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Abstract

Artificial intelligence (AI) has become a powerful tool in plant biotechnology,
transforming applications ranging from multi-omics data analysis to genome
engineering, predictive breeding, and precision agriculture. The rapid expansion of
biological datasets has created an increasing demand for computational models capable
of identifying complex patterns, capturing nonlinear relationships, and predicting plant
responses under diverse environmental conditions. This review synthesizes recent
advances in machine learning and deep learning approaches for genomic, transcriptomic,
proteomic, and metabolomic analyses, with particular emphasis on their integration into
plant biotechnology. It highlights the growing role of Al in improving the precision and
efficiency of gene-editing technologies, particularly CRISPR-based systems, and
examines recent developments in digital phenotyping, machine vision, and automated
detection of biotic and abiotic stresses. The review further explores Al-driven predictive
breeding, multimodal genotype—environment modeling, plant digital twins, and systems
biology approaches for modeling gene regulatory and metabolic networks. In addition,
major challenges—including data quality, model interpretability, dataset bias, ethical
considerations, and biosecurity issues—are critically discussed. Finally, future
perspectives on computational genome design, robotic agriculture, autonomous breeding
pipelines, and integrated Al-enabled crop management systems are presented. Overall,
the convergence of Al and plant biotechnology offers significant opportunities to
accelerate the development of resilient, high-yielding, and climate-adaptive crop
varieties for sustainable agriculture.
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Introduction

The  convergence of artificial
intelligence (AD and plant
biotechnology is transforming our
strategies on understanding,
engineering, and optimizing plant
systems for food security, climate
resilience, and sustainable agriculture
(Gao et al., 2025; Xu et al., 2025). The
exponential growth of multi-omics data,
including genomics, transcriptomics,
proteomics, and metabolomics, has
generated an urgent need for
computational methods to extract
meaningful biological knowledge from
increasingly complex and  high-
dimensional datasets over the last
decade (Yagaliyeva et al., 2025;
Edukondalu et al., 2026). Conventional
statistical approaches, although
beneficial, are frequently inadequate to
address the nonlinear associations,
epistatic interactions, and dynamic
regulatory networks characterizing plant
responses to environmental stresses (Cai
et al., 2025). In this context, deep
learning has become a powerful tool to
uncover latent  patterns, predict
molecular phenotypes and provide
unprecedented guidance for genome
editing (Rathan et al., 2026). Recent
advances in convolutional neural
networks and foundation models have
enabled researchers to decode complex
plant genomic landscapes, predict key
genes associated with agronomic traits
and estimate genetic values from
compressed genome-wide
polymorphisms while dealing with
challenges such as polyploidy and
highly repetitive sequences (Cai et al.,

2025; Xu et al., 2025; Raihan et al.,
2026). Al is transforming plant
biotechnology, from the speed of genetic
gain in crop plants through Al-guided
genomic selection to digital plant
phenotyping in the face of changing
climatic and anthropogenic conditions
(Yagaliyeva et al., 2025; Edukondalu et
al., 2026). This review offers a holistic
overview of the recent progress in Al-
powered plant biotechnology,
emphasizing multi-omics integration,
deep learning-driven genomic
prediction, precision breeding, digital
phenotyping, and the nascent concept of
plant foundation models (Gao et al.,
2025; Xu et al., 2025). We also present
a critical review of the persistent
challenges such as the “black-box”
nature of deep learning models, data
heterogeneity, limitations of small-
sample learning, and barriers to real-
world deployment. We offer a forward-
looking perspective on how explainable
Al, inclusive data governance, and
intelligent breeding loops will drive
next-generation climate-resilient crop
design (Cai et al., 2025; Amar et al.,
2026).

A new perspective on artificial
intelligence in plant biotechnology

Over the past decade, artificial
intelligence has become one of the most
fundamental driving forces behind
progress in the life sciences, particularly
in plant biotechnology, which demands
speed, accuracy, and the management of
massive datasets (Bhardwaj et al., 2022).
The exponential growth of multi-omics
data, the rapid development of gene-
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editing tools, and the increasing
complexity of biotic and abiotic stresses
under climate change conditions have
led scientists toward tools capable of
revealing hidden patterns, multi-faceted
relationships, and accurate predictions
(Varadharajan et al., 2025). In this
context, Al—as a powerful toolbox
ranging from machine learning to deep

learning—has bridged the gap between
massive  datasets and  practical
knowledge, opening new pathways for
understanding and engineering plant
performance (Rane ef al., 2024) (Fig. 1).
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Figure 1: Conceptual map of the role of Al in plant biotechnology, showing connections among
omics, gene editing, digital phenotyping, stress prediction, predictive breeding, and digital

twin systems.

In the past, many plant biotechnology
processes—including genetic selection,
identification of genes involved in stress
tolerance, phenotype analysis, and
metabolic  pathway  design—were
performed manually, empirically, and
through trial and error (Stewart Jr,
2025). Today, however, the emergence
of advanced data analysis models and
deep neural networks has made it
possible to identify extremely complex
patterns in biological systems at scales
previously impossible (Peng et al.,
2018). This shift is not merely about
increasing analysis speed; it
fundamentally changes the nature of

research: from retrospective analyses to
predictive analyses (Zaorsky et al,
2022). In fact, Al can now predict the
behavior of genes, molecular networks,
metabolic pathways, and plant responses
to stresses before they occur—and this is
precisely the point at which science
advances to the level of "biological
intelligence" (Murmu et al., 2024).

One of the most important reasons for
Al's dominance in plant biotechnology is
its adaptability to the multi-dimensional
nature of biological data (Niazian and
Niedbata, 2020). Genomic,
transcriptomic, metabolomic,
phenotypic ~ images,  spectroscopy,
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remote sensing, and climatic data all
have multi-layered, non-linear structures
(Liang et al, 2025). Traditional
statistical models have limited ability to
analyze such data, but convolutional
neural networks (CNNs), transformer
models, XGBoost, Random Forest
algorithms, and generative models can
uncover hidden and non-obvious
relationships  (Abdulkareem et al,
2024). This capability has opened new
horizons for identifying target genes,
precise genome editing, discovery of
stress-tolerance markers, and design of
engineered metabolic pathways
(Mipeshwaree Devi et al., 2023).
Simultaneously, Al has played a
significant role in transforming plant
measurement and observation methods
(Tripodi et al., 2022). The emergence of
digital phenomics—including
hyperspectral, thermal, 3D imaging, and
LiDAR—has
unprecedented volume of phenotypic

generated an

information (Mansoor et al., 2025).
Analysis of these data is only possible
with intelligent algorithms capable of
determining plant shape, growth, health,
chlorophyll content, water status, and
stress responses with  exceptional
accuracy (Islam et al, 2024).
Consequently, Al has not only
automated plant monitoring but also
enabled the creation of decision support
systems for intelligent farm management
and breeding programs (Su, 2020).

In the field of gene editing, Al is now
a critical component of guide RNA
design  in  CRISPR technology
(Abbaszadeh and Shahlai, 2025).
Prediction of off-targets, design of

single-guide = RNAs with highest
efficiency, simulation of potential
mutations, and even suggestion of
genome modification pathways—these
are now performed by machine learning
models (Chuai et al, 2018). This
represents a fundamental
transformation: gene editing has evolved
from a trial-and-error process to an
intelligent, predictable, and precise
process (Dixit et al., 2024a). Moreover,
combining Al with gene regulatory
network  modeling has  enabled
researchers to predict the effects of each
edit on molecular pathways, final
phenotype, and environmental
adaptation without performing wet-lab
experiments (Xu et al., 2022).

One of the most exciting emerging
approaches is the development of plant
digital twins—a virtual model capable of
simulating growth, metabolism, yield,
and stress responses under different
conditions (Chen et al., 2023). Such an
approach, now expanding with Al
assistance, allows researchers to
simulate multiple climatic, management,
and genetic scenarios and select the
optimal breeding or management
pathway. A plant digital twin can even
predict the future performance of a
genotype under climate change—a topic
that will play a key role in the future of
smart agriculture (Peladarinos et al.,
2023).

Despite  all  these  advances,
challenges remain. Shortages of high-
quality data, heterogeneity of data
sources, risk of bias in models,
complexity of biological networks, and
limitations in interpreting deep models
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are among the obstacles that must be
addressed (Ching et al, 2018).
Additionally, ethical issues related to
automated  decision-making,  data
protection, and biosecurity are of
particular importance (De Haro, 2024).
Nevertheless, global trends indicate that
the role of Al in plant biotechnology is
not only expanding but will become the
central core of designing intelligent
plants, optimized genomes, and next-
generation agricultural systems in the
coming years.

Machine learning and deep learning
models in omics data analysis

The rapid growth of sequencing
technologies and molecular
measurement tools has led the life
sciences to face an explosion of omics
data in the last decade (Dai and Shen,

2022). Genomic, transcriptomic,
proteomic, metabolomic, and
epigenomic data are now stored as
massive, multi-dimensional, and
complex datasets—datasets  whose
analysis using traditional statistical
methods has become nearly impossible
(Srivastava et al, 2024). In such
circumstances, Al—especially machine
learning and deep learning—has become
a key tool for extracting meaning,
discovering hidden patterns, and
generating predictive models in plant
sciences. These technologies not only
have the ability to analyze massive
volumes of omics data but can also
reconstruct complex molecular
interactions and pathways in biological
systems with unprecedented accuracy
(Kalita et al., 2025) (Fig. 2).
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Figure 2: Architecture of machine learning and deep learning models used in omics data analysis,
including convolutional neural networks (CNNs), recurrent and LSTM networks,
transformer models, graph neural networks (GNNs), and multi-modal architectures for
processing genomic, transcriptomic, proteomic, and metabolomic data.
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Foundation models (FMs) are becoming
a paradigm in computational plant
biology, referring to neural networks
pre-trained on large unlabeled biological
datasets using self-supervised learning,
which can then be fine-tuned for diverse
downstream  tasks with  minimal
additional supervision (Bommasani et
al.,2021; Xu et al., 2025). Plant-specific
FMs like GPN, AgroNT, Plant
Caduceus, and PlantRNA-FM have
demonstrated great performance in
predicting gene functions, regulatory
elements, and mutation effects in various
plant species (Xu et al., 2025; Wang et
al., 2025b). These models solve
problems often seen in plant genomes
like polyploidy, high repetitive sequence
content and environment-responsive
regulatory elements (Farooq et al.,
2024). The future development of plant
foundation models is likely to integrate
sequence analysis, structure prediction
and functional annotation into integrated
computational frameworks that will
greatly accelerate hypothesis generation
and experimental prioritization (Xu et
al., 2025).

In genome analysis, machine learning
plays an important role in identifying
key genes, predicting their function, and
finding genetic markers associated with
target traits (Mahood et al, 2020).
Algorithms such as Random Forest,
Support Vector Machines (SVM),
XGBoost, and transformer models have
been widely used for gene classification,
identification of functional regions of
the genome, and prediction of mutation
effects (Shea et al., 2023).

Table 1 provides a comparative
overview of these and other Al
architectures commonly employed in
plant biotechnology, summarizing their
primary applications, strengths, and
limitations. One major development is
the ability of machine learning to model
non-linear relationships and epistatic
interactions—relationships that often
remain hidden from traditional methods
(Tang et al., 2020). This capability has
made it possible to identify genes that
interactively  contribute to  stress
tolerance, growth, or production of
specific  metabolites  (Shaik  and
Ramakrishna, 2014).

In transcriptomics, the analysis of
gene expression patterns has been
transformed by AIl. Previously, RNA-
seq data analysis relied mainly on
statistical tests, but today deep neural
networks can detect co-expression
patterns, stress-activated pathways, and
complex regulatory networks with
higher accuracy (Yuan and Bar-Joseph,
2019). Models such as Autoencoders,
Long Short-Term Memory (LSTM)
networks, and Graph Neural Networks
(GNNs) enable the analysis of time-
structured data, dynamic pathways, and
complex gene networks (Otal et al.,
2025). GNN:gs, in particular, have proven
highly effective in understanding
network structures such as gene co-
expression networks because they can
analyze gene interactions as nodes and
edges in a graph, thereby providing a
more precise picture of biological
system behavior (Lazaros ef al., 2024).

In proteomics and metabolomics, the
challenges are more complex because
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measurements in these fields vary
greatly in accuracy, noise, and data
volume (Smith et al, 2014).
Nevertheless, deep learning models have
been able to reveal hidden patterns in
mass spectrometry, chromatography,
and metabolite image data (Liebal et al.,
2020). CNNs have been very successful

separating noise, and identifying
proteins (Lin et al., 2019). Furthermore,
generative models such as Variational
Autoencoders (VAEs) and Generative
Adversarial Networks (GANs) can
complete missing data, reconstruct
unknown metabolic patterns, and even
suggest new pathways for metabolic

in  detecting  spectrometry

peaks, engineering (Alwani, 2024).

Table 1: Comparative analysis of artificial intelligence models in plant biotechnology.

Primary

Model o .
applications in

Architecture

plant biotechnology

Representative

Key strengths references

Key limitations

Disease detection
Convolutional  from leaf images;
neural networks hyperspectral image
(CNNs) analysis;
phenotyping

Gene regulatory
Graph neural  network inference;
networks protein interaction

(GNN5s) modeling; metabolic

pathway analysis

Genome sequence

Transformer

models Integration; protein

structure prediction
(AlphaFold)

Time-series stress

Long short-term -
response prediction;

memory growth trajectory
(LSTM) / L
modeling; climate
RNNs . .
impact forecasting
Synthetic multi-
Generative omics data
adversarial generation; missing
networks data imputation;
(GANs) novel genome
sequence design
Dimensionality
o reduction of omics
Variational
data; latent
autoencoders representation
(VAEs) prese
learning; anomaly
detection

Random forest/ Feature importance
XGBoost ranking; genotype

analysis; multi-omics

Requires large
labeled datasets; Mohanty et al.,
limited temporal ~ 2016; Kamilaris

Excellent spatial
feature extraction;
translation invariance;

mature ecosvstem modeling; high and Prenafeta-
(ResNet, Effi c?en Net) computational cost Boldu, 2018
’ for 3D data
Naturally handles
graph-structured Scalability

biological data; challenges with very Wu et al., 2020;
captures relational large graphs; over Lazaros et al.,

dependencies; smoothing in deep 2024
interpretable node- architectures
level predictions
Captures long-range .
dependencies; attention Very h1'gh 1 .
mechanism provides cqmputatlona Choi and Lee,
interpretability: requirements; needs  2023; Xu et al.,
excellent for seque’ntial massive pre-training 2025
data data
Vanishing gradient

Handles variable-
length temporal
sequences; captures
temporal dependencies

issues for very long

sequences; slower
training than
Transformers

Wen et al., 2023;
Bietal., 2023

Generates realistic ~ Training instability;
synthetic data; mode collapse;
unsupervised learning  difficult evaluation
capabilities metrics

Alwani, 2024

Probabilistic latent

Blurrier generations
space; smooth

interpolation between thap GANs; Smith et al., 2014
. posterior collapse
samples; good for issues
visualization
High interpretability; Limited for Shaik and
handles mixed data unstructured data Ramakrishna,
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Primary

M.Odel applications in Key strengths Key limitations Representative
Architecture R references
plant biotechnology
prediction; marker types; robust to (images); less 2014;
discovery overfitting; low accurate for very ~ Abdulkareem et
computational cost  complex non-linear al., 2024
relationships
. Multi-task plant Exc.eptlional Extremely high
Foundation . generalization; pre- computational
£enomics; cross- . . . ]
models (e.g., species transfer trained on massive  requirements; data- Xu et al.. 2025
GPN, AgroNT, leal‘P;lin . reculator data; adaptable to hungry; limited ”
PlantCaduceus) & reg M many downstream plant-specific pre-

element prediction

training data

One key application of Al in omics is
multi-omics integration—a process in
which genomic, transcriptomic,
proteomic, metabolomic, and
epigenomic  data are  analyzed
simultaneously to obtain an integrated
view of plant function (Cembrowska-
Lech et al, 2023). This integration is
very difficult with traditional methods
because each data layer has different
structure, scale, and noise (Dong and
Rekatsinas, 2018). However, Al
algorithms—especially multi-modal
models and deep neural networks—have
enabled the combination of these layers
(Ahmed et al, 2023). For example,
multi-input transformer models can
simultaneously analyze DNA sequences,
gene expression patterns, and metabolic
profiles and discover relationships
among them. This approach is highly
effective in identifying active cellular
pathways under stress, discovering
complex quantitative trait loci (QTLs),
and designing plant breeding strategies
(Choi and Lee, 2023).

On the other hand, Al plays an
essential role in accelerating the

discovery of genes associated with biotic

and abiotic stresses. The complex
patterns indicating tolerance to drought,
salinity, heat, or disease are often
embedded in multi-gene interactions and
multi-layered  regulatory  pathways
(Zhang et al., 2024). DL models can
extract these patterns and identify genes
that contribute most to plant stability
(Wang et al, 2025b). Meanwhile,
machine learning is highly effective in
ranking gene importance and shows
researchers which genes should be
targeted for editing or selection.

Al-based analyses have also transformed
Genome-Wide  Association  Studies
(GWAS) (Xie and Wang, 2025). In
traditional GWAS, the relationship
between SNPs and traits was usually
examined linearly, whereas Al can also
consider non-linear relationships and
multi-way genetic interactions (Alamin
et al., 2022). Deep neural networks in
GWAS can now identify influential
SNPs with greater accuracy, especially
for complex, polygenic traits (Bellot et
al., 2018). Another strength of Al in
omics is the ability to predict genome
and phenotype function based on
molecular data. Al models can predict
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which genomic changes will lead to
improved growth, yield, or resistance.
This capacity is vital for areas such as
designing new genotypes, planning
experiments, and even guiding CRISPR
technology (Yetgin, 2025).

Artificial intelligence in gene editing:
Enhancing CRISPR precision and
targeted gene design

The CRISPR-Cas technology has
created an unprecedented revolution in
plant genome editing over the past
decade. However, despite its high ability
to create targeted mutations, two
fundamental challenges remain:

prediction of off-target regions and
precise design of guide RNAs to achieve
high editing efficiency (Vats et al.,
2019). The emergence of Al—
particularly machine learning and deep
learning algorithms—has transformed
these fundamental challenges and
created a new wave of "intelligent gene
editing". Today, Al models can not only
predict the molecular behavior of the
CRISPR system but also suggest new
editing pathways and have brought
guide RNA design to a level of precision
previously thought impossible
(Balajishanmugam, 2025) (Fig. 3).

DNA Sequence Input

Target DNA sequence

+

gRNA Design

Selection of guide RNA

+

Off-Target Prediction

Identification of potential off-target sites

-

Cas Structure Modeling

Prediction of Cas protein conformation

-

Optimization Suggestion

Recommendations for improved editing

Figure 3: Intelligent flowchart of an Al-based gene editing system, including DNA sequence input,

guide RNA design, off-target site prediction, Cas protein structure modeling, and
provision of optimization suggestions to increase editing precision and efficiency.

One of the main strengths of Al in the
CRISPR field is its ability to analyze
DNA sequences at the whole-genome
scale (Kim et al., 2025). Models such as
CNNs and transformer networks can
learn sequence patterns associated with
successful cleavage by Cas9 or Casl2,

mutation rates, and the probability of
unwanted cuts. These models are trained
on millions of experimental examples
and can predict guide RNA efficiency
with much higher accuracy than rule-
based methods (Fong and Wong, 2023).
Tools such as Deep CRISPR, Elevation,
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CRISPR-Net, and CRISPRon are
examples of Al-based systems that have
dramatically increased the accuracy of
gene knockouts or insertions (Dixit et
al., 2024a).

In guide RNA design, machine learning
models have been highly effective by
ranking influential features—such as
RNA secondary structure, GC content,
PAM position, and surrounding
sequences. These models allow
researchers to select the most suitable
option with the highest probability of
success from among thousands of
potential sequences (Abbaszadeh and
Shahlai, 2025). This is especially
important in plant systems with complex
genome structures—such as hexaploidy
wheat or other polyploid species. Al can
also predict the potential effects of each
edit at the molecular and phenotypic
levels. Deep learning models can
analyze gene networks and metabolic
pathways associated with the target gene
and show what consequences deletion,
addition, or alteration of a sequence will
have for the cell, tissue, or whole plant.
This capability is valuable because many
complex traits (e.g., drought tolerance,
heat resistance, or production of
secondary metabolites) depend on a
network of genes, and editing a single
gene will be successful only if its effect
on the entire system is understood
(Farooq et al., 2024).

Another application of Al in gene
editing is predicting the structure and
molecular behavior of Cas proteins.
Models such as AlphaFold and
RoseTTAFold can now simulate the
three-dimensional structures of Cas9 or

Casl2 with high accuracy. These
simulations allow researchers to identify
motifs  responsible  for  enzyme
specificity or efficiency and even design
engineered versions of Cas with greater
accuracy or better compatibility with
plants. This is particularly important for
improving CRISPR performance in
species with complex or resistant
genomes (Pan et al., 2025).

In recent years, a new generation of
algorithms known as Al-guided genome
engineering has been developed that can
fully design genome modification
pathways (Li et al., 2025). These models
can suggest which genes should be
edited, what types of changes are
desirable, and even what combinations
of edits can produce the best phenotype.
This approach, which will revolutionize
the future of plant breeding, essentially
assigns the role of "genome designer" to
Al—that is, the intelligent system can
suggest the optimal version of a genome
for a given goal (e.g., salinity resistance
or increased biomass) (Malone et al.,
2010).

One of the most important
applications of Al in gene editing is the
identification of off-targets—a serious
challenge for CRISPR technology. Al
models can predict regions prone to
unwanted cuts with high accuracy by
analyzing sequence features, chromatin
structure, DNA accessibility, and Cas
binding patterns. Deep neural networks
such as CRISPR-Net have reduced oft-
target rates by more than 50%. This
advance is particularly important for
gene editing in plants where even a small
unwanted change can affect growth,
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metabolism, or resistance pathways
(Wang et al., 2025a).

The combination of Al with CRISPR
has also accelerated the development of
new gene-editing systems. For example,
Al plays a vital role in designing highly
accurate guide RNAs in RNA-editing
systems  (CRISPR-Casl3). Machine
learning models can analyze complex
RNA  structures and RNA-Casl3
interactions and identify patterns that are
not detectable by experimental methods.
These applications have opened new
pathways for controlling gene expression
in plants, which can be highly effective in
managing transient stresses or modifying
temporary traits (Abbaszadeh and Shahlai,
2025). Furthermore, Al plays a significant
role in the development of prime editing
and base editing systems. These emerging
technologies, which have higher precision
than nuclease-based CRISPR cleavage,
can optimize guide RNAs, prime editing
guide RNAs (pegRNAs), or molecular
triggers for each genomic location with the
help of AI. This level of precision has
made point edits and precise modifications

more reliable for plant applications (Jiang
et al., 2025).

Predictive systems for biotic and abiotic
stress tolerance in plants

The interaction of plants with
environmental  stresses—both  biotic
(diseases, pests, viruses) and abiotic
(drought, salinity, heat, cold, nutrient
deficiency)—is one of the most complex
dimensions of plant biology (Dixit ef al.,
2024b). Environmental stresses are
usually multi-factorial, dynamic, and
time-dependent, and the plant response is
the result of a series of network
interactions among genes, hormonal
pathways, metabolic pathways, and
physiological processes. This complexity
has made analysis of plant resistance and
prediction of its performance very difficult
with traditional methods. However, the
emergence of AI has been able to
overcome these limitations and create a
new generation of stress tolerance
prediction systems—systems capable of
integrating multi-source data, discovering
hidden patterns, and predicting the final
plant response with high accuracy (Hoque
etal., 2020; Hallajian et al., 2024) (Fig. 4).

Multi-omics
CNN VIT RS+Al Al Al
Drought ‘
Salinity
Heat ‘
Cold -

Diseases --

- —

Less More

Figure 4: Heat map of the application of Al techniques in managing various plant stresses, including drought,
salinity, heat, cold, and diseases, against models such as CNNs, Vision Transformers (ViT), remote
sensing-based AI systems (RS+AI), intelligent multi-omics analysis, and digital twin-based

predictions.
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The basic structure of stress prediction
systems is based on multi-layered data.
These systems typically wuse a
combination of genomic, transcriptomic,
metabolomic, phenotypic, climatic, and
remote sensing data (Dai et al., 2024). In
the past, analysis of these massive and
heterogeneous datasets was not possible,
but with the development of machine
learning and deep learning algorithms,
these layers can now be integrated into
multi-modal  models.  Multi-input
transformer models, multi-channel
CNNs, and GNNs can extract complex
patterns of plant performance under
stress conditions without the need for
handcrafted rules.

Machine learning created the first
wave of transformation in stress
tolerance prediction. Algorithms such as
Random Forest, SVM, and XGBoost
have a high ability to analyze
environmental and phenotypic data and
can identify the most important traits or
genes involved in resistance by ranking
features (Sarkar et al, 2024). For
example, a Random Forest model can
show which traits (e.g., proline content,
leaf temperature index, or root-to-shoot
ratio) play the greatest role in plant
stability under drought conditions.
These algorithms can also incorporate
complex combinations of environmental
conditions—such as  simultaneous
increases in temperature, decreased
humidity, and increased radiation—into
the analysis and estimate plant response
under such conditions (Asaari et al,
2022).

However, deep learning created a
second, more powerful wave. CNNs

have been able to detect subtle but
important changes in plant phenotypic
images—such as RGB photos, thermal
images, and hyperspectral images—that
are signs of stress initiation. These
models can detect diseases before the
appearance of visible symptoms, or
detect drought and salinity stress at very
early stages. This capability is important
for intelligent farm management because
it enables rapid intervention and damage
reduction (Wen et al., 2023).

In the area of biotic stress, Al has been
particularly transformative in disease
diagnosis. Deep CNNs can diagnose
diseases from images of leaves, stems, or
fruits with over 95% accuracy—even
diseases that resemble each other or have
different symptom severities. Models
such as ResNet, EfficientNet, and Vision
Transformers (ViT) are now used in crop
disease detection systems and have
dramatically reduced the cost of disease
monitoring and the need for manual
inspection (Henry et al., 2025). In the
area of abiotic stress, remote sensing-
based models play a vital role. The
combination of satellite, drone, and
ground-based data with ML/DL
algorithms has enabled accurate
prediction of water status, thermal
balance, and chlorophyll levels. These
systems can detect drought and salinity
stress at the field or regional scale before
yield loss occurs (Bagherian, 2022).
Models such as LSTM and GRU, which
can analyze time-series data, also predict
the future state of stress—for example,
they can predict what level of plant stress
will be reached within a week or month
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if current soil and weather conditions
continue.

Explainable AI: Opening the black box
in plant biotechnology

Although deep learning models have
shown promising predictive power in
plant biotechnology applications, their
“black box” nature presents a significant
barrier to scientific  acceptance,
regulatory approval, and end-user
confidence (Castelvecchi, 2016; Samek
et al., 2021). Biologists, plant breeders
and farmers are understandably reluctant
to take action on predictions from
models that have no way to explain how
decisions were made. In order to address
this limitation, Explainable Artificial
Intelligence (XAI) has become a major
research direction, offering solutions to
make the model predictions transparent
and interpretable without substantially
sacrificing performance (Arrieta ef al.,
2020; Linardatos ef al., 2021). The XAl
methods applicable to plant
biotechnologies can be categorised into
three major approaches (Belle and
Papantonis, 2021; Pai et al., 2025):

1. Feature Attribution Methods:
Methods such as SHapley Additive
exPlanations (SHAP) (Lundberg and
Lee, 2017) and Local Interpretable
Model-agnostic Explanations (LIME)
(Ribeiro et al., 2016) provide
importance scores for input features,
identifying the genes, spectral bands or
image sections that were most influential
in a specific prediction. For example,
SHAP values can be used to identify the
most predictive transcription factors or
metabolic markers of drought tolerance

in a deep learning model, providing
breeders with testable hypotheses about
molecular mechanisms (Rudin, 2019;
Murmu et al., 2024).

2. Visualization-Based =~ Methods:
Gradient-weighted Class Activation
Mapping (Grad-CAM) and its variants
produce heatmaps that highlight the
most important regions of an input
image for a model’s decision (Selvaraju
et al., 2017). In plant disease diagnosis,
Grad-CAM can show if a CNN
identified a lesion pattern specific to a
pathogen, rather than background
artefacts or leaf orientation, which is an
important validation step before field
deployment (Ghosal et al., 2018;
Barbedo, 2019).

3. Concept-based and Rule-based
Explanations: These approaches extract
human readable rules or concepts from
complex models (Kim et al., 2018).
Random Forest models can generate
decision trees or rule lists that offer
simple “if-then” logic that is easily
understood and verified by farmers and
extension officers (Letham et al., 2015;
Molnar, 2022). Applications of XAI in
plant  biotechnology are rapidly
increasing (Pai et al., 2025): Disease
Diagnosis: XAl techniques have been
applied to plant disease detection
systems to ensure that models are
focusing on biologically relevant
symptoms (e.g., chlorotic lesions,
sporulation patterns) and not spurious
correlations with background soil,
lighting conditions, or leaf orientation
(Singh et al., 2020; Bansal et al., 2021).
Grad-CAM visualizations have been
used to identify model failures such as


https://injbir.com/article-1-90-en.html

[ Downloaded from injbir.com on 2026-06-21 ]

52 Kordrostami et al., Artificial intelligence in plant biotechnology: Advances in gene editing, stress ...

reliance on leaf edges instead of
pathogen-specific patterns and thus have
provided guidance for targeted data
augmentation and model improvement
(Wang et al., 2021; Zhang et al., 2022).

Genomic Prediction. Deep learning
models are used to predict complex traits
from genomic sequences, and SHAP
analysis is used to identify which
specific SNPs or regulatory motifs are
driving predictions (Wang et al., 2025b).
This confirms model logic and also
reveals new candidate markers for
breeding programs (Farooq ef al., 2024).
Within the multi-omic integration
framework, XAl delivers the insight into
the contribution of different molecular
layers  (transcriptomic,  proteomic,
metabolomic) to the  phenotype
predictions that can be used to guide
experimental validation efforts (Ahmed
et al., 2023; Cembrowska-Lech et al.,
2023). Stress Phenotyping: Models
based on hyperspectral or thermal
imaging can be used to identify the
spectral wavelengths or temperature
patterns most diagnostic of early-stage
drought or salinity stress, using (XAI)
(Asaari et al., 2022; Wen et al., 2023).
This knowledge helps in developing
simpler and more interpretable sensors
and reduces the computational
requirements  for  edge-deployment
(Bagherian, 2022; Islam et al., 2024).
The benefits of XAI are significant for
stakeholder trust and adoption (Ghazal
et al., 2025; Pai et al., 2025). For plant
scientists, explainable models produce
testable biological hypotheses, not
uninterpretable  correlation  (Rudin,
2019). In the context of breeders, XAl

provides confidence that the selection
decisions are based on relevant genetic
or phenotypic features (Farooq et al.,
2024). Simple rule-based explanations
(e.g., “the model predicted disease
because it detected yellow spots
covering >15% of leaf area”) enable
farmers and extension officers to
ground-truth and build trust necessary
for adoption (Aker, 2011; Fabregas et
al., 2019). However, there are still
several challenges for XAI in plant
biotechnology (Arrieta et al., 2020;
Samek et al., 2021). First, validation of
explanation faithfulness, i.e., whether
the attributed features do indeed
represent the decision process of the
model, is difficult in biological contexts
where  the  ground-truth  causal
mechanisms are incompletely known
(Rudin, 2019). Second, different XAI
techniques may provide different
explanations for the same prediction,
which may confuse a user as to which
explanation to trust (Krishnan, 2020).
Third, the computational cost of
extracting explanations could be too
high for real-time field applications on
resource-limited edge devices (Ghazal et
al., 2025). Finally, XAI does not solve
other problems such as data bias or
model  robustness  directly.  An
explainable but biased model is still a
problem (Mehrabi et al., 2022).

Future directions for XAI in plant
biotechnology  include (i)  the
development of plant-specific XAl
benchmarks and evaluation metrics, (i1)
the integration of explanation generation
directly into model architectures
(explainable-by-design models), and
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(iii) the development of standardized
visualization interfaces tailored to
different end-user groups (scientists,
breeders, farmers) (Pai et al., 2025; Xu
et al., 2025). The combination of XAI
with federated learning, which allows
privacy-conscious and interpretable
collaborative model training across
distributed agricultural datasets, is a
notably promising avenue for scalable,
trustworthy Al in  global plant
biotechnology (Li ef al., 2021; Ghazal et
al., 2025).

Application of artificial intelligence in
predictive breeding and accelerating
plant improvement

Plant breeding, as one of the
fundamental bases of food security and
sustainable production, has always
relied on identifying superior genotypes,
favorable genetic diversity, and complex
traits. However, classical breeding
methods have serious limitations despite
their historical effectiveness: long time
requirements, high costs, and difficulty
in analyzing polygenic and complex
traits are among the main obstacles
(Hafeez et al., 2023). The emergence of
Al—especially machine learning, deep
learning, and multi-modal modeling
algorithms—has  transformed  this
traditional process and created the
foundation for predictive breeding; an
approach in which breeding decisions
are made not based on trial and error but
on precise predictions, genotype-
phenotype modeling, and analysis of
plant growth dynamics (Xu et al., 2022)

(Fig. 5).
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Figure 5: Workflow of Al-based predictive
plant breeding, including integration of
genomic and phenotypic data, intelligent
genomic selection (GS) models, selection of
superior genotypes, remote sensing-based
field trials, and final decision-making to
predict and optimize plant performance.

Predictive breeding is fundamentally
based on the use of multi-source data:
genome, transcriptome, metabolomic
data, phenotypic images, climatic data,
soil  properties, and management
information. Al can combine these
complex layers into integrated models
and recover the hidden relationship
between genotype and phenotype—
something that classical statistical
methods are often unable to do (Amin et
al., 2025). Random Forest, XGBoost,
CNNs, GNNs, and multi-channel
transformers are now widely used to
predict genotype performance in
different environments. These models
can estimate the effect of environmental
conditions on trait expression and
suggest the best genotypes for specific
environments—a  topic  of  vital
importance in the era of climate change
(Choi and Lee, 2023).

One of the most important roles of Al
in plant breeding is drastically reducing
the time required to select superior
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genotypes. In traditional systems,
screening hundreds or thousands of
genotypes takes years and requires
multiple field trials. However, Al
models can rank  high-potential
genotypes with high accuracy by
data—whether
genomic, phenotypic, or climatic. For

analyzing initial

example, recent studies have shown that
CNNs trained on early growth images
can predict end-of-season yield. This
rapid prediction can reduce the breeding
cycle by up to 50% or more (Xu et al.,
2022). Another key role of Al is in
genomic selection (GS). In genomic
selection, models estimate the overall
genomic effect on a trait and, based on
that, superior genotypes are selected.
Machine learning algorithms—
especially Bayesian models, kernel-
based methods, and neural networks—
have significantly increased the
accuracy of genomic selection (Heslot et
al., 2012). In many strategic crops such
as wheat, maize, rice, and soybean, the
use of Al-based genomic selection has
made it possible to select superior
genotypes in early generations and has
dramatically reduced the costs of
breeding programs (Zhang et al., 2025).

Another important application of Al is
predicting GxE  interactions—i.e.,
genotype-by-environment  interaction.
Deep learning models can predict the
effects of climate change, temperature,
humidity, and crop management on plant
traits. This capability is vital for
designing genotypes adapted to future
climates—one of the greatest challenges
facing humanity (Malosetti ef al., 2016).

Integration of Al with bioengineering
and systems biology: Modeling gene
regulatory, metabolic, and cellular
networks

Bioengineering and systems biology are
based on the principle that the behavior
of a cell, tissue, or whole plant is the
result of complex interactions among
thousands of molecules, pathways,
regulators, and dynamic networks.
These networks are usually non-linear,
time-dependent, and influenced by
environmental conditions. Therefore,
analyzing and engineering them with
traditional methods is often limited and
incomplete (Sheth and Thaker, 2014).
The emergence of Al—especially deep
learning models, graph networks, and
generative systems—has overcome past
limitations and ushered bioengineering
into a new stage where genetic and
metabolic pathway design is based on
accurate, predictive simulations (Naskar
et al., 2025) (Fig. 6).


https://injbir.com/article-1-90-en.html

[ Downloaded from injbir.com on 2026-06-21 ]

International Journal of Biological Reports 4(2) 2026 55

GRN

Metabolic
Pathways

GNN and DL

Flux Feature Pathway
Prediction | |Importance| [Optimization

Figure 6: Modeling of gene regulatory networks and metabolic pathways using graph neural
networks (GNNs) and deep learning, including reconstruction of gene regulatory networks
(GRNs), metabolic pathways, prediction of metabolic fluxes, feature importance analysis,

and optimization of biological pathways.

One of the most important applications
of Al in systems biology is the modeling
of gene regulatory networks (GRN).
Gene networks in plants are very
complex and involve thousands of
genes, transcription  factors, and
feedback interactions. Classical models
such as Bayesian networks or ordinary
differential  equation  (ODE)-based
systems can explain parts of network
behavior but face limitations when faced
with genomic scale and multi-layered
interactions (Dasgupta and De, 2023). In
contrast, graph neural networks have
been able to model the graph-like
structure of GRNs with high accuracy.
GNNs can detect connection patterns,
key nodes, regulatory pathways, and the
role of genes in signal transduction, and
even predict the effect of deleting or
adding a gene. This capability is vital for
designing stress-resistant genotypes or

plants with optimized metabolic
pathways (Wu et al., 2020).
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The digital twin revolution in plants:
Simulating growth, metabolism, and
stress tolerance

The concept of the digital twin, first
introduced in aerospace and complex
systems engineering, is now rapidly
expanding in the life sciences, especially
plant sciences (Fig. 7). A digital twin is
essentially a dynamic, intelligent
computational model that reconstructs a
virtual version of a real system and can

predict its behavior in real time or

()

DF;?a A

%

through complex simulations. The
application of this technology in plants
has created an emerging revolution: for
the first time, the growth, physiology,
metabolic  pathways, and  stress
responses of a plant can be fully
reconstructed in a digital environment,
and the effect

management, or environmental change

of any genetic,

can be assessed before it occurs (Chen et
al., 2023; Iranshahi et al., 2025).
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Figure 7: Architecture of a plant digital twin, including molecular layer (omics), cellular layer,
physiological layer, field layer, remote sensing (RS) data, and decision portal for
simulating and predicting plant behavior under different conditions.

A plant digital twin combines omics,
phenotypic, physiological, climatic, and
remote sensing data. Machine learning
and deep learning algorithms integrate
these data to create a dynamic model that
not only reflects the current state of the
plant but also predicts its future
behavior. In this model, every biological
layer—from the genome and gene
metabolic

networks  to pathways,

physiological exchanges, and
environmental responses—is connected
through

precise computational

relationships. Thus, the digital twin is
not a static model but a living
computational version of the plant
(Cembrowska-Lech ef al., 2023).

One of the most important
applications of the digital twin is
simulating plant growth and
development. Deep models—especially
LSTMs and

predictors—can predict growth trends

transformer-based

from seed to maturity. For example, a
digital twin can estimate future growth
patterns, leaf development rate, biomass
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amount, and even final yield based on
initial plant images, soil moisture status,
and  climatic  conditions. = Such
simulations are of vital value for crop
planning, plant breeding, and intelligent
farm management (Bi ef al., 2023).

On the other hand, the digital twin
plays a  fundamental role in
reconstructing plant metabolic
pathways. Metabolic flux models, when
combined with deep learning, can
predict metabolic fluxes at the cellular
level. In these systems, the behavior of
thousands of enzymes, reactions,
intermediates, and branching pathways
is modeled in parallel and dynamically.
The digital twin can show how a genetic
mutation in an enzyme changes
metabolic flux and how this change
affects growth, stress tolerance, or the
production of valuable metabolites. This
capability 1s essential for designing
medicinal plants, industrial plants, or
crops with high nutritional value (Li et
al., 2022).

One of the most advanced capacities
of the digital twin is modeling plant
responses to biotic and abiotic stresses.
Under drought, salinity, or heat stress,
the molecular and physiological
interactions of the plant are very
complex and multi-layered. The digital
twin can analyze thousands of internal
signals—from hormones to transcription
factors and water pathway regulators—
and accurately predict how the plant will
behave when faced with stress. These
models can even run hypothetical
scenarios—for example, if proline
content, antioxidant enzyme activity, or
the expression of ion transport-related

genes changes, how will the plant
modify its resistance? (Xu ef al., 2025).

The combination of the digital twin
with remote sensing (RS) data is also a
major advance. Drone, satellite, or
ground-based images are continuously
fed into the model, and the digital twin
updates the plant's status in real time. If
a plant in the field experiences heat
stress, this change is reflected in spectral
reflectance or leaf surface temperature in
the images, and the digital twin
immediately simulates the possible
metabolic and physiological changes.
This feature has made real-time
monitoring possible for large-scale
farms—something previously difficult
to imagine (Wu et al., 2023).

In recent years, the digital twin has
found amazing applications in plant
breeding. The model can predict the
effect of any allelic combination,
mutation, or CRISPR edit on phenotype
and yield without the need for costly and
time-consuming  experiments.  This
capability has given rise to a new
generation of plant breeding known as in
silico breeding, in which the best
genotypes are selected solely through
simulation before actual cultivation.
This approach is particularly effective
for complex traits such as drought
tolerance or improving nutritional
quality (Peladarinos et al, 2023).
Another application is using the digital
twin to optimize farm management. The
model can simulate different irrigation,
nutrition, planting distance, or plant
density scenarios and suggest the best
management combination for maximum
yield. This novel precision agriculture
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will play a major role in water, input, and
energy productivity.

At the scientific level, the digital twin
has created an important paradigm shift:
from one-dimensional analyses to multi-
layered  analyses, from  simple
predictions to network-based
predictions, and from experimental
breeding to fully computational
breeding. This technology is still in the
early stages of development in plant
sciences, but global trends indicate that
in the next decade, it will become one of
the main pillars of plant biotechnology,
plant breeding, smart agriculture, and
genome design (Alves et al., 2023).

Future pathways: Toward automated
plant biotechnology and the next
generation of smart agriculture

The combination of Al with plant
biotechnology over the past decade has
opened new pathways in research, plant
breeding, agriculture, and
bioengineering—a pathway that is now
rapidly moving toward the next
generation of intelligent and automated
systems (Niazian and Niedbata, 2020).
The future of plant biotechnology is a
future in which predictive models, farm
robots, self-learning systems, and
computation-based genome design will
play a central role. This process is not
merely a technological upgrade; it is a
paradigmatic shift that will transform the
very nature of plant research and
production.

One of the most important future
pathways is the development of fully
automated plant biotechnology. In this
vision, data from farm sensors, drones,

weather stations, and digital
phenotyping tools are automatically fed
into a central system. This system, using
deep learning, analyzes the information
and detects plant growth patterns, stress,
or nutritional needs. Then, decisions—
from irrigation and nutrition to genotype
selection and even design of genetic
mutations—are made automatically.
This represents a transition from manual
monitoring to automated, intelligent
management (Sahoo ef al., 2026).
Another important future pathway is
the design of novel recombinant
genomes with the help of Al. Generative
models, graph networks, and biological
optimization algorithms can now
suggest genomes that do not exist in
nature but are computationally stable,
efficient, and adapted to future
environmental conditions. This new
stage in biotechnology—called
computational genome design—will
play a vital role in producing plants that
simultaneously possess tolerance to
drought, salinity, heat, or nutrient
deficiencies. Combining this approach
with next-generation CRISPR will
change plant breeding from modifying
existing genes to designing entirely new
genomes (Dixit et al., 2024a).
Enhancing the capabilities of plant
digital twins will also play an important
role in the future. The digital twin will
not only simulate growth and stress
responses but also, in more future-
oriented versions, will be able to model
the effects of climate change, changes in
farm management, or genetic mutations
over long-term time scales. Digital twins
equipped with continual learning will be
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able to update themselves with new data
and provide an increasingly accurate
model of the plant biosystem (Liu et al.,
2023).

Bridging the lab-to-farm gap: Real-
world deployment challenges and
farmer-centered solutions

The computational advances described
above are revolutionizing plant biotech
but their translation to the field will
ultimately depend on successful
deployment in agricultural practice,
which is not without significant
technical, socio-economic and
institutional barriers (Aker, 2011; Cole
and Fernando, 2021). These barriers
have led to low adoption rates of digital
agricultural technologies in many parts
of the world, especially among
smallholder farmers in low- and middle-
income countries (Nakasone and Torero,
2016; Fabregas et al, 2019).
Infrastructural and technical barriers still
exist in plenty (Aker, 2011; Tsan et al.,
2019). First, a lot of rural agricultural
areas don’t have dependable internet
access, so  cloud-dependent Al
applications don’t work (Kremer et al.,
2019). Second, the computational needs
of deep learning models (e.g., GPUs for
Transformer or large CNN inference) go
beyond the capacities of standard
smartphones or affordable field-
deployable edge devices for farmers
(Mohanty et al., 2016; Barbedo, 2019).
Third, for most crops, and particularly
for orphan crops and regionally
important varieties, there is a lack of
high-quality training data annotated by
experts for a large diversity of

environmental conditions, crop varieties
and disease strains (Barbedo, 2019;
Kamilaris and Prenafeta-Boldu, 2018).
Models trained on images from
controlled greenhouses or on publicly
available datasets often fail
catastrophically when deployed in fields
with  variable lighting, complex
backgrounds and novel disease
presentations (Mohanty et al., 2016;
Barbedo, 2019).

Socio-economic and farmer-centered
barriers are also significant (Tsan et al.,
2019; Amar et al., 2026). Many Al-
driven agricultural tools are created
without meaningful input from the
farmers who use them, resulting in “one-
size-fits-all” answers that do not fit local
farming  practices, literacy rates,
language choices, and cultural settings
(Mansur ef al., 2022; Amar et al., 2026).
Involvement of farmers in the design
process, from problem identification to
interface testing, is critical but rarely
systematic (Fabregas et al., 2019; Cole
and Fernando, 2021). The expense of
Al-enabled  sensors, drones, or
subscription-based software platforms is
also prohibitive for smallholder farmers
who operate on thin margins (Aker,
2011; Tsan et al., 2019). Without
subsidies or innovative financing
mechanisms, these technologies
exacerbate, not alleviate, agricultural
inequalities (Fabregas et al., 2019).
Other  challenges include  data
governance and trust barriers (Wiseman
etal.,2019; Amar et al., 2026). Farmers
are increasingly asked to share farm and
personal data without clear information
on who can access it, how it is used, or
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whether it affects eligibility for
subsidies, insurance, or credit (Taylor
and Bhasme, 2021; Amar et al., 2026).
In many countries, trust in digital
agricultural platforms has been eroded
by opaque data practices and fragile
legal structures for data privacy and
consent (Wiseman et al., 2019).
Proprietary platforms that lock farmers
into specific tools, impede data export or
inhibit the ability to customise
recommendations further erode farmer
agency and long-term  adoption
(Zimmer, 2018; Amar et al., 2026).
Successful case studies have determined
strategies to overcome deployment
barriers (Aker, 2011; Fabregas et al.,
2019; Tsan et al., 2019): Participatory
Design and Co-Creation: Farmer
involvement throughout the entire
process of technology development,
from needs assessment and prototyping
to field testing, greatly increases
usability, relevance, and adoption (Cole
and Fernando, 2021; Amar ef al., 2026).
For example, the engagement of Irish
farmers in a participatory design process
resulted in the development of a
smartphone app for agricultural
reporting that achieved greater adoption
rates than  traditional  top-down
initiatives, as it fitted into farmers’
normal routines and addressed their pain
points (Healy et al., 2021).

Appropriate Technology and
Modality Selection: In low-connectivity,
low-literacy ~ settings,  voice-based
interfaces, SMS services and interactive
voice response (IVR) systems may be
more  effective than  smartphone
applications  that require reading

proficiency and access to the internet
(Aker, 2011; Nakasone and Torero,
2016). Digital literacy gaps are
addressed through the integration of
digital tools with local “resource
farmers” or extension agents that
provide supplemental support to build
community trust (Fabregas et al., 2019;
Cole and Fernando, 2021). Privacy-
preserving and decentralized
architectures: Technologies like
federated learning allow for
collaborative model training without
centralizing raw farm data, alleviating
data sovereignty issues while still
harnessing Al capabilities (Li et al.,
2021; Ghazal et al., 2025). Clear and
enforceable data governance
frameworks that define data ownership,
consent procedures, usage restrictions,
and benefit-sharing mechanisms are
critical to building trust among farmers
(Wiseman et al., 2019; Amar et al.,
2026).

Capacity Building and Digital
Literacy: Ongoing investment in farmer
training programs, digital literacy
initiatives, and peer-learning networks is
crucial to ensure the effective usage and
adaptation of Al tools by farmers (Aker,
2011; Fabregas et al., 2019). This is
especially important for women farmers
and other marginalized groups who
could encounter additional barriers to
access technology (Tsan et al., 2019;
Amar et al., 2026). Policy and
Institutional ~ Support: ~ Government
subsidies for Al-enabled sensors and
connectivity infrastructure, tax
incentives for aggrotech companies
serving smallholders, and regulatory
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frameworks that mandate transparency
and data protection can accelerate
equitable adoption (Fabregas et al.,
2019; Kremer et al., 2019). In particular,
public-private partnerships that combine
private sector innovation with public
sector reach and trust have shown
promise (Zimmer, 2018; Tsan et al.,
2019). Another key pathway is
integration with existing agricultural
extension systems (Aker, 2011; Cole and
Fernando, 2021). Al tools are most
effective when they are designed to
augment the capabilities of human
extension agents rather than replace
them, by providing decision support,
helping to prioritise farm visits and
enabling more personalised advice at
scale (Fabregas ef al., 2019; Tsan et al.,
2019). The notion of “digital extension”
as a complement to traditional face-to-
face extension needs careful attention to
the roles, incentives and training of
extension officers as intermediaries
between Al systems and farming
communities (Aker, 2011; Cole and
Fernando, 2021). A deployment-
oriented plant biotechnology research
agenda should include (Fabregas et al.,
2019; Tsan et al., 2019; Amar et al.,
2026): (1) development of lightweight
Al models suitable for edge-computing
on  inexpensive  hardware;  (2)
development of robust, diverse, and
openly available field-annotated datasets
for multiple environments, seasons, and
cultural practices; (3) systematic
evaluation of XAl methods for farmer-
facing explanations; (4) randomized
controlled trials to measure the
agronomic, economic, and social

impacts of Al deployment across
different farming systems; and (5)
comparative studies of participatory
design, governance, and financing
mechanisms to determine context-
appropriate implementation strategies.

Conclusion and future outlook

The integration of artificial intelligence
with plant biotechnology in recent years
has created a fundamental
transformation, steering research and
development in plant sciences toward
more precise, faster, and more predictive
systems. Deep learning-based multi-
omics analysis, increased precision of
genome  editing  with  off-target
prediction models, field-scale digital
phenotyping, early detection of biotic
and abiotic  stresses, and the
development of predictive breeding are
among the most important outcomes of
this technological integration. The
investigations conducted in this article
show that Al is capable of extracting
complex biological patterns that were
previously undetectable with traditional
methods and provides insights that
contribute to the development of high-
yielding, resilient plants adapted to
climate change. Furthermore, Al plays
an important role in increasing
efficiency, reducing costs, and
accelerating research and breeding
processes, and can bridge the gap
between big biological data and practical
decision-making.

Despite these opportunities,
challenges such as data quality,
heterogeneity of sources, model
interpretability, biosecurity, and ethical
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issues remain and require the
development of standardized
frameworks, more transparent
algorithms, and more responsible
approaches  to  deploying  this
technology. The overall conclusion is
that Al is not merely an auxiliary tool but
a  fundamental pillar in  the
transformation of the next generation of
plant biotechnology. Alongside data
quality and model interpretability, the
convergence of Al with gene editing and
synthetic biology presents dual-use
concerns (De Haro, 2024) — where the
same technologies developed for
beneficial crop improvement could
potentially be misused to develop
agricultural pathogens or disrupt food
systems (Dixit et al., 2024a). Biosecurity
frameworks for Al-designed genetic
sequences, screening protocols for DNA
synthesis orders, and international
governance mechanisms for Al-powered
biotechnologies are urgently needed but
still underdeveloped (De Haro, 2024;
Kim et al., 2025).

The future outlook for intelligent plant
biotechnology is a multi-layered,
interconnected future based on advanced
computational models. In the coming
decade, we expect foundation plant

models—similar to powerful language

models—to be developed as a unified
computational platform for analyzing,
predicting, and  designing plant
biosystems. Computational genome
design with the help of generative
models will accelerate the move toward
computational bio-design, enabling the
production of plants with optimized
traits for future climates (Fig. 8).
Alongside this, the plant digital twin will
become one of the main tools for
predicting  growth, yield, stress
responses, and evaluating management
scenarios, enabling researchers to
conduct virtual experiments with very
high precision. At the farm level, robotic
agriculture and self-learning systems
will play a decisive role. Ground robots
and drones equipped with multi-spectral
sensors and machine vision models will
upgrade farm management from the plot
level to the individual plant level. On the
other hand, the integration of omics data,
remote sensing, meteorology, and
phenotyping into intelligent cloud
systems will create large digital
networks that bring together all
biological and environmental
components in a single ecosystem,
revolutionizing plant breeding and
bioengineering.
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Future Perspectives of Al-driven
Plant Biotechnology

Designed Genome

Self-learning Systems

Plant Foundation Models

Figure 8: Future outlook of intelligent plant biotechnology, including novel genome design, robotic
agriculture, self-learning Al-based systems, and foundation models specifically for plant

sciences
Parallel to the development of these

technologies, the need to design ethical,
regulatory, and biosecurity frameworks
becomes increasingly important.
Establishing global standards for data
quality, model interpretability,
algorithmic transparency, and protection
of biological data is essential to ensure
public acceptance and foster sustainable
innovation. In summary, the future of
intelligent plant biotechnology is one in
which research, breeding, prediction,
and plant management are all conducted
within a fully intelligent digital-
biological cycle—a cycle that can
transform  global food  security,
agricultural productivity, and
environmental sustainability at an
unprecedented level.
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