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Predicting phenotypes from genetic and environmental information is a long-standing challenge in genetics and plant breeding. Deep
neural networks are a promising approach due to their capacity to approximate nonlinear biological processes. Despite initial expecta-
tions, recent studies have found that deep neural networks under-perform compared to linear methods, even on continent-scale data-
sets. We attribute this to several failure modes of deep learning, including greedy learning, the tendency to over-emphasize a single type
of input data. As a solution, we present the structured interaction neural network (SINN), which combines statistical decomposition of
genetic, environmental and interaction effects with deep neural networks. SINN dissects phenotype prediction into isolated component
modeling tasks, revealing poor generalization of learned representations to new environments as the main limitation for prediction of
genotype-by-environment interactions and overall yield. We reach competitive performance on yield prediction in the next cycle of 2
maize multi-environment trial datasets, including new genotypes and environments. In the Genomes to Fields (United States) dataset,
SINN achieved higher overall accuracy (0.63) than BLUP-based methods (0.43) and a neural network from previous literature (0.48), and
surpassed previous top-performing models with a lower RMSE (2.40 vs. 2.46 Mg/ha, mean yield 9.51 Mg/ha). Similar gains were ob-
served in a secondary dataset consisting of Chinese national maize variety trials (MaizeGEP). SINN achieved higher overall accuracy
(0.79) than BLUP-based methods (0.49) and a neural network from previous literature (0.76). By combining statistical genetics and mod-
ern deep learning, SINN enables accurate, modular and scalable genomic prediction in new environments.
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Introduction

Climate change is shifting local environmental conditions, which
increasingly threatens global crop yields (Kang et al. 2009). A ma-
jor focus of modern plant breeding is the mitigation of these ef-
fects of climate change on crop performance (Chapman et al.
2012). Climate change can also directly affect the effectiveness
of breeding programs, asit can reduce alignment between a multi-
environment trial (MET) and the target population of environ-
ments (TPE) (Cooper et al. 2023). To address this challenge, new
methods are needed that predict how new crop genotypes and en-
vironments lead to a desired phenotype. As this task forms an ex-
tension of genomic prediction (GP) (Meuwissen et al. 2001) to new
environments, we refer to this prediction task as genomic-enviro-
mic prediction (GEP).

Interest in GEP has surged in recent years, inspiring a diverse
set of novel methods. Proposed statistical methods include factor-
ial regression on environmental covariates (ECs) (Heslot et al.
2014), linear mixed models using enviromic relationship kernels
(Jarquin et al. 2014), linear and linear mixed models using group-
ing of environments in envirotypes (Xu 2016) and mega-scale lin-
ear mixed models (Hu et al. 2025). Additionally, various methods
incorporating process-based crop growth models (Jullien et al.
2011; Technow et al. 2015; Cooper et al. 2016; Rincent et al.

2019) and machine learning models (Westhues et al. 2021,
Fernandes et al. 2024; He et al. 2025) have been proposed.

Recently, multimodal deep learning (MMDL), a category of deep
learning methods combining multiple types (modalities) of data,
has emerged as a promising paradigm for genomic prediction
(Montesinos-Lépez et al. 2024) due to its capacity to model non-
linear relationships (Goodfellow et al. 2016), improvements in
predictive performance with dataset size (Hestness et al. 2017),
and flexibility in combining diverse data (Ngiam et al. 2011).
This flexibility enables integration of diverse omics data into gen-
omic prediction, with examples including diverse phenomics
(Montesinos-Lépez et al. 2023; Togninalli et al. 2023), environmics
(Montesinos-Lopez et al. 2018; Khaki and Wang 2019), transcrip-
tomics, epigenomics and proteomics (Zhao et al. 2022).

Adoption of MMDL for GEP has been relatively limited (Jubair
and Domaratzki 2023), with mixed success in case studies for
wheat (Montesinos-Lépez et al. 2019; ] Guo et al. 2020; Sandhu
et al. 2021; Jubair et al. 2023), maize (Montesinos-Lépez et al.
2018; Khaki and Wang 2019; Washburn et al. 2021; Kick et al.
2023; Yao et al. 2025; D Zhang et al. 2026) and barley (Malgy
etal. 2021). Despite the widespread optimism and the isolated im-
provements reported in aforementioned works, open benchmark-
ing of models for GEP on a continent-scale MET found MMDL
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methods not to be competitive with machine learning and statis-
tical methods (Washburn et al. 2025). Considering the massive
scale of this data, with over 100,000 measured plots (Lima et al.
2023), this suggests that current MMDL approaches are ineffective
at GEP for even the largest of current METs.

Current MMDL research tempers the aforementioned opti-
mism: multimodal models do not necessarily improve over uni-
modal approaches, and are not guaranteed to learn any
interactions. Multimodal architectures are more complex than
unimodal architectures, which harms performance through over-
fitting (W Wang et al. 2020). The rate of this overfittingis modality-
specific, which can contribute to greedy learning, the tendency to
over-rely on a single dominant modality while underfitting on
additional modalities (Cadene et al. 2019; Huang et al. 2022;
Peng et al. 2022; Wu et al. 2022; Du et al. 2023; Makino et al.
2023; Y Zhang et al. 2024). Counterintuively, while multimodal
models are often motivated from the prediction of interactions,
they can function like the sum of unimodal models (Hessel and
Lee 2020; Wortwein et al. 2022), which indicates underutilization
of interactions. Clearly, imbalanced multimodal learning intro-
duces problem-specific failure mechanisms. Unfortunately, it re-
mains an open question which specific failure mechanisms apply
to GEP.

Both imbalanced multimodal learning (Wu et al. 2022) and
the inconsistent performance of MMDL methods in GEP
(Montesinos-Lopez et al. 2024) are well-documented phenomena.
We however argue that they are connected: imbalanced multi-
modal learning harms MMDL performance in GEP. We propose a
new training algorithm specifically targeted at avoiding imbal-
anced multimodal learning in GEP, by leveraging the MET struc-
ture to guide neural network training. We name our training
algorithm the Structured Interaction Neural Network (SINN). It con-
tains 4 steps:

a) First, we utilize the MET structure and statistical models
to decompose phenotype into unimodal (genetic,
environmental) and multimodal signal components
(genotype-environment interactions).

b) Second, the decomposed signals are used to train unimodal
deep neural networks (DNNs) for genomic prediction of the
genetic component and enviromic prediction of the environ-
mental component.

c) Third, the unimodal DNNs are used to initialize a multi-
modal DNN that estimates the genotype-environment
interactions.

d) Finally, the predictions of all 3 DNNs are summed to obtain
predictions for new phenotypes.

By separating unimodal and multimodal signals, our SINN ap-
proach sidesteps greedy learning and underutilization of interac-
tions. Furthermore, the structured optimization strategy enables
us to finely tune the complexity of each component DNN to
each modality, reducing overfitting.

We demonstrate the effectiveness of SINN by predicting the
yield of new maize hybrids in the next year of 2 large-scale MET
datasets; spanning both the United States and China. We first pro-
vide a detailed comparison of models using a U.S. benchmark da-
taset (Lima et al. 2023), collected and shared through the
Genomes-to-Fields (G2F) Initiative (Lawrence-Dill et al. 2019). By
following the benchmarking protocols of a 2022 competition
with identical data (Washburn et al. 2025), we enable a fair com-
parison against 124 models submitted in the competition. To as-
sess the generality of SINN across multiple breeding contexts

and geographic settings, we further demonstrate its capacity on
the MaizeGEP dataset (D Zhang et al. 2026) sourced from
Chinese Regional Maize Variety Trials and following a protocol
similar to the Genomes-to-Fields competition. It contains records
of 260 hybrid maize varieties and 2,382 trials spanning 2017-2023.
Jointly these experiments provide a comprehensive assessment of
SINN’s performance, interpretability and generalization.

In short, we present SINN, a decomposition-based neural net-
work framework for GEP of phenotype that:

i) Improves prediction of yield for new maize genotypes in
new environments
ii) Increases utilization of genetic information of DNNs
iii) Simplifies the development of multimodal DNNs
iv) Supports targeted improvement of genotype-environment
interaction prediction

Materials and methods

In this section, we describe our approach to yield prediction for
new genotypes and new environments. Figure 1 shows an over-
view of the approach. Leti=1, 2, ..., ny denote the n, crop geno-
types andj =1, 2, ..., n, denote the n, growing environments. For
each genotype i we define a vector of d; genetic markers
Xl e R%, representing genetic variations across the crop genome.
For each environment j we define a vector of d, environmental
covariates xf € R%, representing observations of weather, soil
and management variables. Furthermore, we define the crop yield
of genotype i in environment j as y; € R» 0. We then formalize the
objective as follows. Given a set of ny training observations
S={(xd, x¢, ys)}i2,, learn a mapping f from genetic markers x?
and environmental covariates x{ to crop yield y for any any
genotype-environment combination (i, j).

We define the quality of mapping f as the difference between
predicted yield f(x?, x}‘?) and observed yield y on a set of held-out
samples. We distinguish between 4 prediction or cross-validation
(CV) scenarios, depending on whether genotype i and environ-
ment j were previously observed in S:

1) CV-X: Observed genotypes, observed environments
2) CV-G: New genotypes, observed environments

3) CV-E: Observed genotypes, new environments

4) CV-GE: New genotypes, new environments

While all 4 scenarios serve useful applications, they are not equal-
ly conductive to the comparison of flexible predictive models.
Repeated structures, such as previously observed genotypes, can
be exploited as shortcuts by flexible models, including neural net-
works. This leads to an overestimation of the true predictive abil-
ity when comparing models on scenario CV-X, CV-G and CV-E. As
such, we utilized the most stringent scenario CV-GE to compare
the ability of various models to generalize yield prediction to
new conditions.

Introducing SINN

Direct approximation of yield can lead to overfitting (W Wang
et al. 2020), greedy learning (Wu et al. 2022) and underutilization
of interactions (Hessel and Lee 2020). To avoid this issue, we do not
directly approximate y, but instead define the following decom-
posed representation:

Y =i+ fo () + fe(X) + fe (2, X°), ®
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Fig. 1. Overview of the proposed Structured Interaction Neural Network (SINN). a) Observed plot yields (green) are decomposed into yield components for
genotypes, environments and interactions (blue). b) Estimated components are used to train 3 DNNs, which predict yield component from genetic
markers (x/) and environmental covariates (x}?), including weather, management and soil. The DNNs for genetic and environmental components are used
toinitialize the DNN for the interaction component, denoted by init. c) Trained DNNSs predict each component for new genotypes and environments (red).
Finally, DNN predictions are recomposed to predict the yield for unobserved plots in the next cycle of a multi-environment trial.

with components further defined as:

u=Ely], (22)
fo) =Ely | x] -, (2b)
fex)=E[y X ] -p, (20)

Joex, X°) =y = g = f5 (x9) = fo(x%), (2d)

where u represents the overall expectation of y, the 2 component
functions f; and f., represent the unimodal contributions of the
genetic and environmental features, and fg. represents the contri-
bution of genotype-by-environment interactions to y. Because
genetic markers x9 and environmental covariates x° are indexed
by genotype i and environment j, respectively, we can approxi-
mate conditional expectation E[y | x9] by E[y | i] and conditional
expectation E[y|x°] by E[y|j]. We subsequently estimate g,
E[y|i] and E[y | j] using the following linear fixed model:

Vi =1 + Gi + Ej + GEjj, (3)

where u represents the grand mean of y, y;;, represents the yield
of genotype I, environment j and replicate k, G; and E; the esti-
mated fixed effects of genotype and environment in S. Error
term GEj, ~ N(0, 6°) then represents the residual genotype-by-
environment interaction of the sample. We note that (3) represent
a minimal decomposition. Nonetheless, we deliberately estimate
G; and E; as fixed effects to avoid the adverse effects of shrinkage
in downstream modeling (Holland and Piepho 2024).

Next, we utilize the fitted effects G;, £; and residual GEj, from (3)
as 3 sets of training labels to approximate mappings fy, fe and fge
from genetic features x! and environmental features X

Gi=f,(x), (42)
E=f,(x0), (4b)
GEije = foo(x?, x7), (40)

with fg, }e and }ge being 3 unique DNNs that are optimized separ-
ately. This effectively decomposes the prediction task into 3 com-
ponent tasks: (4a) is a standard genomic prediction task, (4b) a
standard enviromic prediction task, and (4c) a new interaction

prediction task. The implementation details for each prediction
task are described in Model implementation below. In order to inte-
grate the learned representations from genomic prediction and
enviromic prediction into interaction prediction, we initialize

the parameters 6y, of j‘ge with the learned weights 6, and 6, of j‘g
and f,:

(65, 0e, 6 init 6, (5)

where the parameters of the interaction component of j‘ge, Oy are
initialized using any standard initialization. To predict y from
genetic and environmental features for new genotypes and en-
vironments, one can finally substitute (4a), (4b) and (4c) in (3)
to obtain

9 =+ Jy00) + F0) + Je 6, 9, (6)

which directly estimates yield y for genotype i and environmentj
from genetic features x! and environmental features X
Together, (2)-(6) form our proposed method, the Structured
Interaction Neural Network (SINN). SINN utilizes the known
structure of the training set S to decompose y; into independent
label sets for genetic (G;), environmental (E;) and interaction ef-
fects (GEy). This enables SINN to avoid the adverse effects of
multimodal optimization of DNNs, while still utilizing all infor-
mation in the prediction of genotype-environment interactions.

Datasets

Two datasets were utilized in this study: the Genomes to Fields
2022 Maize GxE prediction competition data (G2F2022) (Lima
et al. 2023) was used as primary dataset for in-depth model
intercomparison and interpretation, while the MaizeGEP dataset
(D Zhang et al. 2026) was used to assess the general applicability
of SINN using independent data.

Genomes to fields

The G2F2022 dataset comprises data from a North American
maize multi-environment trial conducted by the Genomes to
Fields project (Lawrence-Dill et al. 2019). This dataset was curated
and shared for the 2022 Maize GxE prediction competition
(Washburn et al. 2025). The competition challenged participants
to predict the plot yields of 505 new and 43 previously observed
maize hybrids in 26 environments across North America for the
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year 2022, based on a training set of the plot yields of 4,683 maize
hybridsin 217 environments across 47 locations in the years 2014—
2021. The complete datasetincluded over 140,000 measured plots,
from which 10,290 plots are assigned to the test set.

The dataset included genetic markers, weather and soil mea-
surements, management information and plot yields. For each
hybrid, information on 437,214 single- nucleotide polymorphisms
(SNPs) was provided. For each environment 29 soil features, 5
management features and 16 daily weather features were pro-
vided. Each plot record included planting date, harvest date and
planting density. For a complete description of the dataset, we re-
fer to Lima et al. (2023).

The training dataset was filtered and imputed to ensure each
training sample included a full set of features. Training samples
without plot yields, genotypes without SNPs and trials without
weather data were removed, leaving 123,517 samples for 4,417
genotypes and 212 environments, across 47 locations in 8 years.
All features with a higher than 30% rate of missing values were re-
moved. SNPs with a minor allele frequency below 1% or with more
than 10% missing values were removed, and the resulting SNPs
were randomly downsampled to 20,000 SNPs for the DNN-based
methods. Imputation methods varied per feature, as follows:
SNPs were imputed with the most frequent genotype at each lo-
cus. Management features consisted of 2 categorical features, re-
presenting whether the environment was irrigated and was a
disease trial. For each, missing values were imputed with the
most common class. Soil features were imputed by nearest spatial
neighbor across training environments. Weather features within
a growing season were imputed by linear interpolation in time.
For each plot, weather features were aligned from 7 d before sow-
ing to 133 days after sowing, giving a time series of 140 d for each
plot. Missing values for planting date, harvest date and planting
density were imputed with means within each environment
where available, and global means elsewhere. The final prepro-
cessed dataset retained 20,000 genetic markers, 11 daily weather
features over 140 days, 20 soil features and 2 management
features.

MaizeGEP

As secondary dataset we utilized the MaizeGEP dataset (D Zhang
et al. 2026), which contains records of 260 hybrid maize varieties
and 2,382 trials, spanning 2017-2023, sourced from the Chinese
National Maize Variety Regional Trials. For each hybrid, informa-
tion on 12,233 SNPs was provided. For each environment 11 daily
weather features, no soil features and no management features
were provided. In place of soil features, we use latitude and longi-
tude values. Corrected BLUES per genotype-environment combin-
ation were provided for 11 phenotypic traits, based on a
randomized complete block design with 3 replicates per combin-
ation. Yield was used as the target trait in this study, for which
42,975 BLUEs were included. For specification on data preproces-
sing and in-depth analysis of the dataset we refer to the original
work (D Zhang et al. 2026).

Experiments

We investigate the accuracy, biological interpretability and gen-
eral applicability of the proposed SINN framework in 4 experi-
ments. Experiment 1 and 2 measure the accuracy of SINN and its
component models using the G2F2022 dataset. An overview of
our experimental framework for Experiment 1 and 2 is shown in
Fig. 2. We split the dataset into 2 subsets: a cross-validation set
(vears 2014-2021) and a holdout test set (final year 2022). The
cross-validation set was used for all statistical decompositions,

model training and model cross-validation. The holdout test set
was used only to evaluate trained models, and was identical to
the test set used in the competition. Experiment 3 utilizes SINN
models trained in Experiment 2 and provides an interpretation of
the importance of genetic and environmental features, and inter-
actions between them. Finally, Experiment 4 replicates Experiment 2
on the MaizeGEP dataset to provide an assessment of the general
applicability of SINN.

Experiment 1: cross-validation of component
models

In our method, we proposed to model unimodal (genetic, environ-
mental) and multimodal (interaction) components of yield separ-
ately. This created the opportunity to evaluate modeling
approaches per component task. We applied the decomposition
in (3) to the cross-validation set (years 2014-2021) and obtained
unimodal genetic targets G;, unimodal environmental targets E;
and residual genotype-environment interaction targets GEj,. For
each type of component task with corresponding target, we eval-
uated a set of models across 8 cross-validation folds. The set of
component models used per component target are further de-
scribed in section Models.

As illustrated in Fig. 2c, different cross-validation schemes
were used for each component task. Genomic prediction of G;
was evaluated on new genotypes, corresponding to scenario
CV-G. Each validation fold for CV-G contained } of genotypes.
Enviromic prediction of E; was evaluated on new environments,
corresponding to scenario CV-E. We split environments based
on a single year per validation set, again obtaining 8 folds.

For interaction prediction of GE;;, we defined a cross-validation
scheme with 4 scenarios. For each fold, { of genotypes and 1yr of
environments were selected, corresponding to the same valid-
ation genotypes and environments used for G; and E;. These set-
tings formed cross-validation scenarios CV-G and CV-E. Their
intersection formed scenario CV-GE, predicting interactions for
new genotypes and environments. Finally, we obtained a fourth
validation scenario by sampling random combinations of ob-
served genotypes and observed environments, and holding out
all replicates of these combinations in the validation fold. This re-
flects scenario CV-X, new interactions of observed genotypes and
environments. We sampled 2,000 interactions for each fold of
CV-X. Model performance in scenario CV-GE was used as target
criterion for model and hyperparameter selection, as it reflects
most closely the scenario of the holdout test set.

Experiment 2: yield prediction in holdout test year

In order to evaluate the effectiveness of the proposed SINN meth-
od, we conducted a second experiment that mirrored exactly the
test conditions of the Genomes to Fields 2022 competition
(Washburn et al. 2025). We evaluated a set of models on a holdout
test set (year 2022), comprising of 43 observed and 505 new geno-
types grown in 26 new environments. All environments were in re-
peated locations from previous years, but had new weather
conditions.

Models were evaluated in their capacity to predict maize yields
(Mg/ha) of genotype-environment combinations. The competition
reported a single target yield value per combination, which we in-
fer is an average over an unknown number of replicates. We con-
structed the complete SINN model from component SINN models
evaluated in Experiment 1, following (6). This is shown in Fig. 2b as
summation of 3 component models per cross-validation fold.

Non-SINN models (further specified in Models) were not con-
structed from component models in Experiment 1. Instead, they
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a Experiment 1: Cross-validation of component models

b Experiment 2: Yield prediction in holdout test year
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Fig. 2. Overview of experiments and cross-validation schemes implemented on the Genomes to Fields data in this work. a) Experiment 1. In the
cross-validation set (years 2014-2021), we performed eight-fold cross-validation of component models for genomic prediction, enviromic prediction and
interaction prediction. b) Experiment 2. We evaluated yield prediction models in the holdout test set (year 2022), measured stability in test set performance
over cross-validation training sets (model 1-8), and measured performance of averaged predictions (ensemble). SINN models were constructed through
summation of component models from Experiment 1, non-SINN models were fitted directly on yield. c) Cross validation schemes and scenarios for all

modeling tasks defined in Experiment 1 and 2.

were directly fitted on observed plot yields in the cross-validation
set. In order to correctly compare variability in model errors be-
tween SINN and non-SINN methods, we fitted 1 model of each
non-SINN model type per cross-validation fold, with the same
cross-validation scheme used for interaction prediction. Again,
cross-validation scenario CV-GE was used for model selection
and hyperparameter optimization.

Using the models obtained through cross-validation would
have underestimated the potential performance of models on
the holdout test set, as each model was trained with a subset of
all available samples. However, it is highly informative of stability
of modeling approaches across dataset subsets. To retain this in-
formation on stability while avoiding under-estimation of model
performance, we reported both predictions of individual models
and ensembled predictions per model. We reported performance
of individual models when comparing models which we imple-
mented in this study, but reported ensembled predictions when
comparing with current state-of-the-art from Washburn et al.
(2025). For each model type, we ensembled predictions for the
hold-out test set over the set of 8 models obtained through
cross-validation.

Experiment 3: interpretation of predicted
biological relationships

To further validate the quality of yield predictions by SINN, we
investigate the feature importance and feature interactions
learned by the model across Experiment 1 and 2. Both are calcu-
lated over all test samples of the G2F2022 dataset, using a single

ensemble of 8 SINN models (1 per cross-validation fold). For
overall feature importance we calculate SHapley Additive
exPlanations (SHAP) values of individual features, which provide
an additive measure of the average contribution of each feature
to yield across the test set (Lundberg and Lee 2017). We quantify
pairwise interaction strength between genetic markers and en-
vironment features with Integrated Hessians (IH) (Janizek et al.
2021), which measure feature-feature interactions by integrat-
ing the model’'s Hessian along a path from baseline input to
each test sample.

Experiment 4: yield prediction in national variety
trials

We replicated Experiment 2 on the MaizeGEP dataset to investi-
gate the external generalization of the SINN framework. The
final year of data (2023) was used as holdout test set, compris-
ing of 3,835 yield values of 31 observed and 7 new genotypes
grown across 325 new environments. The previous years
(2017-2022) were used in six-fold cross-validation of model
components. We follow a simplified implementation of the
cross-validation schemes of Experiment 1 and 2, which we docu-
ment in Appendix A.

Metrics

As main evaluation metrics we used the root mean squared error
(RMSE), mean absolute error (MAE) and the Pearson correlation
coefficient (r). The mean squared error (MSE) was used as opti-
mization criterion. To compare prediction of genetic versus
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environmental signals, we define the genetic accuracy as average
within-environment correlation, calculated as following:

J
=5 2-10.9) 0
Jj=1

Similarly, we define the environmental accuracy as average within-
genotype correlation:

— =

Te=

1
Z i, 9), (8)
i=1

Models

We used a similar approach for fitting each component of SINN,
j‘g, j’e and j’;e. The models were fitted with the AdamW optimizer
(Loshchilov and Hutter 2019), minimizing MSE as training object-
ive. We linearly increased the learning rate from zero to the cho-
sen maximum learning rate over the first 5 training epochs of each
model. The number of training epochs for each task was deter-
mined by manual experimentation prior to hyperparameter tun-
ing. For the G2F2022 dataset, the final validation fold was used
for hyperparameter tuning of each model. For environments,
this fold corresponded to the trials conducted in 2021. The search
space and number of iterations per model of the hyperparameter
selection are described in Table Al in Appendix A. We report final
hyperparameters selected for the G2F2022 dataset below. For the
MaizeGEP dataset we further improved the stability of hyperpara-
meter selection, including selection of optimal number of training
epochs across all cross-validation folds. For details on hyperpara-
meter tuning and final hyperparameters selected for the
MaizeGEP dataset, we refer to Table A2 in Appendix A.

As genomic prediction model }9 we used a multi-layer percep-
tron (MLP) (Rosenblatt 1958). Input SNPs were encoded as the
count of alternate alleles minus 1 (-1, 0 or 1), resulting in a genetic
input dimension dg4 of 20,000. The MLP used had 3 layers: 1 input
layer, 1 hidden layer and 1 outputlayer with 96, 48 and 1 nodes re-
spectively. Each input and hidden layer was followed by a layer
normalization (Ba et al. 2016) and dropout layer (dropout rate
0.5) (Srivastava et al. 2014), then an activation function. We
used a ReLu layer (Nair and Hinton 2010) as activation function.
Before the output layer, a sigmoid activation function was used in-
stead. We trained 5‘9 for 250 epochs, with a batch size of 256, a
learning rate of 0.01 and a weight decay of 1x 107%.

As enviromic prediction model f, we used the same base archi-
tecture as j"g. Daily weather features were averaged over the grow-
ing season and concatenated with soil and management features,
resultingin an environmental input dimension d, of 33. The model
had 1input layer, 2 hidden layers and 1 output layers with 64, 64,
32 and 1 nodes respectively. We trained j‘e for 500 epochs, with a
batch size of 32, a learning rate of 0.001 and a weight decay of
3 x 107°. We noted that the initial performance of j‘e during hyper-
parameter tuning was unstable and resulted in models with a low
Pearson Correlation Coefficient, but low error. This indicated se-
lection for models which capture the validation set mean yield,
but not structure. To rectify this, we added a penalty of —5r to
the criterion, resulting in a pragmatic selection criterion of
MSE - 5r with approximately equally scaled MSE and r.

Asinteraction prediction model, we reused the trained j‘g and j‘e
as encoder networks. The output of the final linear hidden layer of
each encoder was projected with a learned linear projection to an
embedding vector of size 64. To limit our model to first-order

interactions, the genetic and environment embeddings were
fused using a dot product operation to obtain predicted yield va-
lues. Training consisted of learning the linear projection weights
and finetuning the parameters of the encoder networks. We
trained the model for 250 epochs, with a batch size of 256, a learn-
ing rate of 0.01 and a weight decay of 3 x 1073, In this work, we de-
note all models that are constructed using j‘g, f,and j‘ge with SINN,
as they were constructed through the SINN framework. However,
we note that models that exclude j‘ge do not allow for interactions,
making the I superfluous. Nonetheless, we define the following set
of SINN models:

G-SINN:  yj =4+ fg x9) + €,
E-SINN: Yy =+ f,(X5) + e,
GHE-SINN:  yy =i+ f, (<) + £,(x5) + e,
GXE-SINN:  yy =2+ f, (<)) + Fo(x) + Fo (2, %) + ey,

Throughout the results, GXE-SINN and SINN are used inter-
changeably. Additionally, SINN-based methods without fge
(G-SINN, E-SINN, and G+E-SINN) should be understood as abla-
tions of the SINN framework, not as separate modeling
approaches.

Baseline models

As baseline models, we used the winning model and the highest
ranking DNN of the G2F2022 dataset competition (Washburn
etal. 2025). Additionally, we fitted a set of commonly utilized stat-
istical reaction-norm-based models that extend G-BLUP
(Meuwissen et al. 2001) with an environmental covariance matrix
and interaction matrix based on genetic markers and environ-
mental covariates (Jarquin et al. 2014). In contrast to the models
fitted in the original work, we did not include separate (unstruc-
tured) effects for lines and trials, to avoid absorption of effects
from marker and environmental covariate-based terms. We de-
fine this set of models as following:

G-BLUP: i =+ gi + €,
E-BLUP: Vije = 1+ € + €k,
G+E-BLUP:  yj, =u+gi + ¢ + €,
Gx E-BLUP:  yj, =u+9g; + ¢ + gej + g,

with components defined as following:

gi ~N(0, 62%,), ¢ ~N(0, 67%),
geu- ~ N(O, 0'5629 ® Ze>, Cijk ~ N(O, 0’21),
x9x97 xexe’
O rxaxaT)/my" TC tr(xexeT)/n,

where again y;;, denotes yield for genotype i, environment j and
replicate k, g; is the predicted genomic effect, ¢; the predicted ef-
fect of the environment, and ge; the predicted effect of the
genotype-environment interaction. X; was the genomic relation-
ship matrix of ng genotypes, X, the environmental relationship
matrix of n. environments, calculated from genetic features x9
and environmental features x° respectively. For Experiment 2, we
fitted each BLUP-based model on yield directly. Memory require-
ments for £; ® X, scaled quadratically with number of samples.
As our experiments were constrained to 500GB of RAM, we were
forced to drop replicates and entries for the highest frequency
genotypes until 40% of the samples remained when fitting
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GXE-BLUP. To keep implementation consistent between
BLUP-based models, we used the same downsampling fraction
as GXE-BLUP for other BLUP-based models fitted on yield. Initial
experiments indicated that predictive performance of all
BLUP-based methods saturated at downsampling fractions below
40%. As such, we would expect no increase in performance if the
downsampling fraction were increased beyond 40%. For
Experiment 1, we fitted 1 BLUP-based model on each set of labels:
we fitted G-BLUP on G;, E-BLUP on E;, and GxE-BLUP on GEj.
Again, we dropped replicates from GEj, until 40% of samples re-
mained. For Experiment 4, all training samples were used to fit
the BLUP-based models.

As additional DNN baseline, we replicated a recent
DNN-based model by Kick et al. (2023) that was developed using
a subset of the G2F2022 dataset. We only tuned the learningrate
and weight decay. The model architecture and other hyperpara-
meters remained unchanged. The model consisted of a genetic
encoder, a soil encoder, a weather encoder and an interaction
module. The genetic encoder was an MLP with 1 hidden layer
using principal components of x9 as inputs. The weather en-
coder was a Convolution Neural Network (CNN) taking daily
weather values as inputs. The soil encoder was an MLP with 1
hidden layer taking the soil and management values as input.
The interaction module took the concatenated outputs of the fi-
nalhidden layer of each encoder as input and was an MLP with 5
hidden layers. For further details, we refer to the original imple-
mentation (Kick et al. 2023).

For the first set of experiments, we trained only the relevant
DNN components, adding a linear output layer if not present.
We trained the genetic encoder on G; for 250 epochs, with a
batch size of 256, a learning rate of 3 x 107* and a weight decay
of 1x 10~*. We jointly trained both the weather and soil enco-
ders on Ej for 500 epochs, with a batch size of 32, alearningrate
of 1x 1072 and a weight decay of 3x 107, To predict GEj, we
followed the same procedure as the SINN model, and initia-
lized the full DNN with the trained encoder weights. Then,
we trained the model on GEy, for 250 epochs, with a batch
size of 192, a learning rate of 3x 1072 and a weight decay of
3x 1073 For the second set of experiments, we trained the
full model with yield as target variable on CV-GE. Following
hyperparameter tuning, we trained for 150 epochs with a
batch size of 192, a learning rate of 0.01 and a weight decay
of 3x 1073,

Results

In this section, we provide a stagewise analysis of the proposed
SINN framework. Following the modeling steps of SINN (decom-
position, component modeling, structured prediction), we focus
on answering the following 4 questions:

Preliminary: How is the variance in yield partitioned among
genotypes, environments and genotype-environment
interactions?

Experiment 1: How do different types of models predict iso-
lated unimodal and multimodal components of yield?
Experiment 2: How well does SINN predict maize yield in the
next year of a multi-environment trial, in comparison to cur-
rent state-of-the-art?

Experiment 3: What biological relationships between SNPs,
ECs and yield are modelled by SINN?

Experiment 4: Can SINN generalize to yield prediction in a se-
cond, independent dataset?

Table 1. Three-way ANOVA of yield by genotype (G), location (L)
and year (Y) for cross-validation set spanning 2014-2021.

Component % Variance % Total
Genotype G 5.2 5.2
Environment L 25.0 59.5
Y 9.1
LxY 25.4
Interaction GxL 1.8 9.2
GxY 1.4
GxLxY 6.0
Residual € 26.2 26.2

Preliminary: analysis of variance

As SINN relies on a statistical decomposition of yield across geno-
types, environments and genotype-environment interactions, we
preclude our results with an analysis of variance for the data used
in model fitting and cross-validation (years 2014-2021). The cur-
rent implementation of SINN utilizes an additive decomposition.
We use a different, more informative decomposition to investi-
gate the variance of yield across the training data. We fit a three-
way random effect ANOVA between genotype, year and location,
which is shown in Table 1.

Genotype, environment and interaction components
contributed 5.2%, 59.5% and 9.2% to overall variance. The
location effect contributed 42% of the environmental variance,
suggesting a considerable location-specific component to envir-
onmental effects. Finally, the residual variance was 2.85x the
genotype-by-environment variance, indicating that the
genotype-by-environment specific signal is challenging to separ-
ate from the residual within-environment noise.

Experiment 1: cross-validation of model
components

We now consider the performance of component models in pre-
dicting the decomposed yield components G;, £j and GE, for cross-
validation folds across the S. An overview of the results of each
component is shown in Fig. 3, with colors matching model types
(BLUP-based, vanilla DNN, and SINN). For reference, cross-
validation schemes per component task were provided in Fig. 2c.

First, the genomic prediction results for genetic effects G; of
new genotypes (CV-G) are shown in Fig. 3a. The genetic encoder
of SINN (MLP) had the highest cross-validation predictive ability,
followed by G-BLUP and the genetic encoder of DNN (principal
component-based MLP). Furthermore, the baseline DNN had a
correlation of near 1 on the training set, indicating severe
overfitting.

We show the enviromic prediction results of environment
effects Ej in new environments (CV-E) in Fig. 3b. Overall, the cross-
validation predictive ability was lower than for genomic predic-
tion and showed a larger variance over folds. The enviromic
encoder of SINN (MLP) had the highest performance, followed by
E-BLUP and the environment encoder of the DNN (CNN). The
baseline DNN had a near-perfect training correlation, again indi-
cating severe overfitting.

Finally, the prediction of residual genotype-by-environment in-
teractions CEUk is shown across 4 validation scenarios in Fig. 3c.
The performance of all models was highest when predicting
new interactions for observed hybrids and observed trials
(CV-X). Surprisingly, GXE-BLUP and SINN showed no decrease in
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Fig. 3. Predictive performance in the G2F2022 dataset of SINN component models (purple) compared to BLUP-based (blue) and DNN (red) component
models. Error bars show standard deviation over 8 cross-validation folds. a) Predictive ability for genomic prediction of the estimated effect of new
genotypes (CV-G). b) Predictive ability for enviromic prediction of new environments (CV-E). c) Predictive ability for interaction prediction of residual
genotype-by-environment interaction in scenarios from left to right: training set, new interactions of observed genotypes and environments (CV-X), new
genotypes and observed environments (CV-G), observed genotypes and new environments (CV-E), and new genotypes and environments (CV-GE).

predictive ability when predicting for new genotypes (CV-G) com-
pared to CV-X, indicating strong generalization of performance to
new genotypes. The DNN dropped in performance from an pre-
dictive ability of 0.15 to 0.10 for new genotypes, indicating overfit-
ting of interactions on observed genotypes.

All 3 models showed a large drop in performance when predict-
ing for new environments (CV-E) compared to CV-X, indicating poor
generalization of interaction prediction to new environments. On
the cross-validation scenario reflecting the G2F2022 test scenario,
predicting interactions for new genotypes and environments
(CV-GE), SINN and GxE-BLUP had a similar predictive ability of
0.07, while the baseline DNN had a predictive ability of 0.01.

For all models, the predictive ability of CV-GE was similar to
CV-E, but considerably lower than CV-G, indicating that the low
reported accuracies for CV-GE are primarily driven by poor gener-
alization to new environments. Furthermore, the three-way
ANOVA decomposition in Table 1 can be used to estimate the pre-
dictive ability of a perfect interaction prediction model. The
interaction-specific variance divided by the total interaction plus re-
sidual variance is estimated as 9.2/35.4 = 0.26. As such, we can
roughly attribute 26% of the wvariance in GEUk to
genotype-environment interactions. Converting from explained
variance to correlation, we obtain a maximum achievable
correlation of ,/9.2/35.4~0.51 for a model that perfectly
predicts the genotype-environment interactions for each
genotype-environment combination. Both GXE-BLUP and DNN
reached this upper bound on the training set, which again indicates
overfitting. Furthermore, this irreducible error lowered the observed
predictive ability of all interaction prediction models across all scen-
arios, as it includes the accuracy of predicting residual noise.

Overall, SINN exhibited lower overfitting and better generaliza-
tion across all tasks and scenarios when compared to the baseline
DNN components. SINN showed the largest improvements over
BLUP-based models in predicting £;, a smaller improvement in
predicting G; and a comparable performance in predicting GAEU-k.
Interaction prediction was the most challenging task out of the
3 component tasks, followed by enviromic prediction and genom-
ic prediction. Difficulty of interaction prediction scenario followed
the same trend, with lower predictive abilities reported for predic-
tion in new environments (CV-E) than for new genotypes (CV-G)
across all models.

Experiment 2: maize yield prediction in holdout
test year of a multi-environment trial

In the previous section, we observed that SINN outperforms other
models on component modeling tasks. Next, we investigate
whether this leads to an increased predictive ability for the predic-
tion of maize yield in a holdout test year of a multi-environment
trial. To this end, we compare SINN with other models fitted dir-
ectly on yield, and with previously reported models in the The
Genomes to Fields 2022 Maize Genotype by Environment
Prediction Competition (Washburn et al. 2025).

In Fig. 4a the performance of all 3 classes of models is
shown in predicting maize yield in the holdout test year
(2022) of the G2F maize hybrid dataset. We compare 4 statistical
modelsincluding G-BLUP (Meuwissen et al. 2001) and 3 extensions
including environmental covariates (E-BLUP, G+E-BLUP) and
genotype-by-environment interactions (GXE-BLUP) following
Jarquin et al. (2014). As baseline Deep Neural Network (DNN),
we use the network architecture from Kick et al. (2023). We report
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Fig. 4. Predictive performance for plot-level maize yield in test year (2022) of Genome to Fields, including unobserved hybrids. a) Overall predictive ability
(Pearson Correlation Coefficient) of models fitted in 8 cross-validation folds. b) Kernel density estimate of correlation per genotype and per environment

of the same 8 models for GXE-BLUP (blue), DNN (red) and SINN (purple).

on 4 variants of the SINN model: a genetic model component
(G-SINN), an environment model component (E-SINN), an addi-
tive combination of the genetic and environmental model compo-
nents (G+E-SINN), and a full model with genetic, environment and
genotype-by-environment interaction (SINN). SINN had a higher
and more consistent predictive ability (0.59+0.03) than DNN
(0.38+0.07) and GxE-BLUP (0.39+0.07), which had approximately
equal predictive ability. G-BLUP (0.15), E-BLUP (0.28) and G
+E-BLUP (0.34) had a lower predictive ability than G-SINN (0.24),
E-SINN (0.53) and G+E-SINN (0.58) respectively.

Dissecting overall predictive ability into genetic and environ-
mental accuracies reveals qualitative differences in the predic-
tions of BLUP-based, DNN-based and SINN-based models.
Genetic and environmental accuracies, defined in (7) and (8), for
the 3 models types with genotype-by-environment interactions
are shown in Fig. 4b. While GXE-BLUP and DNN had similar overall
predictive ability, DNN had a significantly lower genetic accuracy
(0.19) than GxE-BLUP (0.35), indicating it performed worse at pre-
dicting the relative performance of genotypes within each envir-
onment. DNN had a higher environmental accuracy (0.37)
compared to GXE-BLUP (0.31). SINN matched GxE-BLUP in genetic
accuracy (0.35), while improving over both GXE-BLUP and DNN in
terms of environmental accuracy (0.54). Overall, SINN improves
over DNN in terms of genetic and environmental accuracies,
and improves over GXE-BLUP in terms of environmental accuracy.
Table 2 directly compares the 3 models with the competition re-
sults from Washburn et al. (2025). To keep models and data splits
consistent across experiments, we did not fit a model using the
full training and validation. Instead, we ensembled the predic-
tions of models fitted on each cross-validation fold by direct aver-
aging to obtain model predictions that incorporate information of
the full training and validation set. Table 2, further reports aver-
age performance and 95% confidence interval across 10 replicates
of each model per scenarios within the test set: New Year (CV-E),
and New Genotypes and Year (CV-GE).

SINN obtained the lowest RMSE, MAE and highest genetic ac-
curacy (7y) of all models in the competition setting. Similar to
DNN, the competition best DNN had very low genetic accuracy,

indicating that state-of-the-art DNNs for genomic prediction in
new environments suffer do not predict genetic differences as
well as BLUP- or SINN-based methods. SINN outperformed
GxE-BLUP and DNN across both New Year (CV-E) and New
Genotypes and Year (CV-GE) scenarios for RMSE, MAE and
r. GXE-BLUP obtained a higher genetic accuracy in CV-E, while
SINN obtained a higher genetic accuracy in CV-GE.

Experiment 3: interpretation of feature
importance and interactions

To validate the biological interpretability of the SINN model, we
visualize feature importance and GxE interaction strength across
the test set of the G2F2022 dataset in Fig. 5, with GxE interactions
summed across SNPs per EC (b) and summed across ECs per SNP
(d, e). Clay content, wind speed and organic matter content were
assigned highest importance out of environmental features by
SINN. The environmental features with strongest GXE were organ-
ic matter content, wind speed and magnesium saturation.
Overall, soil features had both a higher feature importance and
stronger interaction with SNPs.

In Fig. Sc—e feature importance and GxE interaction strength of
individual SNPs is shown. For both feature importance and inter-
action strength, no clear cutoff point was identifiable. As such, the
top 10 SNPs for overall importance, interaction with weather, and
interaction with soil were considered relevant for further analysis.
Near the end of chromosome 7 the 3 SNPs were located with the
highest overall importance. We identified 3 SNPs on chromosome
4 with high interaction for both soil and weather features. Overall
profile of SNP showed a weak similarity to both SNP by soil and
SNP by weather interaction, while top SNPs showed no overlap.
This suggests that the genetic control of yield potential is distinct
from the genetic control of environmental stability in this popula-
tion. Interaction with soil and weather showed a near-identical
pattern, both in overall profile and top SNPs. This suggests that
the identified SNPs for GXE do not confer tolerance to a specific en-
vironmental stressor, but modulate overall environmental
sensitivity.
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Table 2. Predictive performance across test scenarios. Competition scenario comprises the full test set, composed of 6% of samples with
new environments in a new year, and 94% with both new genotypes and new environments in a new year. Performance of competition
models (Washburn et al. 2025) are represented by a single score. Performance metrics of GXE-BLUP (Jarquin et al. 2014), DNN (Kick et al.
2023) and SINN (this work) are calculated by ensembling predictions of 8 models, each trained with 1 cross-validation fold. Scores are

shown as Average [95% Confidence Interval], calculated over 10 replicated ensembles. Best model per column and scenario is shown in bold,
with * denoting significant difference to second-best model (Wilcoxon signed-rank test, p < 0.05). Literature scores from Washburn et al.
(2025) are treated as fixed references due to lack of reported replicates or confidence intervals. Reported metrics are RMSE and MAE in Mg/

ha, and Pearson correlation coefficient calculated across all samples (r) or within environments (7).

Scenario Model RMSE | MAE | rt 7y 1
Competition Competition best (CLAC) 2.46 1.93 0.63 0.36
Competition best DNN (SmAL) 2.52 2.00 0.59 0.15
GXE-BLUP 2.90(2.89,2.91] 2.35[2.34,2.36] 0.43[0.42,0.43] 0.38[0.38, 0.38]
DNN 2.85[2.79,2.90] 2.29[2.23,2.35]  0.47[0.45,0.49]  0.25][0.24, 0.27]
SINN 2.40[2.37,2.43]* 1.85[1.83,1.88]* 0.63[0.61,0.64] 0.38[0.38,0.39]"
New Year (6%) GxE-BLUP 2.79(2.78,2.80]  2.26[2.25,2.26]  0.46[0.45,0.46]  0.60 [0.60, 0.60]"
DNN 2.76[2.71,2.80]  2.16[2.14,2.18]  0.54[0.52,0.55]  0.55[0.54, 0.56]
SINN 2.62[2.59, 2.64]* 2.00[1.98,2.02]* 0.59]0.58,0.61]* 0.59[0.58, 0.59]
New Genotypes and Year (94%) GxE-BLUP 291[2.90,291] 2.36[235,237] 041[041,042] 0.31[0.31,0.32]
DNN 2.85(2.79,2.91] 2.30[2.23,2.37] 0.46[0.44,0.48] 0.17[0.16, 0.18]
SINN 2.38[2.36,2.41]" 1.84[1.82,1.87]" 0.62[0.61, 0.63]* 0.34[0.34, 0.34]

The high importance and interaction scores for wind speed, soil
nutrients and soil physical properties suggest root and stem lodg-
ing as potential mechanisms underlying environmental variation
and GxE. Further evidence is provided by the training data records:
more than 10% of plants demonstrated root or stem lodging in
18% of training plots. Importance and interaction scores were
relatively evenly distributed across ECs and SNPs, suggesting no
single cause is sufficient for explaining predicted genetic vari-
ation, environmental variation or GXE. We provide an overview
of SNPs identified by SINN, closest genes, and their functional an-
notation in Table A3 in Appendix B.

Experiment 4: yield prediction in regional variety
trials

We next investigate if the SINN framework is applicable beyond
the G2F2022 dataset. We replicate the protocol of Experiment 2
on the MaizeGEP dataset (D Zhang et al. 2026), which consists of
maize variety trials conducted across China from 2017 to 2023.
Again, we evaluate models on their ability to predict plot yields
in the holdout final year. We show predictive performance of
SINN, DNN and GxE-BLUP in Table 3. SINN performed best across
RMSE, MAE, r and 7., while the baseline DNN demonstrated a
slight advantage for genetic accuracy 7. GXE-BLUP was the least-
performing model for each metric. Furthermore, the baseline
DNN showed the least stable performance across replicates.
Overall, SINN maintained strong and consistent performance on
MaizeGEP.

Discussion

Structured optimization guides neural networks
toward improved utilization of genetics

Both in our own baseline DNN as in the best DNN from the
G2F2022 competition, we observed a low genetic accuracy of pre-
dicted yield values. This indicates a tendency of DNNs to focus on
environmental information, and under-utilize genetic informa-
tion in predicting yield. This is a recognized failure mode of
multimodal deep learning models (Wu et al. 2022), where the
model greedily focuses on a single modality of data. By separating
the prediction of each unimodal signal, SINN avoids this problem
and improves the utilization of genetic information. Surprisingly,
SINN also improved the prediction of the unimodal effect of the

dominant environmental modality, as shown by the improved
genetic accuracy with respect to the baseline DNN. We attribute
this to reduced overfitting of SINN compared to DNN. Overall,
this enabled SINN to outperform all DNN-based baselines, even
with a relatively simple model architecture.

The statistical decomposition of yield into yield components
enables the design of targeted neural network components that
match model complexity and regularization to the information
content of each yield component. Without this targeted design
the neural network components tended to overfit on both genetic
and environmental information, as was shown by the high train-
ing accuracies and low validation accuracies of the baseline DNN
components. With sufficient regularization, the nonlinear neural
network components demonstrated an advantage over linear
BLUP-based models for predicting holdout genetic and environ-
mental effects. Surprisingly, this improvement was smallest for
interaction prediction, which has both the highest number of
samples as well as the expectation of being highly nonlinear.
Across our interaction prediction experiments, we noticed that
neural networks had a strong tendency to overfit and were limited
to a very simple interaction component to successfully generalize
to new environments. We theorize that adding model complexity
to any component downstream of the environmental information
can push the model toward overfitting on the training environ-
ments, and that this occurs at lower interaction component com-
plexity than overfitting on the training genotypes.

However, itisimportant to note that the decomposition of yield
into components has 2 effects on the targets: it reduces noise in
the components, and also introduces systematic errors from the
statistical model assumptions which propagate to downstream
functions. The first was observed by comparing the relative per-
formance of BLUP-based models and baseline DNN-based models
on predicting the differences between environments. On a per-
component basis, E-BLUP outperforms the DNN environment
encoder in predicting Ej, while DNN outperforms GXE-BLUP in pre-
dicting differences between environments when trained directly
on yield. Noise has a regularizing effect on DNN optimization, so
DNN model components have a stronger tendency to overfit
when this noise is removed. While the regularization of the DNN
model was tuned through weight decay and learning rate, this
was insufficient to avoid overfitting without modifying the net-
work architecture. However, with full tuning of regularization
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Fig. 5. Feature importance and GxE interaction strength of SINN across G2F2022 test set. Feature importance of environmental covariates a) and SNP

markers c) is quantified through SHAP values (Lundberg and Lee 2017). Interaction strength between each environmental covariate and all SNPs b) and
each SNP and all weather features d) and soil features e) are quantified through Integrated Hessians (IH) (Janizek et al. 2021). In a) and b) weather features
are shown in blue, and soil and management features are shown in brown. In c-e), top 10 SNPs with highest SHAP / IH values are highlighted, with red
showing SNPs with highest overall importance, blue showing SNPs with strongest SNP x weather interactions and brown showing SNPs with strongest

SNP x soil interactions.

and model complexity, this separation becomes beneficial, as it
enabled SINNs to utilize genetic information more effectively
than end-to-end optimized DNNs.

Understanding the challenges of deep
learning-based interaction prediction

A commonly stated aim for applying deep learning based methods
to genomic prediction in new environments is to predict nonlinear
genotype-by-environment interactions. However, this aim cannot
be validated based current evaluation protocols, which rely on

aggregate accuracy metrics evaluated across cross-validation
scenarios.

SINN enables us to measure interaction prediction
performance in isolation, and thus allowed us to directly test
this aim for the first time. Surprisingly, we found that the baseline
DNN from Kick et al. (2023) failed to predict any genotype-by-
environment interactions for holdout environments, when inter-
actions were isolated from the genetic and environmental main
effects. When evaluated directly on yield, the additive structure
of BLUP-based and SINN-based methods enable quantification
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Table 3. Predictive performance for prediction of maize yield in the final holdout year of the MaizeGEP dataset (D Zhang et al. 2026).
Performance metrics of GXE-BLUP (Jarquin et al. 2014), DNN (Kick et al. 2023) and SINN (this work) are calculated by ensembling
predictions of 6 models, each trained with 1 cross-validation fold. Scores are shown as Average [95% Confidence Interval], calculated over 5
replicated ensembles. Best model per metric is shown in bold. Reported metrics are RMSE and MAE in normalized units, and Pearson
correlation coefficient calculated across all samples (r), within environments (7;) and within genotypes (fe).

Model RMSE | MAE | rp g b 7o 4

GxE-BLUP 0.93[0.93, 0.93] 0.72[0.72, 0.72] 0.49 [0.49, 0.49] 0.26 [0.26, 0.26] 0.09 [0.09, 0.09]
DNN 0.74[0.67, 0.80] 0.57 [0.49, 0.64] 0.76 [0.75, 0.77] 0.31[0.29, 0.32] 0.32[0.30, 0.34]
SINN 0.66 [0.61, 0.71] 0.51 [0.46, 0.56] 0.79[0.78, 0.80] 0.30[0.30, 0.30] 0.33[0.32, 0.34]

of the contribution of predicted interactions. However, current
evaluation protocols do not allow us to evaluate whether the
DNN predicts any interactions in this context. For method devel-
opment, a failure to measure progress means a failure to improve.
SINN allows us to measure interaction prediction performance in
isolation, and thus enables the targeted improvement of DNNs for
interaction prediction within the framework. However, it does not
enable the measurement of interaction prediction performance
for models fitted end-to-end on yield. New metrics are needed
for this purpose. As a potential diagnostic tool we identify the em-
pirical multimodally-additive function projection (EMAP) by
Hessel and Lee (2020), which measures black box function per-
formance without predicted interactions.

Prediction of environment-specific ranking is
limited by number of independent environments

In Experiment 1, we compared interaction prediction perform-
ance of models across multiple scenarios and found that all mod-
els show a large decrease in performance when predicting in new
environments. We also note that a low-complexity neural net-
work interaction component was needed to limit overfitting on en-
vironments, even though the models were trained on over 100,000
interactions. This mirrored the results of predicting G; and £, as
prediction performance for E; was considerably lower than for
Gj, and a low-complexity neural network component was needed
to avoid overfitting on E)u This comes as no surprise for Ej, as only
217 unique environments were available in the training set, and
DNNs typically need 1,000s to 10,000s of independent samples
to improve over other methods.

Surprisingly, a similar overfitting pattern was observed for the
100,000 interaction prediction samples. A potential explanation is
that the interactions are not independent samples, but repeated
realizations of the same 217 environments, which encourages
overfitting on environmental information. This suggests that the
main limitation to prediction of environment-specific genetic
rankings in new environments is the limited number of unique en-
vironments, not the number of unique genotypes. This is consist-
ent with findings of Washburn et al. (2021) that yield prediction
performance of DNNs could be improved by integrating a large
number of unique environments, even when these environments
had low-quality yield labels. Additionally, this suggests that
DNN-based approaches for predicting genetic rankings in new en-
vironments might favor recently proposed sparse MET designs
(Jarquin et al. 2020; Crespo-Herrera et al. 2021), where fewer gen-
otypes are grown in each environment in favor of more unique
realizations of environments.

SINN can utilize advanced statistical models for
multi-environment trials

Error propagation from the statistical decomposition is an un-
wanted by-effect of SINN. Any errors in the decomposition of ys
into G;, ]:Zj and GEU-k propagate through the training of f,, f, and

fge to downstream predictive ability. Addressing this error propa-
gation completely would require integration between the statis-
tical decomposition and the end-to-end optimization of DNNs,
which we leave for further work. As a more practical approach,
we propose to improve the decomposition of yield into G;, Ej and
CfEUk with statistical models for estimating genotype-environment
interactions. In this work, we deliberately pursue a minimal im-
plementation of SINN and thus utilize simple DNN components,
and a minimally complex decomposition. However, as we note
in section Introducing SINN, this naive decomposition obtains
biased estimates of E[y | i] and E[y | j]. Fitting G; and E; as random
effects could improve these estimates, as the MET in the G2F2022
dataset is imbalanced and incomplete. Furthermore, the current
decomposition does not separate genotype-interaction from
noise. This can be realized by a wide range of modern statistical
models for both genotype-environment interaction and noise, in-
cluding modeling of experimental design (blocks, rows, columns),
spatial trends within trials with P-splines (Velazco et al. 2017,
Rodriguez-Alvarez et al. 2017), and variance-covariance struc-
tures of genotype-environment interactions with modern factor-
analytic models (Piepho and Williams 2024).

Broader applicability

Experiment 4 highlights broader applicability of SINN. On an inde-
pendent, secondary MET dataset in a different geographic context
(China), different breeding context (national variety trials) and
MET dimensions (10x fewer genotypes, 10x more trials) SINN de-
monstrated superior performance compared to baseline statistic-
al and deep learning-based methods. Predictive performance in
national variety trials serves as strong indicator of generalizabil-
ity, as these trials are designed to represent the full range of com-
plex genotype-by-environment interactions encountered in
commercial agricultural production. Furthermore, we note that
national variety trials form a complementary source of data to
breeding trials, as they naturally contain a large number of unique
environments. We consider integration and transfer learning be-
tween these 2 types of datasets a promising and broadly applic-
able direction for the prediction of environment-specific rankings.

Further potential of multimodal deep learning

We further emphasize that the sub-components of current
MMDL-based approaches remain underoptimized for GEP, which
suggests substantial potential for further gains in predictive per-
formance. In this work, we demonstrate that the performance of
current MMDL methods for GEP can be greatly improved by modi-
fying only the training algorithm to target imbalanced multimodal
learning. Imbalanced multimodal learning is an active area of re-
search (Fan et al. 2023; Y Wei and Hu 2024; Y Wei et al. 2024;
X Zhang et al. 2024; S Wei et al. 2025), and new insights into the
problem and targeted solutions are increasingly available.
Unfortunately, current approaches are specifically tailored to
classification tasks in observational data. We expect adaptation
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of these approaches to regression tasks and structured data to
yield further performance gains.

Additionally, MMDL models are built of architectural modules
that can be independently improved. In this work, we demon-
strated the SINN framework with a minimal MMDL network with-
out specialized architectural modules. As such, we expect
replacement of each architecture module (genomic encoder, en-
vironment encoder, interaction module) to improve prediction
performance. For the genomic encoder, a wide range of specia-
lized architectures has recently been proposed (Ma et al. 2018;
Liu et al. 2019; K Wang et al. 2023; H Wang et al. 2025). For the en-
vironment encoder, we consider specialized architectures pro-
posed in yield forecasting (Khaki et al. 2020; Jacome Galarza
et al. 2025). For the interaction encoder, specialized fusion layers
(Chengetal. 2016; H Guo et al. 2017; R Wang et al. 2021; Mao et al.
2023) are expected to further improve performance.

Future work

Our results on 2 datasets show that SINN improves over current
methods in predicting the next cycle of large-scale multi-
environment trials. Results across diverse crops, regions and
traits are expected to build further evidence of external validity
of the method in the future. We expect SINN to generalize to other
settings, as SINN does not rely on any crop, region, or trait-specific
knowledge, and the 2 presented case studies contained many
challenging aspects in terms of genetics (2 diverse populations
of maize hybrids), environmental conditions (US- and
China-wide spatial scopes), predicted trait (yield) and data quality
(large residual variation).

More benchmark datasets for the development of GEP models
are necessary. Current datasets are either not open (Khaki and
Wang 2019; Ansarifar et al. 2020), contain too few trials
(Montesinos-Lépez et al. 2023), are missing marker information
(Ansarifar et al. 2020; Shook et al. 2021) or are missing environ-
mental features (Montesinos-Lopez et al. 2023). As the current
generation of models for GEP highlights the potential for
large-scale prediction of GxE in multi-environment trials, we are
optimistic that more suitable datasets will become available for
research in the future.

Conclusion

We demonstrate the Structured Interaction Neural Network
(SINN), a new framework for the optimization of deep neural net-
works (DNNs) for GEP. We show that SINN improves genomic pre-
diction of maize yield in future environments when compared to a
kernel-based statistical model, a specialized DNN, and the best
models of an open benchmark dataset. Furthermore, we demon-
strate consistent improvements across 2 large-scale multi-
environment trials spanning both the United States and China.
SINN reduces overfitting and improves prediction of genetic ef-
fects, environmental effects and genotype-by-environment inter-
actions when compared to DNN models, and improves prediction
of environmental effects when compared to kernel-based statis-
tical models. Our findings further indicate that prediction of
environment-specific rankings is mainly limited by generalization
to new environments, rather than generalization to new geno-
types. Surprisingly, we find that the baseline DNN had the lowest
performance and failed to predict any genotype-environment in-
teractions in new environments, when interactions are predicted
in isolation.

Our SINN framework structures further MMDL research, as it
decomposes both the task and model into components that can

be improved independently. Additionally, it opens the door to fur-
ther integration of advanced statistical decomposition methods
with new DNN approaches. By bridging statistical genetics and
deep learning, SINN provides a new approach to accurate, modu-
lar and scalable prediction of genotype-environment interactions.

Data availability

All data used in this study is freely available. The Genomes to
Fields 2022 Maize Genotype by Environment Prediction
Competition is available on CyVerse under https:/pubmed.ncbi.
nlm.nih.gov/37461058/. The MaizeGEP dataset is available at
http://user.ebreed.cn:9992/scb/. Upon publication, the code and
scripts used in this study will be made publicly available in the fol-
lowing GitHub repository: https:/github.com/wur-ai/sinn.
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Appendix

Appendix A: Experimental settings and
hyperparameter selection

MaizeGEP

For the MaizeGEP dataset, we applied six-fold cross-validation to
models and SINN model components. We follow the same defin-
ition of CV-E used in Experiment 1. We use a simplified definition
for CV-G: we define each validation set as the genotypes newly in-
troduced in 1 year, matching the year of the corresponding valid-
ation set in CV-E. This maximizes the overlap in interactions
between CV-G and CV-E. Finally, for interaction prediction, we
do not define a separate CV-X, as this is not needed for the con-
ducted experiments.

To replicate SINN on the MaizeGEP dataset in Experiment 4
with minimal manual experimentation, we made some ad-
justments to our hyperparameter selection pipeline to im-

prove the stability of model selection. Firstly, to reduce
overfitting, we introduced cross-validation based early stop-
ping, where we record the optimum number of training epochs
across all considered cross-validation folds for each setting as
additional hyperparameter. Second, to counteract per-epoch
noise in evaluation, we smoothed the selection metric using
an exponential moving average (EMA) with with smoothing
parameter a=0.2. This pipeline was applied equally to both
SINN and the baseline DNN. Furthermore, we adjusted the hy-
perparameter ranges and number of replicates of genotype
and environment encoders to the 10x smaller number of gen-
otypes and 10x larger number of environments. Each hyper-
parameter setting of the genetic encoder model was
evaluated across all 6 folds, and with 2 replicate seeds per
fold. Conversely, no replicate seeds were needed for the envir-
onmentencoder. Exact replicates, hyperparameter ranges and
final selected hyperparameters for MaizeGEP are shown in
Table A2.

Table A1. Settings and search spaces for hyperparameter selection in the G2F2022 dataset.

Learning rate Weight decay

Model Target # Layers Nodes per layer
G-SINN G 125 {64, 96, 128, 192, 256}
E-SINN Ei 200x5 {3,4,5} {8, 16, 32, 48, 64}
GXE-SINN GEjjr 125 {8, 16, 32, 64, 128 }
DNN (G encoder) G 25

DNN (E encoder) E 25x5

DNN GEji 25

DNN Vs 25

{le-4, 3e-4, 1le-3, 3e-3, le-2}
{1le-5, 3e-5, le-4, 3e-4, le-3}
{1le-4, 3e-4, 1le-3, 3e-3, le-2}
{1le-4, 3e-4, 1le-3, 3e-3, le-2}
{1le-5, 3e-5, le-4, 3e-4, le-3}
{1le-4, 3e-4, 1le-3, 3e-3, le-2}
{le-4, 3e-4, 1le-3, 3e-3, le-2}

{le-4, 3e-4, 1le-3, 3e-3, 1le-2}
{1le-5, Se-5, le-4, 3e-4, 1le-3}
{le-4, 3e-4, 1le-3, 3e-3, 1le-2}
{1le-4, 3e-4, 1le-3, 3e-3, 1le-2}
{1le-5, 5e-5, le-4, 3e-4, 1le-3}
{1le-4, 3e-4, 1le-3, 3e-3, 1le-2}
{le-4, 3e-4, 1le-3, 3e-3, 1le-2}

Table A2. Settings, search spaces and final selected hyperparameters for hyperparameter selection in the MaizeGEP dataset, with
selected hyperparameters in bold. Optimal number of training epochs selected through early stopping is also shown in bold.

Dataset MaizeGEP

Model G-SINN E-SINN GXE-SINN DNN

Target G E GEjj. Vs

Settings 125 200 125 25

Seeds 2 1 1 1

Folds 6 1 1 1

Layers {2,3,4,5} {3, 4, 5} - -

Nodes per Layer (16, 32, 48, 64) (32, 64, 96, 128} (8, 16, 32, 64, 128} -

Learning rate {1le-4, 3e-4, le-3, 3e-3} {1le-5, 3e-5, 1le-4, 3e-4, 1le-3} {1e-4, 3e-4, 1e-3, 3e-3, 1le-2} {1le-4, 3e-4, 1e-3, 3e-3, le-2}
Weight decay {1le-4, 3e-4, 1le-3, 3e-3} {1le-5, 3e-5, 1le-4, 3e-4, 1e-3} {1le-4, 3e-4, 1e-3, 3e-3, le-2} {1le-4, 3e-4, 1e-3, 3e-3, le-2}
Batch size {16, 32, 48, 64} 128 256 256

Epochs 250 (171) 250 (59) 250 (146) 150 (43)
Averaging days for - (1,7, 30, 244} - 1

weather features
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Appendix B: SNP-gene associations

Table A3. Identified genes within a 5,000 bp window to top 10 SNPs for overall importance (G), interaction with weather (GxW) and
interaction with soil (GxS). Functional annotations were retrieved programmatically from the UniProtKB database (Bateman et al. 2025).

SNP ID G GxW GxS Candidate Gene Distance (bp) Annotation
Chr1_11573869 v Zm00001eb004190 36 cell cycle regulation
Chr1_287395927 v v Zm00001eb058550 0 pollen tube guidance
Chr2_107829 v Zm00001eb065570 115 exocytosis
Chr2_225461006 v v Zm00001eb112080 0 cytokinin signaling
Chr4_166120868 v N Zm00001eb188580 0 GTP-binding protein
Chr4_173620257 v N Zm00001eb190540 38 zinc homeostasis
Chr5_20983785 v N 7Zm00001eb219710 1,633 triterpenoid biosynthesis
Chr5_222837505 N Zm00001eb258240 0 BHLH protein
Chr6_40844033 v Zm00001eb266050 0 rRNA processing
Chr7_173083062 v Zm00001eb326950 214 system development
Chr8_1829248 v Zm00001eb332580 0 DNA-binding protein
Chr8_153859814 N 7Zm00001eb360010 0 uncharacterized
Chr9_7799385 N4 7Zm00001eb372830 90 mitochondrial heat shock protein
Chr9_11949333 N N 7Zm00001eb373840 506 uncharacterized
Chr10_150914480 v v Zm00001eb434080 0 brassinosteroid signaling

Editor: H. Huang
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