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 23 

Abstract 24 

Numerous breeding efforts have improved crop yields by screening new high-yield cultivars 25 

through yield trials in multiple environments. However, the accumulated data from these trails 26 

has not been effectively upcycled to guide future breeding programs because of the strength of 27 

the genotype by environment (G × E) interaction. Here, we propose a new method that accounts 28 

for these interactions by using a weather-driven crop growth model; the recorded yields of each 29 

cultivar were expressed using a unique linear regression in response to the potential yield (Yp) 30 

calculated by a weather-driven crop growth model. We call this approach the YpCGM method. 31 

We applied this method to 72 510 independent datasets from yield trials of paddy rice that used 32 

237 core cultivars (n = 20 to 6342 field trials) measured at 110 locations in Japan during the 38 33 

years from 1980 to 2017. The 237 core cultivars were selected from a pedigree matrix of 14 032 34 

Japanese cultivars by using the k-medoids method (k = 200 clusters), and the genomic 35 
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information for 91 800 single-nucleotide polymorphisms was obtained. The genotypic 36 

coefficients of yield-ability and yield-plasticity differed among the 237 cultivars, with values 37 

ranging from 2.5 to 7.3 t/ha and from –0.23 to +0.95, respectively. Genomic prediction 38 

validated the values of these two parameters by leave-one-out cross-validation based on the 39 

pedigree and genome information. Our study represents a novel “big data” method for 40 

managing and generalizing G × E interactions using a crop growth model supported by large 41 

amounts of field data. 42 

  43 
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Introduction 44 

Crop yield must improve to ensure food security by meeting the growing demand for food, 45 

which is predicted to increase by 70% by 2050 1. This must be accomplished under the 46 

constraints imposed by climate change. Genetic improvement of crop performance will be one 47 

important solution. Recent advances in genotyping technologies have accelerated our ability to 48 

screen candidate high-yielding cultivars efficiently using methods such as genome-wide 49 

association studies (GWAS) and genomic prediction (GP) 2-10. Although genotyping of a given 50 

cultivar is now relatively easy and affordable using genome-wide DNA sequencing, phenotype 51 

analysis based on crop yield must be repeatedly evaluated in season-long field trials across a 52 

range of environments. The yield of a given cultivar is not stable across environments, since 53 

yield results from the interactions of many physiological processes that respond to 54 

environmental fluctuations throughout the growing season. This leads to strong genotype by 55 

environment (G × E) interactions, which make it difficult to predict crop yields across a range 56 

of environments. 57 

The pioneering study of Finlay and Wilkinson11 proposed a method for quantifying the G × 58 

E interaction by linear regression (FW method). The FW method standardized the observed 59 

yield of each cultivar in a given environment against a mean yield of all cultivars in a 60 

comparable environment (Supplemental Fig. S1a). The slope of the regression represents the 61 

plasticity of the yield response, with the average plasticity equal to 1.0; cultivars with above-62 

average plasticity have a slope of >1.0, and cultivars with below-average plasticity have slope 63 

of <1.0. This represents a foundational achievement for evaluating G × E interactions, and it 64 

has been widely used in plant science, including genomic analysis 12-18. However, the FW 65 

method can be used only with yield data measured at the same site in a side-by-side yield 66 

comparison, in which different cultivars grow together under identical environments. The 67 

plasticities of a cultivar that were determined under different environmental conditions are 68 

consequently not comparable among experiments. 69 

To solve this problem, we designed this study to develop a new method for characterizing 70 

the cultivar-specific yield response standardized by the potential yield (Yp) by using a weather-71 

driven crop growth model, which we call the “YpCGM method” (Supplemental Fig. S1b). The 72 

novelty of this method is that it lets researchers combine yield trial data from different studies 73 

to estimate Yp from weather data. Only two parameters are required: the yield-plasticity (α; 74 

dimensionless) and the yield-ability (β; t/ha). These represent the slope and estimated yield at 75 

the standardized potential yield (SPY; t/ha), respectively, in a cultivar-specific regression: 76 

 77 
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Yobs = α Yp  + b                                              (1) 78 

= α (Yp  – SPY) + β 79 

 80 

where Yobs and Yp represent the observed and potential yield of a given cultivar in a given year, 81 

location, and management regime, and b is the intercept at Yp = 0. Our conversion of equation 82 

1 to a form that uses SPY lets us characterize the yield-ability β, which represents the intercept 83 

at Yp = SPY in x-axis, thus the expected yield at Yp = SPY.  SPY can be set by considering the 84 

majority of the observed Yp range among the tested cultivars. This covers the observed range 85 

of yield and provides a straightforward understanding of productivity of a give cultivar. 86 

The regression provides a simple expression of a cultivar’s yield characteristics of α and β. 87 

This differs from previous modelling studies, which required the measurement and 88 

parameterization of many physiological processes for each cultivar, including leaf expansion, 89 

photosynthesis, biomass production, and carbon allocation to harvestable organs 19-22. Our 90 

method can be applied in a “big data” context using the accumulated yield data from many 91 

previous studies, including studies that recorded only yield, without measuring these and other 92 

physiological processes. Reuse (i.e., upcycling) of these data for yield phenotyping has great 93 

potential to help breeders identify promising cultivars that will let them boost crop yields by 94 

using currently available genotyping data.  95 

We estimated the potential yield for a cultivar in each year and at each location by using a 96 

weather-driven crop growth model 23 with fixed default parameters. We used the observed 97 

cultivation schedule (transplanting, heading, and maturity dates) for each trial as input variables 98 

to increase the accuracy of the cultivar-specific coefficients by standardizing the variations in 99 

the growth period of each cultivar in each year and location. This method is based on the results 100 

of a preliminary study 23 that compared linear regressions of the yield of three cultivars as a 101 

function of Yp using the model, but that did not extract the parameters as the genotypic 102 

coefficients described here. 103 

We applied our new method to datasets from 72 510 yield trials under precise management 104 

practices of disease and pest control with 237 core cultivars of rice (Oryza sativa L.) obtained 105 

during the 38 years from 1980 to 2017, measured at 110 public agricultural experimental 106 

stations in Japan along a climatic transect from south to north and from west (facing the Sea of 107 

Japan) to east (facing the Pacific Ocean), which cover latitudes from 30°N to 43°N. 108 

Supplemental Figure S2 shows the locations of the study sites, and Supplemental Table S1 109 

provides geographical details, time periods, and numbers of cultivars. 110 

The 237 core cultivars were selected for their proximity to the central node of a pedigree 111 
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matrix, and were classified using the k-medoids method (k = 200 clusters) from the 14 032 rice 112 

cultivars for which data were available, which ranged from the oldest released cultivar 113 

(‘Asahimochi’ released in 1926) to the most recently released (‘Tachiharuka’ and ‘Yukigozen’ 114 

released in 2010). Each cultivar provided a dataset with 20 to 6342 phenotype datasets (yield, 115 

days to heading and maturity, panicle number, and panicle length). We validated the reliability 116 

of our method of calculating Yp by using leave-one-out cross-validation for the cultivars based 117 

on their pedigree and genome. The cultivar-specific parameters were used to analyse the genetic 118 

gain and for GWAS to support future breeding studies for the development of cultivars suitable 119 

for the world’s changing climate. 120 

 121 

Results 122 

Yp captures cultivar-specific yield characteristics 123 

The phenotype data for the 237 cultivars recorded data from 20 to 6342 yield trials under a 124 

range of environmental conditions (Supplemental Fig. S3). For example, the popular cultivar 125 

‘Koshihikari’, which was used as a parent of 853 progeny, provided phenotyping data from 126 

6342 trials, with yields that ranged from 0.9 to 8.7 t/ha (Supplemental Fig. S3vii), with 39 to 127 

117 days to heading (Supplemental Fig. S3xvii), 178 to 684 panicles per m2 (Supplemental Fig. 128 

S3xxvii), and a panicle length of 12.6 to 23.8 cm (Supplemental Fig. S3xxxvii). The other nine 129 

cultivars with ‘Koshihikari’ in these figures, which currently account for more than half of crop 130 

production in Japan, show a similar range of variation in their phenotypes (Supplemental Figure 131 

S3). Data for all 237 cultivars are listed in Supplemental Tables S2 and S3. 132 

To quantify the genotypic coefficients of yield-ability (β in equation 1, defined as the 133 

expected yield at Yp = 8 t/ha, SPY) of a given cultivar and its plasticity (α) using the YpCGM 134 

method, we plotted the observed yields per cultivar against Yp estimated from weather records 135 

by the weather-driven crop-growth model.  The genotypic coefficients of β varied from 2.5 to 136 

7.3 t/ha among the 237 cultivars (Fig. 1a), and α varied from −0.23 to +0.95 (Fig. 1b).  Fig. S4i-137 

x is example of the quantification of coefficients for the 10 major cultivars by YpCGM, and 138 

Supplemental Table S2 listed coefficients of all 237 cultivars.   139 

To compare the prediction accuracy of Yp with estimates based on the observed panicle 140 

number and length, which strongly determine yield variation in rice 24, we calculated root-141 

mean-square error (RMSE). The RMSE of the difference between the observed yield and Yp 142 

ranged from 0.36 to 1.45 t/ha and averaged 0.84 t/ha for the 237 cultivars (Supplemental Table 143 

S3). The RMSE of Yp was plotted against that of observed panicle number and length, and we 144 

found 1.2% smaller than the value based on the observed panicle number and 4.2% smaller 145 
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than that based on length (Fig. 2; Supplemental Fig. S4 xi-xxx). On this basis, Yp appears to be 146 

an appropriate index that accounts for the variation of observed yield of each cultivar in 147 

response to environmental changes. 148 

 149 

GP for explaining variations of the genotypic coefficients 150 

Using leave-one-out cross-validation, genomic prediction explained the variation of yield-151 

ability (β) based on genome information from 91 800 single-nucleotide polymorphisms (SNPs), 152 

with a significant positive correlation (r = 0.34, P < 0.001) in the genomic best linear unbiased 153 

prediction (gBLUP), which was similar the result for the pedigree-based best linear unbiased 154 

prediction (pBLUP; r = 0.34, P < 0.001) and the combination of genomic and pedigree BLUP 155 

(gpBLUP) (r = 0.32, P < 0.001) and the combination BLUP with the pedigree × genotype 156 

interaction (g×pBLUP) (r = 0.33, P < 0.001) (Fig. 3a). The yield-plasticity (α) was predicted 157 

with similar accuracy by the pedigree and genome methods, at r = 0.19 ~ 0.22, respectively (P 158 

< 0.01), and the values were lower than the correlations for β. Interestingly, the b parameter in 159 

the basic form of equation 1 that does not include SPY was not well explained by the genome 160 

and pedigree information (r = -0.19 ~ -0.01). This demonstrates the effectiveness of using β 161 

rather than b for characterizing the genotypic characteristics. 162 

The heritability of β to explain the variation was significant and high, at 0.556 for genome 163 

information and 0.994 for pedigree information. These values were much higher than those of 164 

α, at 0.365 and 0.179, respectively. We also observed poor heritability of b, at 0.148 and 0.046, 165 

respectively. 166 

 167 

Discussion 168 

We successfully standardized the cultivar characteristics of rice yield using two genotypic 169 

coefficients that describe yield-ability (β) and its plasticity (α), and using Yp from the weather-170 

driven crop growth model to account for environmental effects on the observed yield data. In 171 

this, we used a big data approach that processed data from 72 510 independent rice yield trials 172 

(Fig. 1ab, Supplemental Table S2). The advantage of our novel method is that it allowed the 173 

use of a large volume of yield data from 20 to 6342 trials per cultivar under different 174 

environmental conditions to determine each genotypic coefficient for 237 core cultivars. We 175 

confirmed our results using genomic prediction analysis, and in particular revealed the high 176 

heritability of β (Fig. 3). The α and β coefficients will guide future breeding programs and help 177 

breeders to select candidate donor cultivars predicted to have high yield under future climates. 178 

Our method should also be applicable to the millions of phenotyping records of crop species 179 
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such as wheat 7,18, maize 6,3, sorghum 4, chickpea 5 and common bean 8 based on data from field 180 

trials under a diverse set of growing conditions. These datasets can be analysed using a crop 181 

growth model that was developed previously for each species, such as for wheat 25, maize 26, 182 

and rice 27. Future use of our concept would upcycle previous phenotyping data and increase 183 

the efficiency of breeding by calculating the genotypic coefficients for potential yield and yield 184 

plasticity. 185 

Genetic gain can be defined as the yield increase over time and can be measured by 186 

evaluating the yield performance of rice cultivars released in different years but grown under 187 

the same experimental conditions 28-29. Our novel method let us compare the genetic gain in 188 

studies conducted in different years and at different locations with Japan’s 237 core cultivars 189 

by calculating just two genetic coefficients; we also performed this analysis for the 23 most 190 

widely grown cultivars from 1920 to the present (i.e., farmer favourites) (Supplemental Fig. 191 

S5). The cultivars that we included in our analysis represent a diverse range of maturity groups 192 

that could not be easily compared directly side by side, particularly owing to differences in 193 

photoperiod sensitivity 30. 194 

Figure 1c shows that genetic gain in β of yield-ability from 1926 to 2010 was 10.2 kg/ha/year 195 

among all 237 core cultivars combined and more than double that, at 21.8 kg/ha/year, among 196 

the 23 major cultivars. The magnitude of the latter increase in regions from Hokkaido to Kyushu 197 

was similar to the range reported by Anzoua et al. 31 in Hokkaido, at 21 to 29 kg/ha among eight 198 

cultivars in eight cultivars that were introduced between 1905 and 1988 in a 2-year trial, and 199 

the results of Zhang and Kokubun 32, at 17 kg/ha for 10 cultivars introduced between 1893 and 200 

1991 at three sites with different environments in the Tohou region (calculated from their Fig. 201 

1). 202 

In terms of yield plasticity of α, the genetic gain of the 237 core cultivars was not significant, 203 

but interestingly, that of the 23 major cultivars was marginally significant (P = 0.065), with a 204 

1.1% annual increase relative to the mean plasticity of the 23 cultivars (Fig. 1d). This suggests 205 

that Japanese rice breeders have continuously genetically improved their rice cultivars in terms 206 

of potential yield, whereas local farmers have been choosing cultivars not only for higher 207 

potential yield, but also with the goal of obtaining higher yield to cope with a changing climate. 208 

A similar breeding direction to increase yield plasticity was reported of wheat cultivars in 209 

Argentina, Australia, Italy, and the UK 33. 210 

It is worth noting that we observed no significant relationship between the potential yield 211 

and yield plasticity of all 237 cultivars combined or of the 23 major cultivars (Fig. 1e). This 212 

suggests that the two traits are independently genetically controlled. 213 
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Plant growth under favourable environmental conditions generally benefits from increased 214 

availability of resources, including temperature 34-35, atmospheric CO2 36-39, and solar radiation 215 
40. We hypothesized that a cultivar with higher yield plasticity may increase yield when grown 216 

with no constraints imposed by water availability but under a changing climate in Japan. We 217 

tested six scenarios based on different yield-plasticity of α with values ranging from 0.0 to 0.6, 218 

in scenarios CV1 to CV6 (i.e., six values within the observed range)( Supplemental Fig S6a). 219 

We showed the results assuming a fixed yield-ability, β at 8 t/ha in 6342 field trial environments 220 

using cultivar ‘Koshihikari’ and data from 1980 to 2017. Simulation CV1, with zero plasticity, 221 

provided a constant yield of 8 t/ha, and increasing plasticity increased the yield, with the 222 

maximum increase in scenario CV6, with α = 0.6 (Supplemental Fig. S6b). The absolute yield 223 

increased with increasing plasticity throughout the simulation period, and with the greatest gain 224 

in the 2010s, at 14%, versus the 1980s, at 8%. This simulation was based on historical weather 225 

records and suggested that yield plasticity is a promising future breeding target to accelerate 226 

genetic gain in rice yield as an adaptation to climate change in Japan. 227 

Supplemental Figure S6c suggests that environmental conditions have improved for cultivar 228 

‘Koshihikari’ from 1980 to 2017, leading to a observed yield increase of 13.5 kg/ha/year (n = 229 

6342; Supplemental Fig S11c). This trend agrees with previous results for rice cultivar 230 

‘Sasanishiki’ 41. This response in Japan contrasts with results from a tropical climate in the 231 

Philippines, where yield has been decreasing 42. The trend for ‘Koshihikari’ may have resulted 232 

from increasing mean air temperature before heading, which increased by 0.03 °C/year, in the 233 

range c.a. 18 to 26°C (Supplemental Fig. S6d) but without a significant trend in solar radiation 234 

(Supplemental Fig. S6e). Yp, which represents the cumulative effect of environmental resources, 235 

increased by 21.5 kg/ha/year (Supplemental Fig. S6f) even without taking into account for CO2 236 

fertilization effect in this model 36-39.  Jagermeyr et al. (2021)43 predicted increased rice yield 237 

from 2069 to 2099 under future climate scenario SSP585, especially at higher latitudes, but a 238 

decrease at lower latitudes. Their prediction means that environmental resources will become 239 

better for rice at high latitudes. The genetic control of yield plasticity would be a powerful 240 

option to compensate for the predicted yield losses at lower latitudes, and could boost global 241 

crop productivity under future climatic conditions if this plasticity can strengthen abiotic stress 242 

tolerance 44. This approach, combined with stronger tolerance of abiotic stress to mitigate the 243 

effects of unusual climate events, which are expected to increase in frequency and severity, 244 

could play a key role in securing global food security for the predicted population of 9 billion 245 

people in 2050. 246 

GWAS lets us explore genomic regions related to yield, and the results can provide guidance 247 
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for future breeding targets. However, one limitation of GWAS is that it requires a large quantity 248 

of yield phenotype data for a large number of cultivars 22. Our new method may let breeders 249 

use the large number of historical records that are available to calculate the two genotypic 250 

coefficients that we identified here. In Supplemental Figure S7, we show the result of our 251 

GWAS to identify new genomic regions associated with yield for either coefficient of α and β. 252 

The analysis revealed several but non-significant peaks, especially β, which had a high 253 

heritability (Fig. 3b). We identified seven potential peaks, with one on chromosome 2 (position 254 

15 039 574; −log10(p) = 4.04) is close to the respective locations of TAC4, which controls tiller 255 

angle by regulating the endogenous auxin content 45. The additional previously unknown 256 

regions for potential yield may exist (Supplemental Figure S7). Although we could not detect 257 

significant peaks, probably because yield is regulated by many physiological processes in 258 

complex and interacting ways 24, our methodology might be a useful way to do GWAS 259 

supported by other forms of genomic analysis such as detection of quantitative trait loci by 260 

recycling data from previous research, without requiring time-consuming and labour-intensive 261 

field trials.  262 

One limitation of our new approach results from sacrificed statistical power of n in the big 263 

data, compiles the variations of 72 510 yield of each cultivar in the linear regression into 237 264 

cultivars as two genotypic coefficients. Using the full dataset of 72 510 individual yield trials 265 

would improve the model’s ability to account for G × E interactions and for the genotypic 266 

characteristics of each cultivar.  Recently, several authors tried to improve the accuracy of GP 267 

for genomic and phenotyping data in a use of intermediate secondary traits of means of 268 

environment during a specific growth period or to improve a model’s output  2-3,9,10. We may 269 

extend our approach through the use of the full 72 510 yield trial data to characterize genotypic 270 

coefficients of the 237 cultivars. 271 

A second limitation was that we used only a single crop growth model to calculate Yp. This 272 

means that the coefficients include an error component caused by the structure of the model, 273 

which, for example, does not account for soil type and fertility 46, atmospheric CO2 19, or the 274 

temperature of the irrigation water 47. Another improvement would be to test ensemble multi-275 

model analysis using two or more models with different complexities and different abilities to 276 

account for physiological processes so as to increase the accuracy of the Yp calculation, as done 277 

recently in simulations of future crop yield 25-27,43.  Such an approach improves on previous 278 

labour-intensive and time-consuming research methods, which previously required months of 279 

careful work for each dataset. 280 

 281 
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Conclusion 282 

We developed a new method for mitigating the effects of the genotype × environment (G × 283 

E), YpCGM method: using a weather-driven crop growth model to combine data from 284 

independent yield trials under different environmental characteristics with the model’s 285 

estimated potential yield based on weather data to re-analyse the valuable but under-used data 286 

from previous trials. To the best of our knowledge, we are the first to use this approach to 287 

mitigate the effects of the G × E interaction and characterise the productivity of cultivars by 288 

integrating data from many trials across a range of environments using only two regression 289 

coefficients.  290 

 291 

Online Methods 292 

Upcycling phenotypic datasets and select core cultivars 293 

We obtained rice yield datasets from a total of 207 331 trials with 8524 cultivars during the 294 

38 years from 1980 to 2017. The studies were conducted at 110 public agricultural experimental 295 

stations in Japan by the Institute of Crop Science of the National Agriculture and Food Research 296 

Organization, Japan (NARO) (2017 version) 48. From the database, we selected 237 core cultivars, 297 

for a total of 72 510 yield datasets, as follows: (1) From the pedigree network information of 298 

14 032 rice cultivars, we selected 200 cultivars that were central nodes in the classification by 299 

the k-medoids method (k = 200) (Supplementary Fig. S8). (2) One cultivar has many phenotypic 300 

data from each cluster constructed by the hierarchical clustering according to the Wards method 301 

based on the pedigree relationship matrix (except for the cluster containing 200 cultivars 302 

selected by the k-medoids method described above) were selected. We selected a total of 158 303 

cultivars. (3) Finally, 237 core cultivars with at least 20 trials data per cultivar (to maintain the 304 

accuracy of the regression analysis when n was incrementally increased) and seeds available 305 

were selected. 306 

We cleaned the data to remove outliers by using the interquartile range 4.0. The 237 cultivars 307 

included the oldest released cultivar (‘Asahimochi’ released in1926) and the most recently 308 

released (‘Tachiharuka’ and ‘Yukigozen’ released in 2010) (Supplemental Tables S2 and S3). 309 

Each cultivar provided trials of n = 20 to 6342 yield trials of phenotype datasets (yield, days to 310 

heading and maturity, panicle number, and panicle length). Each study used the best 311 

management practices for their time in terms of site preparation, fertilization rate, and pest and 312 

disease control. All yields were converted to a 14% moisture content before reporting. 313 

 314 

Whole genome resequencing and SNP genotyping 315 
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We resequenced 166 rice cultivars (Supplemental Table S4). First, we extracted genomic 316 

DNA from young leaf tissue of each cultivar with the NucleoSpin Plant II kit (Macherey-Nagel 317 

GmbH & Co. KG, Düren, Germany). We then quantified the DNA with a Qubit fluorometer 318 

(Invitrogen, Waltham, MA, USA). Next, we constructed libraries with the Riptide High 319 

Throughput Rapid DNA Library Prep Kit (iGenomX, Carlsbad, CA, USA), following the 320 

manufacturer’s protocol. We sequenced the Riptide libraries on the Illumina NovaSeq platform 321 

(Illumina, San Diego, CA, USA), using 150-bp paired-end reads, and then demultiplexed the 322 

results in fgbio software v.1.3.0 (https://github.com/fulcrumgenomics/fgbio). We performed 323 

additional sequencing on the Illumina HiSeq platform of cultivars with a low number (< 6 300 324 

000) of sequence reads. The sequence data have been deposited in the DNA Data Bank of Japan 325 

Sequence Read Archive (DRA) (Supplemental Table S4). In addition, we obtained FASTQ 326 

reads from the DRA for 70 rice cultivars 49-50. DRA accessions are provided in Supplemental 327 

Table S4. 328 

The raw sequence reads were qualified (quality trimming and adapter clipping) in 329 

Trimmomatic software v. 0.39 51 with the options “PE -phred 33 ILLUMINACLIP:TruSeq3-330 

PE.fa:2:30:10 LEADING:20 TRAILING:20 SLIDINGWINDOW:4:15 MINLEN:75”. We 331 

retained only paired output reads. After these preprocessing steps, we mapped the remaining 332 

reads onto the ‘Nipponbare’ reference genome IRGSP-1.0, using the bwa mem command in 333 

BWA 52, with the options “-a -T 0”. We obtained coordinate-sorted files in BAM format using 334 

the samtools sort command in SAMtools v. 1.9 53. We obtained BAM files that contained only 335 

correctly oriented and properly paired mapped reads by filtering the specified bit in the FLAG 336 

field during scanning with the samtools view command. The BAM files were filled in as mate 337 

coordinates by using the samtools fixmate command, and finally we obtained BAM files that 338 

contained only paired mapped reads by using the samtools view command again. 339 

SNP-based genotype calling can be obtained as a file in variant call format (VCF). We 340 

generated the VCF file from the BAM files using the samtools mpileup command with the 341 

options “-q 10 -Q 13 -a DP,AD,SP,ADF,ADR -B -C 50,” and called and filtered the variants 342 

using the bcftools call command in BCFtools v. 1.9 53 with the options “-v -m -f GQ,GP” and 343 

the bcftools filter command with the options “-i ‘INFO/MQ> = 10”. We then filtered twice 344 

using the bcftools view command with the options “-i ‘F_PASS(FMT/DP> = 5 & FMT/GQ> = 345 

20) > 0.8’” and “-i ‘INFO/MQ> = 30”. Subsequently, we converted the genotypes with low 346 

genotype quality and low depth to “missing” in VCFtools 54 with the options “--minGQ 347 

10 --minDP 2” and filtered using the bcftools view command with the options “-e ‘MAF[0] < 348 

0.001’ -i ‘F_PASS(FMT/GT==“het”) < 0.1’”. We imputed the resulting genotype dataset in 349 
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BEAGLE v. 5.1 55. Finally, we completed a core genotype dataset comprising 237 cultivars, 350 

including ‘Nipponbare’ and 91 800 SNPs.  351 

 352 

Crop growth model 353 

We performed our analysis using a simple crop growth model developed by Masuya and 354 

Shimono 23 using the default parameter values. The model integrates daily canopy radiation 355 

capture and use as a function of input daily air temperature and solar radiation. In the 356 

development sub-model, we predicted the phenology of a developmental index (DVI) 56, and 357 

combined this model with observed heading and maturity dates. The DVI on each date was 358 

calculated from the air temperature by using the ratio of the actual temperature to the cumulative 359 

effective air temperature (here, defined as >10 °C) for each period between the observed 360 

transplanting, heading and maturity dates. This eliminated the need for daylength input data 361 

and the need for cultivar-specific parameters that accounted for different phenological 362 

responses. This let us standardize the yield per unit area by using the observed solar energy 363 

capture even for identical cultivars grown in different years and at different locations, as well 364 

as for cultivars with different maturity dates. 365 

We set SPY in equation (1) as 8 t/ha because Yp of 201 in the 237 cultivars (85%) covered 8 366 

t/ha in which Yp of the 237 cultivars averaged 5.0 t/ha, with a minimum of 0.1 t/ha and a 367 

maximum of 9.8 t/ha. 368 

  369 

Weather data 370 

The daily air temperature and solar radiation during the study period at the weather station 371 

closest to each of the 110 locations that provided yield data were obtained from the MeteoCrop 372 

database (https://meteocrop.dc.affrc.go.jp/real/top.php). 373 

 374 

GWAS analysis 375 

We performed GWAS using linear mixed models to correct for differences in the population 376 

structure and genetic relationships, using the gaston package in R software 57. We used α and β 377 

of the 237 cultivars listed in Supplemental Table S2. We removed SNPs that were not biallelic, 378 

that were monomorphic, or that had a minor allele frequency of <5%, leaving a total of 77 651 379 

SNPs. 380 

 381 

GP analysis: Prediction of genotypic coefficients and calculation of heritability 382 

The accuracy of the predictions based on genomic and pedigree data for the genotypic 383 



 13

coefficients α and β was evaluated based on the genomic (realization) relationship matrix and 384 

the pedigree (numerator) relationship matrices. We tested genomic best linear unbiased 385 

prediction (gBLUP), pedigree-based best linear unbiased prediction (pBLUP), a combination 386 

of the two approaches (gpBLUP), and a prediction based on the genome × pedigree information 387 

(g×pBLUP).  388 

The accuracy of the predictions based on genomic and pedigree data for the genotypic 389 

coefficients 𝛼  and 𝛽  was evaluated. Predictions were performed based on the genomic 390 

(realization) relationship matrix and the pedigree (numerator) relationship matrices. 391 

The genomic relationship matrix was calculated using the same set of SNPs used for the 392 

GWAS (91,800 SNPs satisfying MAF ≥ 0.5). Specifically, it was calculated as 𝐆 = 𝐗𝐗 /𝑚 393 

based on the matrix 𝐗 representing the SNP genotypes of the 237 cultivars. where the (𝑖, 𝑗) 394 

element of 𝐗 represents the genotype of the 𝑗-th SNP of the 𝑖-th cultivar, scored as -1 for 395 

reference-type homozygous, 1 for non-reference-type homozygous, and 0 for heterozygous. 𝑚 396 

represents the number of SNPs. The pedigree relationship matrix was calculated based on the 397 

parent information of each cultivar obtained from the rice cultivar database in NARO 398 

(https://ineweb.narcc.affrc.go.jp/). The pedigree relationship matrix, 𝐀, was calculated based 399 

on the pedigree information of 15,145 cultivars, including lines that were included as dummies 400 

to account for backcrossing steps. 401 

Prediction models were constructed using the genomic and pedigree relationship matrices. 402 

Specifically, the following four BLUP models were constructed. 403 

 404 

gBLUP: 405 𝐲 =  𝛍 + 𝐠  + 𝐞 406 

pBLUP 407 𝐲 =  𝛍 + 𝐠  + 𝐞 408 

gpBLUP 409 𝐲 =  𝛍 + 𝐠 + 𝐠 + 𝐞 410 

gxpBLUP 411 𝐲 =  𝛍 + 𝐠 + 𝐠 + 𝐠 + 𝐞 412 

 413 

where 𝐲 is the vector of values of genetic coefficients whose 𝑖-th element is 𝛼  or 𝛽 , 𝛍 is the 414 

vector whose elements are the overall mean, 𝐠  is the vector of genetic effects accounted by 415 

the genomic-based relationships, i.e., 𝐠  ~ 𝑁(𝟎, 𝐆𝜎𝟐) , where 𝜎𝟐  is the variance of the 416 
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genomic-based effects, 𝐠  is the vector of genetic effects accounted by the pedigree-based 417 

relationships, i.e., 𝐠  ~ 𝑁(𝟎, 𝐀𝜎𝟐), where 𝜎𝟐 is the variance of the pedigree-based effects, and 418 𝐠  is the vector of genetic effects accounted by the interaction between genomic- and 419 

pedigree-based relationships, i.e., 𝛄 ~ 𝑁 𝟎, 𝐆 ⊗ 𝐀𝜎𝟐 , where 𝜎𝟐  is the variance of the 420 

interaction effects and ⊗ is the element-wise product (Hadamard product) of matrices, 𝐙 is the 421 

design matrix for the genetic effects, and 𝛜 is the vector of residuals assuming 𝛜 ~ 𝑁(𝟎, 𝐈𝜎𝟐), 422 

where 𝜎𝟐  is the residual variance. The gxpBLUP is the full model with interaction terms 423 

between genomic and pedigree relationships 58. The function “lmerUvcov” in the R package 424 

“lme4GS” 59 was used to estimate the parameters of the model and to calculate BLUP values. 425 

To evaluate the prediction accuracy of the model, we conducted one-cultivar out cross-426 

validation. Specifically, we estimated the parameters of a prediction model and calculated 427 

BLUPs for 236 cultivars, and then predicted the 𝑦 value for the left-out one cultivar. This step 428 

was repeated for all the 237 cultivars.  429 

To evaluate the levels of genetic control of the genotypic coefficients 𝛼 and 𝛽, we calculated 430 

heritability using genomic and pedigree relationship matrices. For the genotypic coefficients, 431 

one value was obtained for each cultivar and there were no replications. Thus, heritability was 432 

calculated simply by taking the ratio of the variation explained by 𝐠   (i.e., 𝜎𝟐) or 𝐠   (i.e., 𝜎𝟐) 433 

and the variance explained by residuals (i.e., 𝜎𝟐 ). In the calculation of heritability, the 434 

parameters of the gBLUP and pBLUP models were estimated using data from all 237 435 

breeds/strains. The function “marker_h2_means” in the R package “heritability” 60 was used 436 

for the calculation. 437 
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Figure captions 615 

Figure 1. Genotypic coefficients for the yield-ability (β) and the yield-plasticity (α) of the 237 616 

core cultivars. Frequency distributions for (a) yield-ability and (b) yield-plasticity. 617 

Relationships between the year when a cultivar was released and the (c) yield-ability and (d) 618 

yield-plasticity. (e) Relationship between yield-ability and yield-plasticity. Red, green, and 619 

blue arrows in (a) and (b) represent ‘Koshihikari’, a long-popular cultivar; ‘Nipponbare’, an 620 

older popular cultivar that was used for the rice genome project; and ‘Hokuriku 193’, a high-621 

yield cultivar, respectively. Black and red data points in (c), (d), and (e) indicate data for all 622 

237 cultivars and for the 23 major cultivars, which represent the most widely grown cultivars 623 

from 1920 to 2020 (i.e., farmer favourite historical cultivars), respectively. ***P < 0.001, +P 624 

< 0.1, ns not significant. The 23 major cultivars were ‘Norin 22’ (1941), ‘Kimmaze’ (1948), 625 

‘Hounenwase’ (1952), ‘Koshihikari’ (1953), ‘Etsujiwase’ (1953), ‘Fujiminori’ (1958), 626 

‘Sasanishiki’ (1960), ‘Nipponbare’ (1961), ‘Reimei’ (1963), ‘Todorokiwase’ (1965), 627 

‘Toyonishiki’ (1966), ‘Reiho’ (1966), ‘Ishihikari’ (1968), ‘Akihikari’ (1974), ‘Yukihikari’ 628 

(1981), ‘Akitakomachi’ (1982), ‘Kirara 397’ (1985), ‘Hinohikari’ (1986), ‘Hitomebore’ 629 

(1988), ‘Fukuhibiki’ (1988), ‘Nanatsuboshi’ (1998), ‘Masshigura’ (1999), ‘Hokuriku 193’ 630 

(2001).  Number in the parenthesis is the year released. 631 

 632 

Figure 2. Root-mean-square errors (RMSE) of yield prediction based on the potential yield 633 

(Yp) calculated by the weather-driven crop growth model, and relative to the observed (a) 634 

panicle number (PN) and (b) panicle length (PL) of the 237 core cultivars. RMSE of each 635 

cultivar was calculated independently from n = 20 to 6342 trials. 636 

 637 

Figure 3. (a) Comparison of the strength of the ability to predict the yield-ability (β in 638 

equation 1), yield-plasticity (α in equation 1) and b in equation 1 by pedigree-based best 639 

linear unbiased prediction (pBLUP), genome-based best linear unbiased prediction (gBLUP), 640 

their combination (gpBLUP), and genome × pedigree information (g×pBLUP). (b) 641 

Comparison of the heritability of yield of the 237 core rice cultivars. The correlations between 642 

the observed and predicted values were based on leave-one-out cross-validation (n = 237). 643 

 644 
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