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Predicting plant trait dynamics from  
genetic markers
 

David Hobby    1,2,6, Hao Tong    1,2,6, Marc Heuermann    3,6, Alain J. Mbebi    1,2, 
Roosa A. E. Laitinen    4, Matteo Dell’Acqua    5, Thomas Altmann    3 & 
Zoran Nikoloski    1,2 

Molecular and physiological changes across crop developmental stages 
shape the plant phenome and render its prediction from genetic markers 
challenging. Here we present dynamicGP, an efficient computational 
approach that combines genomic prediction with dynamic mode 
decomposition to characterize the temporal changes and to predict 
genotype-specific dynamics for multiple morphometric, geometric and 
colourimetric traits scored by high-throughput phenotyping. Using 
genetic markers and data from high-throughput phenotyping of a maize 
multiparent advanced generation inter-cross population and an Arabidopsis 
thaliana diversity panel, we show that dynamicGP outperforms a baseline 
genomic prediction approach for the multiple traits. We demonstrate that 
the developmental dynamics of traits whose heritability varies less over 
time can be predicted with higher accuracy. The approach paves the way for 
interrogating and integrating the dynamical interactions between genotype 
and environment over plant development to improve the prediction 
accuracy of agronomically relevant traits.

The phenome of a plant comprises the entirety of traits expressed at 
any given time and is the integrated outcome of the effects of genetic 
factors, environmental conditions and their complex interactions. 
Understanding how the crop phenome changes over time can help 
predict individual traits at specific timepoints in crop development. 
However, this problem is challenging not only because of the intricate 
dependence between individual traits but also because of differences 
in how the phenomes of specific genotypes change over the plant 
life cycle.

The classical approach of genomic prediction (GP) in crops trains 
machine learning models using data on traits measured in a population 
of genotypes at a specific timepoint based on genetic markers1. These 
models can be used to predict the traits in other genotypes for which 
genetic markers are available, thus foregoing additional measure-
ments; the accuracy of predictions depends on representativeness 

of the training set and on the genetic architecture of the predicted 
trait2. As a result, GP accelerates genetic gain and reduces the need for 
labour-intensive field phenotyping in a test set of genotypes. While GP 
has been extended to allow and improve the simultaneous prediction 
of multiple correlated traits3–5, existing GP approaches have not yet 
addressed the problem of predicting the dynamics of multiple traits, 
that is, the expression of multiple traits at different timepoints across 
the entire period of growth of the plant.

Advances in high-throughput phenotyping (HTP) technologies, 
including non-destructive approaches such as hyperspectral, multi-
spectral, fluorescence and thermal imaging, have enabled the detailed 
capture of plant morphometric, geometric and colourimetric traits at 
various growth stages and have resulted in large-scale time-resolved 
heterogeneous datasets on crop phenotypes6–10. These developments 
offer the possibility of predicting time-resolved traits from genetic 
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time-resolved phenotypes. The collection of predicted (P) traits, xP,t + 1, 
at timepoint t + 1 can be obtained from the multiple traits, xt, at time-
point t using the operator A. The essential decision one can then make 
is whether the multiple traits xP,t + 1 are obtained by using: (1) measured 
traits xt at timepoint t, resulting in the iterative version of dynamicGP or 
(2) predicted traits xP,t at timepoint t, resulting in the recursive version 
of dynamicGP, since the prediction at any timepoint t is obtained by 
recursively unfolding the process forwards from an available measure-
ment of xt at a given initial timepoint t = 1. Since the operator A captures 
the dynamics of multiple traits, it allows prediction of the multiple traits 
at any timepoint, irrespective of where it lies in the temporal expression 
of traits. We note that the recursive scenario is particularly relevant in 
applications, since it is expected to minimize the need for phenotyping.

We found that the operator A, derived from the classical DMD 
approach, was able to nearly perfectly recreate the training data 
when used iteratively, with a mean prediction accuracy of ~1 across all 
traits over the timepoints within a 5-day block of daily measurements 
and a mean prediction accuracy of 0.70 (±0.20) for the timepoints 
immediately following the 2-day gap, for which no data were available 
(Extended Data Fig. 2). In the recursive scenario, the classical DMD 
approach resulted in a perfect recreation of the training data for the 
first 5-day block; however, following the first 2-day gap, the prediction 
accuracy decreased rapidly as a result of error propagation (Extended 
Data Fig. 2). These results indicated that the classical DMD approach 
yielded models that overfitted to the training data and were not robust 
to slight deviations in the input data.

We additionally tested another DMD algorithm, named 
Schur-based DMD, which has improved numerical stability17. This 
algorithm uses the singular vectors associated with the r largest sin-
gular values of X1 alongside the Schur decomposition to reconstruct 
another operator Ar(‘Algorithm 2’ section in the Methods), which is 
used in place of the operator A in the prediction procedure outlined 
above. We note that like the operator A, Aris not necessarily symmetric. 
In comparison with A from the classical DMD, we found that use of Ar in 
the iterative scenario resulted in decreased mean prediction accuracy 
across all traits and all timepoints of 0.84 (±0.18). However, in the recur-
sive scenario, which is particularly relevant for practical applications, 
we observed robust performance, supported by the mean prediction 
accuracy of 0.78 (±0.16) and 0.79 (±0.13) across all traits and all time-
points and for the last timepoint, respectively (Extended Data Fig. 3). 
These findings demonstrate that the Schur-based DMD exhibited good 
predictive performance and prompted our investigation of the extent 
to which the elements of Ar and corresponding matrices used in its 
derivation can be predicted from genetic markers.

The building blocks of dynamicGP are heritable
For each genotype, the operators A and Ar, as well as the intermediate 
component matrices in the Schur-based DMD (‘Algorithm 2’ section 
in the Methods), can be determined from phenotypic data. Here, we 
treat each individual entry of these intermediate component matrices 
as a trait in a single-trait GP model (Fig. 1b). Our approach, termed 

markers, with the potential to revolutionize the GP. Recent efforts have 
cast the prediction of the dynamics of multiple morphometric traits as 
a spatio-temporal sequence prediction problem. The proposed solu-
tions rely on deep learning approaches, such as spatio-temporal long 
short-term memory or memory-in-memory networks11, generative 
adversarial networks12 and a U-net encoder–decoder13. However, rather 
than directly predicting time-resolved crop traits, these approaches 
aim to predict a time series of images that are then used to infer the 
traits of interest. These studies do not incorporate genetic marker 
data, limiting their relevance in predicting multiple, time-resolved 
traits for unseen genotypes; furthermore, the underlying models are, 
presently, challenging to apply.

The time-resolved prediction of crop phenotypes can also be 
addressed by dynamic mode decomposition (DMD)14. DMD is an 
advanced data-driven method used in decomposing data from com-
plex, time-dependent systems into spatio-temporal modes that provide 
low-dimensional description of the systems’ dynamics. These modes 
render DMD particularly useful for understanding and predicting the 
behaviour of systems characterized by high-dimensional data. DMD 
has been applied across different fields, including fluid mechanics, 
engineering, epidemiology14 and neuroscience15; however, no attempts 
have yet been made to apply DMD to data from HTP technologies or to 
combine this method with genetic markers.

Here, we combine DMD with GP to predict the genotype-specific 
dynamics of multiple morphometric, geometric and colourimetric 
crop traits using HTP data measured on a maize population of recom-
binant inbred lines (RILs) as well as an Arabidopsis thaliana diversity 
panel. Our approach, termed dynamicGP, showed consistent predic-
tion accuracy for multiple traits and across multiple timepoints. When 
compared with a baseline GP approach, dynamicGP exhibited higher 
accuracies at the majority of timepoints and irrespective of traits, 
showing that it can effectively capture the modes and, therefore, the 
developmental dynamics of untested genotypes based on genetic 
marker data.

Results
DMD can predict dynamics of geometric traits in maize
DMD is a data-driven diagnostic and time-series prediction method 
that has found diverse applications from engineering to finance14 and 
has only recently been applied in the biological sciences16. To illus-
trate the effectiveness of DMD, we applied it to predict the dynamics 
of growth-related traits derived from multimodal HTP imaging meas-
ured at 25 timepoints, 5 days per week for 5 weeks, beginning at day 15 
after sowing, in a maize multiparent advanced generation inter-cross 
(MAGIC) population of 347 RILs of which genotyping data were avail-
able for 330 (Methods and Supplementary Figs. 1 and 2). A 1-day shift 
of the second of three HTP experiments resulted in a 2-day gap and, 
thus, five consecutive measurements per week, as these were adjusted 
between the three experiments based on the days after sowing (DAS). 
By using network clustering, we selected 50 traits as representatives 
for the compendium of 498 top, side and combined measurements 
of leaf-colour and leaf-geometric traits (Methods, Table 1 and Sup-
plementary Table 1).

For a single maize line, the time-resolved phenotype was arranged 
into a p × T matrix X, where p is the number of traits and T is the number 
of timepoints (Fig. 1a). Two submatrices, X1and X2, which are offset 
by a single timepoint are derived from X (Fig. 1a) and then used to 
calculate a best-fit linear p × p operator (matrix) A, linking the pheno-
type at one timepoint with the phenotype in the following timepoint 
(Fig. 1a). We note that the usage of linear operator does not assume 
that the traits truly change linearly with time. The operator A is usually 
non-symmetric and can be computed directly using the classical DMD 
approach (‘Algorithm 1’ section in the Methods).

We first tested how accurately the operator A, calculated using 
the data from a specific genotype, was able to recreate the underlying 

Table 1 | The representative traits for the maize MAGIC 
population (includes five representative traits for the maize 
MAGIC population as depicted in Fig. 3a–c)

Minimum Average blue value of plant pixel colours from the top images

Q1 Average saturation of the fraction of green coloured pixels in 
top-view images

Mean Mean of the saturation value of the plant pixel colours in the 
top-view images

Q3 Standard deviation of the blue value of the plant pixel colours in 
the fluorescent side-view images

Maximum Average blue value of the plant pixel colours from the top images
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dynamicGP, uses genetic markers as predictors and the individual 
matrix entries as the response variables in ridge-regression best linear 
unbiased prediction (RR-BLUP) models, which are collected together 
and organized into their respective matrices (Fig. 1c). These are, in turn, 
combined with selected phenotypic measurements to make longitu-
dinal predictions of plant traits for unseen genotypes.

Here, the use of the Schur-based DMD has the advantage that its 
intermediate components contain fewer entries than either A or Ar. 

This renders the components of Schur-based DMD a potential entry 
point for the computationally efficient prediction of Ar from genetic 
markers. We examined the marker-based heritability of the entries of 
all the intermediate matrices of the Schur-based DMD using 70,846 
single nucleotide polymorphisms (SNPs) from the MAGIC maize popu-
lation (Methods). These matrices include those of the singular value 
decomposition of X1 = UΣVT, the rank-reduced representation of the 
operator A, denoted by Ã, the matrices Q and R resulting from its Schur 
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Fig. 1 | A schematic representation of dynamicGP. a, For a single genotype with 
measurements for p traits at T timepoints, we seek to find a time-invariant best-fit 
linear operator A, which transforms the phenome, given by measurements for  
p traits, at time t into the phenome at time t + 1, according to xt+1 = Axt. When 
organized into matrix form for all timepoints, we obtain a p × T matrix X. Two 
submatrices, X1 and X2, are offset by a single timepoint and are derived from X by 
omitting the measurements at the last and the first timepoint, respectively, and 

are then used to calculate A using equation (3) of the classical DMD method  
in algorithm 1 (Methods). b, When the time-resolved data are available for  
k genotypes, we obtain a p × p × k tensor whose elements can be treated as traits 
in heritability analyses and GP. c, The models for the operator entries are trained 
and then used to obtain predictions of entries, ̂aij  (red), for unseen lines, which 
are then gathered into a matrix that is then used to predict future timepoints for 
the line.
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decomposition as well as the projected DMD modes, Φ (‘Algorithm 2’ 
section in the Methods).

We first observed that the non-zero heritability measures for the 
entries of these matrices were obtained by using the first two singular 
vectors (r = 2, Methods). Specifically, we found that the mean heritabil-
ity of Ã entries was 0.28, ranging from 0.13 to 0.43. Similarly, the entries 
of matrix Ur exhibited a mean heritability of 0.35, ranging from ~0 to 
0.75. Moreover, the entries of Σr displayed a mean heritability of 0.47, 
while those of Vr showed a mean heritability of 0.20, ranging from 0.03 
to 0.39 (Fig. 2a). Regarding the Schur decomposition of Ã, the mean 
heritability of R entries was 0.30, ranging from 0.20 to 0.39. In addition, 
the Q entries demonstrated a mean heritability of 0.04, ranging from 
~0 to 0.09. Notably, the mean heritability of Φ entries was 0.10, ranging 
from ~0 to 0.42 (Fig. 2a). These findings indicated that substantial parts 
of the building blocks of dynamicGP exhibit moderate to high heritabil-
ity, suggesting that they may be predictable from genetic markers, and 
we can therefore use them to predict operator Ar.

To test this hypothesis, we used 20 iterations of a 5-fold 
cross-validation to examine the genomic predictability of the compo-
nents of the singular value decomposition of X1and the entries of Ã 
using SNPs. The entries of Ã exhibited a mean prediction accuracy of 
0.24 (±0.15), while the entries of matrix Ur demonstrated a slightly 
higher mean accuracy of 0.31 (±0.16). Moreover, the entries of Σr 
showed a mean prediction accuracy of 0.39 (±0.12), whereas those of 
Vrdisplayed a slightly lower mean accuracy of 0.19 (±0.14). Regarding 
the Schur decomposition of matrix Ã, the entries of R exhibited a mean 
accuracy of 0.27 (±0.13), while those of Q showed a lower mean accuracy 
of 0.08 (±0.12); in addition, the mean accuracy of the entries of Φ was 
0.15 (±0.14) (Fig. 2b). These results suggested that the building blocks 

of dynamicGP can indeed be predicted from genomic data using stand-
ard GP models.

Two versions of dynamicGP differ in performance in maize
Having established that the elements of the building blocks of dynam-
icGP are heritable and predictable, we next used the predicted values for 
each entry in matrices Φ and R. Specifically, we used ten iterations of a 
5-fold cross-validation with a validation step to recreate the predicted 
operator Ar for each unseen line (Fig. 1c). These predicted operators 
were used to make longitudinal predictions of all 50 traits over the 
entire time domain using the two versions of dynamicGP, iterative and 
recursive, defined similarly to the usage of DMD (Methods).

We found that the iterative approach yielded more consistent 
accuracies across the investigated timepoints compared with the 
recursive approach (Fig. 3a). Across all traits and timepoints, the itera-
tive approach resulted in a mean prediction accuracy of 0.44 (±0.32). 
The average blue value of plant pixel colours from top images, which 
quantifies the blue–yellow colour space of visible light (see Supple-
mentary Table 1 for trait descriptions), emerged as the best-performing 
trait, with a mean prediction accuracy of 0.85 (±0.07). In contrast, the 
mean of the avalue of plant pixel colours in side-view images showed 
the lowest prediction performance of −0.20 (±0.14). Conversely, the 
recursive approach had a mean prediction accuracy of 0.22 (±0.25) 
across all traits and timepoints. Here, mean of the avalue of plant pixel 
colours in fluorescent top-view images could be predicted with mean 
prediction accuracy of 0.52 (±0.14), while the normalized fraction of 
pixels with mean 12% brightness in top images, as quantified in the hue, 
saturation and value colour space, again displayed the lowest mean 
prediction accuracy of −0.18 (±0.13). The recursive predictions, as 
expected, tended towards zero at later timepoints as prediction errors 
compounded over time.

We observed that traits exhibiting consistent heritability over 
time, indicated by smaller values for the coefficient of variation, 
tended to demonstrate higher prediction accuracies across all time-
points. This relationship was supported by a moderate negative Pear-
son correlation coefficient of −0.46 between the mean prediction 
accuracy for the traits from iterative dynamicGP across all timepoints 
and the coefficient of variation of the heritability estimates across 
the entire timepoints (Fig. 3d). The corresponding correlation coef-
ficient for recursive dynamicGP was −0.41 (Supplementary Fig. 2). 
Therefore, in line with expectations, traits whose heritability does 
not vary during development were found to be better predicted by 
dynamicGP approach.

DynamicGP outperforms baseline models in maize
To assess the predictive performance of dynamicGP, we compared 
it with a GP baseline approach using RR-BLUP models, which is the 
standard in breeding programmes. The RR-BLUP models were trained 
with data on each trait from the first timepoint in a training set and 
used to predict the trait in all subsequent timepoints for the testing 
set. Inspecting the difference of performance between dynamicGP 
and the baseline for traits with different predictability, we found that 
both the iterative and recursive versions of dynamicGP outperformed 
the baseline RR-BLUP models consistently across all investigated time-
points (Extended Data Fig. 4). Specifically, the mean prediction accu-
racy across all traits for the first timepoint, on which the models were 
trained, was 0.26 (±0.15). While this accuracy was maintained when the 
baseline RR-BLUP models were applied to predict the traits over the first 
three subsequent timepoints, already at the second timepoint, both ver-
sions of dynamicGP outperformed the baseline (Extended Data Fig. 4). 
Moreover, the iterative version of dynamicGP outperformed both the 
baseline and the recursive version of dynamicGP for every timepoint.

We examined the differences in mean prediction accuracy across 
all timepoints between dynamicGP and the baseline models for each 
trait. The best-performing traits using the recursive method, including 
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Ã U Σ V R Q Φ
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the mean of the avalue of plant pixel colours in fluorescent top-view 
images and the mean of the x values in the fluorescent xyz colour 
space from top images, showed mean prediction accuracies above 
0.5 of all timepoints, which was 15% higher (0.52 versus 0.45) than the 
best-performing trait in the baseline models (Fig. 4a). In the iterative 
method the best-performing traits, namely the average blue value of 
plant pixel colours from top images, as well as the mean of the blue value 
of plant pixel colours in side-view images (Supplementary Table 1), 
showed mean accuracies above 0.8 at all timepoints, which was 89% 
higher (0.85 versus 0.45) than the best trait from the baseline model 
predictions (two-sided t-test, P < 0.001 for all timepoints, Fig. 4a). Fur-
thermore, both versions of dynamicGP yielded mean squared errors 
much lower than the RR-BLUP baselines (Extended Data Fig. 5).

We performed an additional test to determine the ability of our 
method to predict unseen lines in unseen timepoints (Supplementary 
Fig. 3, scenario 2). To this end, we trained a dynamicGP model on 
only the first 20 timepoints and tested its performance on the final  
5 timepoints. We approached this in two ways: (1) beginning with the 
1st timepoint (day 15) and predicting through to the end of the time 

series (day 47) and (2) beginning with the 20th timepoint (day 40) and 
predicting the 21st through the 25th (from day 43 to day 47). We com-
pared these predictions with those from the RR-BLUP baseline models 
trained on day 15 and day 40, respectively, and used in predicting the 
remainder of the time series through to day 47. We observed that in 
both the tested configurations, iterative and recursive dynamicGP 
outperformed the respective baseline models (Supplementary Fig. 4). 
Furthermore, the two dynamicGP versions both outperformed the 
baseline with regards to the mean squared error (Supplementary 
Fig. 5) and in terms of the number of better predicted traits (Fig. 4b).

DynamicGP can be applied to data from A. thaliana
To demonstrate the applicability of dynamicGP, we tested our 
approach with the BLUEs for 132 traits in time series consisting of 13 
timepoints measured in a diversity panel of A. thaliana composed 
of 382 genotypes (experiment number 3 (EXP3) from ref. 18). After 
clustering of the traits following the same protocol as for maize,  
45 traits were used in dynamicGP. We observed that although algo-
rithms 1 and 2 performed as expected (Supplementary Fig. 6 and 

2

0

–2

Maximum
Trait

Q3 Mean  Q1 Minimum

0.6

0.4

0.2

0

15 17 19 23 25 29 31

DAS
33 37 39 43 45 47

CV of heritability
20

H
er

ita
bi

lit
y

Sc
al

ed
 tr

ai
t v

al
ue

Pr
ed

ic
tio

n 
ac

cu
ra

cy

40 60

–0.2

–0.4

Pr
ed

ic
tio

n 
ac

cu
ra

cy

0

0.2

0.4

0.6

0.8

a

b

c

Number of traits
0 100 200 300

36

335

14

14

149

Trait setCombined

Side

Tr
ai

t c
at

eg
or

y

Top

All Selected

e

d

0

0.3

0.6

0.9

r = –0.46, P = 0.00086

Fig. 3 | Consistency of trait heritability across time influences the prediction 
accuracy of dynamicGP on the maize dataset. a, The longitudinal prediction 
accuracy of representative traits corresponding to the maximum, minimum  
and mean, as well as the first and third interquartiles of all 50 traits across the  
24 predicted timepoints (Table 1). The operator Ar was obtained from dynamicGP 
using 5-fold cross-validation (CV). The solid and dashed lines represent 
predictions from the iterative and recursive versions of dynamicGP, respectively. 
b, The time-resolved, scaled mean trait values across all accessions, depicting  
the different dynamics of traits. c, The heritability of the five representative  

traits across time (see Extended Data Fig. 1 for depiction of the dynamics  
of these traits). The colours for the particular traits are maintained in a–c.  
d, A Pearson correlation between the mean prediction accuracy of traits from 
iterative dynamicGP and the coefficient of variation of heritability estimates  
of traits across time (The Pvalue is derived from two-sided test from a  
sample of 50 points). e, A category membership of traits in the full dataset  
(498 image-drived traits) compared with the traits that were selected by our 
clustering method for inclusion in the analysis (50 image-derived traits).

http://www.nature.com/natureplants


Nature Plants

Article https://doi.org/10.1038/s41477-025-01986-y

Extended Data Fig. 6), the matrix entries of the intermediate compo-
nent matrices exhibited much lower heritabilities than the traits in 
the maize dataset, above, across all values for the number of compo-
nents, r (Supplementary Figs. 7 and 8). As a result, we observed low 
prediction accuracies for the components of R and Φ (Extended Data 
Fig. 7). Despite this finding, we obtained positive prediction accuracies 
for some of the included traits (Extended Data Figs. 8a and 9). Note 
that the time-resolved heritabilities for the traits in the A. thaliana 
diversity panel were in general lower than those observed in the maize 
MAGIC dataset (Extended Data Fig. 8c). Interestingly, both iterative 
and recursive versions of our method again outperformed RR-BLUP 
baseline predictions in terms of the mean prediction accuracy across 
all traits and timepoints (Extended Data Fig. 9), mean squared error 
after the third timepoint (Supplementary Fig. 9) and in the number of 
traits with higher mean prediction accuracy across the full time series  
(Extended Data Fig. 10). These results further demonstrate the  
predictive power of dynamicGP over the baseline GP models.

Discussion
Developing computational approaches that can predict the dynamics 
of crop growth and developmental plasticity for unseen genotypes in 
new environments holds the promise to revolutionize breeding prac-
tices. Such approaches can provide insights into how the genotype 
affects the time-resolved phenome and also can highlight the tem-
poral dependence between traits comprising the phenome. While 
there have been important developments in GP of multiple traits3–5, 
they essentially operate with snapshot data and do not capture the 
dynamics of crop traits.

Here, we introduce dynamicGP, a computational approach that 
resolves the problem of predicting the growth dynamics across devel-
opment in crops for which time-series measurements of morphometric 
and geometric growth-related traits for multiple genotypes are avail-
able from HTP platforms6–10. DynamicGP essentially applies GP to the 

building blocks of DMD, thus facilitating the prediction of multiple 
traits over time of unseen genotypes. Using a time-resolved HTP data 
collected for 5 days per week for 5 weeks beginning at day 15 after sow-
ing from RILs of a maize MAGIC population, we showed that both the 
iterative and the recursive versions of dynamicGP outperformed the 
baseline GP approach. This finding was confirmed by applying dynam-
icGP to an independent HTP dataset from an A. thaliana diversity panel 
obtained from a different phenotyping platform.

In addition, we show that at the predictability threshold of 0.5 
for two of the traits, recursive dynamicGP exhibited a better perfor-
mance compared with the baseline GP approach. These traits were 
both top-down images measured in the fluorescence colour space. 
For the iterative dynamicGP, we found nine traits above a threshold 
of 0.7 where dynamicGP outperformed the baseline, including two 
traits above a threshold of 0.8, both measured in the visible colour 
space, namely, the average blue value of plant pixel colours from top 
images and the mean of blue value of plant pixel colours in side-view 
images (Supplementary Table 1). Further, we observed that the mean 
squared error of dynamicGP was lower for both the iterative and recur-
sive versions than the baseline, with log-transformed mean squared 
errors of −4.30 and −3.89 for iterative and recursive, respectively, and 
−3.00 for the baseline (Extended Data Fig. 5). Therefore, dynamicGP 
yields predictions that are closer to the true values than the RR-BLUP 
baseline models.

The performance improvement of dynamicGP over the classical GP 
approach is due to the usage of time-resolved phenotypic data. While 
the availability of such data is rapidly increasing due to deployment of 
HTP in controlled environments and on the field, dynamicGP is more 
resource intensive than the classical GP. However, dynamicGP does 
not rely on model fitting (for example, of growth curves) and subse-
quent usage of the model parameters in GP, thus avoiding propagation 
of error and often unfounded assumptions about models that best 
describe the dynamics of single traits. Instead, dynamicGP builds on 
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Fig. 4 | DynamicGP outperforms the baseline models on the maize dataset. 
a, The prediction of the complete time-series in iterative and recursive 
configurations in unseen lines. b, The predictions of only the last five timepoints 
in unseen lines in models trained with the data from the first 20 timepoints in the 
maize dataset. We determined the difference in performance of the iterative and 
recursive versions of dynamicGP and baseline RR-BLUP models, for traits whose 
predictability is above a threshold value, specified on the x axis. The number 

of traits with predictability larger than a specified threshold value is indicated 
above the respective bar. The best predicted traits with dynamicGP exhibited the 
greatest difference from the baseline predictions. The bars indicate the mean 
(±standard deviation) difference in trait prediction accuracies of traits that have 
mean prediction accuracies above the threshold. The number of samples (n) is 
specified on the top of each bar.
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the advantages of DMD that allows the simultaneous investigation of 
multiple traits over time.

Although dynamicGP is applicable with any time-resolved phe-
notypic data on multiple traits, we tested its performance with traits 
retained after correlation analysis. The selection of traits was con-
ducted to avoid the consideration of highly correlated traits that may 
affect predictive performance. Similar to any data-driven approach, 
we hypothesize that the performance of dynamicGP depends on the 
number of traits included and timepoints considered, which may vary 
between datasets. Both the recursive and iterative versions of dynam-
icGP offer the possibility to make predictions about plant phenotypes 
of unseen genotypes given measurements of specified timepoints in 
time, thus reducing the need for extensive temporal measurements. 
In this regard, while dynamicGP provides the means to overcome the 
challenge of predicting temporal phenomes for unseen genotypes, it 
inherits the limitations of GP, such as the transferability of the models 
to different populations and environments2.

Future developments of dynamicGP can rely on extensions of 
DMD to consider effects of environmental factors19. These will facili-
tate further refinements of the proposed approach that are expected 
to have very substantial impact on breeding crop varieties adapted to 
particular regions as well as precision agriculture. While the application 
of dynamicGP considered morphogeometry and physiology-related 
traits, future extensions to dynamicGP will consider their relation-
ship to agronomic phenotypes, assessed longitudinally or in a single 
timepoint.

Methods
Data generation and reuse
In three independent HTP experiments, 347 RILs and nine founder 
lines of a MAGIC maize population20 were screened for natural vari-
ation in the automated HTP facility for large plants at the Leibniz 
Institute of Plant Genetics and Crop Plant Research in Gatersleben, 
Germany21. The panel was divided into three equal-sized subgroups 
and analysed in three consecutive experiments: 2113MH (116 RILs and 
nine founders), 2121MH (116 RILs and nine founders), and 2137MH 
(115 RILs and eight founders). To ensure compatibility of the data, 
each HTP experiment was supplemented by an additional randomly 
drawn overlap of 21, 21 or 27 RILs, respectively, half of which came 
from each of the other two experiments. The experimental design 
followed a complete randomized block design with three replicates 
per genotype (three carriers with two plants each) overlapping with 
three blocks corresponding to 4 of the 12 lanes of the HTP system. 
The image acquisition began at 15 DAS for 31 timepoints per experi-
ment and 6 days per week. An image acquisition event was a carrier 
with two plants phenotyped by one image in the top view and four 
images in the side view at 22°, 45°, 112° and 135°. Altogether 347,740 
images were taken (2113MH: 114,710 images, 91,768 side view, 22,942 
top view; 2121MH: 116,840 images, 93,472 side view, 23,368 top view; 
2137MH: 116,190 images, 92,952 side view, 23,238 top view). The 
traits were derived from images by IAP version 2.3.0 (ref. 22) and 
were analysed by alignment by DAS. A shift of the sowing date by 
1 day in 2121MH allowed alignment to DAS for only 5 days per week, 
so that 2 days were missing each week. Consequently, the timepoints 
were not consecutive but were organized in 5-day blocks, with one 
measurement taking place each day and no measurements for 2 days 
over 5 weeks.

The analysed data comprised measurements for 498 traits from 
side, top and combined categories derived from multicolour-space 
image analysis18 (Fig. 3e and Supplementary Table 1). A linear 
mixed model with random effect of genotype, experiment, lane, 
genotype-by-experiment interaction and replicate nested in experi-
ment was built for each timepoint. The trait heritability was calculated 
by the ratio between the genotype variance component and total vari-
ance component. A summation of the best linear unbiased prediction 

value of the genotype and fixed effect of intercept were used as the 
final trait values.

The genotyping data were available for 330 maize RILs consisting 
of 79,557 high-quality SNPs derived from SPET genotyping23. The miss-
ing genotyping data were imputed using Beagle 5.2 (ref. 24). We then 
removed the SNPs with a minor allele frequency <0.05, resulting in a 
final set of 70,846 SNPs for GP models.

The A. thaliana diversity panel consisted of 384 accessions pheno-
typed for 132 traits at 15 timepoints in the same facility as the maize and 
corresponds to the constant light treatment in EXP3 from an existing 
study18. The genomic data were available for 382 accessions, compris-
ing 207,257 SNPs after filtering for a minor allele frequency smaller 
than 0.05. The first timepoint was removed due to the large number of 
missing values, leaving 14 timepoints for the analysis. The missing trait 
values were imputed using the R package ‘missForest’25.

Clustering and trait selection
The traits were first clustered using the Mantel correlations over all 
genotypes and timepoints, represented as a matrix. To this end, a 
network was created with nodes representing traits and edges denot-
ing intertrait Mantel correlations of a value above 0.96. Modularity 
clustering, as implemented in the R package ‘igraph’26, was used to 
create clusters of traits, from which the trait with the highest mean 
SNP-based heritability over the considered timepoints was selected 
as a cluster representative in the following analyses. This resulted in 
50 representative traits from three categories for the maize dataset 
(Fig. 3e). The mean Mantel correlation between all traits was 0.63. 
Using this clustering method, the mean within-cluster intertrait Mantel 
correlation was 0.97, while the mean intercluster correlation was 0.51. 
The investigations of the hierarchical clustering based on the distance 
matrix resulting from the Mantel correlation resulted in clusters with 
mean within-cluster intertrait correlations approximately equal to the 
intercluster correlations and was therefore deemed unsatisfactory (see 
Supplementary Table 2 for a comparison of modularity and hierarchical 
clustering). The data for each trait were then minimum–maximum nor-
malized across all the lines and timepoints and were used in modelling. 
The above outlined network-based clustering method was repeated 
on the 132 traits in the A. thaliana diversity panel18, yielding 45 unique 
clusters from which we selected the representative traits that were 
used in the subsequent analysis.

DMD
The DMD determines a time-invariant best-fit linear operator A that 
transforms the measurements of data at one timepoint into the meas-
urements at the following timepoint, that is,

xt+1 = Axt, (1)

where x is a column vector of traits, and A is a p × p matrix. When 
the x vectors of all timepoints are concatenated into matrices,  
equation (1) becomes

X2 = AX1, (2)

where X1 and X2 are p × (T − 1) matrices that are offset by a single time-
point (Fig. 1b). From X1and X2, the matrix A can be directly calculated 
using

A = X2X1
†, (3)

where X1
† indicates the Moore–Penrose pseudoinverse of X1. The opera-

tor A allows us to predict the columns of X beginning with x1. In fluid 
mechanics p is often very large (that is millions), and T is in tens of thou-
sands, and there are many algorithms that rely on lower-dimensional 
representations. We cannot use these representations since they rely 
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on eigenvalue decomposition that renders the lower-dimensional 
approximation symmetric. In our case, with p = 50 and T = 25, we can 
compute A directly from the data. However, our tests demonstrated 
that this approach is sensitive to deviations in input data. To address 
these issues and to improve numerical stability, we used algorithm 2, 
known as the Schur-based DMD17, to find the modes and to obtain an 
approximation of A, denoted as Ar, detailed below.

Algorithm 1. Classical DMD:

xxxttt+111 = AAAxxxttt, (4)

XXX222 = AAAXXX111, (5)

AAA = XXX222XXX111
†††, (6)

Algorithm 2. Schur-based DMD:

In a Schur-based DMD, Ur, Vr and Σ−1r  denote the matrices from  
the singular value decomposition of X1restricted to the first r columns. 
To account for the 2-day gaps in our data, we modified our X1and X2 
such that X1omitted the timepoint immediately before the gap, and 
X2omitted the timepoint immediately following the gap so that the 
difference between the columns of the two matrices was always a single 
time step. An R implementation of algorithms 1 and 2 is available at 
https://github.com/dobby978/dynamicGP.

Heritability and GP analyses
To quantify the extent to which the selected traits and all the ele-
ments of all matrices defined in algorithm 2 can be predicted by 
genetic markers, we calculated the SNP-based heritability using 
genome-wide complex trait analysis (GCTA)27. The genomic related-
ness matrix was generated using TASSEL 5 (ref. 28). We then investi-
gated the accuracy of the GP using a RR-BLUP model, as implemented 
in the R package ‘rrBLUP’29, to predict individual elements of these 
matrices. The prediction accuracy for the elements was quantified 
as the mean Pearson correlation coefficient between the true and 
predicted values in 20 iterations of 5-fold cross-validations.

Selection of the r value in Schur-based DMD
The number of singular values r was selected by analysing the heritabil-
ity and predictability of components in a Schur-based DMD using 
r ∈ [2, 3, 4, 5, 6]. The heritabilities of the singular values and entries of 
the first two singular vectors are relatively high (0.47 and 0.35 on aver-
age, respectively; Supplementary Fig. 10). Most entries of the singular 
vectors associated with the smaller singular values exhibited near-zero 
heritability (Supplementary Fig. 10). For the Schur decomposition of 
Ã with r = 2 ( Ã2), the entries of Q and R exhibited a non-zero heritability 
(0.04 and 0.29 on average, respectively), while the entries of the pro-
jected DMD modes, Φ, had a mean heritability of 0.10 (Supplementary 
Fig. 11). We observed similar findings regarding to predictability that 
the mean prediction accuracies for the first two singular values and 

the entries of the singular vectors as well as of Ã were at least 0.1, while 
for other values of r, the prediction accuracy for the entries of Ãr  were 
near zero (Supplementary Fig. 12). Similarly, the entries of the matrices 
Q and R obtained from Ã2 showed a non-zero prediction accuracy, while 
Q and R of Ãr , with r larger than 2, exhibited a near-zero prediction 
accuracy. The matrix Φ had a non-zero mean prediction accuracy for 
an r value of, at most, 3 (Supplementary Fig. 13).

As r is a hyperparameter that must be selected before training any 
machine learning models, we additionally tested the heritability of the 
matrix elements in only the training–testing set of a training–testing–
validation configuration (Supplementary Fig. 3, scenario 1). In these 
tests, we again observed that the matrix elements corresponding to 
the first two singular vectors, suggesting that this method of selection 
of r holds when the lines in the validation set are removed (Supplemen-
tary Figs. 14 and 15). Therefore, we used the first two singular vectors 
(r = 2) in the subsequent analysis, as the matrix entries corresponding 
to larger values of r were not heritable nor predictable with sufficient 
accuracy to contribute any useful information. This also had the benefit 
of acting as a noise filter, which reduced overfitting. The performance 
of DMD algorithm 2 across all timepoints with a different number of 
singular vectors retained is shown in Supplementary Fig. 16.

Implementation of dynamicGP
The predicted (P) Q and R matrices, denoted ΦP and RP, for each line 
were created by collecting the entries obtained from the RR-BLUP mod-
els and placing them in their corresponding location in the matrices; 
ΦP and RPwere then used in

AP = ΦPRPΦP
†, (12)

to obtain a prediction of Ar, defined in algorithm 2 (equation (8)). 
For each iteration of the 5-fold cross-validation, we predicted the AP 
operators in the testing fold using the model from data of the training 
folds. The AP operators were then used to predict the trait values in 
testing fold. The accuracies of prediction were assessed for each trait 
using the Pearson correlation between the predicted trait values and 
the measured trait values. This resulted in 100 predictions of each 
trait at each timepoint, and the mean value was reported as the final 
predication accuracy.

Iterative and recursive versions of dynamicGP
Trait values in the following timepoints were predicted in two scenarios, 
namely iterative and recursive. In the iterative version of dynamicGP, we 
used the measured trait values at each timepoint to predict the values 
at the following timepoint, that is,

xP,t+1 = APxt. (13)

In the recursive version of dynamicGP, we used the measured trait 
values at t = 1 and then used the predicted values to predict the next 
timepoint over the time interval of interest, namely

xP,t+1 = APxt for t = 1,

xP,t+1 = APxP,t for t > 1.
(14)

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
A panel of 347 MAGIC maize lines and their 9 founder lines were pheno-
typed at high throughput in the tier 1 phase of the CAPITALISE project30. 
The A. thaliana phenotyping dataset corresponds to EXP3 obtained 
from a published study31. The genotyping data for maize and A. thaliana 

XXX111 = UUUΣΣΣVVVTTT       (7) where equation (7) shows a singular value 
decomposition of X1.

Ã̃ÃA = UUUT
rrr XXX222VVVrrrΣΣΣ

−111
rrr   (8) where equation (8) shows a rank-reduced 

representation of A projected onto the r POD modes 
of U.

Ã̃ÃA =QQQTRQRQRQ      (9) where equation (9) identifies two matrices Q and R 
through a Schur decomposition of Ã.

ΦΦΦ = XXX222VVVrrr

−111
∑
rrr
QQQ    (10)

where equation (10) shows projected DMD modes.

AAArrr = ΦΦΦRRRΦΦΦ†††.      (11) where equation (11) shows a reconstruction of 
truncated Ar.
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are available via Zenodo at https://doi.org/10.5281/zenodo.14959484 
(ref. 32). Source data are provided with this paper.

Code availability
All code that was used to generate the results of this study is avail-
able via GitHub at https://github.com/dobby978/dynamicGP and via 
Zenodo at https://doi.org/10.5281/zenodo.14959484 (ref. 32).

References
1.	 Meuwissen, T. H. E., Hayes, B. J. & Goddard, M. E. Prediction of 

total genetic value using genome-wide dense marker maps. 
Genetics 157, 1819–1829 (2001).

2.	 Alemu, A. et al. Genomic selection in plant breeding:  
key factors shaping two decades of progress. Mol. Plant 17, 
552–578 (2024).

3.	 Gill, H. S. et al. Multi-trait multi-environment genomic prediction 
of agronomic traits in advanced breeding lines of winter wheat. 
Front. Plant Sci. 12, 709545 (2021).

4.	 Karaman, E., Lund, M. S. & Su, G. Multi-trait single-step genomic 
prediction accounting for heterogeneous (co)variances over the 
genome. Heredity 124, 274–287 (2020).

5.	 Montesinos-López, O. A. et al. A singular value decomposition 
Bayesian multiple-trait and multiple-environment genomic 
model. Heredity 122, 381–401 (2019).

6.	 Li, D. et al. High-throughput plant phenotyping platform (HT3P) 
as a novel tool for estimating agronomic traits from the lab to the 
field. Front. Bioeng. Biotechnol. 8, 623705 (2021).

7.	 Song, P., Wang, J., Guo, X., Yang, W. & Zhao, C. High-throughput 
phenotyping: breaking through the bottleneck in future crop 
breeding. Crop J. 9, 633–645 (2021).

8.	 Sun, D. et al. Using hyperspectral analysis as a potential high 
throughput phenotyping tool in GWAS for protein content of rice 
quality. Plant Methods 15, 54 (2019).

9.	 Zhang, H., Wang, L., Jin, X., Bian, L. & Ge, Y. High-throughput 
phenotyping of plant leaf morphological, physiological, and 
biochemical traits on multiple scales using optical sensing.  
Crop J. 11, 1303–1318 (2023).

10.	 Poorter, H. et al. Pitfalls and potential of high-throughput plant 
phenotyping platforms. Front. Plant Sci. 14, 1233794 (2023).

11.	 Wang, C. et al. Predicting plant growth and development using 
time-series images. Agronomy 12, 2213 (2022).

12.	 Yasrab, R., Zhang, J., Smyth, P. & Pound, M. P. Predicting plant 
growth from time-series data using deep learning. Remote Sens. 
13, 331 (2021).

13.	 Chang, S., Lee, U., Hong, M. J., Jo, Y. D. & Kim, J.-B. Time-series 
growth prediction model based on U-Net and machine learning in 
Arabidopsis. Front. Plant Sci. 12, 721512 (2021).

14.	 Kutz, J. N., Brunton, S. L., Brunton, B. W. & Proctor, J. L. Dynamic 
Mode Decomposition: Data-Driven Modeling of Complex Systems 
(SIAM, 2016).

15.	 Brunton, B. W., Johnson, L. A., Ojemann, J. G. & Kutz, J. N. 
Extracting spatial–temporal coherent patterns in large-scale 
neural recordings using dynamic mode decomposition.  
J. Neurosci. Meth. 258, 1–15 (2016).

16.	 Hasnain, A. et al. Learning perturbation-inducible cell states from 
observability analysis of transcriptome dynamics. Nat. Commun. 
14, 3148 (2023).

17.	 Thitsa, M., Clouatre, M., Verriest, E., Coogan, S. & Martin, C.  
A numerically stable dynamic mode decomposition algorithm for 
nearly defective systems. IEEE Control Syst. Lett. 5, 67–72 (2021).

18.	 Heuermann, M. C., Meyer, R. C., Knoch, D., Tschiersch, H. & 
Altmann, T. Strong prevalence of light regime-specific QTL 
in Arabidopsis detected using automated high-throughput 
phenotyping in fluctuating or constant light. Physiol. Plantarum. 
176, e14255 (2024).

19.	 Proctor, J. L., Brunton, S. L. & Kutz, J. N. Dynamic mode decomposition 
with control. SIAM J. Appl. Dyn. Syst. 15, 142–161 (2016).

20.	 Dell’Acqua, M. et al. Genetic properties of the MAGIC maize 
population: a new platform for high definition QTL mapping in  
Zea mays. Genome Biol. 16, 167 (2015).

21.	 Junker, A. et al. Optimizing experimental procedures for 
quantitative evaluation of crop plant performance in high 
throughput phenotyping systems. Front. Plant Sci. 5, 770 (2015).

22.	 Klukas, C., Chen, D. & Pape, J.-M. Integrated analysis platform: 
an open-source information system for high-throughput plant 
phenotyping. Plant Physiol. 165, 506–518 (2014).

23.	 Ferguson, J. N. et al. The genetic basis of dynamic 
non-photochemical quenching and photosystem II efficiency  
in fluctuating light reveals novel molecular targets for maize  
(Zea mays) improvement. Preprint at bioRxiv https://doi.org/ 
10.1101/2023.11.01.565118 (2023).

24.	 Browning, B. L., Zhou, Y. & Browning, S. R. A one-penny imputed 
genome from next-generation reference panels. Am. J. Hum. 
Genet. 103, 338–348 (2018).

25.	 Stekhoven, D. J. & Bühlmann, P. MissForest—non-parametric 
missing value imputation for mixed-type data. Bioinformatics 28, 
112–118 (2012).

26.	 Csardi, G. & Nepusz, T. The igraph software package for complex 
network research. InterJ. Compl. Syst. 1695, 1–9 (2006).

27.	 Yang, J., Lee, S. H., Goddard, M. E. & Visscher, P. M. GCTA: a tool 
for genome-wide complex trait analysis. Am. J. Hum. Genet. 88, 
76–82 (2011).

28.	 Bradbury, P. J. et al. TASSEL: software for association mapping of 
complex traits in diverse samples. Bioinformatics 23, 2633–2635 
(2007).

29.	 Endelman, J. B. Ridge regression and other kernels for genomic 
selection with R package rrBLUP. Plant Genome 4, 250–255 
(2011).

30.	 Heuermann, M. DataCite Commons: a phenotypic dataset of 
natural variation in image-related traits by high-throughput 
phenotyping of 347 MAGIC maize lines and their 9 founder 
lines in the CAPITALISE project. e!DAL https://doi.org/10.5447/
ipk/2025/0 (2025).

31.	 Heuermann, M. C. et al. Strong prevalence of light 
regime-specific QTL in Arabidopsis detected using automated 
high-throughput phenotyping in fluctuating or constant light. 
Physiol. Plant. https://doi.org/10.1111/ppl.14255 (2024).

32.	 Hobby, D. et al. Code and data to reproduce the findings related 
to dynamicGP. Zenodo https://doi.org/10.5281/zenodo.14959484 
(2025).

Acknowledgements
Part of this research was funded by the Horizon Europe research and 
innovation programme, project BOLERO (breeding for coffee and 
cocoa root resilience in low-input farming systems based on improved 
rootstock), HORIZON-CL6-2021-BIODIV-01-13, under grant agreement 
no. 101060393 (to Z.N.). The project was also supported by the 
European Union’s Horizon 2020 research and innovation programme 
(grant no. 862201 to M.D., T.A. and Z.N.).

Author contributions
D.H. and H.T. analysed the data, implemented and tested the approach 
and performed research. M.H. performed experiments and analysed 
the data. A.J.M. analysed the data and contributed to the development 
of the approach. R.A.E.L. contributed to the development of the 
approach. M.D. and T.A. provided materials, supervised research 
and acquired funding. Z.N. designed research, supervised research, 
acquired funding and contributed to the development of the 
approach. D.H., H.T. and Z.N. wrote the first version of the manuscript. 
All authors contributed to revising and finalizing the paper.

http://www.nature.com/natureplants
https://doi.org/10.5281/zenodo.14959484
https://github.com/dobby978/dynamicGP
https://doi.org/10.5281/zenodo.14959484
https://doi.org/10.1101/2023.11.01.565118
https://doi.org/10.1101/2023.11.01.565118
https://doi.org/10.5447/ipk/2025/0
https://doi.org/10.5447/ipk/2025/0
https://doi.org/10.1111/ppl.14255
https://doi.org/10.5281/zenodo.14959484


Nature Plants

Article https://doi.org/10.1038/s41477-025-01986-y

Funding
Open access funding provided by Max Planck Society.

Competing interests
The authors declare no competing interests.

Additional information
Extended data are available for this paper at  
https://doi.org/10.1038/s41477-025-01986-y.

Supplementary information The online version  
contains supplementary material available at  
https://doi.org/10.1038/s41477-025-01986-y.

Correspondence and requests for materials should be addressed to 
Zoran Nikoloski.

Peer review information Nature Plants thanks Osval A. Montesinos- 
López and the other, anonymous, reviewer(s) for their contribution to 
the peer review of this work.

Reprints and permissions information is available at  
www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons 
Attribution 4.0 International License, which permits use, sharing, 
adaptation, distribution and reproduction in any medium or format, 
as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons licence, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended use 
is not permitted by statutory regulation or exceeds the permitted use, you 
will need to obtain permission directly from the copyright holder. To view 
a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2025

http://www.nature.com/natureplants
https://doi.org/10.1038/s41477-025-01986-y
https://doi.org/10.1038/s41477-025-01986-y
https://doi.org/10.1038/s41477-025-01986-y
https://doi.org/10.1038/s41477-025-01986-y
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/


Nature Plants

Article https://doi.org/10.1038/s41477-025-01986-y

Extended Data Fig. 1 | Time-resolved dynamics of five selected traits from the maize HTP data set. Expanded version of Fig. 3b, showing time-resolved, scaled mean 
trait values across all lines, depicting the different dynamics of traits with standard deviation depicted as shaded area.
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Extended Data Fig. 2 | Performance of DMD Algorithm 1 on the maize MAGIC 
data set. The operator A recreates training data near perfectly for the first week. 
However, after the first two-day gap, past time point 5, the recursive model 
(green) began to accrue errors and tended towards 0 over the subsequent time 
points. The performance of the iterative model was unaffected aside from the 

days immediately following the two-day gap (after t = [5, 10, 15, 20]). Prediction 
accuracy represents the mean accuracy across 50 traits using the operator A 
calculated based on Algorithm 1, similar to that presented in Fig. 1. Horizontal 
lines denote the median, boxes indicate the interquartile range (IQR), whiskers 
indicate the extended range of 1.5× IQR.
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Extended Data Fig. 3 | Performance of DMD Algorithm 2 on the maize MAGIC 
data set. Algorithm 2 filters noise in the data and increases the prediction 
accuracy for time points following the two-day gaps (after t = [5, 10, 15, 20]) 
using the recursive approach (green). Shown is the mean accuracy across 50 

traits using the operator Ar calculated based on Algorithm 2 with the number of 
singular vectors, r , included in the truncated model fixed to a value of two. 
Horizontal lines denote the median, boxes indicate the interquartile range (IQR), 
whiskers indicate the extended range of 1.5× IQR.
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Extended Data Fig. 4 | Qualitative comparison of dynamicGP and baseline over 
all time points in a validation configuration for the maize MAGIC data set. The 
iterative version of dynamicGP (blue) yields mean prediction accuracies over all 
traits that are greater than the equivalent prediction accuracies from recursive 

dynamicGP (green) in 10 iterations of nested 5-fold cross validation with a 
validation step. Both versions of dynamicGP outperformed RR-BLUP baselines 
(black) at all time points. Lines represent mean model performance across all 
traits and error bars denote standard deviations.
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Extended Data Fig. 5 | Quantitative comparison of dynamicGP and baseline 
over all time points in a validation configuration for the MAGIC maize data set. 
The iterative version of dynamicGP (blue) yields mean mean squared error (MSE) 
over all traits that are lower than the equivalent MSEs in recursive dynamicGP 
(green) in 10 iterations of nested 5-fold cross validation with a validation step. 

The baseline models yield lower MSEs across all traits for the first two time 
points, however both versions of dynamicGP outperformed the baselines (gray) 
at all subsequent time points. Horizontal lines denote the median, boxes indicate 
the interquartile range (IQR), whiskers indicate the extended range of 1.5× IQR.
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Extended Data Fig. 6 | Performance of DMD Algorithm 2 on data from an  
A. thaliana diversity panel. Shown is the mean accuracy across 45 traits using 
the operator Ar calculated based on Algorithm 2 with the number of singular 

vectors, r , included in the truncated model fixed to a value of two. Horizontal 
lines denote the median, boxes indicate the interquartile range (IQR), whiskers 
indicate the extended range of 1.5× IQR.
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Extended Data Fig. 7 | Prediction accuracy of the elements of R and Φ in data 
sets of an A. thaliana diversity panel and a maize MAGIC population. 
Prediction accuracy of the elements of R and ΦΦΦ after 10 iterations of 5-fold 

cross-validation with a validation step for Maize and Arabidopsis data sets. 
Horizontal lines denote the median, boxes indicate the interquartile range (IQR), 
whiskers indicate the extended range of 1.5× IQR.
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Extended Data Fig. 8 | Consistency of trait heritability over time less predictive 
of prediction accuracy on a data set of an A. thaliana diversity panel.  
a. Longitudinal prediction accuracy of representative traits corresponding to  
the maximum, minimum, mean, as well as the first and third interquartiles of all 
45 traits across the 24 predicted time points (Supplementary Tables 3 and 4).  
The operator Ar was obtained from dynamicGP using 5-fold cross validation.  
The solid and dashed lines represent predictions from the iterative and recursive 

versions of dynamicGP, respectively. Colors for particular traits are maintained 
in panels a - c. b. Time-resolved, scaled mean trait values across all accessions, 
depicting the different dynamics of traits. c. Heritability of the five representative 
traits across time (p-value is derived from two-sided test from a sample of  
50 points). d - e. Pearson correlation between the mean prediction accuracy of 
traits from iterative (d) and recursive (e) dynamicGP and the coefficient of 
variation of heritability estimates of traits across time.
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Extended Data Fig. 9 | Iterative dynamicGP outperformed recursive and 
baseline models over all time points on a data set of an A. thaliana diversity 
panel in a validation configuration. Despite lower prediction accuracy of R and 
ΦΦΦ, non-zero prediction accuracy was achieved for both iterative and recursive 
dynamicGP in a validation configuration. The iterative version of dynamicGP 

(blue) yields mean prediction accuracies over all traits that are greater than the 
equivalent prediction accuracies recursive dynamicGP (green) in 10 iterations of 
nested 5-fold cross validation with a validation step. Both versions of dynamicGP 
outperformed RR-BLUP baselines (black) at all time points. Lines represent mean 
model performance across all traits and error bars denote standard deviations.
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Extended Data Fig. 10 | DynamicGP outperforms the baseline models on 
the A. thaliana data set. We determined the difference in performance of the 
iterative and recursive versions of dynamicGP and baseline RR-BLUP models, 
for traits whose predictability is above a threshold value, specified on the x-axis. 
The number of traits with predictability larger than a specified threshold value 

is indicated above the respective bar. The best predicted traits with dynamicGP 
exhibited the greatest difference from the baseline predictions. Bars indicate the 
mean (± SD) difference in trait prediction accuracies of traits which have mean 
prediction accuracies above the threshold.
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