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Abstract With the intensification of climate change and the continuous transformation of agricultural production methods, the
extent to which eggplant yields are jointly influenced by fertilizer management and climatic conditions has become increasingly
evident. Focusing on fertilization factors and climatic variables as the core subjects of inquiry, this study systematically analyzes the
mechanisms by which temperature, precipitation, humidity, and fertilizer inputs affect eggplant yield formation, while also exploring
the interactive effects between climate and fertilization. To this end, regional meteorological data, soil nutrient data, and field yield
data were collected to construct an eggplant yield prediction model based on a combination of statistical analysis and machine
learning techniques. The research focuses on variable selection, feature engineering, model training, and the optimization of
predictive performance, while also comparing the differences in predictive accuracy and stability between regression models and
machine learning algorithms. The results indicate that temperature fluctuations, soil moisture conditions, and nitrogen fertilizer inputs
are critical factors influencing eggplant yields, and that the coupled effects of these multiple factors can significantly enhance the
accuracy of the prediction model. A case study further validates the model's applicability within regional agricultural production
contexts, providing a scientific basis for precision fertilization management, agricultural risk assessment, and smart farming
decision-making. This study holds significant theoretical and practical implications for improving eggplant production efficiency,
optimizing resource utilization, and fostering sustainable agricultural development.
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1 Introduction

Eggplant (Solanum melongena L.) is a widely cultivated vegetable valued for its nutritional quality, including
minerals, vitamins, and antioxidant phenolics that contribute to human health and dietary diversity (Basay et al.,
2025). It also plays an important economic role, providing income for smallholders and contributing substantially
to vegetable production in many countries, yet yields in several regions remain below global averages (Oladosu et
al., 2021; Dollison and Tapas, 2024). At the same time, agriculture faces mounting pressure from climate change,
with shifts in temperature and rainfall patterns already constraining productivity and threatening food and
nutrition security, especially in vulnerable regions (Chioti et al., 2022; Kuradusenge et al., 2023). In this context,
improving the stability and predictability of eggplant yield under varying fertilization regimes and climate
conditions is critical for both farmers’ livelihoods and broader food system resilience.

Fertilization management is a central lever for enhancing eggplant productivity, fruit quality, and nutritional value.
Numerous studies show that optimizing macro- and micronutrient supply-through mineral NPK fertilizers, organic
amendments, and foliar micronutrients-can significantly increase growth, yield components, and nutrient content
of eggplant fruits and seeds (Bana et al., 2022). Integrated nutrient management approaches, combining chemical
fertilizers with biofertilizers and micronutrients, have further improved yield and quality, and have been
successfully modeled using data-driven techniques such as artificial neural networks to identify key nutritional
predictors of yield and protein content (Thingujam et al., 2020). However, many fertilization recommendations are
still static, and rarely account for interactions with variable weather, despite the fact that fertilization efficiency
and crop response can be strongly modulated by temperature and moisture regimes (Gad, 2023; Chandio et al.,
2025).
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Climate variability and change are increasingly recognized as major drivers of year-to-year yield fluctuations
across a wide range of crops. Analyses of long-term data link changes in temperature, rainfall, and the length of
the rainy season to substantial variations in yields, with higher temperatures and drought often reducing
productivity, while adequate or increased rainfall can partially offset these negative effects (Chioti et al., 2022). At
the same time, recent work has demonstrated that combining environmental variables (such as temperature,
precipitation, and evaporation) with fertilizer use data in predictive models can greatly improve crop yield
forecasting performance, supporting more informed agronomic decisions (Burdett and Wellen, 2022; Krishnadoss
and Ramasamy, 2024). Despite this progress, there is a notable gap regarding eggplant-specific yield prediction
frameworks that jointly consider fertilization practices and climate variables, even though eggplant is sensitive to
both soil fertility and temperature stress, including low-temperature constraints in certain seasons (Osman et al.,
2021; Badshah et al., 2024).

This study addresses these gaps by developing a predictive framework for eggplant yield based on fertilization
and climate variables, with the goal of supporting climate-smart nutrient management. Building on evidence that
data-driven and machine learning models (such as random forests, ensemble approaches, and neural networks) can
accurately capture complex, nonlinear relationships among weather, input use, and yields in other crops and
regions, this work tailors such concepts to eggplant systems. The specific objectives are to quantify the combined
and individual effects of fertilization regimes and key climate factors (e.g., temperature and rainfall) on eggplant
yield, construct and evaluate predictive models that use these variables to estimate yield, and identify the most
influential features governing yield variability to inform practical management guidelines. By integrating
fertilization and climate information into a unified predictive approach, the study aims to contribute a scalable tool
and empirical insights that can enhance fertilizer recommendations, reduce climate-related yield risks, and
ultimately support more sustainable and resilient eggplant production.

2 Influence of Climate Variables on Eggplant Production

2.1 Effects of temperature variability on yield formation

Open-field work using growing degree days (GDD) shows that eggplant accessions requiring fewer accumulated
heat units to first fruiting achieve higher productivity; in a Caribbean environment without temperature extremes
(<15 °C or >35 °C), yields above 80 t ha™! were obtained, indicating that thermally suitable sites allow full yield
potential expression (Pacheco et al., 2019). Greenhouse studies reveal curvilinear temperature responses of fruit
number and total yield, with lower yields when temperatures deviate from an optimum that depends on light
intensity, reinforcing the non-linear nature of temperature-yield relationships.

Physiological research indicates that temperatures below about 17 °C slow growth, and near 10 °C induce
metabolic disturbances, impairing membrane stability, water relations, chloroplast development, and
photosynthetic efficiency, all of which ultimately reduce fruit set and yield (Shimira and Tagkin, 2022).
Conversely, excessive heat accelerates development and can depress fruit set in vegetable crops, shortening the
period for photoassimilate accumulation and causing yield loss, so yield prediction must account for both cold and
heat stress windows around the crop’s optimal growth range.

2.2 Impact of rainfall and soil moisture on crop productivity

A multi-year field trial in a moderate climate showed that eggplant yield depended strongly on both air
temperature and total rainfall, with the highest yields obtained when high mean temperatures coincided with
evenly distributed rainfall; periods of very low or absent rainfall shortened the harvest period and delayed first
fruiting. In the Colombian Caribbean, rainfall largely met crop evapotranspiration, supplemented by irrigation to
maintain soil at field capacity, and under these favorable moisture conditions no critical drought episodes occurred,
supporting high yields across genotypes.

Deficit irrigation studies using field capacity (FC) as a benchmark demonstrate that, under subsurface infiltration

irrigation, reducing soil moisture from 80% to 60% FC during early and mid stages can be tolerated with limited

yield reduction, but deficits during the prime fruit stage markedly decrease yield and plant growth traits (Li et al.,

2024). Complementary deficit drip irrigation work on sandy clay loam soils found maximum yield and irrigation
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water use efficiency at about 75% FC, with both lower and higher soil moisture leading to reduced productivity,
indicating an optimum soil moisture band for yield formation (Ouma et al., 2024).

2.3 Relationship between humidity conditions and plant health

Eggplant health is strongly influenced by humidity through its effects on fungal and bacterial disease development.
In humid subtropical environments, high relative humidity and moderate temperatures were associated with
substantial incidences of Phomopsis fruit rot and Cercospora leaf spot, with fruit rot increasing roughly tenfold
over 30 days under mean temperatures around 23.7 °C and 55.5% relative humidity, and leaf spot rising fivefold
when average temperature was 18.2 °C with morning humidity near 88%. Broader reviews of eggplant fungal
diseases emphasize that environmental factors-particularly moisture and temperature-interact with host genetics to
drive pathogenesis and yield loss, underscoring humidity as a key variable in risk-based yield prediction
(Kaniyassery et al., 2022).

For Alternaria leaf spot, field monitoring across sowing dates showed disease intensity to be positively and
significantly correlated with both maximum and minimum temperatures, but negatively correlated with morning
and noon relative humidity; rainfall also showed a negative (though non-significant) association with disease
intensity (Sharma et al., 2025). Other pathosystems, such as Verticillium wilt under greenhouse conditions,
demonstrate that disease severity significantly reduces early and total yield and plant biomass, while irrigation
frequency (and thus soil moisture regime) also affects plant performance, indicating that combined humidity, soil
moisture, and pathogen pressure must be integrated into plant health and yield models.

3 Interaction Between Fertilization and Climate Factors in Yield Formation

3.1 Coupling effects of water and fertilizer management

Water-fertilizer coupling directly shapes crop growth environments by synchronizing soil moisture and nutrient
availability, thereby affecting yield formation, resource use efficiency, and environmental impacts (Xing et al.,
2024). In eggplant systems under mulched drip irrigation, factorial combinations of irrigation levels and nitrogen
rates show that both water, nitrogen, and their interaction significantly alter evapotranspiration, yield, and water
productivity, with mild water deficit plus moderate nitrogen achieving the highest yield and water productivity
(Zhou et al., 2023). Similar coupling principles have been generalized across crops, where appropriate
water-fertilizer ratios enhance soil physical structure, microbial activity, and nutrient mineralization, thus
improving crop performance while reducing fertilizer loss and environmental pressure.

Studies in cold and arid oasis environments further indicate that eggplant yield, fruit quality, and water- and
nitrogen-use efficiency are jointly governed by irrigation-nitrogen interactions, with mild water deficit (60%-70%
field capacity) and moderate nitrogen rates outperforming both lower and higher inputs (Li et al., 2025). These
results align with broader reviews of water-fertilizer coupling, which report that optimized coupling improves soil
structural stability, microbial diversity, and enzyme activity, and that intelligent drip fertigation systems can
enhance water use efficiency while lowering nutrient leakage and pollution risks (Xing et al., 2024). Together, this
evidence highlights water-fertilizer coupling as a key mechanism through which management and
climate-modulated water supply co-determine yield.

3.2 Climate-dependent fertilizer efficiency

Fertilizer efficiency is strongly modulated by climatic conditions, particularly temperature and rainfall regimes
that influence nitrogen uptake pathways, losses, and crop demand. Long-term simulations for wheat-maize
rotations under future climate scenarios show that, even with unchanged cultivars, warming and altered rainfall
patterns reduce annual nitrogen use efficiency by about 15%, with manure-amended systems partly buffering
these negative impacts by sustaining soil organic matter and nutrient supply. In rice systems, meta-analysis across
climatic gradients finds that mean seasonal temperature and precipitation, along with fertilizer N rate and soil
properties, jointly explain regional differences in agronomic efficiency, N recovery, and reactive nitrogen losses,
underscoring that identical fertilizer rates can perform very differently under contrasting climates (Cai et al.,
2022).
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Experimental warming studies using 15N tracers confirm that modest temperature increases can lower fertilizer
nitrogen recovery and increase nitrogen losses even when grain yield remains unchanged, indicating a hidden
decline in fertilizer efficiency under warming. At a broader scale, analyses of nitrogen fertilizer use and climate
interactions for maize reveal that higher temperatures and extreme heat days can diminish the yield benefits of
nitrogen, while favorable growing-degree days and adequate precipitation enhance the marginal return to N, with
optimal nitrogen rates shifting across climate gradients (Huang et al., 2024). These findings demonstrate that
fertilizer recommendations and efficiency metrics cannot be treated as static, but must be adjusted to local and
evolving climate conditions.

3.3 Synergistic effects of multi-factor agricultural inputs

Yield responses to fertilization rarely depend on nutrients alone; instead, they emerge from combined effects of
climate, soil, and multiple input levels. Meta-analysis of maize fertilization across Northeast China shows that
moderate NPK rates increase yield by about 20% and improve protein and fat content, but the magnitude of yield
and quality gains depends on precipitation, temperature, soil pH, and soil nutrient status, with soil organic matter
and available phosphorus identified as dominant drivers of fertilization benefits (Gao et al., 2025). At the process
level, a global synthesis of nutrient interactions indicates that most macronutrient combinations act synergistically
on yield when both are deficient, whereas certain divalent cation combinations can be antagonistic, implying that
multi-nutrient strategies must be designed to exploit synergy while avoiding negative interactions.

Multi-factor management that couples irrigation, nitrogen, and delivery method can further amplify positive
interactions. A large meta-analysis across Chinese cropping systems shows that drip fertigation-combining precise
water and N supply-raises yield by 12%, water productivity by 26%, and nitrogen use efficiency by 34%, while
reducing evapotranspiration compared with traditional irrigation and broadcasting fertilization (Li et al., 2021).
Complementary analyses of irrigation-nitrogen combinations in maize and wheat demonstrate that joint
application of irrigation and N typically increases yield by 9%-17% relative to controls, though the effect size
varies with climate and soil, highlighting the importance of context-specific optimization of multiple inputs (Cui
et al., 2024). Such evidence supports modeling approaches that integrate fertilization, water management, and
climate variables when predicting yield and designing climate-resilient fertilization regimes.

4 Construction of Eggplant Yield Prediction Models

4.1 Selection of fertilization and climate variables

The selection of input variables is crucial for robust eggplant yield prediction, particularly when combining
fertilization and climate information. Systematic reviews of crop-yield ML studies show that temperature, rainfall,
soil type, humidity, and fertilizer-related variables are among the most frequently and successfully used features
for yield estimation (Jabed and Murad, 2024; Shawon et al., 2024). Other work that jointly models environmental
and chemical inputs demonstrates that precipitation, temperature, evaporation, wind speed, and chemical
(fertilizer) use together can explain a large share of yield variability, supporting their inclusion in compact yet
informative feature sets (Krishnadoss and Ramasamy, 2024).

At the same time, models that explicitly incorporate nutrient levels (e.g., NPK) with climatic variables such as
temperature, rainfall, and humidity can generate highly accurate crop recommendations and yield responses,
indicating that these variables effectively capture plant-environment-management interactions (Dey et al., 2024).
Broader ML applications in agriculture reinforce that features related to soil fertility, water availability, and
weather conditions (including meteorological variables and season) are central drivers of crop output and must
therefore be prioritized in variable selection for eggplant yield prediction under different fertilization regimes
(Figure 1) (Gupta et al., 2022; Sharma et al., 2023).

4.2 Data processing and feature engineering

Accurate prediction requires careful preprocessing to transform raw agronomic and climatic records into

machine-learning-ready datasets. Studies on crop yield prediction typically perform data cleaning, normalization,

and integration of heterogeneous sources (weather, inputs, yield) as early steps, sometimes engineering new

targets such as yield per area from production and land area data to better reflect productivity (Iniyan et al., 2023;
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Sarikonda et al., 2025). To avoid bias and overfitting, workflows also emphasize correct partitioning schemes and
prevention of information leakage, along with modular feature creation from weather, soil, remote sensing, and
crop-model outputs (Paudel et al., 2020; Morales and Villalobos, 2023).
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Figure 1 Conceptual framework of key input variables used in machine learning-based eggplant yield prediction models. Climate,
soil, fertilizer, and environmental variables jointly influence prediction accuracy and crop productivity responses

Feature selection and extraction are key to reducing redundancy and improving generalization. Relief-based
feature selection and linear discriminant analysis have been used to isolate the most discriminative predictors
before training support vector machines, k-nearest neighbors, and random forests for yield classification or
regression (Gupta et al., 2022). Hybrid approaches combine correlation-based filters, clustering, and recursive
feature elimination to build reduced, information-rich datasets that, together with optimized support vector
regressors, substantially improve prediction accuracy while lowering computational cost, illustrating the value of
systematic feature engineering pipelines (Abdel-Salam et al., 2024).

4.3 Development of statistical and machine learning models

A wide range of statistical and ML algorithms has been applied to crop yield prediction, offering guidance for
constructing eggplant-specific models. Linear regression, random forest, gradient boosting trees, and related
methods are among the most widely used, with random forest and boosting-based techniques often achieving
strong performance across diverse environments and crops (Mahesh and Soundrapandiyan, 2024; Shawon et al.,
2024). Ensemble models that integrate multiple learners (e.g., Extra Trees, gradient boosting, or stacked
approaches) have repeatedly reached very high R? and low error metrics, suggesting that ensemble strategies are
promising for capturing complex fertilization-climate-yield relationships (Iniyan et al., 2023; Nossam et al.,
2024).

For eggplant specifically, machine learning models using spectral vegetation indices, days after planting, and
irrigation-related coefficients have successfully predicted yield; principal component analysis-based inputs
combined with artificial neural networks achieved very high accuracy, indicating that nonlinear models can
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effectively exploit engineered features (Tasan et al., 2022). Gradient-boosting families (CatBoost, LightGBM,
XGBoost) have also shown excellent performance for general crop yield prediction and for eggplant yield based
on genotype-related variables, where CatBoost provided accurate and robust forecasts, highlighting the suitability
of tree-based boosting for eggplant yield modeling under varying environmental and management conditions
(Islam et al., 2023; Mahesh and Soundrapandiyan, 2024).

5 Evaluation and Optimization of Yield Prediction Performance

5.1 Comparison of regression and machine learning algorithms

Crop yield prediction studies consistently show that machine learning algorithms often outperform simple
regression when relationships between climate, management, and yield are nonlinear and complex. Comparative
evaluations across linear regression, decision trees, random forests, support vector machines, and neural networks
report that ensemble methods such as Random Forest and Gradient Boosting generally achieve higher accuracy
and better generalization than traditional linear models, especially when diverse environmental and management
variables are included (Kurmi and Singh, 2025). However, linear models remain competitive when relationships
are close to linear, offering advantages in interpretability and lower computational cost (Nazir et al., 2025).

Broader multi-crop comparisons confirm that advanced tree-based models and k-nearest neighbors often provide
lower error and higher correlation with observed yields than multiple linear regression, particularly when many
climatic and soil predictors are used. Recent work further extends comparisons to deep learning (e.g., LSTM and
Bi-LSTM), showing that optimized recurrent networks can substantially reduce prediction error relative to support
vector regression and time-series models such as ARIMA and VAR, demonstrating the value of capturing temporal
dependencies in climate and yield series (Kumar et al., 2023).

5.2 Accuracy assessment using evaluation indicators

Evaluation of yield prediction models relies on multiple complementary indicators to capture both error
magnitude and explanatory power. Common metrics include root mean squared error (RMSE), mean absolute
error (MAE), mean squared error (MSE), mean absolute percentage error (MAPE), and the coefficient of
determination (R?), which together provide a comprehensive view of prediction bias, dispersion, and
goodness-of-fit (Kurmi and Singh, 2025; Nazir et al., 2025). Studies comparing regression and machine learning
approaches typically rank models by minimizing RMSE and MAE while maximizing R? revealing clear
performance hierarchies among algorithms under different data conditions (Pant et al., 2025).

Large-scale forecasting frameworks and ensemble systems also employ normalized RMSE (NRMSE) and
additional agreement indices to compare machine-learning baselines against operational forecasting systems or
process-based crop models, emphasizing reproducibility and robustness across crops, regions, and seasons (Paudel
et al., 2020; Singh et al., 2025). In practice, these metrics are often computed under cross-validation or using
independent test years, allowing rigorous assessment of generalization and facilitating fair comparison of
alternative algorithms for integrating fertilization and climate variables in yield prediction (Sowmya and Prasad,
2024).

5.3 Optimization of model parameters and prediction stability

Model performance and stability depend strongly on appropriate hyperparameter tuning and feature selection.
Grid-search and other systematic optimization methods applied to tree-based ensembles such as Random Forest
and Gradient Boosting have been shown to significantly improve RMSE, MAE, and R? compared with default
configurations, with tuned ensembles delivering more robust rice yield predictions under variable climatic
conditions (Hoque et al., 2024; Sowmya and Prasad, 2024). Similarly, combining multiple tuned base learners in
stacked or adaptive ensembles can further reduce prediction error relative to any single model, demonstrating the
benefits of leveraging diverse algorithmic strengths (Sanchez et al., 2014).

Advanced frameworks integrate hybrid feature selection and metaheuristic optimization to enhance both accuracy
and efficiency. For example, coupling clustering and correlation-based filters with feature selection methods,
followed by hyperparameter optimization of support vector regression via an improved Crayfish Optimization
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Algorithm, yields superior crop yield predictions compared with standard SVR and other regressors (Abdel-Salam
et al., 2024). Deep learning approaches also rely on systematic hyperparameter optimization and cross-validation,
where careful selection of optimizers and network configurations (e.g., Bi-LSTM with Adam) enhances prediction
accuracy and reduces error variability across crops, thereby improving prediction stability over time and across
environmental conditions (Kumar et al., 2023).

6 Identification of Key Determinants Affecting Eggplant Yield

6.1 Contribution analysis of fertilizer inputs

Quantifying the contribution of fertilizer inputs to yield is central for identifying leverage points in eggplant
production. Pot experiments with graded nitrogen (N) and phosphorus (P2Os) rates showed that N applications
significantly affected nearly all growth and yield components, whereas P,Os influenced fewer variables; yield
gains were mainly driven by fruit number and fruit weight, with optimal responses at 100-150 kg/ha of both N and
P>0s. A separate fertigation study using factorial N and K rates found that leaf area and agronomic efficiency of N
declined at higher N and K levels, indicating diminishing returns and highlighting the importance of moderate N
doses and balanced K supply for efficient production.

Longer-term field experiments confirm that not only fertilizer quantity but also source and combination determine
yield contributions. In a four-year eggplant trial, applying 100% recommended NPK together with farmyard
manure increased fruit yield by 47% compared with mineral fertilizer alone, while also enhancing soil organic
carbon and available N, P, and K, and improving agronomic efficiency and nutrient recovery (Nisar et al., 2025).
In multi-crop vegetable systems on organic soils, random forest models using soil, management, and
meteorological features revealed little response to added P and only null to moderate response to added N in
high-P conditions, suggesting that excess P is common and that fertilizer contribution depends strongly on existing
soil fertility and N-P stoichiometry (Parent, 2024).

6.2 Sensitivity analysis of climate variables

Sensitivity analyses from global and regional studies provide a framework for evaluating how climate variables
modulate eggplant yield response to fertilization. Non-parametric elasticity analysis for major crops showed that
yields are most sensitive to mean air temperature, with precipitation exerting a smaller but still relevant influence;
the sign and magnitude of temperature elasticity varied by crop and region, with many wheat and rice systems
experiencing negative yield responses to warming (Liu et al., 2020). A machine-learning study of climate
extremes found that growing-season mean climate and extremes together explained up to 49% of yield anomaly
variance, and that temperature-related extremes were generally more influential than precipitation-related indices,
although irrigation partly mitigated heat damage.

Variance-based sensitivity analysis applied to a process-based wheat model demonstrated that yield sensitivity
shifts between water-controlling factors (precipitation, soil hydraulic properties) and nitrogen-controlling factors
depending on which resource is limiting under a given climate-soil-management scenario (Hao et al., 2024). In
arid and semi-arid Jordan, combining machine learning with Sobol’ indices showed that climate-related variables
explained a large fraction of yield variance for sensitive crops like wheat, whereas more resilient crops such as
barley exhibited much lower climate-driven variance, underlining the crop- and context-specific nature of climate
sensitivity (Xu et al., 2025).

6.3 Identification of dominant yield-limiting factors

Disentangling dominant yield-limiting factors requires integrating fertilizer response with plant nutritional
physiology and climate constraints. Nutrient-solution omission experiments in eggplant showed that withholding
individual macronutrients reduced vegetative growth, dry matter, and photosynthesis, with nitrogen and calcium
identified as the most growth-limiting elements despite potassium being most demanded quantitatively (Flores et
al., 2015). Greenhouse studies on N and P,Os rates further indicated that yield was more affected by N than by P,
with excessive doses reducing performance, suggesting that sub-optimal N supply or imbalanced N:P ratios can
act as primary yield constraints even when total fertilizer input is high
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At larger scales and across crops, feature-importance and explainable-Al analyses consistently rank temperature,
rainfall, and macronutrient levels among the most influential predictors of yield, revealing strong interactions
between climate drivers and NPK supply (Meng et al., 2021; Mohan et al., 2025). In a maize yield prediction
framework integrating fertilizer systems with multi-source data, random forest feature importance highlighted
fertilizer variables, maximum temperature, and precipitation as key determinants, with different fertilizer systems
shifting which factors were most limiting under given climatic conditions (Meng et al., 2021). Together, these
results indicate that for eggplant, dominant yield-limiting factors are likely to be inadequate or poorly balanced N
(and Ca), interacting with temperature and water availability, rather than single inputs considered in isolation.

7 Case Study on Regional Eggplant Yield Prediction

7.1 Overview of the selected experimental region

The experimental region represents a semi-arid to arid environment where eggplant production is constrained by
high evaporative demand, limited and seasonally concentrated rainfall, and strong sensitivity of yield to
microclimate modification. In cold and arid oasis conditions, such as the Hexi irrigation area of northwest China,
annual precipitation is only about 183-285 mm, evaporation exceeds 1600 mm, and sunshine duration approaches
3000 h, creating a dry atmosphere where irrigation and fertilization strategies are critical to sustain eggplant
productivity (Li et al., 2025). Comparable semi-arid vegetable regions, for example Carnarvon in Western
Australia, face high temperatures and intense solar radiation during spring-summer, which damage crops and
shorten the production season unless protective cultivation is adopted (Nguyen et al., 2022).

Within these environments, protected and controlled systems are increasingly used to create favorable
microclimates for eggplant. Shade-net houses in Carnarvon, using moderate shade factors around 21%, altered
light intensity and microclimatic conditions in ways that promoted taller, bushier plants and higher fruit yield
compared with open-field cultivation (Figure 2) (Nguyen et al., 2022). Similarly, controlled and semicontrolled
greenhouse systems in arid regions have shown that adjusting temperature, light, and nutrient sources (inorganic
fertilizers, compost, and their mixtures) can strongly influence eggplant growth, yield, and water-use efficiency,
providing locally specific data to calibrate yield models for such climates (Abbas et al., 2025).

7.2 Application of the prediction model to field data

Regional yield prediction relies on integrating field experiments that quantify responses to water and fertilizer
regimes under real climate variability. In the Hexi oasis, split-plot experiments across two seasons with three
irrigation levels (50%-60%, 60%-70%, 70%-80% field capacity) and three nitrogen rates (215, 270, 325 kg/ha)
generated detailed yield, quality, and resource-use data, enabling identification of an optimal mild water deficit
(60%-70% FC) with moderate nitrogen (270 kg/ha) under mulched drip irrigation (Li et al., 2025). These
structured datasets, including soil properties and multi-year climate records, are well suited for training and
validating regional prediction models that link fertilization and climate variables to eggplant yield.

Advanced modeling frameworks in other crops illustrate how multi-layered, multi-farm datasets can be used to
forecast yield at field and regional scales. In Western Australia, yield monitor data for wheat, barley, and canola
over three seasons were combined with weather and soil-related predictors to build random forest models at 100
m resolution, achieving concordance correlation coefficients of 0.89-0.92 and RMSE of 0.36-0.42 t/ha . Applying
similar machine learning workflows to eggplant, using experimental and commercial field data from protected and
open-field systems, allows spatially explicit yield forecasts that support regional fertilizer and irrigation decisions.

7.3 Implications for precision fertilization and farm management

Results from regional case studies highlight that optimal eggplant yield can be achieved with water- and
nitrogen-saving strategies tailored to local climate, providing a basis for precision fertilization. In the cold, arid
Hexi region, mild water deficit with moderate nitrogen significantly increased yield, fruit quality, and water- and
nitrogen-use efficiency relative to unfertilized, fully irrigated controls, demonstrating that blanket high-input
strategies are neither necessary nor efficient (Li et al., 2025). Parallel work in deficit drip irrigation on sandy clay
loam soils showed that maintaining soil moisture at 75% field capacity maximized yield (=39 t/ha) and irrigation
water-use efficiency, with further increases in water supply reducing both yield and efficiency (Ouma et al., 2024).
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Mechanisms of Agricultural Environment Limiting Eggplant Production
in Semi-arid to Arid Regions
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Figure 2 Schematic representation of climatic constraints on eggplant production in semi-arid to arid environments (e.g., Hexi
irrigation area and Carnarvon). High evaporative demand, low precipitation, and strong solar radiation jointly limit crop productivity

These findings align with broader advances in precision water-fertilizer management. Reviews of precise water
and fertilizer application technologies emphasize that integrating advanced sensors, remote sensing, and machine
learning enables variable-rate fertigation and micro-irrigation that improve nutrient uptake, water-use efficiency,
and environmental outcomes compared with uniform practices (Xing and Wang, 2024). Decision-support
frameworks based on the Internet of Things and optimization models further show that coordinated, long-term
irrigation and fertilization planning can simultaneously increase economic returns and environmental benefits
compared with empirical management, indicating that regional eggplant yield prediction models can be directly
embedded in smart fertigation and farm-planning systems (Lin et al., 2020).

8 Strategies for Sustainable Eggplant Production Under Climate Variability

Sustainable eggplant production under climate variability requires fertilizer strategies that enhance yield while
maintaining soil health. A four-year eggplant field study showed that combining the full recommended NPK dose
with farmyard manure increased yield by 47% over mineral fertilizer alone and substantially raised soil organic
carbon and available N, P, and K, improving agronomic efficiency and nutrient recovery. At the broader vegetable
level, a global meta-analysis found that enhanced-efficiency fertilizers (EEFs), such as nitrification inhibitors and
polymer-coated urea, increased vegetable yield by about 7.5%-8.1% and improved quality while markedly
reducing nitrous oxide emissions and nitrate leaching, especially when matched to soil pH and organic carbon
conditions.

Optimizing nitrogen remains central, because excessive N is common in high-value vegetables and is associated
with low recovery and high leaching risk. A review of nitrogen management in field vegetables emphasizes that
aligning N supply with crop demand, improving synchronization via split applications, sensor-based diagnostics,
and better irrigation management can simultaneously maintain yields and reduce nitrate losses below the root zone.
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For eggplant in arid oasis conditions, a two-year drip-irrigation trial identified mild water deficit combined with
medium N rate as the optimal strategy, significantly increasing yield, fruit quality, and water productivity
compared with both higher and lower N and water levels, illustrating how fertilizer optimization must be
co-designed with water management under variable climates.

Climate-smart agriculture (CSA) offers a framework to adapt eggplant systems to temperature and rainfall
instability while reducing environmental impacts. A recent review highlights precision nutrient management,
integrated soil fertility strategies, and regenerative practices (e.g., organic amendments, biochar, agroforestry) as
key CSA options that improve soil health, raise nitrogen use efficiency, and increase carbon sequestration, thereby
buffering crops against climate stress. Another synthesis of climate-change impacts on agroecosystems stresses
that adaptation must address multiple risks-yield decline, water scarcity, pests, and product quality-through
measures such as improved water and soil management, agronomic practices, and smart technologies tailored to
local conditions.

At farm level in drought-prone regions, smallholders already employ practical adaptive strategies that are highly
relevant for eggplant, including optimal water resource use, soil and water conservation, and nutrient management
techniques to stabilize production under rainfall variability (Mpala & Simatele, 2024). A global scoping review of
agricultural adaptation strategies further identifies crop and land-use adjustment, water and soil management,
farmer training, agro-meteorological services, and early warning systems as central adaptation pillars; it
emphasizes that biodiversity-based and climate-smart agriculture can simultaneously enhance resilience and
productivity if supported by suitable policies and knowledge transfer.

Intelligent yield prediction systems can support sustainable eggplant production by integrating fertilization
regimes, climate variables, and real-time field data to guide adaptive management. A comprehensive review of
Al-based crop-yield prediction shows that machine and deep learning models using temperature, rainfall, humidity,
soil type, and vegetation indices (e.g., NDVI, EVI, LAI) alongside management variables (such as irrigation and
cultivation practices) substantially improve estimation accuracy and offer powerful tools for planning under
environmental variability. Building on these insights, a crop yield prediction algorithm (CYPA) that combines
climate, weather, yield, and chemical (including fertilizer) data demonstrated very high performance with
ensemble models such as Random Forest and Extra Trees, and further enhanced efficiency via active learning to
reduce labeled data needs.

For climate-resilient farming, future systems must be lightweight, deployable on edge devices, and tightly coupled
with sensing infrastructures. An on-device Al framework using Random Forest on smart agricultural devices
showed that integrating environmental sensor data with ML can achieve over 90% accuracy in detecting yield
suitability and optimize irrigation scheduling to enhance water-use efficiency and support climate-resilient
production without reliance on cloud computing. Reviews of IoT-enabled smart sensors in precision agriculture
underscore that networks of soil, plant, and climate sensors, linked with AI/ML on IoT platforms, enable real-time
monitoring, predictive analytics, and automated control of irrigation and fertilization, though challenges in cost,
data management, and connectivity must be overcome for large-scale application in eggplant systems.
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