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Abstract Drought stress severely constrains maize yields, posing a significant challenge to global food security. This study explores
the integration of genomic selection (GS) and machine learning (ML) methods to improve the accuracy of maize yield prediction
under drought conditions. First, we outline the principles of GS, highlighting its advantages over traditional breeding methods and its
growing application in drought-tolerant breeding. Next, we explore the application of various ML algorithms (such as random forests,
support vector machines, and deep learning) for crop yield prediction, along with their strengths and limitations in the context of
genomics. We then propose strategies for integrating GS with ML, including hybrid modeling frameworks and context-specific
optimization, and discuss recent trends and research advances. Particular emphasis is placed on drought-specific modeling
approaches that incorporate stress-responsive traits and evaluate their predictive accuracy under water-deficit environments. A case
study from sub-Saharan Africa illustrates the practical application of an integrated GS-ML prediction system and its implications for
climate-resilient maize breeding. Despite this promising outlook, challenges remain, including data heterogeneity, model
interpretability, and implementation barriers. This study summarizes the future prospects of advancing the integration of genomic
selection and machine learning (GS-ML) through technological innovation and its potential to support global climate-smart maize
breeding.
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1 Introduction

No one would object to the fact that corn plays a significant role in the global food supply issue. But the problems
are not small either, especially when there is a drought. During some critical growth stages, such as pumping or
filling, an untimely drought can cause a direct drop in yield. Moreover, in recent years, the weather has become
increasingly unreasonable (Zhang and Xu, 2024). Droughts not only occur more frequently but also cause much
greater damage. The traditional drought-resistant breeding methods have long been struggling. It's not that the
technology is lacking, but rather that the trait of drought resistance itself is troublesome, involving too many genes
and having significant environmental disturbances (Zhang et al., 2022). The result is that the same set of breeding
strategies may perform completely differently in various places. Low efficiency and slow pace will eventually
make it impossible to keep up with the express train of climate change. What should I do? Take another route. To
ensure that corn yields are not controlled by weather or mood, a faster and more accurate screening mechanism is
needed to pick out in advance those genotypes that can truly "withstand the pressure".

At this point, genomic selection (GS) becomes a powerful tool. It does not focus on a few key genes but takes the
entire genome together, using molecular markers to predict the potential of each variety. For the complex trait of
drought resistance, the applicability of GS is quite high. After all, it can handle all kinds of genetic effects, big and
small, without distinguishing between primary and secondary (Yuan et al., 2019). Of course, it's not a divine skill
either. When there is too much data and too many variables, especially when genotypes interact with the
environment, the model is prone to "overload" (Wang et al., 2025). At this point, relying solely on GS is indeed a
bit inadequate. So, it's time for machine learning (ML) to come into play. Methods like random forests, neural
networks, and support vector machines are particularly adept at handling complex data and nonlinear relationships.
Once they are combined with GS, the accuracy of prediction reaches a higher level (Saimon et al., 2023; Azrai et
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al., 2024). Ultimately, the combination of GS and ML is not for showing off skills, but to truly find a way to deal
with yield prediction in complex environments-especially under the increasingly normalized stress condition of
drought (Wu et al., 2024; He et al., 2025).

This study is not intended to propose a new method, but rather to systematically review the existing achievements:
This includes the challenges encountered in predicting corn yields under drought conditions, the application logic
and development progress of GS and ML in breeding, several real cases verifying the effectiveness of their
combination, as well as future directions worth paying attention to, such as how to build data infrastructure and
how policies can support to truly promote the implementation of these technologies in agricultural practice.

2 Genomic Selection in Maize Breeding

2.1 Principles of genomic selection (GS)

On the surface, GS is a modern breeding tool that "predicts traits using whole-genome molecular markers". It
sounds grand and sophisticated, but in essence, it's about using all the genotype information you have at hand,
regardless of whether it has a significant or minor impact, and then putting it all into the model for training-the
aim is to estimate the potential of each corn material in a certain trait, such as drought resistance. This is quite
different from the previous practice of selecting seeds by relying on a few principal QTLS. In the past, methods
focused on key points, but GS adheres to the principle of "leaving no one unchecked". Not only potent sites but
also those with minor effects are included. In this way, we can obtain the so-called genomic estimated breeding
value (GEBV), and then we do not have to rely entirely on phenotypes when making subsequent seed selection
decisions. Of course, there are many types of models, such as ridge regression, Bayes A/B, and random forest
methods, all of which are used to train prediction accuracy (Shikha et al., 2017; Nepolean et al., 2018). However,
which model to choose actually depends on the characteristics of the data. Sometimes, there is no "universal
answer".

2.2 Advantages over conventional breeding

To be honest, when it comes to drought-resistant breeding, traditional methods are indeed not very easy. For
decades, breeding experts have been struggling with the old problems of "low heritability, significant
environmental interference and slow progress", especially when it comes to complex traits, they find it even more
difficult to take steps forward. But the emergence of GS has torn a new knot in this deadlock. It doesn't wait for
the corn to grow out to observe its performance, but rather determines in advance-at the seed stage or even
earlier-whether this plant is worth continuing to cultivate through genetic information (Chen, 2024). The benefits
of this "early judgment" are obvious: it saves time, reduces experimentation, and also avoids wasting resources on
materials with little potential. For those who are in a hurry to shorten the breeding cycle, GS is more like a
speed-up tool. However, GS is not just about being fast. It can also be "multi-functional"-not only considering
drought resistance, but also taking into account other traits simultaneously, such as yield, plant type, and even
quality. This kind of multi-objective improvement is almost impossible to achieve in traditional methods, or rather,
it is extremely inefficient. Some studies simply rely on figures: under drought conditions, using the GS method
can increase the yield of corn by approximately 7.3% (Vivek et al., 2017; Das et al., 2021). This extent, when
placed in actual production, is already a considerable gain-not a theoretical improvement, but a real increase in
money.

2.3 Application to drought tolerance

When it comes to application, the performance of GS in drought-resistant breeding of corn is obvious to all.
Especially in those regions with intense climate change and frequent droughts, GS has significantly improved the
efficiency of seed selection. The efficiency of trying one piece at a time as in the past is far from sufficient.
Nowadays, researchers have been able to predict in advance the performance of certain corn strains under drought
by modeling whole-genome SNP data. Not only that, these models can also identify key genetic factors related to
the drought resistance response mechanism, such as root development, stomatal regulation, and even hormone
signals (Figure 1) (Liu and Qin, 2021; Sheoran et al., 2022). More detailed approaches also include the
introduction of multi-environmental test data, taking into account both additive and dominant effects to adapt to
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the differences in drought among different production areas. Some people have combined GS with
high-throughput phenotypes and initiated a rapid breeding cycle. The results also proved that in an environment
prone to drought, this set of combined measures can indeed bring visible genetic gains (Dias et al., 2018), laying
the foundation for the promotion of climate-adapted corn varieties.
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Breeding for drought-tolerant hybrids.

Figure 1 Effect of drought stress on maize growth and development and the research strategy for the trait improvement. a. An
illustration describing the morphological changes that occur in plants in response to drought stress. b. The physiological and cellular
responses that occur in maize in response water-deficit conditions and lead to reductions in growth and yield. ¢ Schematic of the
research strategy employed in genetic dissection of maize drought resistance for trait enhancement (Adopted from Liu and Qin,
2021)

3 Machine Learning in Maize Crop Yield Prediction

3.1 Types of ML algorithms used

The number of machine learning methods currently used to predict corn yields is not an exaggeration. From the
earliest linear regression model to the current situation where neural networks and ensemble algorithms are all at
work. Traditional methods like Lasso and ridge regression, although "old", still have their place in some simple
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problems. In recent years, however, people's focus has clearly shifted towards tree-based ensemble methods such
as Random Forest (RF) and XGBoost, as well as classic nonlinear models like Support Vector Machine (SVM).
Deep learning has not been idle either. Architectures such as CNN and LSTM have gradually emerged in breeding
research, especially in those involving time series or image processing (Kang et al., 2020; Cheng et al., 2022).
However, whether an algorithm is new and cool or not has nothing to do with whether it is "easy to use" or not.
Some studies have instead found that XGBoost and RF are more reliable in terms of prediction accuracy and
stability than certain deep learning models (Tahi et al., 2024). So, when it comes to different data and problem
scenarios, no algorithm can be a one-size-fits-all solution. It's still necessary to "select the type as needed".

3.2 Advantages of ML in breeding contexts

In fact, it's not that no one uses traditional methods; it's just that in some situations they really can't handle them.
For example, what factors affect the output? Genotype, climate, management methods... These factors are
intertwined, and the relationship is complex and non-linear, which conventional statistical methods simply cannot
sort out. Machine learning, however, has no such concern. It doesn't care whether your underlying logic is clear or
not. As long as there is sufficient data, it can learn something from it. There is another practical problem: the data
is too diverse. Genomic information, remote sensing images, weather records, soil parameters... These data have
different sources and structures, but ML can still swallow them all up to run the model. This ability is precisely
one of its greatest advantages over traditional regression (Guo et al., 2023; Miao et al., 2024). For breeders and
farmers, it never hurts to know more about the situation earlier. ML models can provide predictions in the early
stage of crops and also use feature analysis to identify which factor has the greatest impact on yield (Wu et al.,
2024). This not only helps in selecting materials, but also facilitates subsequent planting management and
resource allocation.

3.3 Challenges in ML application to genomics

Although it sounds like machine learning has a promising future in the application of genomics, there are also
many problems in actual operation. First of all, you need to have a large amount of high-quality data and clear
labels; otherwise, how can the model learn? Besides, genomic data itself has too high a dimension, and it is easy
to overfit if one is not careful. The interpretability of deep models is another troublesome point. The trained
accuracy rate may be very high, but if you ask it why it makes such a prediction, it is hard for it to explain clearly
(Shahhosseini et al., 2019; Abbasi et al., 2025). Especially when you are dealing with a multi-environment and
multi-group data scenario, a model that performs well in one place does not necessarily mean it can be smoothly
transferred to another for use. Furthermore, the formats of genomic, phenotypic, and environmental data are
inherently inconsistent. To integrate them into a single model is not only a matter of computing power but also
technically challenging (Van Klompenburg et al., 2020). If these obstacles are not overcome, ML will also find it
difficult to fully realize its true potential in corn breeding.

4 Integrating Genomic Selection and Machine Learning

4.1 Rationale for integration

In fact, putting GS and ML together is not out of the pursuit of some kind of "theoretical integration”, but rather a
result of pragmatism. After all, in the field of breeding, there are too many complex variables. Relying solely on
one set of methods often leads to neglecting one aspect for another. GS has a set of methods for processing
genomic data, which can provide genomic breeding values for each material. ML is more flexible and adept at
handling nonlinear and multi-dimensional data structures, such as environmental factors and phenotypic
information. It can also capture these. However, if we talk about the greatest use of the combination of the two, it
is still to improve the accuracy of prediction in a variable environment-especially for traits like drought resistance
that are influenced by both genotype and environment (Varshney, 2021). In the current situation where climate
change is becoming increasingly uncontrollable, how to stabilize the output of crops such as corn has become
even more urgent.
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4.2 Integration strategies

Nowadays, integrating GS and ML is not uncommon, and the practices are also increasing. Some research studies
choose to process the data uniformly first, and then feed the genomic, phenotypic and environmental data together
using models such as random forests or deep neural networks. This approach is also often referred to as
"multimodal fusion", with the aim of enhancing the overall prediction performance. Some teams also adopt the
approach of transfer learning, first training their models on datasets related to output and then fine-tuning them to
the target data-the TrG2P framework does it this way. The advantage of this strategy is that it can utilize data that
are not direct production indicators, helping the model learn useful information more quickly. In addition, some
people are more sensitive to the "explanatory power of models" and tend to use deep learning models with
attention mechanisms. This way, they can see which variables have the greatest impact (Togninalli et al., 2023).
Another approach is simply to start with variable screening. Through feature selection techniques, SNPS or
environmental factors with large amounts of information can be picked out in advance, which not only reduces the
dimension but also lowers the risk of overfitting (Bayer et al., 2021; Sirsat et al., 2022). Of course, which features
are useful varies from data to data and there is no absolute answer.

4.3 Current research trends

At present, many studies are attempting to use GS in combination with ML to enhance the accuracy of yield
prediction for different crops in various environments. Compared with traditional methods, multi-omics and
multi-modal machine learning models perform more stably overall, especially when considering high-throughput
phenotypic and environmental data simultaneously, their advantages are more obvious. Methods like transfer
learning and deep frameworks are receiving increasing attention because they can utilize data with complex
structures and related traits. It has recently been reported that the accuracy rate of predicting corn yield through
these methods has increased by approximately 6.8% (Li et al., 2024), which is not a small figure. But don't
overlook some hidden issues either: for instance, although the model is accurate, can it still work well in other
environments? How can different types of data be unified? And whether breeders feel "handy" when using it-all
these require corresponding tools and platforms to be addressed. Not to mention the issues of infrastructure such
as policies, data platforms and hardware. If these links are not kept up, if this set of combined measures is to be
applied to large-scale breeding projects, many detours may still be needed.

5 Drought-Specific Modeling Approaches

5.1 Incorporating drought response traits

Not all yield prediction models take drought resistance traits into account, but this has become increasingly
common now. Especially those physiological or agronomic indicators that can directly reflect the plant's response
to water stress, such as SPAD (relative chlorophyll content), LAI (leaf area index), flowering and silk production
time, as well as stress resistance index (STIL, DTI), etc., are often regarded as important variables and incorporated
into statistical or machine learning models. The combination of the values SPAD and LAI works quite well. Some
studies have observed that during the VT stage of corn, the correlation between them and yield is the most obvious
(Szeles et al., 2023). But this does not mean that other stages are unimportant; it's just that this correlation may
change. In breeding practice, some studies have gone further by introducing the multitrait index and the
calculation method of "distance between genotype and ideal type" to pick out more drought-resistant materials
(Kumar et al., 2022). In addition, incorporating the mark-trait association information related to drought resistance
into genomic prediction models has indeed improved the accuracy of yield prediction under stress conditions,
especially for those complex polygenic control traits.

5.2 Environment-specific modeling

Drought is not the same every year or everywhere, which poses a challenge to modeling. Environment-specific
modeling aims to address this issue. It hopes to make the prediction framework more detailed by taking into
account the temporal and spatial variations in drought occurrence. Remote sensing or process indicators such as
solar-induced chlorophyll fluorescence (SIF), soil moisture simulation values, and cumulative drought index (CDI)
have all been widely used as tools to describe drought conditions in recent years. If these variables are added to
the model, the prediction accuracy can be significantly improved-especially in years with particularly severe
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drought (Vergopolan et al., 2020; Wang et al., 2023). Furthermore, some hybrid methods are also being used, such
as combining biophysical crop models with ML, training the models with data across years and regions, and the
resulting predictions often hold water in different drought scenarios (Attia et al., 2022; Wang et al., 2022; Li et al.,
2023).

5.3 Evaluation of prediction performance under drought

It is not enough to merely judge whether a model runs accurately in a certain year or a certain place. A truly
reliable model needs to be able to stand the test of many years, multiple regions, and various drought intensities.
This is also why many current studies are conducting cross-environment model evaluations. Some models use
genetic algorithms or feature selection to optimize their structure, and the prediction results are indeed quite
impressive. For instance, the predicted R? for production can reach 0.92, and the resilience index (such as STI)
also has a level of 0.82, which is already quite good. The introduction of drought-specific factors such as SIF, CDI,
and soil moisture has also helped the model maintain high stability in extreme years (Shuai and Basso, 2022; Luo
et al., 2024). However, to be fair, not all models can handle extreme situations perfectly. Some models still have
the problem of "underestimating production loss due to extreme drought", which is quite likely to be exposed in
practice (Amiri et al., 2022; Bueechi et al., 2023). This indicates that we still need to continue to strengthen the
mechanism construction of the model in terms of drought response.

6 Case Study: Integrated Prediction System for Drought-Tolerant Maize in Sub-Saharan
Africa

6.1 Background and objectives

Sub-saharan Africa (SSA) is not short of sunlight or arable land, but the food problem has never been solved. The
reasons are very complex. Among them, drought is the most direct and common limiting factor affecting corn
yield. Especially in some areas where water resources are already tight, poor harvests for several consecutive
seasons are the norm. Therefore, drought-resistant corn varieties, along with a reliable yield prediction system,
become particularly crucial. The SSA region is promoting an integrated prediction framework, with a clear goal:
to integrate genomic, remote sensing, meteorological and environmental data and use machine learning to predict
corn yields under drought conditions (Ndlovu et al., 2024). This not only serves breeding projects but also aims to
provide some more practical reference information for farmers and policymakers.

6.2 Model development and integration

Not all models can be truly implemented. Many solutions run very fast in the laboratory, but once they are put into
practical application, they fail to adapt to the local environment. But what the SSA team did this time was a bit
different. They did not start from the top-level design but from the local demands, prioritizing the issue of
"locality" first. One of the core data sources of the model is Earth Observation (EO) data. Such as rainfall, water
availability, extreme temperatures, number of drought days... All these indicators have been integrated into the
system, and the time scale has been refined to the sub-month level. Don't underestimate this detail. The significant
improvement in prediction performance is largely supported by it. As for the genetic aspect, they used the
RR-BLUP model in the multi-environment corn experiment and identified many key quantitative trait nucleotides
(QTN) and candidate genes related to drought resistance. Furthermore, they also incorporated the results of
GWAS for verification, which helps improve prediction accuracy and makes the model output more biologically
explanatory (Amadu et al., 2025). It is worth mentioning that they did not stop at making predictions. Instead,
they used big data platforms and spatial modeling to precisely "deliver" these drought-resistant materials to
high-risk drought areas. In this way, the materials cultivated will not be "selected well but not put to use".

6.3 Outcomes and implications

Ultimately, whether a system is worth promoting depends on whether it can truly be "put into use". At least in
terms of on-site performance, this system of the SSA team has passed the test. Just in terms of yield prediction, the
model's accuracy during the corn growing season is quite good, with a Nash-Sutcliffe efficiency value exceeding
0.6 and an average relative error controlled within 20% (Lee et al., 2022). This level of accuracy is not only
sufficient for research but can also be used for early warning and making decisions on grain dispatching. In terms
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of breeding, they have also screened out multiple potential drought-tolerant haplotypes and candidate genes
through the system. This is of direct significance for the subsequent selection of more stable yield strains. But
what is truly impressive is the geospatial analysis they conducted. In areas with a high incidence of drought, after
planting these drought-resistant materials, the yield can be 5% to 40% higher than that of commercial varieties.
This range sounds like a large fluctuation, but in reality, even a 10% gap is very realistic for farmers' income
(Tesfaye et al., 2016). Of course, the issues of scalability and infrastructure have not been completely resolved
yet-such problems are not uncommon in Africa. But taking a step back, this case at least shows that combining
genomic data, remote sensing information and machine learning technology is a promising path, especially for
regions like SSA that are greatly affected by climate change, which may indeed bring about some changes.

7 Challenges and Limitations

7.1 Data-related constraints

Not to mention how the model is built, many problems actually get stuck at the "data" step. Methods like genomic
selection and machine learning rely particularly on a large amount of high-quality data when it comes to
predicting corn yields under drought conditions. But what about the reality? Although high-throughput genotyping
and phenotypic analysis generate a large amount of data, they are often incomplete, noisy, or have an unbalanced
distribution of variables. Especially the data related to drought, the degree of standardization is generally not high
(Tong and Nikoloski, 2020). Often, data from different environments are difficult to concatenate, with a lack of
vertical information and incomplete annotations. This makes model training very challenging, not to mention
generalization ability. Moreover, when there is a large amount of omics data, it is prone to dimensional explosion.
If feature screening or dimensionality reduction is not done well, overfitting is very likely to occur. The model
may seem very accurate on the surface, but in reality, it is unstable.

7.2 Model interpretability and biological relevance

Some models do make good predictions, but if you really ask them "Why do you predict like this?", they can't
explain it clearly either. This kind of "black box" problem is particularly common in complex models such as deep
learning and ensemble methods (Mal ey et al., 2021). Moreover, no matter how accurate the model is, breeders are
more concerned about: which genes and which environmental variables are truly effective? If this issue is not
clarified, actual breeding decisions will be hesitant. Although some methods, such as attention mechanisms and
feature importance analysis, are attempting to make models "speak human language", they are far from enough to
turn these results into truly actionable and verifiable biological knowledge (Shook et al., 2020). So a core question
remains unsolved: Can the model capture the interactions between those real and biologically significant
genotypes and the environment? If not, even if the prediction is extremely accurate, it will be very difficult to be
truly put into use.

7.3 Practical implementation barriers

No matter how beautiful a model is built, if it is not used in the end, it is just for show. The integration technology
of GS and ML does have potential, but in practical operation, problems keep emerging one after another. First of
all, it has relatively high requirements for resources. No matter how powerful a model is, there must be someone
who can run it. To have sufficient computing power, there must be someone to manage the data and a team that
can understand the model and adjust the parameters. These conditions are not available in many regions,
especially in areas with weak breeding foundations, where they are simply "unusable". Another problem that is
not easy to solve is-poor mobility. A model that works well in location A may not adapt to the local environment
in location B. When the variety changes or the environment changes, the effect is compromised and re-training
and re-validation are required (McBreen et al., 2025). This means that you want to rely on a universal model to
cover all breeding scenarios? Ideals may be full and rich, but reality may not buy them. And there is another point
that is often overlooked: people. Whether the policies can support it and how well the digital infrastructure is built
are one aspect. More importantly, have breeders and data scientists been properly trained? If people can't keep up,
this entire system will eventually be hard to be truly implemented. Ultimately, the integration approach of GS-ML
is not without prospects; it's just that the road ahead has not yet been paved. No matter how advanced the
technology is, if no one uses it or uses it poorly, it can only remain at the stage of being "beautiful on paper".
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Figure 2 Number of significantly associated QTNs detected by each of the seven GWAS models implemented in this study. A
Number of QTNs/SNP detected for grain yield (GY); days to 50% anthesis (AD); days to 50% silking (SD); Anthesis-Silking interval
(ASI); plant height (PH), eight height (EH), ear-plant height ratio (EPH) and ear per plant (EPP) under drought condition (B).
Number of QTNs/SNP detected for grain yield (GY); days to 50% anthesis (AD); days to 50% silking (SD); Anthesis-Silking interval
(ASI); plant height (PH), eight height (EH), ear-plant height ratio (EPH) and ear per plant (EPP) under optimum condition C.
Number of QTNs detected by the eight GWAS models under drought condition (D) Number of QTNs detected by the eight GWAS
models under Optimum condition (E) Chromosomal Distribution of QTN effects. The circle diameter is proportional to the absolute
value of the QTN effect. The colors indicate the direction of the effects: red indicates negative QTN effect, and blue indicates
positive QTN effect. F Chromosomal distribution of QTNs based on seven GWAS methods. The x-axis indicates genomic locations
by chromosomal order, and the significant QTNs are plotted against genome location. Each row represents one QTN identified by a

Chromosomes

different method (Adopted from Amadu et al., 2025)
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8 Future Perspectives and Concluding Remarks

In recent years, the pace of the breeding field has indeed changed, so fast that it has caught people off guard. In
the past, it would take at least seven or eight years or even longer for a variety to go from breeding to promotion.
But what about now? With high-throughput genotyping, multi-omics data and an automated phenotypic platform,
the efficiency of many links has been improved by more than a little. But these alone are not enough. It is not
uncommon for genetic effects to be handled. The key point is that models are now daring to deal with things that
were previously difficult to handle, such as non-additive genetic effects, the interaction between genotypes and the
environment, and the indescribable interrelationships between traits. Machine learning has indeed come in handy
in this regard, especially as model structures have become increasingly complex. However, no matter how
powerful the technology is, it is impossible to master it all by oneself. Things like deep learning, pan-genomics,
and Al algorithms, which sound very trendy, can only remain at the level of academic papers in the end without
platform support and tool matching. Fortunately, in recent years, many integrated platforms and open-source tools
have emerged, at least giving us a glimmer of hope-these models may really have the chance to move from the
laboratory to the fields.

How can breeding respond to climate change? No one can give a universal answer. But at least one thing is clear:
the future breeding process needs to be more "climate-smart". That is to say, not only should high yields be
pursued, but also adaptability and stress resistance should be taken into consideration. To achieve this, relying
solely on traditional methods is far from enough. The integration of GS-ML is precisely part of this new path. It
can help breeders identify materials that can truly "withstand" extreme weather more quickly. However, to make it
run, it requires far more than one model-cross-regional data integration, environmental variable access, and
multi-trait collaborative modeling-all of which are indispensable. And there are also quite a few practical
problems. From data sharing and standard setting among institutions, to the construction of digital infrastructure,
and then to the connection and collaboration between breeders and data scientists, every step requires people to do
it, money to invest, and a willingness to cooperate. Without solving these problems, the value of technology will
also be difficult to be fully released.

But then again, don't be dazzled by the "coolness" of the technology itself. The integration of GS and ML is not
merely about achieving a few more percentage points of accuracy, but rather offers the opportunity to redefine the
breeding process itself, especially in the face of extreme conditions like drought. Of course, there are still quite a
few problems. The data is still lacking, the interpretability of the model has not kept up, and the threshold for
implementation is also high. These are all realities blocking the way and cannot be resolved in a year or two. But
if we can truly make some breakthroughs in these difficult areas, especially by facilitating cross-disciplinary
cooperation and integrating what each party excels at, those changes that once seemed distant might come in the
blink of an eye. The future is hard to predict, but it's not completely unprepared. Against the backdrop of
increasingly unstable climate, these technologies might just become one of the key supports for the food system.
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