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1
Ridge Regression (RR)-BLUP model used to

estimate variance components for the KWS
real maize data
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The linear mixed effects model used for the phenotypic analysis of the KWS real maize
dataset, which is described in greater detail in [14, 15], is

yijklqmn = ϕ + γq + tl + rkl + bjkl + δm + τn + Z1img1im + Z2img2im + eijklmnq (1.1)

where

• yijklqmn is the quantitative response (maize yield) of the i-th genotype in the j-th
block nested within the k-th replicate in the l-th trial in the qth location and in the
m-th group tested against the n-th tester

• ϕ is the general effect

• γq is the random effect of the q-th location, which is iid according to N(0, σ2
γ), σ2

γ is
the location variance

• tlq is the random effect of the l-th trial nested within the q-th location, which is iid
according to N(0, σ2

t ), where σ2
t is the trial variance

• rklq is the random effect of the k-th replicate nested within the l-trial in the q-th
location, which is iid according to N(0, σ2

r), where σ2
r is the replicate variance

• bjklq is the random effect of the j-th block nested within the k-th replicate in the l-th
trial in the q-th location, which is iid according to N(0, σ2

b ), where σ2
b is the block

variance

• δm is the fixed effect of the m-th group of checks, testers and genotypes

• τn is the fixed effect of the n-th tester

• Z1img1im refers to the random effect of the i-th genotyped line in the m-th group, coded
as (Z1*TESTER*GRP*G1), where Z1 is the quantitative variable Z1im (SWITCH1)
in model (1.1), tester (TESTER), group (GRP) and genotypes (G1) are categorical
variables

• Z2img2im refers to the random effect of the i-th non-genotyped line in the m-th
group, coded as (Z2*TESTER*GRP*G2), where Z2 is the quantitative variable Z2im

(SWITCH2) in model (1.1), tester (TESTER), group (GRP) and genotypes (G2)
are categorical variables

• eijklmqn is the residual plot error, which is iid according to N(0, σ2
e), where σ2

e is the
error variance

We further note that,

• Variable G1 has one unique level for each of the genotyped lines and assigns any one
level of the genotyped lines to all the non-genotyped lines. Hence G1=G2 for all the
genotyped lines.
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• Variable G2 has one unique level for each genotyped line and one unique level for
each non-genotyped line.

• SWITCH1 is a dummy variable equal to 1 for genotyped lines and 0 for non-genotyped
lines.

• SWITCH2 is a dummy variable equal to 0 for genotyped lines and 1 for non-genotyped
lines.

• G1(=GENB) and G2(=GENA), SWITCH1 and SWITCH2 are explained in greater
detail in the supporting information of [15].
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Noteworthy details of model fitting
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Because we used CV for model selection, we fixed the data split whenever possible by
setting a specific positive seed before splitting the data to enhance the reproducibility
of results. Besides the k-fold split, common to all the methods, some methods involve
additional kinds of randomization, making it impossible to reproduce results even if the
data split or the seed for the random number generator are fixed prior to fitting the model
(RF, SVM and FFNN methods). This happens because some of the routines internally
generate some random number seeds when they initialize the computations. Consequently,
this introduces an additional source of variation between results obtained from different
runs or even from using different computing platforms. Ideally, for such cases, and at
the risk of vastly increasing the computational burden, the model could be fitted a large
number of times until the average and the range (or standard error) of PA stabilize. Even
so, we considered only single model runs for the RF and SVM methods. For the FFNN
method we implemented 1000 runs for the simulated data and 10 for the KWS data.
In addition, the following details of model fitting are noteworthy:

(i) γ = 0.5 was considered in the bridge and grouped bridge methods.

(ii) Calibration of random forests involves selecting the number of trees to grow (ntrees),
the random number of covariates to select for growing each tree (ncovars) and the
minimum size of the terminal nodes per tree (nnodes), below which no split is
attempted. The parameters that affect the final accuracy the most are the first
two. Increasing the ntrees only increases the accuracy up to some point but can
substantially increase the computational time. Here, we fix ntrees = 1000 (this
ensures that every input row gets predicted at least a couple of times) and nnodes = 1
and search for the best value of ncovars in {0.5, 1, 2} × (p/3).

(iii) For the SGB method we assumed the Gaussian distribution for minimizing squared-
error loss. The basic boosting algorithm requires the specification of two parameters:
the number of splits (J ; or the number of nodes, which equals the number of splits
plus one) and the number of trees (or iterations; ntrees) to be fitted. Hastie et al [25]
point out that the number of splits J such that 4 ≤ J ≤ 8 generally works well with
results being fairly insensitive to particular choices in this range. We use J = 6. As
for ntrees, it should neither be too small (bad fit) nor too large (overfit). Usually,
the suitable ntrees can be found by checking how well the model fits a test dataset,
where a typical fraction of the data used for testing is 0.5 (can be much smaller if
the dataset is very large). We search for ntrees in {500, 1500, 3000}. As with RF,
we fix the number of terminal nodes per tree nnodes = 1. In addition, we set the
shrinkage factor applied to each tree in the expansion to 0.001 and the subsampling
fraction to 0.5 [19].

(iv) For the SVR method, we considered an insensititvity zone of ε = 0.001 across traits
with the regularization parameter λ (cost) determined by grid-search over the values
{0.01, 0.1, 1, 10, 100}.
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(v) We used the Adam optimizer, ’Relu’ (rectified linear units) activation function and
a linear output layer in the configuration of both the FFNN and CNN.
Because we used the Python software and GPU to fit the neural networks, we were
able to produce 1000 different runs of the FFNNs and CNNs for the simulated
dataset and 10 runs of the FFNNs for each of the three real datasets (amounting
to 10 runs × 5 folds × 10 reps FFNNs fits for each real dataset), and report the
average plus the range for the PA.

(vi) For the 1D CNN we fixed the following parameters across the three traits:

CNN T1/T2/T3

Number or filters (convolutional layer) 64
Filter size (convolutional layer) 36
Stride (convolutional layer) 1
Number of dense layers 3
Number of units (dense layer) 128
Number of maxpooling layers 1
Pooling size (maxpooling layer) 36
Stride (maxpooling layer) 18

Parameters referring to the Number of epochs and the Learning rate were calibrated
individually for each trait (Table S7).

(vii) For the simulated animal trait T3, specifically with the CNN method, we applied
the transformation T3 → T3 × 103. This was necessary because the CNN did not
generate reasonable results with the original trait values, which are exceptionally
small and close to zero. Subsequently, the prediction errors were back-transformed
to the original scale and reported accordingly.

All the methods are implemented in the R software and are available in various R packages.
For the FFNN and CNN methods, and because of fine tuning requirements, we used
the Python software. Table S1 lists the R and Python packages we used to analyse the
synthetic and real datasets.
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Table S1: List of R and Python packages used in this paper

Type Method Software/Package Routine

Regularized

Bridge R/grpreg [8] cv.grpreg()
RR-CV, ENET R/glmnet [21] cv.glmnet() ∗

RR-REML R/rrBLUP [12] mixed.solve()
LASSO, SCAD, MCP R/ncvreg [9] cv.ncvreg() ∗

Sparse regularized ENET R/sparsenet [38] cv.sparsenet()

Adaptive regularized

LASSO R/glmnet [21] cv.glmnet() ∗

SCAD
R/msaenet [65]

asnet()∗

MCP amnet()∗

ENET aenet()∗, msaenet()∗

Group regularized

Hierarchical LASSO R/glinternet [37] glinternet.cv()
Sparse LASSO R/SGL [61] cvSGL()
Bridge

R/grpreg [8] cv.grpreg()LASSO, MCP, SCAD
gel, cMCP (bi-level)

Bayesian regularized rBayes, lBayes R/BGLR [52] BGLR()

Ensemble
Random Forests R/randomForest [10] randomForest()
Stochastic Gradient Boosting R/gbm [24] gbm.fit()

Instance-based Support Vector Machine R/e1071 [40] tune.svm()

Deep learning
Feed-Forward Neural Network
Convolutional Neural Network

Python/Pandas [39]
Python/TensorFlow [1]

Python/Numpy [39]

-
-
-

* These functions allow for internal parallelization of computations.

9



Table S2: Prediction accuracy (PA) of the regularized, adaptive regularized and
Bayesian regularized methods, computed as the Pearson correlation coefficient between
the true breeding values (TBVs) and the predicted breeding values (PBVs), for the
simulated dataset, where T1 − T3 refer to three quantitative milk traits. The choice of λ,
where applicable, was based on the 10-fold CV. The mean squared and absolute prediction
errors are also provided.

Method
T1 T2 T ⋆

3

PA MSPE MAPE PA MSPE MAPE PA MSPE MAPE
bridge 0.716 7133.7 68.1 0.751 47.2 5.9 0.769 0.922 0.283
RR-CV 0.736 6561.0 64.9 0.771 52.2 6.3 0.762 0.928 0.283
RR-REML 0.732 6570.3 65.0 0.770 51.4 6.2 0.758 0.931 0.283
LASSO 0.775 5951.3 61.7 0.827 47.3 6.1 0.817 0.920 0.286
ENET 0.777 5957.6 61.7 0.829 47.2 6.0 0.817 0.921 0.286
sENET 0.779 5920.2 61.5 0.814 47.8 6.1 0.817 0.914 0.285
SCAD 0.775 5878.8 61.1 0.815 48.2 6.1 0.808 0.922 0.286
MCP 0.742 6308.4 63.1 0.790 49.9 6.2 0.799 0.921 0.285
aLASSO 0.724 6591.5 65.8 0.779 48.3 6.0 0.796 0.966 0.293
aENETe 0.726 6812.1 65.1 0.786 49.6 6.1 0.805 0.915 0.285
aENETr 0.722 6674.6 66.0 0.789 47.3 6.0 0.801 0.950 0.290
maENETe 0.704 7231.0 67.1 0.773 50.7 6.2 0.791 0.915 0.283
maENETr 0.692 7117.4 68.2 0.756 52.4 6.3 0.767 0.892 0.278
aSCADs 0.645 7732.4 70.8 0.739 56.6 6.5 0.750 0.926 0.282
aSCADr 0.700 6833.5 66.3 0.721 58.5 6.7 0.730 0.892 0.275
aMCPm 0.682 7323.4 68.8 0.754 56.4 6.5 0.755 0.922 0.282
aMCPr 0.681 6987.3 66.9 0.714 59.2 6.7 0.734 0.884 0.274
rBayes 0.730 6606.4 65.0 0.767 51.4 6.2 0.756 0.932 0.284
lBayes 0.763 6141.2 62.7 0.807 48.1 6.1 0.794 0.930 0.286

s: sparse method; a: adaptive method; ma: multi-step adaptive method; r: ridge method; l: lasso method.

s: snet penalty; r: ridge penalty; m: mnet penalty; e: enet penalty;
⋆ MSPE is multiplied by 103 and MAPE by 101 to enhance comparison with corresponding values for T1 and T2.
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Table S3: Prediction accuracy (PA) of the group regularized methods (mean and range
values of PA across the different groupings), computed as the Pearson correlation coefficient
between the true breeding values (TBVs) and the predicted breeding values (PBVs), for
the simulated dataset, where T1 − T3 refer to three quantitative milk traits. Choice of
λ was based on the 10-fold CV. Display refers to the mean, max and min values of PA
across all the 10 grouping schemes. The mean squared and absolute prediction errors are
also provided.

Method
T1 T2 T ⋆

3

Mean Range Mean Range Mean Range

gbridge
PA 0.716 0.659–0.762 0.813 0.794–0.829 0.803 0.779-0.816

MSPE 6468.7 5957.5–7095.8 48.9 44.5–52.5 0.919 0.907–0.946
MAPE 64.6 62.0–67.4 6.1 5.8–6.4 0.285 0.284–0.288

gLASSO
PA 0.766 0.732–0.793 0.820 0.795–0.852 0.814 0.802–0.838

MSPE 6047.3 5484.3–6533.3 49.9 47.7–52.4 0.902 0.881–0.924
MAPE 62.3 59.6–64.4 6.2 6.1–6.3 0.282 0.277–0.288

sgLASSO
PA 0.724 0.722–0.724 0.792 0.790–0.804 0.809 0.784–0.815

MSPE 7392.1 7378.1–7420.9 47.9 47.6–48.2 0.951 0.929–0.957
MAPE 68.5 68.4–68.7 6.0 6.0–6.1 0.291 0.284–0.292

gSCAD
PA 0.763 0.731–0.793 0.820 0.799–0.843 0.807 0.789–0.822

MSPE 6059.5 5314.7–6595.2 48.4 46.9–51.1 0.901 0.862–0.929
MAPE 62.4 58.8–64.7 6.1 6.0–6.3 0.282 0.273–0.288

gMCP
PA 0.742 0.701–0.776 0.806 0.775–0.832 0.799 0.779–0.821

MSPE 6239.8 5273.2–7353.6 48.6 46.6–50.8 0.899 0.859–0.951
MAPE 63.5 58.9–69.1 6.1 6.0–6.3 0.281 0.274–0.290

cMCP
PA 0.653 0.633–0.655 0.808 0.808–0.809 0.8176 0.8175–0.8177

MSPE 7430.9 7368.8–7989.9 48.5 48.4–48.6 0.91935 0.91930–0.91943
MAPE 68.6 68.4–70.6 6.11 6.10–6.12 0.28607 0.28606–0.28611

gel
PA 0.677 0.623–0.756 0.758 0.697–0.800 0.765 0.744–0.804

MSPE 7732.3 5839.5–9099.4 51.0 48.2–53.0 0.915 0.873–0.970
MAPE 70.4 60.8–77.0 6.2 6.0–6.4 0.281 0.273–0.290

hLASSO*
PA 0.755 - 0.819 - 0.795 -

MSPE 6592.6 - 49.9 - 0.901 -
MAPE 65.5 - 6.2 - 0.280 -

s and h stand for the sparse and hierarchical versions of the corresponding method;

* the groupings here are achieved through interactions between markers unlike in the previous methods; a single PA value

is produced and reported, which is not a mean across the different groups;
⋆ MSPE is multiplied by 103 and MAPE by 101 to enhance comparison with corresponding values for T1 and T2; five

decimal places were needed for cMCP.
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Table S4: Prediction accuracy (PA) of the ensemble and instance-based methods,
computed as the Pearson correlation coefficient between the true breeding values (TBVs)
and the predicted breeding values (PBVs), for the simulated dataset, where T1 − T3 refer
to three quantitative milk traits.

Method
T1 T2 T ⋆

3

PA MSPE MAPE PA MSPE MAPE PA MSPE MAPE
Random Forests (RF)† 0.741 7945.8 72.4 0.788 58.6 6.5 0.713 0.924 0.272
Stochastic Gradient Boosting (SGB)∗ 0.690 8382.5 73.8 0.725 67.6 7.0 0.676 0.950 0.275
Support Vector Machines (SVM)‡ 0.695 7102.1 67.2 0.740 53.9 6.4 0.731 0.934 0.282

† reported values refer to a single run of the random forest with the subset of markers selected randomly for growing each

tree set equal to 0.5 ×
p

3
;

∗ the best number of trees grown was 3000 for all traits;
‡ reported values refer to a single run of the SVM with the best cost λ = 100 for trait 1 and λ = 10 for traits 2 and 3;
⋆ MSPE is multiplied by 103 and MAPE by 101 to enhance comparison with corresponding values for T1 and T2.

Table S5: Prediction accuracy (PA) of the deep learning methods, computed as the
Pearson correlation coefficient between the true breeding values (TBVs) and the predicted
breeding values (PBVs), for the simulated dataset, where T1 −T3 refer to three quantitative
milk traits.

T1 T2 T ⋆
3

Mean Range Mean Range Mean Range

Feed-Forward Neural Networks (FFNN)†
PA 0.705 0.692–0.717 0.725 0.705–0.741 0.703 0.651–0.731
MSPE 8092.5 6046.5–13556.7 60.6 32.5–102.4 0.974 0.464–1.790
MAPE 72.1 61.6–95.4 6.6 4.6–9.1 0.284 0.183–0.402

Convolutional Neural Networks (CNN)†
PA 0.601 0.537–0.668 0.665 0.596–0.702 0.649 0.495–0.683
MSPE 13129.2 7996.1–22305.3 56.7 0.8–96.2 0.957 0.849–1.229
MAPE 92.0 72.0–128.2 6.4 4.5–8.8 0.278 0.260–0.318

† values refer to 1000 different runs of the neural network;
⋆ MSPE is multiplied by 103 and MAPE by 101 to enhance comparison between methods.
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Table S6: Best FFNN model calibration parameters selected for each of the three quanti-
tative milk traits T1 − T3.

FFNN T1 T2 T3

Number of hidden layers 1 3 3
Number of units (hidden layer) 200 800 400
Number of epochs 200 260 300
Dropout rate (input layer) 0.1 0.15 0.15
Batch size 128 32 16
Learning rate 10−4 2 × 10−5 2 × 10−5

Dropout rate (hidden layers) 0.8 0.8 0.5
Dropout rate (last hidden layer) 0.8 0.88 0.775
Batch normalization (hidden layer) No Yes Yes

Table S7: Best CNN model calibration parameters (Number of epochs/Learning rate)
selected for each of the three quantitative milk traits T1 − T3.

Steps T1 T2 T3

1 50/10−3 30/10−3 50/10−3

2 50/10−4 10/10−4 100/10−4

3 - - 500/10−5
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Table S8: Predictive ability (PA; mean and range values computed across the 5-fold
validation datasets and 10 replicates) of the regularized, adaptive regularized, group
regularized, Bayesian regularized, ensemble, instance-based and deep learning methods,
computed as the Pearson correlation coefficient between the observed breeding values
(OBVs) and the predicted breeding values (PBVs), for the KWS datasets. The choice of λ,
where applicable, was based on 4-fold CV.

Method
2010 2011 2012

Mean Range Mean Range Mean Range

RR-CV
PA 0.632 0.529-0.724 0.555 0.441-0.648 0.598 0.549-0.674
MSPE 41.9 31.7-58.3 46.4 35.5-62.1 34.5 29.1-41.5
MAPE 4.7 4.1-5.2 5.2 4.6-6.1 4.6 4.3-5.0

RR-REML
PA 0.649 0.523-0.725 0.576 0.469-0.663 0.616 0.555-0.678
MSPE 41.2 31.2-59.2 44.4 35.4-63.4 33.4 27.8-40.2
MAPE 4.6 4.0-5.2 5.0 4.5-6.0 4.5 4.1-4.9

sENET
PA 0.626 0.502-0.723 0.527 0.372-0.639 0.596 0.531–0.697
MSPE 42.4 32.6–62.4 48.8 37.2–84.5 34.7 28.0–42.2
MAPE 4.7 4.3–5.3 5.3 4.6–6.8 4.6 4.2–5.1

aENETe

PA 0.592 0.453-0.701 0.482 0.326-0.651 0.572 0.501-0.676
MSPE 46.5 37.4-67.6 54.3 37.7-98.9 37.0 30.6-46.3
MAPE 4.9 4.5-5.6 5.6 4.9-7.2 4.7 4.4-5.1

gLASSO‡
PA 0.584 0.494–0.673 0.512 0.404–0.606 0.586 0.514–0.679
MSPE 46.3 36.0–59.8 49.5 37.5–65.6 35.5 28.1–42.5
MAPE 4.9 4.3–5.5 5.4 4.6–6.3 4.7 4.2–5.1

Random Forests†
PA 0.656 0.549–0.727 0.570 0.474–0.659 0.556 0.484–0.633
MSPE 39.7 28.9–56.3 45.7 34.1–61.4 37.3 29.9–46.3
MAPE 4.6 4.0–5.1 5.1 4.4–6.0 4.8 4.3–5.3

lBayes
PA 0.649 0.522–0.723 0.587 0.467–0.658 0.624 0.556–0.679
MSPE 40.2 31.6–59.5 46.4 37.7–62.3 31.7 27.8–40.2
MAPE 4.6 4.0–5.2 5.0 4.6–6.0 4.4 4.1–4.9

Feed-Forward Neural Networks∗
PA 0.634 0.514–0.728 0.541 0.412–0.656 0.586 0.512–0.663
MSPE 42.9 31.9–61.7 49.6 38.4 –75.1 36.5 29.0–48.5
MAPE 4.7 4.0–5.4 5.3 4.6 –6.6 4.7 4.2–5.3

a: adaptive method; s: sparse method; g: grouped method; l: lasso method; e: enet penalty;
‡reported values refer to the grouping indexes (or sizes) 50, 30 and 80 for the 2010, 2011 & 2012 datasets, respectively;
†reported values refer to a single run of the random forest with the subset of markers selected randomly for growing each

tree set equal to 0.5 ×
p

3
for the 2010 and 2011 datasets but to 2 ×

p

3
for the 2012 dataset;

∗ The best FFNN performing model, in terms of PA, for the 2010 and 2011 datasets was the one used for trait T3 from the

simulated data, whereas for the 2012 dataset, it was the one used for trait T1 from the simulated data.
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