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Abstract 16 

Genomic selection has accelerated genetic gain in many breeding programs worldwide but 17 

genotype-by-environment-by-management (GxExM) hampers further progress for systems 18 

where these interactions are important and not well represented in the training data. Process-19 

based crop growth models (CGMs), which encode physiological relationships between plants 20 

and their environments, can extrapolate to novel conditions but cannot directly leverage genomic 21 

information. Coupling these complementary approaches in the Crop Growth Model–Whole 22 

Genome Prediction (CGM-WGP) framework addresses both limitations, yet applications in 23 

horticultural crops remain scarce. In this study, we apply CGM-WGP to predict flowering time 24 

in broccoli (Brassica oleracea var. italica) and common bean (Phaseolus vulgaris L.), two 25 

horticultural species with contrasting physiological responses to temperature and photoperiod. 26 

Genotype-specific thermal time requirements and photoperiod parameters were jointly estimated 27 

with genome-wide marker effects and predictions were compared against a Reaction Norm 28 

Genomic Best Linear Unbiased Prediction (RN-GBLUP) benchmark across four cross-validation 29 

scenarios of increasing predictive difficulty. RN-GBLUP achieved the highest accuracy under 30 

sparse-testing scenarios where training data covered all target environments, while CGM-WGP 31 

outperformed RN-GBLUP when predicting untested environments and untested genotype-32 

environment combinations (broccoli: Pearson r = 0.66, RMSE = 9.4 days; bean: r = 0.86, RMSE 33 

= 5.2 days). These results demonstrate that CGM-WGP can be applied to horticultural crops 34 

using genome-wide markers alone, but without requiring prior identification of quantitative trait 35 

loci. CGM-WGP also provides a modular foundation that can be extended to predict the timing 36 

of other developmental transitions and output traits such as biomass and yield.  37 
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Key Message 41 

The CGM-WGP framework is generalizable as demonstrated for two horticultural crops with 42 

contrasting physiology and different from prior research. 43 
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1. Introduction 49 

As computing power increases and genomic platforms become faster and more affordable, plant 50 

breeders have increasingly explored how genomic information can be leveraged to accelerate 51 

genetic gain. Genomic selection (GS) is broadly defined as the use of genome-wide DNA 52 

markers to predict the performance of individuals that have not yet been phenotypically 53 

evaluated (Meuwissen et al. 2001; Bernardo and Yu 2007; Heffner et al. 2009). GS has gained 54 

widespread adoption and is now being implemented in breeding programs across a range of 55 

species (Alemu et al. 2024; Beyene et al. 2015; Dreisigacker et al. 2023). GS help breeders 56 

realize high on-farm genetic gain when training and prediction populations are closely related 57 

and when the multienvironment trials (MET) is highly correlated with the target population of 58 

environment (TPE, Cooper and Messina, 2023). However, its predictive power deteriorates when 59 

applied to novel environments, particularly those characterized by strong genotype-by-60 

environment-by-management (GxExM) interactions that were not present in the training data.  61 

This challenge of limited predictability has motivated the development of prediction frameworks 62 

that couple mechanistic crop models with genomic prediction to achieve greater flexibility under 63 

environmental novelty (Messina et al. 2018; Cooper et al. 2016; Technow et al. 2015). Process-64 

based crop models, commonly referred to as crop growth models (CGMs), represent the 65 

integration of physiological processes driven by environmental inputs such as temperature, 66 

photoperiod, solar radiation, water, and nitrogen (Jones et al. 2003; Holzworth et al. 2014). 67 

Because these models encode known physiological relationships between the plant and its 68 

environment, genotype-specific parameters estimated from CGMs can harness prior scientific 69 

knowledge to predict performance of genotypes into environments not yet observed. However, 70 



CGMs are not designed to leverage the genomic information increasingly available in modern 71 

breeding programs—the common practice is to calibrate each genotype in multiple 72 

environments.  73 

Improved phenotype prediction across an environmental range can be attained by combining a 74 

mechanistic model, which defines how environmental and management factors shape growth and 75 

development, with a genomic model capturing the genetic factors governing the relevant 76 

physiological responses. This integration is known in the literature as Crop Growth Model-77 

Whole Genome Prediction (CGM-WGP, Technow et al. 2015; Cooper et al. 2016; Messina et al. 78 

2018). Although CGM-WGP is not a new concept, it has continued to evolve over the past 79 

decade, with some of the most successful applications in row crops such as maize (Messina et al. 80 

2018; Diepenbrock et al., 2022; Messina et al., 2025) demonstrating improved prediction under 81 

drought stress and high GxExM interactions, and more generally with increasing complexity of 82 

the GxExM system (Messina et al., 2023b; Messina et al., 2025). Despite this progress, CGM-83 

WGP has not yet been applied to horticultural crops, where comparatively smaller breeding 84 

programs and greater environmental diversity make efficient prediction tools particularly 85 

valuable. 86 

In this study, we apply the CGM-WGP framework to predict flowering time in two horticultural 87 

species: broccoli (Brassica oleracea var. italica) and common bean (Phaseolus vulgaris L.). 88 

Broccoli is a nutritionally dense temperate vegetable whose cultivation is constrained by its 89 

sensitivity to high temperatures, limiting production in tropical and subtropical regions where 90 

diet-related micronutrient deficiencies are most prevalent (Cabrera and Messina 2025). 91 

Expanding production into these new, unexplored environments requires identifying and 92 



breeding heat tolerant germplasm that will enable breeding of tropical and subtropical cultivars. 93 

Yet, the infrastructure needed to evaluate genetic material under the target growing conditions is 94 

often absent in the very regions where the crop could have the greatest nutritional impact. 95 

Common bean is a widely consumed tropical legume and important global protein source, 96 

included here as a complementary species to assess the generality of the framework and its 97 

known photoperiod response. Together, the two species present contrasting population 98 

development strategies, different physiological responses to temperature and photoperiod, and 99 

distinct experimental designs, providing a rigorous test of whether CGM-WGP can generalize 100 

across horticultural crops.  101 

Time to flowering, measured as days to first anthesis from planting (DAP), is the focal trait for 102 

both species due to its impact on yield. In broccoli, time to flowering governs marketable yield 103 

directly because the commercially harvested organ is the immature inflorescence. Consensus in 104 

the literature indicates that head development and flowering time are highly temperature-105 

sensitive (Siomos et al. 2022), with head formation ceasing above 23-24°C in many cultivars 106 

(Lin et al. 2019; Farnham and Bjorkman 2011) and inflorescence development arrested 107 

altogether under prolonged temperatures above 30°C in others (Björkman and Pearson 1998). 108 

Genotype-dependent responses are also well documented, including increases in the minimum 109 

number of leaves and delayed head initiation under high temperature conditions (Lindemann-110 

Zutz et al. 2016; Olesen and Grevsen 1997; Wurr et al. 1995; Lin et al. 2018).  While 111 

photoperiod research on broccoli is sparse, existing studies show no significant effect on head 112 

initiation or flowering time, with temperature being the primary driver of development in modern 113 

cultivars (Tan et al. 2000b; Tan et al. 2000a). In beans, yield and quality are directly related to 114 

time to flowering which is heavily influenced by both photoperiod and temperature (Peksen 115 



2007; Monterroso and Wien 1990). Pod and seed numbers are markedly reduced by exposure to 116 

high temperatures at anthesis due to increased abscission of flower buds, flowers, and young 117 

pods, and by failure of fertilization and seed development (Ofir et al. 1993). Photoperiod plays a 118 

critical role, with approximately 60% of bean genotypes reported to be photoperiod sensitive 119 

(White and Laing 1989).   120 

Despite the agronomic importance of predicting time to flowering across diverse environments, 121 

existing modeling efforts for both broccoli and bean have been largely context specific, 122 

reflecting the production systems and environments in which they were developed. For broccoli, 123 

Tan et al. (2000a) established foundational thermal time models from field experiments in 124 

subtropical southeast Queensland. Subsequent studies extended these approaches to predict head 125 

initiation dates and yield in broccoli grown throughout Scotland (Cammarano et al. 2020). 126 

Others have calibrated models to European growing conditions (Lindemann-Zutz et al. 2016) 127 

and integrated management optimization for California’s coastal production zones (Kim et al. 128 

2021).  Across these efforts, a common limitation is that each model was parameterized for the 129 

climatic and cultivar context in which it was built, with limited evidence of transferability to 130 

novel environments or untested germplasm.  131 

For common bean, modeling efforts have been more extensive. The CSM-CROPGRO-Dry Bean 132 

within the DSSAT ecosystem (Hoogenboom et al. 2004), represent the most widely used 133 

process-based tools and have been applied to irrigation management and yield prediction across 134 

diverse production systems. More recently, a series of increasingly sophisticated QTL-based 135 

dynamic models have been developed using the same dataset employed here. Bhakta et al. 136 

(2017) established a foundational predictive model for time to flowering with a bi-parental 137 



recombinant inbred family using 12 QTL across five environmentally distinct sites. Wallach et 138 

al. (2018) extended this model by proposing a dynamic model in which three parameters of a 139 

temperature and photoperiod driven development model are expressed as linear functions of 140 

QTL capturing GxE interaction. Most recently, Vallejos et al. (2022) further refined this 141 

framework using a mixed-effects model with separate minimum and maximum temperature 142 

inputs, epistatic QTL interactions, and an unstructured residual covariance across sites. While 143 

these QTL-based approaches represent meaningful advances, they share a fundamental 144 

limitation, that is the development of QTL models that are often restricted to the founder 145 

populations. Leveraging genome-wide marker data directly to predict flowering time in new 146 

genotypes drawn from diverse germplasm can increase the applicability of beans models, a 147 

limitation that becomes particularly consequential when the trait's genetic architecture is 148 

polygenic. The objectives of this study were to: (i) develop a CGM-WGP framework to predict 149 

time to flowering in horticultural crops using genome-wide marker data; and (ii) to evaluate 150 

prediction accuracy over other statistical model across novel genotypes and untested 151 

environments. 152 

2. Materials and Methods 153 

2.1 Plant Material and Experimental Design 154 

2.1.1 Broccoli 155 

This project was carried out with the immortal BolTBDH doubled haploid (DH) biparental 156 

population (supplementary Figure 1), derived from a cross between double haploid parental lines 157 

‘TO1000DH3’ (P1; Brassica oleracea var. alboglabra) and ‘Early Big’ (P2; B. oleracea var. 158 



italica) (Iniguez-Luy et al. 2009). A single F1 was selfed, and 200 DH lines generated via anther 159 

culture. Seeds were from USDA-ARS in Geneva, NY, and sown into 200-cell trays filled with 160 

commercial potting mix (Fafard 3B; Conrad Fafard Inc., Agawam, MA) on six separate dates: 161 

July 24, 2023; October 20, 2023; January 30, 2024; July 22, 2024; October 21, 2024; and March 162 

7, 2025. These dates were chosen to span a natural temperature gradient from early to late season 163 

conditions in North Florida.  164 

Broccoli seedlings were grown in a climate-controlled greenhouse at Speedling Inc., Ruskin, FL, 165 

for six weeks. Afterward, they were transplanted to a field in Hastings, FL, on six corresponding 166 

dates: September 8, 2023; December 6, 2023; March 15, 2024; September 17, 2024; December 167 

3, 2024; and April 14, 2025. Transplanting was done onto raised beds covered with white plastic 168 

mulch and equipped with two drip irrigation lines to ensure optimal water distribution. Standard 169 

regional practices for fertilization and irrigation were followed, along with integrated pest 170 

management protocols to control pests and diseases. 171 

2.1.2 Beans 172 

A recombinant inbred line (RIL) population of 187 genotypes was developed from a cross 173 

between the determinate Andean cultivar Calima and the indeterminate Mesoamerican cultivar 174 

Jamapa via single-seed descent to the F11 generation, followed by bulking to the F14 generation 175 

(further details in Bhakta et al. 2015). Population structure is shown in supplementary Figure 2. 176 

The population was evaluated across five environments: Citra, FL, USA (CT; March–June 177 

2011), Palmira, Colombia (PA; November 2011–January 2012), Popayán, Colombia (PO; 178 

March–June 2012), Isabela, Puerto Rico (PR; February–May 2012), and Prosper, North Dakota, 179 



USA (ND; May–August 2012). Full details of the experimental design are provided by Bhakta et 180 

al. (2017).  181 

2.2 Phenotyping for time to flowering 182 

Broccoli plants were monitored weekly for flowering time and were considered to be flowering 183 

when distinct flower structures appeared, including expanded yellow or white petals, consistent 184 

with other published methodologies (Okazaki et al. 2007; Camargo and Osborn 1996; Shu et al. 185 

2018; Stansell et al. 2019). Days to flowering were then calculated by subtracting the planting 186 

date from the flowering date. Similarly, flowering time in beans was recorded as number of days 187 

it took for 50% of the plants in the same plot to reach anthesis.  188 

2.3 Environmental Data 189 

Daily weather data for the broccoli experiment were accessed from the Hastings weather station 190 

of the Florida Automated Weather Network (FAWN). Daily temperature and solar radiation data 191 

were downloaded for the six planting dates. Weather data for the bean experiments were 192 

obtained from (Vallejos et al. 2022; Wallach et al. 2018; Bhakta et al. 2017). 193 

2.4 Crop Growth Models: Mechanistic Component 194 

Time to flowering was modeled as a thermal time driven process governed by a cardinal 195 

temperature beta function (Eq. 1) and photoperiod function (Eq. 2). The cardinal function 196 

describes the relative rate of development as a response to daily mean temperature, 197 

parameterized by the base (𝑇௕), optimum (𝑇௢௣௧), and ceiling (𝑇௖) temperatures, with the shape 198 

controlled by two dimensionless parameters, ߙ and 199  :ߚ 



݂(𝑇) = {( ்−்್೚்೛೟−்್)ఈ ( ೎்−்೎்− ೚்೛೟)ఉ ,  𝑇௕ < 𝑇 < 𝑇௖0,                                         ݐ݋ℎ݁݁ݏ݅ݓݎ                           (Eq. 1) 200 

The function ݂(𝑇) represents the relative thermal response, scaling between 0 and 1 with a 201 

maximum at  𝑇௢௣௧, and is subsequently scaled by the genotype-specific physiological time 202 

requirement Θ௚ to yield the daily development rate. The effect of daylength on daily 203 

development rate was modeled with the following photoperiod function:  204 

߰௘,௧( ௖ܲ,௚) = ௘,௧ܮܦ}  − ௖ܲ,௚, ௘,௧ܮܦ >  ௖ܲ,௚௖ܲ,௚ − ,௘,௧ܮܦ ௘,௧ܮܦ <  ௖ܲ,௚0, ݁ݏ݅ݓݎℎ݁ݐ݋     (Eq. 2) 205 

where  ܮܦ௘,௧ is the daylength in hours on day t in environment e, ௖ܲ,௚ is the critical photoperiod 206 

for genotype g. The daily development rate ܴ௚,௘,௧ for genotype g in environment e on day t 207 

combines the thermal response with the additive photoperiod penalty, scaled by a genotype-208 

specific thermal requirement Θ௚: 209 

ܴ௚,௘,௧ = { 1௵೒  (݂(𝑇௘,௧) − ௚ܵ ∙  ߰௘,௧), ݂(𝑇௘,௧) > ௚ܵ ∙  ߰௘,௧0, ݁ݏ݅ݓݎℎ݁ݐ݋    (Eq. 3) 210 

where ௚ܵ is a genotype-specific rate penalty per hour of deviation. Under this parameterization, 211 

௚ܵ = 0 reduces the model to a thermal-only accumulator;  ௚ܵ > 0  imposes a slowdown 212 

whenever the daily photoperiod differs from the genotype-specific critical value in the 213 

unfavorable direction. Flowering was predicted as the day on which cumulative development 214 

first reached completion, defined as the day ݀ when the sum of daily development rates satisfies:  215 

= ௚,௘̂ܲܣܦ  ݉݅݊ {݀: ∑ ܴ௚,௘,௧ௗ௧=1 ≥ 1}                            (Eq. 4) 216 



The parameter Θ௚ therefore represents the genotype-specific physiological time requirement to 217 

flowering, with larger values corresponding to later-flowering genotypes that require greater 218 

accumulated photothermal development to reach anthesis. The estimation of Θ௚ across genotypes 219 

and its connection to genomic information is described in the following section.  220 

2.5 Whole-Genome Prediction: Genomic Component 221 

Genomic information was incorporated into the model through the genotype-specific 222 

physiological time requirement Θ௚, which serves as the bridge between the mechanistic crop 223 

model and the genomic prediction component. A genomic relationship matrix G was constructed 224 

for each crop from genome-wide SNP markers obtained through genotype-by-sequencing, using 225 

the AGHmatrix R package (Amadeu et al. 2023) following VanRaden’s method (VanRaden 226 

2008):  227 

ࡳ =  ೅2∑௣ೕ(1−௣ೕ)       (Eq. 5) 228ࢆࢆ

where Z is the centered marker matrix and ݌௝ is the allele frequency at locus j. The G-matrix 229 

serves as the covariance structure for the genomic prior placed on Θ௚, assumed to follow a 230 

multivariate normal distribution:  231 

,1௵ߤ)ܰ ~ ߆  232 (Eq. 6)                   (ܩΘ2ߪ 

Where ߤ௵ is the population mean-physiological time requirement and ߪΘ2 is the genomic variance 233 

component. This prior shrinks individual Θ௚ estimates toward genetically similar genotypes, 234 

regularizing the solution and enabling genomic prediction for new genotypes not observed in any 235 



training environment. Analogous genomic priors were placed on ௚ܵ and ௖ܲ,௚, their behavior 236 

under the available data is reported in Section 3.2.  237 

2.6 Coupling of Crop Growth Models with Whole-Genome Prediction 238 

An Expectation-Maximization (EM) algorithm (Dempster et al. 1977) was used to alternate 239 

between updating the population-level hyperparameters (ߤ௵,  Θ2) and optimizing the genotype-240ߪ 

level parameters (߆௚, ௚ܵ, ௖ܲ,௚) jointly across all genotypes via L-BFGS-B, a limited memory 241 

quasi-Newton method suited to large-scale bounded optimization (Byrd et al. 1995). The EM 242 

alternates between two steps until convergence. The E-step updates the genomic prior 243 

hyperparameters (ߤ௵, ,௚߆) Θ2) from current per-genotype estimates, and an M-step re-optimizes 244ߪ  ௚ܵ, ௖ܲ,௚) via L-BFGS-B under the updated prior. CGM and genomic components were 245 

estimated using standard WGP algorithm that builds upon the original approach proposed by 246 

Messina et al. (2006):  247 

ℒ = ∑ ௚,௘̂ܲܣܦ) − ܣܦ ௚ܲ,௘௢௕௦)2௚,௘⏟                ௌௌா + ∑ 1ఙೖ2 ௞ࣂ) − ௞૚)்௞ߤ ௞ࣂ)1−ࡳ − +                      ⏟(௞૚ߤ ݊௚ ∑ ௞2௞⏟      ௅௢௚−஽௘௧ீ௘௡௢௠௜௖ ௣௥௜௢௥ߪ ݈݊
      (Eq. 7)  248 

where ݇ ∈  {Θ, S, ௖ܲ} indexes the three genotype-level parameter vectors, each regularized by a 249 

genomic prior with covariance ߪ௞2ܩ, and ݊௚ is the number of genotypes. Prediction for new 250 

genotypes not observed during training was performed using genomic best linear unbiased 251 

prediction (GBLUP):  252 

Θ̂௡ = Θߤ ௧,௧−1(દ௧ࡳ௡,௧ࡳ + −  Θ૚)           (Eq. 8) 253ߤ



where ࡳ௡,௧ is the submatrix of genomic relationships between new and training genotypes. This 254 

equation leverages the genetic relatedness between a new genotype and all training genotypes to 255 

borrow information proportional to genomic similarity, enabling prediction for lines that were 256 

never phenotyped. The architecture of the full model is illustrated in Figure 2.  257 

2.7 Baseline Models 258 

2.7.1 Reaction Norm GBLUP (RN-GBLUP) 259 

We fit an extended RN-GBLUP model for the genomic prediction of flowering time to 260 

incorporate interactions between markers and the environments following the framework of 261 

Jarquín et al. (2014): 262 

௜௝௞ݕ  = ௜௝ݓ + ߤ  + ௜௝݌  +  ݃௝  + ௜௝ݓ݃  + ௜௝݃݌  ௜௝௞      (Eq. 9) 263ߝ + 

with 0) ܰ ~ ݓ, ,(௪2ߪ்ߗ ,0) ܰ ~ ݌ ,(௣2ߪ஽௅ߗ ݃ ~ ܰ (0, ,(௚2ߪܩ ,0)ܰ ~ ݓ݃ [ ௚ܼܼܩ′௚]  ∘ ,0)ܰ ~ ݃݌ 2௚௪),264ߪ்ߗ  [ ௚ܼܼܩ′௚]  ∘ ,(2௣௚ߪ஽௅ߗ  ௜௝௞ߝ ூூ஽~ ܰ (0,  matrix is the genomic relationship 265 ࡳ ఌ2 ). Theߪ

matrix derived from markers, ࢀࢹ is the environmental covariance matrix constructed from 266 

temperature, and ࡸࡰࢹ is the environmental covariance matrix constructed from daylength. Both 267 ષ matrices capture environmental similarity across planting dates and locations, allowing the 268 

model to borrow information across environments in proportion to their thermal and photoperiod 269 

similarity, respectively. The Hadamard product ∘ between [Z௚GZ௚′ ] and each ષ matrix captures 270 

genotype-specific responses to temperature and photoperiod, providing a genomic benchmark 271 

that accounts for the same environmental drivers explicitly modeled in the mechanistic 272 

component of the CGM-WGP framework. 273 



2.7.2 Crop Growth Model 274 

The mechanistic crop model described in Section 2.4 was used as a physiological baseline 275 

without any genomic component. A single set of population-mean parameters was estimated 276 

from the training data and applied uniformly to all genotypes, reflecting the principal limitation 277 

of purely mechanistic crop models: their inability to distinguish between genotypes without 278 

external genetic information. Prior work has addressed this by calibrating the crop model 279 

independently for each genotype (Hoogenboom et al., 2004; Messina et al., 2006; Vallejos et al. 280 

2022); while this approach allows the model to capture genetic variability, it does so without the 281 

regularization that genome-wide marker information provides. Flowering time predictions under 282 

this formulation vary across environments through the temperature and photoperiod response 283 

functions but remain identical for all genotypes within a given environment. Differences in 284 

performance between this physiological baseline and the CGM-WGP therefore quantify the 285 

predictive value added by incorporating genomic relatedness into the mechanistic framework. 286 

2.7.3 GBLUP 287 

A baseline genomic model was fitted using only the genomic relationship matrix G and the fixed 288 

effect of environment. The phenotype of genotype ݆ in environment ݅ was modeled as:  289 

௜௝௞ݕ  = ௜݁ + ߤ  + ݃௝  ௜௝௞           (Eq.10) 290ߝ +

With ݃ ~ ܰ (0, ௜௝௞ߝ ௚2) andߪܩ ூூ஽~ ܰ (0,  ఌ2 ). This model captures additive genetic variation 291ߪ

through genomic relatedness and accounts for mean differences between environments but does 292 

not model genotype-by-environment interaction. It serves as a benchmark for the predictive 293 



value of genomic information alone, without the mechanistic environmental response of the crop 294 

growth model or the environmental covariance structure of the reaction-norm formulation. 295 

2.8 Cross Validation Schemes 296 

Four cross-validation schemes were implemented following Burgueño et al. (2012) and Jarquín 297 

et al. (2020) to evaluate model performance across scenarios of increasing predictive difficulty 298 

and relevance for plant breeding programs. The sparse-testing scheme (CV2) assessed 299 

performance where 20% of genotypes were randomly withheld per environment but remained 300 

observable in other training environments, simulating incomplete trial data. The new varieties 301 

scheme (CV1) evaluated prediction for completely unobserved breeding lines, where 20% of 302 

genotypes were withheld from all training environments, relying entirely on genomic relatedness 303 

for prediction. The new environment scheme (CV0) used a leave-one-environment-out approach, 304 

withholding one entire environment at a time and predicting all genotypes within it using the 305 

mechanistic model's environmental inputs. The new genotype new environment scheme (CV00) 306 

combined both sources of novelty, withholding one entire environment along with an additional 307 

20% of genotypes per fold; this represents the most demanding scenario, in which predictions 308 

must be made for both novel genotypes and novel environments. Schemes involving random 309 

genotype splits (CV2, CV1, and the genotype component of CV00) were repeated five times 310 

with different random seeds, while environment-based folds (CV0, CV00) were deterministic, 311 

with one fold per environment. Prediction accuracy was reported as the Pearson correlation 312 

coefficient (r) and root mean square error (RMSE), averaged across repetitions.  313 

3. Results 314 



3.1 Phenotypic Variation in Flowering Time 315 

Both crops exhibit environment-dependent shifts in the mean and variance of time to flowering, 316 

though the nature and magnitudes of these shifts differed substantially between species (Figure 3, 317 

supplementary Figure 3). In beans, the five environments produce a gradient of flowering time 318 

responses. PAL and PR showed relatively similar, tight distributions centered around 36 DAP, 319 

while CIT and POP showed slightly wider distributions with means ranging from 42 to 46 DAP. 320 

ND stands apart, with mean flowering time shifting to approximately 60 DAP and variance 321 

substantially greater than in PAL and PR. The higher latitude of ND slowed developmental rates, 322 

increasing both the mean and range of flowering time and revealing genetic variation in 323 

photoperiod sensitivity that is less apparent in tropical environments where daylength variation 324 

across the growing season is minimal. 325 

In broccoli, the distributions are generally wider and more variable across plantings, reflecting 326 

the population’s segregation for temperature responsiveness also referred to as heat tolerance in 327 

the literature as it is being evaluated outside its ideal environment. Plantings 1 and 4, which 328 

correspond to early-season transplanting in North Florida, produced wide distributions with long 329 

tails centered around 55 DAP. Planting 3 and 6 (late-season transplants) produced the lowest 330 

mean DAP values and the narrowest distributions, consistent with the heat susceptibility of 331 

broccoli.   332 

3. 2 CGM-WGP Parameters Estimates 333 

After running the CGM-WGP we extracted the per-genotype thermal-time requirements ߆௚ in 334 

both beans and broccoli (Figure 4). Beans exhibited a tight distribution around the population 335 



mean (ߤΘ =  38.80, Θߪ = 2.65), while broccoli was considerably more variable (ߤΘ =336  38.38, Θߪ = 5.03). The narrow-sense heritability of ߆௚ estimated by fitting a simple GBLUP to 337 

the aggregated ߆௚ values across the new environment predictions, was moderate in beans (ℎ2 =338 0.47) and low in broccoli (ℎ2 = 0.08). The low broccoli estimate likely reflects several factors. 339 

In part it seems from the broader phenotypic spread across the six broccoli plantings, which were 340 

staggered across a thermal gradient specifically to surface this variation. It may also be explained 341 

by the complexity of the trait itself, which encompasses both the rate of vegetative and 342 

reproductive development. Because narrow-sense heritability captures only additive genetic 343 

variance, it excludes epistatic and genotype-by-environment interactions that may contribute 344 

substantially to ߆௚.  345 

The photoperiod parameters ௚ܵ and ௖ܲ,௚ collapsed to population-mean values during the EM in 346 

both species. We interpret this as a consequence of limited day length contrast in the training 347 

environments. In the bean dataset, four near-equator to subtropical sites (2.4-29.4°N) with 348 

narrow-to-moderate photoperiod range, and in the broccoli dataset there is only one location with 349 

narrow photoperiod shifts (29.7 °N; 10.4-13.4 h). Therefore, per-genotype photoperiod 350 

sensitivity is weakly identified relative to its prior. The photoperiod response is consequently 351 

captured as a species-level effect in our data.  352 

3. 3 Prediction Performance Across Cross-Validation Scenarios 353 

Prediction accuracy was evaluated under the four scenarios using Pearson correlation (Table 1; 354 

Figure 5): CV2 (sparse testing), CV1 (new genotypes), CV0 (new environment), and CV00 (new 355 

genotypes and environment). Our benchmark models performed as expected, GBLUP 356 

deteriorated in scenarios where environments were held out, while the mechanistic model cannot 357 



be applied in new genotype scenarios since it is only able to produce identical predictions for all 358 

genotypes within an environment. In contrast, CGM-WGP and RN-GBLUP performed better. 359 

RN-GBLUP was most accurate in both species when the training covered all environments like 360 

in the case of sparse-testing and new genotype scenarios; the CGM-WGP prediction was a close 361 

second. However, the rankings of these methods were reversed with CGM-WGP becoming more 362 

accurate than RN-GBLUP when the target environment was held out (in the case of new 363 

environment and new genotype and environment).    364 

Under leave-one-environment-out prediction (Figure 6), RN-GBLUP predicts well in beans for 365 

three of the experimental sites (predictions are near the 1:1 line) but shows larger errors at the 366 

CIT and ND sites. In comparison, RN-GLUP did not predict as well in the broccoli experiments. 367 

Interestingly, the CGM-WGP method displays better predicting ability as it tracks the 1:1 line 368 

closely across the full range of flowering times in both species (beans ݎ = 0.86, RMSE = 5.2 d; 369 

broccoli ݎ = 0.66, RMSE = 9.4 d). Both methods accrue more errors at ND because the four 370 

training environments all span tropical to subtropical latitudes, leaving ND's temperate 371 

photoperiod regime outside the training regime, though the mechanistic component of the CGM-372 

WGP recovers more of this extrapolated variation than the statistical kernel of the RN-GBLUP. 373 

A similar pattern holds in broccoli, where the late-season Plantings 3 and 6 were harder to 374 

predict when training was restricted to cooler plantings; here too, the mechanistic component 375 

captured more of the held-out variation than the kernel approach.  376 

4. Discussion  377 

4.1 Extending CGM-WGP to Horticultural Crops 378 



This study demonstrates the generalizability of the CGM-WGP framework to horticultural crops, 379 

extending prior applications in major row crops such as maize (Messina et al. 2018; Cooper et al. 380 

2016; Diepenbrock et al., 2022). The successful application to both broccoli and common bean, 381 

with contrasting experimental designs, population development strategies, and physiological 382 

responses to photoperiod and temperature, suggests that grounding predictions in physiological 383 

parameters and genomic relationships confers the flexibility needed to accommodate diverse 384 

horticultural and genetic systems. Importantly, we demonstrated a framework that can enable 385 

trait dissection to predict complex or emergent phenotypes (Messina et al. 2025; Hammer et al. 386 

2019) and thus capture the diversity of paths follow by plants to express a complex trait.    387 

A primary advantage of the CGM-WGP framework lies in its modularity. The mechanistic 388 

component is built on cardinal temperature and photoperiod parameters that are well-established 389 

for a wide range of crops and can be independently calibrated for each species without 390 

modifying the underlying model architecture. Parameters can be divided into species and 391 

genotype levels. In our case, cardinal temperatures were deemed fixed constants set prior to 392 

model fitting that capture the thermal response characteristic of the crop; at the genotype level, 393 

the model estimates genotype-specific parameters, particularly the thermal time requirement and 394 

photoperiod sensitivity, that capture heritable variation among individuals within a species. In 395 

the fitting exercise, Θg carried essentially all per-genotype variation, while Sg and Pc,g collapsed 396 

to species-level means given the available daylength contrast (Sections 3.2 and 4.4). This means 397 

the same framework can be deployed across crops with varying physiological responses to 398 

temperature and photoperiod simply by calibrating the species level constants, while the 399 

genotype level estimation will be accomplished through the genomic prior. Without losing 400 

generality the routines used here to predict time to flowering could be extended to include the 401 



timing of other developmental transitions, growth, traits underpinning water balance, and other 402 

processes until a full crop model is incorporated into the algorithm. 403 

4.2 Structural versus statistical representations of GxE  404 

Process-based crop models derive their predictive strength from encoding prior knowledge in the 405 

form of physiological relationships, allowing them to interpolate non-linear and complex 406 

developmental responses to environmental conditions with limited training data (Boote et al. 407 

1996). When we fitted the mechanistic component of our framework (Section 2.7.2) without any 408 

genomic information, predictions captured environment-driven variation in time to flowering but 409 

could not differentiate among genotypes. For any given fit, all individuals within an environment 410 

received identical predictions, and any residual per-environment spread in the aggregated CV 411 

outputs reflected only differences in the population mean parameter estimates across resampled 412 

training folds. This observation exposes the main limitation of purely mechanistic models for 413 

breeding, as they cannot be used to rank or select candidate genotypes. Fitting separate models to 414 

individual genotypes is feasible, but in the absence of a co-ancestry matrix or marker-based 415 

constraint, the algorithm is free to overparameterize and plausibly assign contradictory effects to 416 

the same genomic region across genotypes, producing spurious estimates. 417 

At the opposite end of the benchmark spectrum is the plain GBLUP model which relies entirely 418 

on the covariance structure estimated from genome-wide markers (Eq. 10). It captures additive 419 

genetic variation and accounts for fixed mean differences across environments but provides no 420 

mechanism to extrapolate beyond the conditions observed in training, since environments enter 421 

the model only as intercepts rather than through their physiological drivers (i.e. temperature and 422 

photoperiod). Consequently, GBLUP was considerably less accurate than both CGM-WGP and 423 



RN-GBLUP even under sparse testing scenarios (Table 1), and its accuracy collapsed under new 424 

environment scenarios, confirming that purely statistical additive models cannot generalize to 425 

novel environments without and explicit representation of GxE.  426 

RN-GBLUP (Jarquín et al. 2014) addresses this limitation by incorporating environmental 427 

similarity through covariance kernels constructed from temperature and daylength, and their 428 

interactions with the genomic kernel via the Hadamard product (Eq. 9). This formulation 429 

captures GxE statistically, allowing predictions to transfer to novel environments provided the 430 

target lies within the convex hull of the training kernel space. In our experiments, RN-GBLUP 431 

achieved the highest prediction accuracy under sparse testing (beans CV2 r = 0.93; broccoli CV2 432 

r = 0.81) and remained high when parameters were estimated for new genotype (beans CV1 r = 433 

0.92, RMSE = 3.4 d; broccoli CV1 r = 0.76, RMSE = 8.1 d). These results are consistent with 434 

the design of the algorithm as a flexible statistical smoother over the GxE surface. Its 435 

performance deteriorated, however, under new environment scenarios that required extrapolation 436 

beyond the training set (beans CV0 r = 0.76, RMSE = 6.4 d, driven by large errors at ND, see 437 

Figure 6). Wallace et al. (1991)  showed that days to flower in beans follows a U-shaped 438 

response driven by extreme temperatures. In ND, where genotypes were exposed to long days 439 

and high temperatures, and no environments combined long days with low temperatures, this 440 

imbalance affected parameter estimation more in RN-GBLUP than in CGM-WGP. Prediction 441 

errors in bean could be further reduced by modeling days to flowering with an approach that 442 

combines leaf/node production (temperature effect) and the node at which the first flower 443 

appears (photoperiod effect)(Wallace et al. 1991). 444 



The CGM-WGP framework differs from RN-GBLUP in how GxE is captured. Rather than 445 

learning the interaction surface from kernel similarity, GxE emerges structurally from 446 

composition of genotype-specific physiological parameters (߆௚, ௚ܵ, ௖ܲ,௚) with nonlinear 447 

temperature and photoperiod response functions (Eqs. 1-4). Two genotypes differing in 448 

physiological parameters will exhibit rank changes between different thermal and photoperiod 449 

regimes as a direct consequence of the biology encoded in the simulator, without any interaction 450 

variance component being fitted. This structural representation captures thresholds and timing 451 

effects like the arrest of broccoli inflorescence development above 30°C (Björkman and Pearson 452 

1998), genotype-dependent reversal of photoperiod induced flowering delay in beans (White and 453 

Laing 1989), that are difficult to recover from kernel-based GxE decomposition alone. 454 

Accordingly, CGM-WGP achieved higher prediction accuracy and lower RMSE than RN-455 

GBLUP under the new environment scenarios (Figure 6) and for new genotypes and new 456 

environment scenario (supplementary Figure 4).  457 

Two philosophies exist for integrating genomic information into crop growth models (Messina et 458 

al. 2018; Onogi et al. 2016). The two-stage approach estimates CGM parameters per genotype 459 

independently and subsequently regresses them on markers via a genomic model such as a 460 

GBLUP (Onogi et al. 2016), offering modularity, computational simplicity, and compatibility 461 

with any crop model simulator (DSSAT, APSIM, etc.). Its principal limitation is that Stage 1 462 

errors propagate into Stage 2, and genotypes with sparse phenotypic data yield poorly identified 463 

parameter estimates that the genomic model cannot rescue. The joint approach embeds the 464 

genomic prior directly into the physiological optimization so that markers regularize parameter 465 

estimates during fitting and shrink poorly identified genotypes toward their genomic neighbors. 466 

Our implementation expands the approach by Messina et al. (2006)  by replacing the linear 467 



regression models by genomic selection models and adding an iterative cycle that enables the 468 

algorithm to use genomic information to regularize the estimation of CGM parameters (Messina 469 

et al. 2018). Our approach is particularly advantageous when per-genotype data are limited, as in 470 

breeding programs where candidate lines are rarely evaluated across many environments. For our 471 

datasets the joint approach was preferable, and prediction for untested genotypes relied directly 472 

on the genomic prior without an intermediate smoothing step.  473 

Rather than framing these approaches as competitors, our results suggest CGM-WGP and RN-474 

GBLUP address complementary prediction scenarios that could be components of ensembles 475 

(Cooper et al., 2025; Messina et al., 2025). RN-GBLUP excels when the training set densely 476 

covers the GxE space and the target of predictions lies within it, a regime typical of sparse-477 

testing and new variety evaluations within a breeding program. CGM-WGP excels when 478 

prediction is required for novel planting windows, climate change scenarios, or untested 479 

geographies, where biological extrapolation provides information that statistical similarity 480 

cannot. Breeding programs operating across both regimes may benefit from maintaining both 481 

tools in their prediction pipeline.   482 

4.3 Whole-genome prediction versus QTL-based dynamic models 483 

The common bean dataset employed in this study has supported a productive sequence of 484 

increasingly sophisticated QTL-based dynamic models. Bhakta et al. (2017) established a 485 

predictive framework using 12 QTL linked to temperature and photoperiod responses. Wallach 486 

et al. (2018) extended this by expressing three parameters of a developmental model as linear 487 

functions of QTL, capturing GxE through genotype-specific thermal and photoperiod responses. 488 

Vallejos et al. (2022) further refined the formulation using a mixed-effects model with separate 489 



minimum and maximum temperature inputs, epistatic QTL interactions, and an unstructured 490 

residual covariance across sites. Although epistatic interactions and GxE could in principle be 491 

incorporated when predicting CGM parameters, we consider it preferable to refine the CGM 492 

structure iteratively, since breeders can act only on additive genetic variance. 493 

Vallejos et al. (2022) report within-sample performance for their dynamic mixed-effects model 494 

on this dataset an ܴ2 = 0.911 and ܴ2௔ௗ௝ = 0.909, evaluated over 815 (RIL x environment) cells 495 

with all data contributing to parameter estimation. These values measure goodness-of-fit rather 496 

than predictive accuracy on held-put data and are therefore not directly comparable to the cross-497 

validation accuracies reported in Section 3.3. Under held-out evaluation on the same dataset, 498 

CGM-WGP achieves Pearson r = 0.88 (RMSE = 4.7 d) when predicting previously unobserved 499 

genotypes in trained environments (CV1) and r = 0.86 (RMSE = 5.2 d) when predicting trained 500 

genotypes in an unobserved environment (CV0). Beyond accuracy, the two classes of model 501 

target different inference goals. QTL-based dynamic models, by construction, report the 502 

physiological loci that drive genotype-specific physiological parameters and therefore support 503 

candidate gene prioritization for downstream functional work. CGM-WGP provides a set of per-504 

genotype physiological parameters across populations and can serve as inputs to subsequent QTL 505 

or GWAS analyses. QTL-based dynamic models require an antecedent mapping step that ties the 506 

resulting predictive framework to the mapping population in which the QTL were identified; 507 

applying the model to a new genetic background requires re-mapping. The CGM-WGP 508 

framework replaces this step with a genomic relationship matrix derived from all available 509 

markers (Eq. 5), which regularizes genotype parameters through pairwise relatedness rather than 510 

through a fixed set of causal loci. To this point, although we have used two biparental 511 

populations for this work, the CGM-WGP approach can also be transparently used for training 512 



multiparental populations (e.g., NAM and MAGIC, Gage et al., 2020; Yang et al., 2021) and 513 

diversity panels to estimate marker effects for causal loci and thus cover a larger genetic space 514 

for inference. The physiological structure of the model is preserved, but the genetic 515 

representation generalizes to any population for which markers are available without prior QTL 516 

characterization.  517 

4.4 Practical implications for breeding 518 

Three applications are particularly relevant for horticultural breeding. First, cultivar placement: 519 

predicted flowering time can be computed across a grid of candidate environments to identify 520 

production zones in which the genotype reaches anthesis within a window appropriate for 521 

marketable yield (Hu et al., 2021). Second, planting-date optimization: for a fixed environment, 522 

varying the sowing date in the simulator identifies windows that minimize exposure to heat stress 523 

at anthesis, a critical concern for both broccoli (Björkman and Pearson 1998) and beans (Ofir et 524 

al. 1993). Third, CGM-WGP can enable breeders incorporate medium-to-long-range climate 525 

projections into selection decisions by improving the expected genetic correlation between the 526 

sample of current environments and future target environments(Snowdon et al. 2021; Cooper and 527 

Messina 2023; Messina et al. 2023). Fourth, the combination of CGM-WGP for cereals and 528 

horticultural crops can enable breeding for cropping systems whereby predictions are made for 529 

existing and plausible options and selections are tuned to circularization. For example, 530 

predictions for broccoli and sorghum in Florida could be made to create a year round system 531 

instead of spring and/or winter broccoli plantings.  532 

Beyond prediction, the per-genotype parameters carry biological meaning. ߆௚ quantifies the 533 

physiological time requirement to flowering, ௚ܵ the magnitude and direction of the photoperiod 534 



response, and ௖ܲ,௚ the critical photoperiod at which the response is half-saturated. These 535 

quantities are candidate inputs to QTL or GWAS analyses targeting the genetic architecture of 536 

physiological responses themselves, a potentially more powerful approach than mapping on end-537 

point phenotypes for dissecting complex developmental traits. 538 

4.5 Future Directions 539 

Several extensions of this work merit investigation. First, application of the framework to 540 

diversity panels or breeding populations, rather than biparental or RIL populations, would test its 541 

performance under more practical allelic and heterogeneity of germplasm in a breeding program. 542 

Second, enriching the mechanistic kernel to incorporate soil water balance, nitrogen dynamics, 543 

and canopy-level radiation interception to test the performance of the algorithm for complex 544 

traits. Third, hybrid formulations that combine CGM-WGP and RN-GBLUP are worth exploring 545 

in ensemble configurations (Cooper et al., 2025). In such formulations, RN-GBLUP could model 546 

the residuals from CGM-WGP predictions, or the two could be combined in an ensemble 547 

(Messina et al. 2025; Cooper et al. 2025; Tomura et al. 2026), pairing the prediction strength of 548 

the mechanistic component with the local-smoothing strength of the statistical kernel.  549 

5. Conclusions 550 

This study demonstrates that the CGM-WGP framework generalizes from row crops to 551 

horticultural species, providing accurate predictions of time to flowering in broccoli and 552 

common bean with different population development strategies, experimental design, and 553 

physiological responses to the environment. Joint estimation of genotype-specific physiological 554 

parameters under a genomic prior captures GxE structurally, yielding higher prediction accuracy 555 



than RN-GBLUP under novel-environment and novel-genotype scenarios. Our results also 556 

underscore that the experimental design considerations for CGM-WGP differ from those of 557 

standard genomic selection. While genomic selection benefits primarily from increasing the 558 

number of genotypes and replicates within a target environment, CGM-WGP depends on 559 

spanning sufficient environmental contrast along each axis the model is meant to extrapolate. 560 

Without such contrast, per-genotype parameters on that axis collapse to species-level means, as 561 

we observed for photoperiod in both datasets. To avoid this, trials that deliberately sample across 562 

thermal gradients, photoperiod regimes, or water regimes, according to the physiological 563 

response of interest, allow CGM-WGP to calibrate parameters that transfer to scenarios never 564 

directly observed, enabling selection for target environments not yet presented in the breeding 565 

program’s trial network. For breeding programs operating across diverse production 566 

environments and expanding germplasm pools, CGM-WGP provides a modular, interpretable, 567 

and deployable framework for predicting phenological responses to the environment from 568 

marker data alone. 569 
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Figure captions 774 

Fig 1 Daily environmental conditions for six broccoli plantings at the University of Florida 775 

Hastings Agricultural Extension Center (HAEC) (A), and five environments evaluated in the 776 

bean experiments (B). Data were obtained from the Florida Automated Weather Network 777 

(FAWN) and (Vallejos et al. 2022; Wallach et al. 2018; Bhakta et al. 2017). Panels show daily 778 

maximum (red) and minimum (blue) air temperatures (°C), with a dashed line indicating the 779 

30°C threshold for heat stress in broccoli, and daily solar radiation (black) measured at 2 m 780 

height (W/m²) 781 

Fig 2 Architecture of the CGM-WGP framework. It couples a mechanistic model of daily 782 

development with a genomic prior on per-genotype parameters and jointly fits by alternating 783 

optimization 784 

Fig 3 Distribution of flowering dates for (A) the bean RIL population evaluated in five 785 

environments and (B) individuals in the BolTBDH broccoli population across six planting dates, 786 

visualized as violin plots 787 

Fig 4 Per-genotype physiological time requirement ߆௚ extracted from the CGM-WGP model, 788 

averaged across folds (beans n = 187, broccoli n= 186)  789 

Fig 5 Method ranking across the four cross-validation scenarios for beans and broccoli. Rank is 790 

by Pearson ݎ per scenario (1 = best); vertical error bars encode RMSE magnitude 791 



Fig 6 Observed vs predicted days to anthesis under leave-one-environment-out cross validation 792 

(CV0) for beans (top), and broccoli (bottom), across RN-GBLUP (left) and CGM-WGP (right) 793 

models.  Each point is a (genotype, environment) cell from the held-out environment  794 

Supplementary Fig 1 Genomic relationship matrix for the BolTBDH broccoli population (n = 795 

200) 796 

Supplementary Fig 2 Genomic relationship matrix for the Calima × Jamapa bean RIL family (n 797 

= 188) 798 

Supplementary Fig 3 AMMI biplots characterizing genotype-by-environment interaction in 799 

broccoli and bean flowering time 800 

Supplementary Fig 4 Observed versus predicted days to anthesis under the new-genotype × 801 

new-environment (CV00) cross-validation scheme 802 

  803 



Tables 804 

Table 1 Prediction accuracy (r) and RMSE (days) for four tested models across validation 805 

schemes in beans and broccoli. Sparse testing (CV2), new genotype (CV1), new environment 806 

(CV0), new genotype and new environment (CV00). NA indicate the mechanistic CGM 807 

baseline, which has no per-genotype parametrization and is therefore degenerate for CV1 and 808 

CV00. Values are averages over five folds 809 

Scheme Metric Prediction 

methodology 

   

  CGM GBLUP RN-GBLUP CGM-WGP 

   Beans   

CV2 r 0.83 0.34 0.93 0.90 

 RMSE 7.5 8.5 3.2 4.7 

CV1 r NA 0.32 0.92 0.88 

 RMSE NA 8.5 3.4 4.7 

CV0 r 0.77 −0.55 0.76 0.86 

 RMSE 9.4 10.1 6.4 5.2 

CV00 r NA −0.64 0.79 0.83 

 RMSE NA 10.1 6.3 5.4 

      

   Broccoli   

CV2 r 0.42 0.37 0.81 0.68 

 RMSE 14.2 11.8 7.4 9.1 



CV1 r NA 0.35 0.76 0.64 

 RMSE NA 12.0 8.1 9.6 

CV0 r 0.49 −0.13 0.58 0.66 

 RMSE 12.7 12.8 10.6 9.4 

CV00 r NA −0.20 0.52 0.65 

 RMSE NA 12.8 11.5 9.4 
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