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Deep Learning Applications in Plant Biology: Bridging Genotype 
and Phenotype
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ABSTRACT
Plant biology now relies on deep learning technology be-
cause artificial neural networks use this method to handle 
complex biological relationships between genotype and 
phenotype. The use of deep learning models has pro-
duced new capabilities for genome interpretation while 
simultaneously enabling the prediction of gene expres-
sion at high speeds and fast plant analysis and disease 
detection systems. The capability to integrate genotype 
data with phenotype information enables choices of 
genotypes alongside combination of omics data points 
leading to advanced agricultural development. Plant 
science development potential can be achieved through 
single-cell research and transfer learning and real-time 
phenotyping methods although these advances en-
counter challenges connected to data compatibility and 
program complexity together with result interpretation 
difficulties. Modern plant biology research will benefit 
from AI-driven models because they offer promising capa-
bilities to enhance crop resilience as well as productivity 
while supporting sustainable agricultural practices.
Keywords: Deep learning, Plant genomics, Phenotype 
prediction, High-throughput phenotyping, Multi-omics 
integration

Introduction
The past few years have seen a radical shift which 
has taken place in the field of plant biology due to 
the rapid developments occurring within the areas of 
genomics, high-throughput phenotyping, and com-
putational technologies. Out of these technological 
advancements, deep learning has been employed in 
drawing complex biological integrative methods from 
the plants systems. This article will review the use of 
deep learning in plant biology with an emphasis on 
filling the gap between the genotype and phenotype.

The relationship between genotype and phenotype 
is a core principle in biology that illustrates how an 
organism’s hereditary constitution (genotype) de-
termines its physical appearance (phenotype). It is 
important to appreciate this connection for almost 
all facets of plant science such as crop enhancement 
strategies, stress tolerance, and adaptation to environ-
mental changes. Nonetheless, developing a convincing 
and transparent genotype-to-phenotype translation 
utilizing classical biology is exceedingly difficult, par-
ticularly due to the complexity of plant genomes and 
the multifactorial dependencies of gene expression, 
cell behavior, and environmental factors.

Machine learning with artificial neural networks and 
especially deep learning is a new tool that promises to 
change the equation of how these processes are per-
formed. For instance, the use of high volume of infor-
mation and multiple engaging computer techniques 

allows deep learning models to discover nice subtleties, 
which are often missed by traditional statistical meth-
ods. These models can capture intricate, non-linear re-
lationships between genes, proteins, metabolites, and 
environmental variables, enabling a more precise pre-
diction of phenotypic traits. By integrating diverse data-
sets from genomics, transcriptomics, proteomics, and 
imaging technologies, deep learning offers a powerful 
approach to unravel the complexity of plant systems.

Deep Learning: A Brief Overview
Prior to highlighting any examples of application of 
this concept in the area of plant biology, there seems 
to be first a need to introduce what deep learning is 
all about. Deep learning being a sub-field of machine 
learning employs artificial neural networks which 
are adapted from the structure and functioning of 
the human brain. These networks contain a number 
of stacked layers of interconnected units called “neu-
rons” whose task is to process and transform the input 
data into meaningful outputs.1

The distinctive attributes of deep learning as op-
posed to the traditional approaches of machine algo-
rithms are as follows:

1.	 Hierarchical feature learning: Deep neural net-
works can learn the structure of the data in forms 
that are hierarchical, where the more abstract the 
information becomes, the deeper it will be encased.

2.	 Non-linear transformations: It is typical of deep 
learning methods to be able to model intricate and 
complex relationships in data, and hence, even bi-
ological systems can be modeled.

3.	 End-to-end learning: Feature engineering is no 
longer important with the advent of deep learning 
algorithms that depend on the learned from the un-
processed data.

4.	 Scalability: Deep mastering models can efficaciously 
manage huge and numerous datasets, making them 
perfect for analyzing the sizable amounts of informa-
tion generated in modern plant biology research.

These traits make deep learning and, in particular, 
nicely appropriate for addressing the demanding situ-
ations in plant biology, mainly in bridging the geno-
type-phenotype hole.

Before examining specific applications in detail, 
Table 1 provides a comprehensive overview of the ma-
jor deep learning models currently employed in plant 
biology, their key features, and notable achievements. 
This comparison helps establish a framework for un-
derstanding the diverse applications discussed in sub-
sequent sections.”
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Applications in Genomics and Transcriptomics
Genome Annotation and Gene Prediction
One of the major tasks of plant genomics is the precise 
annotation of the genome and the prediction of gene 
structure. Deep learning models, especially convolution-
al neural networks (CNNs) and recurrent neural networks 
(RNNs), have shown remarkable success in this area.

DeepGene, a deep-learning-based gene prediction 
tool, uses a hybrid CNN-RNN algorithm to identify cod-
ing regions in plant genomes.2 By training large sets of 
known gene sequences, DeepGene can accurately pre-
dict exon-intron boundaries, transcription start sites, 
and other genomic features. This method showed bet-
ter performance compared to traditional genomic pre-
diction methods, especially in the identification of new 
genes and novel combinations of events.

For example, when applied to the rice genome, 
DeepGene improved the accuracy of existing gene 
models by discovering the annotation of many previ-
ously annotated genes. The power of the model captur-
ing complex sequences is able to detect subtle signals 
in genes where conventional and quantitative methods 
may miss complex gene families.

Another software is for identifying regulatory fac-
tors, including promoters and enhancers. DanQ, a 
hybrid convolutional and bi-directional lengthy brief-
term reminiscence network, has been used to predict 
DNA series features that consist of the presence of 
regulatory motifs.3 This technique has been effica-
ciously applied to plant genomes, improving our 
know-how of gene regulation and expression styles.

In Arabidopsis thaliana, DanQ has been used to 
perceive novel cis-regulatory factors concerned with 
drought stress response. By reading the promoter re-
gions of genes that might be differentially expressed 
below drought conditions, the version identified sev-
eral formerly unknown DNA motifs that can play a 
function in coordinating the plant’s response to wa-
ter pressure. This demonstrates the strength of deep 
learning in uncovering hidden regulatory mecha-
nisms in plant genomes.

Transcriptome Analysis and Gene Expression 
Prediction
Deep learning has additionally revolutionized the 
analysis of transcriptomic statistics, permitting re-
searchers to advantage insights into gene expression 
styles and regulatory networks. One remarkable soft-
ware is inside the prediction of gene expression levels 
based totally on DNA series capabilities.

ExPecto, a deep learning of the model, makes use 
of a CNN architecture to predict gene expression levels 
throughout unique cell types and conditions primarily 
based completely on DNA collection records.4

Although initially evolved for human genomics, this 
technique has been adapted for plant structures, per-
mitting researchers to predict gene expression styles in 
reaction to diverse environmental stimuli or develop-
mental ranges.

In an observation on maize, an ExPecto-stimulated 
model was used to predict gene expression degrees in 
distinctive tissues and under numerous pressure situa-
tions. The version becomes skilled on a massive dataset 
of RNA-seq experiments and corresponding genomic 
sequences. By reading the discovered features of the 
model, researchers were able to pick out key sequence 
motifs associated with tissue-particular expression and 
pressure-responsive genes. This statistic is treasured for 

Table 1 | Deep learning models in plant biology: a comparative analysis
Model Name Type Primary 

Application
Key Features Notable Results/

Achievements

DeepGene Hybrid  
CNN-RNN

Genome 
Annotation 
& Gene 
Prediction

Identifies coding 
regions in plant 
genomes\n- 
Predicts exon-intron 
boundaries\n- Detects 
transcription start 
sites

Improved accuracy of 
existing rice genome 
annotations\n- Better 
performance in 
identifying new genes 
compared to traditional 
methods

DanQ Hybrid  
CNN-LSTM

Regulatory 
Element 
Detection

Predicts DNA 
sequence features\n- 
Identifies regulatory 
motifs\n- Analyzes 
promoter regions

Identified novel cis-
regulatory elements in 
Arabidopsis drought 
response\n- Discovered 
previously unknown DNA 
motifs

ExPecto CNN Gene 
Expression 
Prediction

Predicts gene 
expression levels\n- 
Analyzes DNA 
sequence features\n- 
Works across different 
conditions

Successfully adapted for 
maize gene expression 
prediction\n- Identified 
key sequence motifs 
for tissue-specific 
expression

DeepPheno CNN High-
throughput 
Phenotyping

Measures physical 
plant traits\n- 
Analyzes regular color 
images\n- Tracks plant 
development

>95% accuracy in trait 
measurements\n- 
Successfully 
tracked Arabidopsis 
development\n- 
Identified new genetic 
regions linked to 
physical traits

Plant Village 
Model

CNN Disease 
Detection

Identifies plant 
diseases\n- Analyzes 
leaf images\n- Real-
time diagnosis

99% accuracy in 
identifying 14 crop 
species and 26 
diseases\n- Successfully 
deployed in mobile 
applications

3D CNN (Hy-
perspectral)

3D CNN Stress 
Detection

Analyzes hyperspectral 
images\n- Early 
disease detection\n- 
Stress response 
monitoring

95% accuracy in 
detecting charcoal rot in 
soybeans\n- Detection 
2 days before visible 
symptoms

DeepGWAS Deep Neural 
Network

GWAS Captures genetic 
marker interactions\n- 
Models environmental 
factors\n- Predicts 
agronomic traits

Identified novel genetic 
associations with 
drought tolerance 
in maize\n- Better 
performance than 
traditional GWAS

DeepOmix Variational 
Autoencoder

Multi-omics 
Integration

Integrates multiple 
data types\n- 
Analyzes regulatory 
relationships\n- 
Predicts phenotypic 
outcomes

Successfully integrated 
transcriptomic, 
proteomic, and 
metabolomic data 
in tomato ripening 
study\n- Identified novel 
regulatory networks

GNN-Based 
Model

GNN Multi-omics 
Integration

Models biological 
entity interactions\n- 
Integrates gene 
expression and 
metabolomics\n- 
Maps complex 
relationships

Identified key metabolic 
genes in Arabidopsis 
stress response\n- 
Successfully bridged 
primary and secondary 
metabolism
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knowledge of the regulatory mechanisms underlying 
plant development and strain adaptation.

Furthermore, deep learning of models had been 
employed to research RNA-seq facts and become 
aware of complicated patterns of gene co-expression. 
Self-organizing maps and autoencoders, sorts of un-
supervised deep learning algorithms, have been used 
to cluster genes with comparable expression profiles 
and identify novel regulatory relationships.5 These 
techniques were mainly useful in the knowledge of the 
transcriptional responses of flora to numerous stresses 
and environmental situations.

Take a look at this example: researchers studied 
tomato plants using a deep autoencoder to examine 
RNA-seq data from plants under different environmen-
tal stresses such as drought, salt, and heat. The model 
spotted groups of genes that showed similar expression 
patterns across various stress conditions, uncovering 
possible shared control mechanisms. This method led 
scientists to find several transcription factors that might 
serve as key regulators of stress response in tomatoes, 
offering promising targets for improving crops.

Applications in Phenomics and Image Analysis
High-Throughput Phenotyping
The rise of high-throughput phenotyping platforms 
has led to the creation of huge image datasets that 
capture different plant characteristics. Deep learning 
CNN structures have shown to be good at looking at 
these images and pulling out important information 
about plant traits.

DeepPheno, a CNN-based model that Ubbens and 
others came up with, shows how powerful deep learn-
ing can be for studying plant traits.6 This model can 
measure various physical traits, like how big the leaves 
are, how tall the stem is, and how many flowers there 
are, from regular color pictures of Arabidopsis thaliana 
plants. Being able to measure these traits allows scien-
tists to keep an eye on how plants grow and develop 
over time. This helps them study how plants react to 
things in their environment and changes in their genes.

A major benefit of DeepPheno is how it deals with the 
intricate and changing aspects of plant structure. Regular 
image analysis techniques often have trouble with hidden 
parts, different lighting, and the natural differences in 
how plants grow. DeepPheno’s use of deep learning helps 
it pick up strong features that can separate and measure 
plant parts even when things get tricky.

For example, when scientists used DeepPheno to study 
many Arabidopsis plants from nature, it measured small 
changes in leaf shape when flowers bloom and how the 
whole plant looks across hundreds of different genetic 
types. This quick, exact way of checking plant features 
helped researchers find new genetic areas linked to these 
physical traits, showing new things about how plant 
shape and growth are controlled by genes.

Scientists have tried similar things with farm plants, 
like corn and wheat. As an example, Pound and his 
team made a computer program that can spot and 
count wheat heads in pictures from fields, giving 
useful info on how much the crop might yield.7 This 

method not only speeds up the process of checking 
plant features but also gives more accurate and steady 
measurements than doing it by hand.

The wheat spike counting model relies on a two-step 
method: to start, a CNN spots and pinpoints individual 
wheat spikes in the picture. Then, a second CNN exam-
ines the identified areas to confirm they are spikes and 
not other parts of the plant or background objects. This 
technique has proven to be over 95% correct in find-
ing and tallying spikes even in crowded field settings 
where spikes might overlap or be hidden.

Disease Detection and Stress Phenotyping
Deep learning has additionally made widespread con-
tributions to plant sickness detection and stress pheno-
typing. CNN fashions skilled in large datasets of plant 
snapshots can correctly discover and classify numerous 
illnesses and stress signs, frequently outperforming hu-
man professionals in phrases of velocity and accuracy.

Plant Village, a publicly available dataset of plant 
disorder photos, has been used to train deep learning 
models capable of identifying diseases in diverse crop 
species.8 These fashions can distinguish among one-
of-a-kind types of foliar sicknesses based totally on a 
leaf, supplying a valuable device for early ailment de-
tection and management in agricultural settings.

One exceptional software of this era is in the devel-
opment of primarily phone-based ailment prognosis 
gear. Researchers have created mobile apps that allow 
farmers to take photographs of their plants and receive 
actual-time diagnoses of capacity illnesses or pest infes-
tations. For instance, a CNN model skilled at the Plant 
Village dataset achieved over 99% accuracy in figuring 
out 14 crop species and 26 sicknesses while tested on a 
held-out set of pictures. This degree of accuracy, mixed 
with the good-sized availability of smartphones, has the 
ability to revolutionize sickness control in agriculture, 
mainly in regions with constrained access to plant pa-
thology professionals.

In addition to seeing signs, deep learning mod-
els had been carried out to hyperspectral imaging 
information to detect early signs of plant pressure. 
For instance, a 3D CNN version to investigate hyper-
spectral snapshots of soybean plants, enabling the 
early detection of charcoal rot sickness earlier than 
signs appear.9 This method demonstrates the poten-
tial of deep learning in figuring out diffused phys-
iological modifications associated with plant stress 
responses.

The 3D CNN version for hyperspectral image evalu-
ation takes benefit of each of the spatial and spectral 
dimensions of the facts. By thinking about the full 
spectrum of contemplated mild, instead of just the vis-
ible variety, the version can stumble on modifications 
in plant physiology which might be invisible to the hu-
man eye or conventional Red, Green, Blue (RGB) cam-
eras. In the case of charcoal rot in soybeans, the model 
became capable of perceiving infected plants with over 
95% accuracy up to two days before any seen symp-
toms appeared.
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This early detection capability is vital for effective 
disorder management in agriculture. By figuring out 
infected flora earlier than signs and symptoms are 
visible, farmers can take centered motion to save the 
spread of ailment, potentially saving whole crops. 
Moreover, the ability to stumble on pressure responses 
early lets in for extra well-timed interventions in reac-
tion to environmental elements which include drought 
or nutrient deficiencies.

The applications of deep mastering in strain pheno-
typing expand beyond ailment detection. Researchers 
have also used CNN fashions to research thermal and 
fluorescence imaging of plant life to assess drought 
stress, nutrient popularity, and photosynthetic perfor-
mance. For instance, an observation on maize used an 
aggregate of RGB, thermal, and fluorescence imaging 
analyzed through a deep mastering version to predict 
plant water reputation and yield under exceptional ir-
rigation regimes. This multi-modal method of pheno-
typing affords an extra complete view of plant fitness 
and performance, permitting extra knowledgeable 
choices in crop control and breeding (Figure 1).

Integrating Genotype and Phenotype Data
Genome-Wide Association Studies (GWAS) and 
Genomic Prediction
One of the most promising programs of deep learning 
in plant biology is in integrating genotype and pheno-
type statistics to become aware of genetic editions re-
lated to specific tendencies. Traditional genome-huge 
association studies often struggle to seize complex, 
non-linear relationships between genetic markers and 
phenotypic trends. Deep learning fashions provide a 
more flexible and effective approach to this problem.

DeepGWAS uses a deep neural network structure to 
perform GWAS in crop vegetation.10 This approach can 
capture complex interactions among genetic markers 
and environmental factors, improving the accuracy 

of trait predictions as compared to traditional linear 
fashions. DeepGWAS has been efficiently applied to 
predict numerous agronomic tendencies in wheat and 
maize, demonstrating its capability for accelerating 
crop development packages.

The key benefit of DeepGWAS over conventional GWAS 
methods is its capability to model non-linear relation-
ships and epistatic interactions among genetic markers. 
While conventional GWAS typically assumes additive 
effects of character Single Nucleotide Polymorphism 
(SNPs), DeepGWAS can capture complicated styles of in-
terplay among a couple of loci. This is especially import-
ant for quantitative developments which are encouraged 
by many genes with small character effects.

For example, while carried out on a large maize 
dataset, DeepGWAS identified numerous novel genetic 
associations with drought tolerance that were over-
looked by using conventional GWAS approaches. The 
version turned into one capable of seizing interactions 
between regulatory areas and coding sequences that 
together contribute to drought reaction. This data gives 
treasured insights for breeders looking to increase the 
number of resilient maize sorts.

In the world of genomic prediction, which aim to 
predict phenotypic values based on genome-extensive 
marker data, deep learning models have proven promis-
ing consequences. A comparison of diverse deep master-
ing architectures with conventional genomic prediction 
strategies revealed that deep learning of fashions often 
outperformed traditional strategies, especially for com-
plicated tendencies with non-additive genetic results.11

One especially successful utility of deep learning in ge-
nomic prediction is inside the prediction of hybrid over-
all performance in plants. Predicting the performance 
of plant hybrids is a crucial assignment in breeding ap-
plications. However, it is far more challenging because 
of the complex genetic interactions involved in hetero-
sis (hybrid vigor). A study on hybrid wheat used a deep 

Fig 1 | Deep learning in plant biology
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neural network to predict hybrid overall performance 
based totally on genetic marker records from the figure 
traces. The version outperformed traditional genomic 
prediction strategies, especially in predicting the overall 
performance of hybrids from distantly related mothers 
and fathers. This technique has the capacity to greatly 
accelerate hybrid breeding programs with the aid of al-
lowing breeders to predict the most promising crosses 
without the want for tremendous area trials.

Multi-omics Integration
The integration of more than one omics dataset (e.g., ge-
nomics, transcriptomics, proteomics, and metabolomics) 
is essential for growing complete information on plant bi-
ology. Deep learning fashions, in particular autoencoders 
and multi-modal neural networks, have shown outstand-
ing ability in integrating those numerous data types.

Li et al. evolved a deep-learning-based multi-omics 
integration method called DeepOmix, which makes 
use of a variational autoencoder to combine gene ex-
pression, DNA methylation, and microRNA expression 
records.12 Although to start with implemented to hu-
man cancer facts, this method has been adapted for 
plant systems, permitting researchers to perceive com-
plex regulatory relationships and predict phenotypic 
outcomes based totally on multi-omics profiles.

In an examination of tomato fruit ripening, a Dee-
pOmix-inspired model turned into used to integrate 
transcriptomic, proteomic, and metabolomic statistics 
across distinct tiers of fruit development. The model 
becomes capable of perceiving key regulatory net-
works concerned with the ripening method, including 
previously unknown interactions between transcrip-
tion factors, enzymes, and metabolites. This multi-om-
ics approach supplied a more comprehensive view of 
the ripening process than any unmarried omics dataset 
ought to offer, highlighting the power of deep learning 
in synthesizing complex organic statistics.

Another promising technique is the use of graph 
neural networks (GNNs) to version the complex 

interactions among unique organic entities. Zhuang 
et  al. advanced a primarily GNN-based version to in-
tegrate gene expression and metabolomic statistics in 
Arabidopsis, revealing novel insights into the regula-
tion of plant metabolism.13 This method demonstrates 
the capacity of deep studying to uncover hidden 
relationships across different ranges of organic agency 
(Figure 2).

The GNN version represents genes, metabolites, 
and other biological entities as nodes in a graph, with 
edges representing recognized or anticipated interac-
tions. By propagating statistics via this graph shape, 
the model can capture complicated relationships that 
may not be apparent while reading each fact type in 
isolation. For example, the Arabidopsis identified sev-
eral metabolic genes that play key roles in coordinating 
responses to environmental pressure, bridging prima-
ry and secondary metabolism. These findings offer new 
targets for metabolic engineering efforts geared toward 
enhancing plant pressure tolerance and productivity.

Challenges and Future Directions
While deep learning has shown great capacity in bridg-
ing the genotype-phenotype gap in plant biology, sev-
eral challenges and possibilities remain:

1.	 Data first-rate and quantity: Deep mastering mod-
els normally require huge, brilliant datasets for 
training. Efforts to generate and curate standard-
ized, comprehensive datasets for diverse plant spe-
cies and traits are critical for advancing the sector. 
This now consists of not only the best genomic and 
phenotypic statistics but also standardized envi-
ronmental and experimental metadata to account 
for genotype-surroundings interactions.

2.	 Interpretability: Many deep gaining knowledge of 
fashions operate as “black boxes,” making it diffi-
cult to interpret the biological significance in their 
predictions. Developing interpretable deep learn-
ing techniques, including interest mechanisms 

Fig 2 | Deep learning bridging genotype and phenotype in plant biology
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and feature visualization techniques, is crucial 
for gaining organic insights from these fashions. 
Recent advances in explainable AI, including 
layer-sensible relevance propagation and included 
gradients, display promise in making deep learn-
ing models extra obvious and interpretable within 
the context of plant biology.

3.	 Transfer learning: Given the range of plant spe-
cies and the value of generating huge datasets, 
developing switch studying approaches that may 
leverage expertise from well-studied model plants 
to improve predictions in crop species is a crucial 
region of studies. For instance, a deep studying 
version skilled on Arabidopsis records could be 
best-tuned with a smaller dataset from an asso-
ciated crop species, probably accelerating the de-
velopment of genomic gear for orphan vegetation 
or a wild family of cultivated flowers.

4.	 Integration with mechanistic models: Combining 
deep learning of methods with mechanistic mod-
els of plant physiology and improvement ought to 
result in greater sturdy and biologically significant 
predictions. For instance, integrating primarily 
deep-learning-based genomic prediction models 
with crop growth simulations should improve our 
capability to predict complicated developments 
like yield below various environmental situations. 
This hybrid method could bridge the gap between 
information-driven and knowledge-based model-
ing, leveraging the strengths of each paradigm.

5.	 Real-time phenotyping and decision guide: 
Developing deep learning fashions that can meth-
od streaming information from area sensors and 
provide actual-time insights for crop manage-
ment and breeding selections is a promising path 
for destiny studies. This may want to contain the 
improvement of facet computing solutions that 
may run deep learning in fashions on low-power 
gadgets within the field, allowing fast reaction to 
changing environmental situations or emerging 
pest and ailment threats.

6.	 Handling genotype-surroundings interactions: 
One of the essential demanding situations in plant 
biology is understanding and predicting how one-
of-a-kind genotypes perform throughout numerous 
environments. Deep learning of models which can 
correctly seize these complex interactions are had 
to develop extra resilient and adaptable crop types. 
This might also contain the improvement of novel 
neural community architectures which can con-
currently system genetic, phenotypic, and environ-
mental records streams.

7.	 Integration with gene enhancing technologies: As 
Clustered Regularly Interspaced Short Palindromic 
Repeats (CRISPR) and different gene modifying tech-
nologies emerge as greater specific and efficient, 
there is an opportunity to integrate deep studying 
predictions with genome editing techniques. For 
instance, deep learning of fashions could be used 
to predict the consequences of unique genetic edits 
on plant phenotypes, guiding the design of greater 

powerful gene editing experiments. This ought to 
boost up the development of stepped forward crop 
types with better traits together with sickness resis-
tance, nutritional content, or climate resilience.

8.	 Addressing bias and making sure version generaliz-
ability: As with any statistics-driven method, deep 
mastering models in plant biology may be at risk of 
biases present inside the education records. Ensur-
ing that models are skilled on diverse datasets that 
constitute a huge range of genetic backgrounds, 
environments, and experimental situations is cru-
cial for growing robust and generalizable fashions. 
Additionally, developing strategies to come across 
and mitigate biases in version predictions is a vital 
vicinity for destiny research.

9.	 Ethical considerations and information sharing: As 
deep studying turns into more established in plant 
biology and agriculture, it is vital to do not forget 
the moral implications of these technologies, espe-
cially in terms of information ownership, highbrow 
belongings, and equitable get entry to the advan-
tages of AI-driven discoveries. Developing frame-
works for responsible records sharing and version 
deployment could be crucial for making sure that 
the benefits of deep mastering in plant biology are 
extensively on hand and ethically sound.

10.	Interdisciplinary collaboration and education: 
Bridging the space between plant biology and deep 
learning requires interdisciplinary collaboration 
between biologists, computer scientists, statisti-
cians, and agronomists. Developing instructional 
applications and research tasks that foster this 
interdisciplinary technique could be crucial for 
advancing the sphere. This consists of education 
plant biologists in system gaining knowledge of 
strategies and instructing laptop scientists approx-
imately the specific demanding situations and op-
portunities in plant biology (Figure 3).

Proposed Novel Deep Learning Architectures for Plant 
Biology
Plant Transformer
Architecture Overview
Based on the recent work on transformer architectures 
for biological data,14,15 Plant Transformer brings a hi-
erarchical transformer architecture suitable for plant 
biology. The architecture is based on applying multi-
scale attention mechanisms at the genome, tissue, and 
whole plant scale, the same approach used by Zhang 
et al.16 except for the plant specific application.

Key Components
Methods beyond the scope of Washburn et al.,17 with 
the addition of biological embeddings including evo-
lutionary conservation scores.

•	 Inspired by recent work in multi-headed attention 
for biological systems,18 we have domain specific 
attention heads for different types of plant data.

•	 Building on the Wang multi-modal integra-
tion framework,19 cross modal fusion layers for 
integrating different biological signals.

https://doi.org/10.70389/PJPB.100011
https://doi.org/10.70389/PJPB.100011


7

REVIEWPREMIER JOURNAL OF PLANT BIOLOGY PREMIER JOURNAL OF PLANT BIOLOGYREVIEW

DOI: https://doi.org/10.70389/PJPB.100011 | Premier Journal of Plant Biology 2025;3:100011DOI: https://doi.org/10.70389/PJPB.100011 | Premier Journal of Plant Biology 2025;3:100011

Potential Applications
Recent studies by Rodriguez et al.20 suggest such archi-
tectures could excel in:

•	 Gene function and phenotypic outcome prediction 
in parallel.

•	 Context: It is proposed that functional annotation 
of genes in terms of the six classes, coupled with 
phenotypic outcome prediction, is possible in 
parallel.

•	 Combining temporal development data and genetic 
information.

•	 Modeling complex plant–environment interactions

Bio Hybrid Net
Architecture Overview
In line with the Hybrid Architecture success in biomed-
ical applications,21 Bio Hybrid Net is the combination 
of CNN, Long Short-Term Memory (LSTM), and GNNs. 
This work builds on Chen’s22 multi-modal processing 
of biological data.

Key Components
We build on Martinez’s metabolic modeling work23 and 
propose metabolic-pathway-aware graph convolution 
layers.

•	 Inspired by Liu’s temporal modeling framework,24 
we propose temporal-spatial attention mechanisms 
for development tracking.

•	 Adaptation of methods from Kumar et  al.25 for hi-
erarchical feature extraction of different biological 
scales.

Potential Applications
Recent studies by Thompson et al.26 indicate potential 
in:

•	 Growth, development, and metabolic processes in-
tegrated analysis 

•	 Prediction of plant responses to multiple simulta-
neous stresses

•	 Biological constraint-aware real-time phenotyping

Plant Auto Machine Learning (ML)
Architecture Overview
Extending AutoML concepts to plant biology,27 this ar-
chitecture incorporates:

•	 Plant-specific tasks: Self configuring neural archi-
tecture

•	 Biological knowledge-based automated feature en-
gineering

•	 Data-characteristics-based dynamic architecture 
adaptation

Key Components
Research by Park et al.28 suggests the importance of:

•	 A neural architecture search optimized for biolog-
ical data

•	 Computation of biology-aware loss functions, pe-
nalizing in an explicit manner violations of domain 
constraints.

•	 Cross species adaptation transfer learning 
modules

Fig 3 | Deep learning models in biological applications
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Eco System Net
Architecture Overview
Building on ecosystem modeling approaches,29 Eco-
SystemNet introduces:

•	 We develop multi-agent architecture models for 
plant environment interactions.

•	 Processing of plant, soil, and atmospheric data 
combined.

•	 Ecosystem-level interactions: hierarchical modeling

Key Components
Recent work by Garcia et al.30 demonstrates the effec-
tiveness of:

•	 Features of environmental factors embedding layers.
•	 Cross-scale attention mechanisms for ecosystem 

modeling
•	 Constraint satisfaction networks on biological  

constraints

Plant Morpho Net
Architecture Overview
Inspired by recent advances in 4D biological imaging,31 
PlantMorphoNet features:

•	 Modeling plant development with 4D spatiotempo-
ral architecture.

•	 Link of molecular and morphological data
•	 The ability of multi-resolution analysis

Key Components
Building on work by Lee et al.:32

•	 Developmental modeling with 4D convolution  
layers

•	 Attention mechanisms that are shape-aware.
•	 Morphological analysis of features on multi-scale 

feature pyramids

Implementation Considerations
Recent studies33,34 emphasize the importance of:

Computational Requirements
•	 Different computational resources design scalability
•	 Efficient manipulation of large-scale biological 

datasets
•	 Application to real-world problem

Biological Integration
•	 Addressing the aspects of insect biology where 

knowledge is established.
•	 Inclusion of compatibility with existing biological 

databases.
•	 How well it truly validates known biological 

mechanisms.

Conclusion
Deep studying has emerged as an effective device for 
bridging the genotype-phenotype hole in plant biology, 
imparting new insights and skills throughout numer-
ous domains of plant science. From genome annotation 

and transcriptome evaluation to high-throughput phe-
notyping and multi-omics integration, deep studying 
is revolutionizing our know-how of plant biology at a 
couple of scales.

The applications of deep mastering in plant genom-
ics have significantly improved our potential to anno-
tate genomes, predict gene capabilities, and identify 
regulatory factors. Models like DeepGene and DanQ 
have demonstrated superior overall performance in 
identifying complex genomic functions, paving the 
way for extra correct and comprehensive expertise in 
plant genomes. In transcriptomics, deep learning ap-
proaches have enabled more nuanced analysis of gene 
expression styles and regulatory networks, supplying 
valuable insights into plant improvement and stress 
responses.

In the area of phenomics and image evaluation, 
deep learning has transformed high-throughput phe-
notyping, permitting fast and correct quantification 
of complex plant traits. Models like Deep Pheno have 
proven remarkable accuracy in measuring morpholog-
ical characteristics, while CNN-based total approaches 
have revolutionized plant ailment detection and strain 
phenotyping. These improvements are especially trea-
sured for accelerating crop breeding programs and im-
proving agricultural control practices.

One of the most promising elements of deep learn-
ing in plant biology is its potential to integrate numer-
ous information types, bridging the space between 
genotype and phenotype. Approaches like DeepGWAS 
and deep mastering-based genomic prediction fash-
ions have tested advanced performance in identifying 
genetic associations and predicting complex develop-
ments, outperforming traditional statistical methods. 
Moreover, multi-omics integration techniques and the 
usage of deep learning of have provided extraordinary 
insights into the complex regulatory networks under-
lying plant biology.

Despite those advances, several demanding situ-
ations remain. The want for massive, high-quality 
datasets, the interpretability of complex fashions, 
and the generalizability throughout numerous plant 
species and environments are all energetic regions of 
research. Additionally, the integration of deep learn-
ing of different contemporary technologies, which 
includes primarily CRISPR-based gene modifying and 
synthetic biology, affords thrilling possibilities for ac-
celerating crop development and enhancing our po-
tential to develop resilient, sustainable agricultural 
systems.

We look to the future, which holds immense poten-
tial for deep learning in plant biology. The improve-
ment of more sophisticated fashions that can cope 
with the complexity of organic structures, coupled 
with advances in high-throughput records generation 
and edge computing, promises to revolutionize our 
knowledge of plant life. From predicting the results of 
weather alternatives on crop yields to designing nov-
el plant-based solutions for international challenges, 
deep studying is poised to play a critical position in 
shaping the destiny of plant science and agriculture.
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However, figuring out this ability will require per-
severed interdisciplinary collaboration, investment in 
statistics infrastructure and training, and careful con-
sideration of the ethical implications of these powerful 
technologies. By addressing these demanding 
situations and embracing the possibilities offered with 
the aid of deep learning, plant biologists are poised to 
make vast strides in unraveling the complexities of flo-
ra and addressing worldwide challenges in meal safe-
ty, environmental sustainability, and human fitness.

In the end, the combination of deep mastering of 
plant biology represents a paradigm shift in our tech-
nique to understand and manipulate plant systems. As 
those technologies continue to evolve and mature, they 
hold the promise of accelerating clinical discovery, im-
proving crop improvement efforts, and contributing 
to the improvement of more sustainable and resilient 
agricultural structures. The adventure of bridging the 
genotype-phenotype gap through deep learning of is 
ongoing, and the approaching years are likely to con-
vey even more thrilling discoveries and programs in 
this swiftly advancing field.
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Appendix
Additional Notes:
1.	 Model Performance Context:

•	 Most models show significant improvement over 
traditional methods

•	 Performance metrics are typically specific to the 
particular application and dataset

•	 Results may vary across different plant species 
and conditions

2.	 Implementation Requirements:
•	 Most models require substantial computational 

resources

•	 Large, high-quality datasets are necessary for 
training

•	 Expertise in both deep learning and plant biol-
ogy is beneficial

3.	 Limitations:
•	 Model interpretability varies significantly
•	 Transfer learning capabilities differ between 

models
•	 Environmental variation can affect model per-

formance
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