test statistic (𝜆) was compared to a chi-squared distribution with corresponding 586 

degrees of freedom to obtain a p-value (Supplemental Table S5). 587 

 588 

PWP 589 

To estimate the improvement of prediction accuracy using structure information, proteome-wide 590 

prediction was carried out using the greml function implemented in the qgg package (Rohde, 591 

Fourie Sørensen, and Sørensen 2020). The model applied was as follows: 592 

 593 

 594 

 595 

where  is the vector of phenotypes;  is the intercept (grand mean) as a fixed effect;  are 596 

random genomic values, captured by genome-wide SNP-based relationships.  are random 597 
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proteome-wide effects, captured by one or more proteome-wide relationship matrices;  is a 598 

vector of residuals. 599 

 600 

In models with only one proteome-wide relationship matrix,  is a vector of “proteomic” values, 601 

such that , where  is based on either structure, sequence, or IBD. In models 602 

with two proteome-wide relationship matrices, , where , 603 

, with  and  being two different proteome-wide relationship matrices. 604 

Considering the population properties of the NAM population, PWP models were validated by 605 

leave-one-family-out cross-validation. Each NAM family was left out as a validation dataset to 606 

compute the prediction accuracy separately, while the other 24 NAM families were used for 607 

training. Prediction accuracy was computed as , where  is the vector of predicted 608 

genotypic values: . This process was repeated for 25 iterations. 609 

 610 

Statistical analysis 611 

All statistical analyses used for this paper were performed in R (R Core Team 2025) and are 612 

indicated in the main text and figure legends. 613 

 614 

Data access 615 

All predicted protein 3D structures are available in Figshare 616 

(https://doi.org/10.25452/figshare.plus.29176679).Genotype data for the NAM association panel 617 

and protein IDs projected to NAM population are available in Figshare 618 

(https://doi.org/10.6084/m9.figshare.28349087). Custom scripts and codes used in this study 619 

are available as Supplemental Code and in GitHub 620 

(https://github.com/shuaiwang2/Protein3D_QG). 621 

 622 
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