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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. 

Keywords Eggplant yield prediction; Fertilization management; Climate variables; Machine learning; Precision agriculture 

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 (Başay 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⁻¹ 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 Taşkın, 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). 

 

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 R² 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 (Taşan 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 (R²), 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 R², 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 R² 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 (Sánchez 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 (P2O5) rates showed that N applications 

significantly affected nearly all growth and yield components, whereas P2O5 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 

P2O5. 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 P2O5 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-AI 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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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 

AI-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 AI 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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Abstract Heritability, as a core concept, plays a critical role in explaining trait variation and predicting selection response. 

Traditional heritability estimation relies on pedigree information but is limited by pedigree completeness and environmental 

confounding. With the development of high-throughput genotyping and genome-wide association studies, the restricted maximum 

likelihood method based on genomic relationship matrices (GCTA/GREML) has provided a new pathway for estimating the 

heritability of complex traits. This study reviews the theoretical framework and statistical assumptions of the GCTA and GREML 

families, elucidates their logic in variance decomposition and differences from pedigree-based models, and focuses on analyzing the 

sources and interpretive boundaries of the “missing heritability” problem. Further, the study explores methodological extensions such 

as the LOCO strategy, functional annotation partitioning, and bivariate analysis, and discusses their application value in complex trait 

dissection and crop breeding, supported by both simulation and empirical studies. The results indicate that GCTA/GREML not only 

promotes a paradigm shift in heritability research but also provides theoretical support for genomic selection and molecular breeding 

design. In the future, with the accumulation of sequencing data and multi-environment big data, this method is expected to more 

comprehensively uncover the genetic basis of complex traits. 

Accordingly, this review focuses on clarifying the statistical interpretation of SNP-based heritability estimation rather than providing 

a general tutorial. Specifically, we (i) outline the statistical conditions required for meaningful comparisons between SNP-based and 

pedigree-based heritability estimates; (ii) formally define the estimand targeted by GREML and clarify its relationship to the concept 

of missing heritability; (iii) organize commonly used GREML extensions into a unified framework based on their inferential goals, 

assumptions, and diagnostic boundaries; and (iv) propose a workflow-oriented checklist to guide the interpretation of SNP 

heritability estimates in practice. 

Keywords SNP heritability; Genome-wide relationship matrix (GRM); GCTA-GREML; Missing heritability; Statistical 

interpretation; Diagnostic workflow 

1 Introduction 

Heritability, as a central concept in quantitative genetics, has played a fundamental role in explaining the sources 

of trait variation and guiding genetic improvement practices since Fisher established the framework of analysis of 

variance. It is defined as the proportion of phenotypic variance that can be attributed to genetic differences, and 

serves as a cornerstone concept in both quantitative genetics and breeding science (Yang et al., 2017; Srivastava et 

al., 2023). In breeding, heritability not only provides a quantitative scale for evaluating the potential for trait 

selection, but also constitutes a key parameter for predicting selection response and optimizing population 

improvement strategies (Zhu and Zhou, 2020). High heritability indicates that genetic variation accounts for a 

large proportion of phenotypic variance, thereby leading to higher efficiency of artificial selection; conversely, 

low heritability suggests a dominant role of environmental variation and consequently limited selection 

effectiveness. Therefore, whether in the design of crop and livestock breeding strategies or in the genetic 

epidemiology of complex human diseases, accurate estimation of heritability remains an unavoidable core issue at 

both theoretical and practical levels (Yang et al., 2017). 
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Traditional heritability estimation primarily relies on pedigree-based variance component models, which infer 

additive genetic variance by comparing phenotypic similarity between related and unrelated individuals (Yang et 

al., 2017; Srivastava et al., 2023). However, these methods depend heavily on the completeness of pedigree 

information and are often constrained by simplified assumptions regarding shared environmental effects. In 

populations lacking detailed pedigree records or affected by environmental confounding, both their applicability 

and accuracy are limited (Zhu and Zhou, 2020). 

With the widespread adoption of high-throughput genotyping technologies and the emergence of genome-wide 

association studies (GWAS), the field has undergone a methodological revolution. Yang et al. (2010; 2011) 

proposed the genome-wide complex trait analysis (GCTA) framework based on single nucleotide polymorphisms 

(SNPs), and further developed the genomic-relatedness-based restricted maximum likelihood (GREML) method 

based on the genome-wide relationship matrix (GRM). By constructing a GRM and leveraging SNP-derived 

genetic similarity among individuals after removing close relatives, this approach decomposes phenotypic 

variance and overcomes the limitations of traditional pedigree-based methods (Yang et al., 2011; Zhu and Zhou, 

2020). Compared with pedigree models, GCTA-GREML enables direct estimation of heritability from SNP data 

without requiring pedigree information, and supports partitioning of genetic variance by genomic regions or 

functional annotations, thereby substantially expanding the scope of heritability estimation (Zhu and Zhou, 2020; 

Srivastava et al., 2023). 

However, the introduction of the GCTA and GREML framework has also triggered extensive debate regarding the 

issue of “missing heritability.” Classical twin and pedigree studies often yield relatively high heritability estimates, 

whereas SNP-based GREML estimates are typically substantially lower. This discrepancy has been interpreted as 

evidence that GWAS cannot fully explain the genetic variation underlying complex traits (Yang et al., 2011; 2015). 

Potential explanations include incomplete tagging of causal variants by SNPs, insufficient contribution from rare 

variants, complex genetic mechanisms such as non-additive effects and gene-environment interactions, as well as 

limitations of statistical modeling (Speed et al., 2016; Evans et al., 2017; Mathew et al., 2017). Furthermore, 

existing studies have shown that GCTA-GREML estimates are highly sensitive to factors such as GRM 

construction methods, sample composition, linkage disequilibrium (LD) patterns, and phenotypic measurement 

error, further highlighting the complexity of its application and the need for careful interpretation (Speed et al., 

2012; Kumar et al., 2015; Evans et al., 2017). 

Thus, the problem of missing heritability is not only a statistical challenge but also a genetic and biological one, 

and the associated debates have driven continuous innovation in both methodology and theory. In recent years, 

improvements such as LD-adjusted relationship matrices and multi-component modeling have been proposed, 

providing potential solutions to the limitations of the original GCTA-GREML framework (Mathew et al., 2017; 

Zhu and Zhou, 2020). 

In crop breeding practice in China, DNA marker-assisted breeding was systematically summarized and promoted 

from the late 20th to early 21st century. Its core idea is to track quantitative trait loci (QTLs) or candidate genes 

using a limited number of molecular markers, thereby improving selection efficiency (Fang et al., 2001). This 

study systematically reviews the theoretical framework and statistical assumptions of GCTA and GREML relative 

to pedigree-based methods, clarifying their conceptual positioning and applicability boundaries in heritability 

estimation. The analytical framework adopted here is consistent with our previous systematic examination of the 

statistical continuity among linkage analysis, candidate gene strategies, and GWAS, emphasizing the continuity 

and division of roles among different methods in terms of statistical assumptions, signal scale, and inferential 

objectives (Fang and Wu, 2026). We focus on the derivation logic of the GREML method within variance 

component modeling, compare its estimands and interpretive scope with those of traditional pedigree models, and 

discuss the potential impact of model assumptions on result interpretation. 

Based on the above background, this study does not aim to provide a general introductory overview, but rather 

focuses on the core issue of the “statistical interpretability boundaries of SNP-based heritability estimation,” with 

the goal of constructing an operational framework for analysis and interpretation. Specifically, the study addresses 
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the following aspects: (1) systematically outlining the necessary conditions for comparability between SNP-based 

and pedigree-based heritability; (2) clarifying the statistical target of heritability estimated by GREML and the 

conceptual boundaries of “missing heritability”; (3) proposing a unified comparison template for common 

methodological extensions; and (4) providing a standardized workflow and diagnostic checklist for practical 

interpretation. Through theoretical derivation and empirical analysis, this study aims to offer a clearer 

understanding of the GCTA framework and its extensions, thereby providing a theoretical foundation and 

methodological reference for the application of heritability in complex trait research and crop breeding practice. 

2 Basic Concepts and Classification of Heritability 

Heritability is defined as a variance ratio under a specified statistical model, which depends on both the population 

and environmental conditions, and quantifies the proportion of phenotypic variation attributable to genetic 

variation. Therefore, heritability estimates are not directly comparable across different populations, environments, 

or modeling assumptions. 

2.1 Narrow-sense and broad-sense heritability 

Heritability is a core parameter in quantitative and statistical genetics, used to characterize the relative 

contribution of genetic factors to phenotypic variation under a given population, environment, and set of model 

assumptions (Vinkhuyzen et al., 2013; Yang et al., 2017). From a statistical perspective, heritability is 

fundamentally a variance ratio, rather than an intrinsic property of a trait or an individual. 

Within the classical variance decomposition framework, heritability is typically divided into narrow-sense 

heritability (h²) and broad-sense heritability (H²). 

Narrow-sense heritability is defined as the proportion of additive genetic variance (Vₐ) relative to total phenotypic 

variance (Vₚ): 

h
2
=
VA

VP
 

where Vₚ represents the overall magnitude of phenotypic variation in the population. Because additive genetic 

effects are stably transmitted across generations and are cumulative, h² plays a central role in predicting the 

response to selection (e.g., under the Breeder’s equation framework), as well as in breeding value estimation and 

gene mapping studies (Evans et al., 2017; Yang et al., 2017). In practical breeding, narrow-sense heritability is 

generally regarded as the key indicator of expected selection gain, and its practical relevance often exceeds that of 

broad-sense heritability (Berry, 2024). 

In contrast, broad-sense heritability captures the total contribution of all genetic effects to phenotypic variation, 

and is defined as: 

H2=
VA+VD+VI

VP
 

where 𝑉𝐷 denotes dominance variance and 𝑉𝐼 denotes epistatic (gene-gene interaction) variance. Although H² 

theoretically reflects the total explanatory power of genetic factors, dominance and epistatic effects depend on 

allele frequencies and genotype combinations, resulting in limited reproducibility and operability across 

generations. Therefore, H² is generally not suitable for directly predicting selection response (Abney et al., 2001; 

Zhu et al., 2015). 

In most outbred or natural populations, it typically holds that H² ≥ h², and the difference between the two reflects 

the presence and relative magnitude of non-additive genetic variance (Abney et al., 2001; Berry, 2024). Recent 

studies based on genome-wide marker data have shown that, for many complex traits, dominance variance 

contributes only modestly to total genetic variation, whereas rare and low-frequency variants may account for part 

of the “missing heritability” observed in earlier studies (Speed et al., 2012; 2016; Jang et al., 2022; Wainschtein et 

al., 2022; Srivastava et al., 2023). These findings help establish a consistent and interpretable framework for 

variance decomposition and prediction across evolutionary genetics and applied breeding (Bérénos et al., 2014; 

Zimmermann and Distl, 2023). 
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2.2 Pedigree-based vs. SNP-based heritability 

Traditional heritability estimation relies primarily on pedigree information, constructing additive genetic 

covariance matrices among individuals based on kinship coefficients or identity-by-descent (IBD), and 

decomposing phenotypic variance within a linear mixed model framework (Vinkhuyzen et al., 2013; Bérénos et 

al., 2014). Such approaches have long played an important role in animal and plant breeding as well as in studies 

of natural populations. However, their estimation accuracy depends critically on the completeness and correctness 

of pedigree records. When shared environmental effects among related individuals are not adequately modeled, 

pedigree-based heritability estimates may be systematically upward biased. 

With the development of high-throughput genotyping technologies and statistical genetic methods, 

genotype-based heritability estimation has emerged as an important complement to pedigree-based approaches. 

Methods represented by GCTA/GREML construct a genome-wide relationship matrix (GRM) from SNP data and 

estimate the additive genetic variance captured by markers within a restricted maximum likelihood (REML) 

framework (Speed et al., 2012; Evans et al., 2017; Yang et al., 2017). 

It is important to emphasize that SNP-based heritability is not directly equivalent to the “true” heritability of a trait. 

Rather, it reflects the proportion of additive genetic variance that can be captured by a given set of markers under 

specific statistical model assumptions. Such estimates are typically obtained from samples with close relatives 

removed, in order to reduce confounding effects arising from shared environment and pedigree structure 

(Srivastava et al., 2023; Zimmermann and Distl, 2023). Therefore, differences between pedigree-based and 

SNP-based heritability do not necessarily imply “missing” genetic information, but more likely arise from 

differences in estimands, marker coverage, and modeling assumptions. 

2.3 Sources of discrepancy and “missing heritability” 

In numerous studies of complex traits, heritability estimates based on pedigree data are often higher than those 

derived from SNP-based approaches, giving rise to the so-called problem of “missing heritability” (Vinkhuyzen et 

al., 2013; Yang et al., 2017). From a statistical genetics perspective, this discrepancy should not be interpreted 

simply as a true loss of genetic information, but rather as a systematic difference arising from distinct estimands, 

data coverage, and modeling assumptions. 

First, limited marker coverage is a major source of lower SNP-based heritability. Conventional genotyping arrays 

primarily capture common variants, while providing limited representation of rare variants, low-frequency 

variants, and structural variants. As a result, part of the genetic variance remains untagged, leading to 

downward-biased SNP heritability estimates (Wainschtein et al., 2019; Jang et al., 2022; Wainschtein et al., 2022). 

Recent analyses based on whole-genome sequencing data have demonstrated that rare variants can explain a 

portion of the previously “missing” heritability, further supporting this explanation. 

Second, incomplete linkage disequilibrium (LD) constrains the ability of markers to capture the effects of causal 

variants. Even with high-density SNP data, LD between markers and true causal loci is often insufficient to fully 

reflect effect sizes, resulting in systematic underestimation of additive genetic variance (Speed et al., 2012; 2016; 

Evans et al., 2017). This issue is particularly pronounced in populations with complex LD structures or highly 

heterogeneous allele frequency distributions. 

Third, confounding due to shared environmental effects may inflate pedigree-based heritability estimates. In 

pedigree studies, related individuals often share both genetic background and environmental conditions. If the 

model fails to adequately disentangle these contributions, environmental correlations may be incorrectly attributed 

to genetic variance, thereby inflating heritability estimates (Vinkhuyzen et al., 2013; Bérénos et al., 2014). In 

contrast, SNP-based methods are typically applied to samples with close relatives removed, reducing such 

confounding. 

In addition, non-additive genetic effects and gene-environment interactions can further widen the gap between 

pedigree-based and SNP-based heritability estimates. Narrow-sense heritability and most SNP-based frameworks 
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primarily focus on additive genetic variance, while dominance, epistasis, and their interactions with environmental 

factors are often not explicitly modeled (Abney et al., 2001; Chen et al., 2015; Zhu et al., 2015). These effects 

may be partially absorbed into genetic variance estimates in pedigree-based analyses, but are difficult to identify 

in SNP-based analyses using unrelated individuals. 

In summary, “missing heritability” is more appropriately understood as a difference in the identifiability of genetic 

variance under different statistical frameworks, rather than as an actual absence of genetic mechanisms. 

Pedigree-based and SNP-based heritability estimates reflect different aspects of genetic architecture; their 

discrepancy provides important insights into the multi-layered genetic basis of complex traits, rather than 

constituting mutually contradictory evidence. To facilitate a systematic comparison between traditional 

marker-assisted approaches and genome-wide statistical genetic methods in terms of research objectives, 

statistical assumptions, and application scenarios, representative methods-including linkage analysis, candidate 

gene approaches, and GWAS/GCTA-GREML-are summarized in Table 1. 

Table 1 Comparison between traditional marker-assisted approaches and genome-wide statistical genetic methods 

Comparison dimension Traditional approaches (Linkage/Candidate gene) Genome-wide approaches (GWAS/GCTA-GREML) 

Research starting point Hypothesis-driven candidate regions or genes Genome-wide, hypothesis-free scanning 

Primary data type A limited number of molecular markers (e.g., RFLP, 

SSR) 

High-density SNPs or whole-genome sequencing 

data 

Study population Structured populations or pedigrees Natural populations or breeding populations 

Scale of genetic signal Single loci or local linkage intervals Genome-wide, multi-locus signals 

Core statistical 

assumptions 

Strong prior assumptions with limited multiple 

testing 

Explicit modeling of population structure and 

multiple testing 

Main analytical objective Identification of QTLs or candidate genes Estimation of heritability and genetic architecture 

Interpretation of results Locus-specific effects and biological interpretation Variance decomposition and predictability 

assessment 

Suitability for complex 

traits 

Limited power for highly polygenic traits Well suited for highly polygenic traits 

Role in breeding Marker-assisted selection and locus validation Guiding genomic selection and breeding strategy 

design 

Representative methods Linkage analysis, candidate gene analysis GWAS、GCTA、GREMLGWAS, GCTA, GREML 

Methodological 

limitations 

Limited resolution, power depends on population 

design 

Sample-size dependent, limited causal interpretation 

Comparison dimension Traditional approaches (Linkage/Candidate gene) Genome-wide approaches(GWAS/GCTA-GREML) 

Note: Traditional marker-assisted approaches rely mainly on linkage analysis and candidate gene strategies to identify QTLs or 

functional loci using a limited number of molecular markers in structured populations (Fang et al., 2001). Genome-wide methods, 

represented by GWAS and GCTA/GREML, use dense genome-wide markers to build statistical models for estimating heritability and 

dissecting the genetic architecture of complex traits. Although these approaches differ substantially in statistical assumptions and 

analytical scale, they are historically and conceptually connected in crop genetic improvement (Fang and Wu, 2026). 

3 Principles of Constructing the Genome-wide Relationship Matrix (GRM) 

3.1 Standardized genotype matrix 

The construction of the genome-wide relationship matrix (GRM) is fundamentally based on a standardized 

genotype matrix. For each SNP locus in diploid species, genotypes are typically encoded as 0, 1, or 2, representing 

the number of copies of the reference allele carried by an individual. However, directly using these raw genotype 

encodings may introduce bias, because differences in allele frequencies across loci can lead to heterogeneity in 

variance (Forni et al., 2011; Wang et al., 2025). 

To avoid such bias, genotype data must be standardized. Let the population frequency of the reference allele at a 

given locus be p. The observed genotype xfor an individual at that locus is standardized as: 

z=
x-2p

√2p(1-p)
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This transformation centers the genotype (by subtracting its expectation, 2p) and scales it (by dividing by its 

standard deviation, √2p(1-p)), ensuring that all loci contribute comparably to the matrix calculation (Forni et al., 

2011; Granato et al., 2018). 

This standardization has important statistical implications. On the one hand, it removes variance heterogeneity 

caused by allele frequency differences across loci, making the GRM estimation more reflective of true genetic 

similarity (Wang et al., 2025). On the other hand, it effectively distinguishes between allele frequency differences 

arising from random genetic drift and those reflecting genuine shared genetic background, thereby enabling the 

construction of a robust relationship matrix at the genome-wide level. This approach has been widely applied in 

genomic prediction, heritability estimation, and association studies, and has been integrated into various molecular 

breeding tools (Forni et al., 2011; Granato et al., 2018). 

3.2 GRM formula and intuitive interpretation 

After constructing the standardized genotype matrix Z, the GRM can be expressed as: 

G=
1

M
ZZT 

where M denotes the total number of SNPs across the genome, and each matrix element Gijrepresents the 

genomic similarity between individuals i and j (Forni et al., 2011; Wang et al., 2025). 

Intuitively, the GRM measures the similarity between two individuals based on their standardized genotypes 

across all marker loci, and its values reflect their additive genetic relatedness at the population level. The diagonal 

elements represent self-relatedness (or inbreeding), with an expected value close to 1, while off-diagonal elements 

quantify pairwise relatedness between individuals. Values approaching 1 indicate high genetic similarity, whereas 

values close to 0 suggest near independence. 

From a statistical perspective, the GRM can be interpreted as a genome-wide weighted average of 

identity-by-state (IBS) (Forni et al., 2011). Unlike traditional pedigree-based relationship matrices, the GRM does 

not rely on prior pedigree information but is constructed directly from molecular data, enabling it to capture 

realized genetic similarity. This property allows the GRM to be applied not only to large-scale natural populations 

without pedigree records, but also to more accurately characterize complex population structures and latent 

genetic diversity (Bilton et al., 2024; Wang et al., 2025). 

3.3 Example: visualization and comparison of GRM structures in human and crop populations 

In high-level human genetics studies, the GRM is often visualized using heatmaps or distributions of pairwise 

relatedness to intuitively illustrate additive genetic similarity among individuals (Figure 1). For example, in 

studies based on the UK Biobank (Yang et al., 2015; Speed et al., 2016; Hou et al., 2019), GRM heatmaps 

typically exhibit a highly sparse structure centered along the diagonal: diagonal elements are close to 1, reflecting 

the standardized genetic variance of individuals themselves, while off-diagonal elements are mostly concentrated 

near zero, with weak clustering patterns appearing only in the presence of subtle population structure or residual 

relatedness. This structural feature indicates that, after stringent quality control (QC) and removal of close 

relatives, the GRM can stably capture SNP-derived additive genetic similarity among unrelated individuals. 

Similar structural patterns can also be observed in crop populations, but their manifestation is strongly influenced 

by population composition and linkage disequilibrium (LD) structure. In inbred populations such as rice or maize, 

where the number of chromosomes is limited, LD blocks are relatively large, and subpopulation differentiation is 

pronounced, GRM heatmaps often display clearer block-like structures corresponding to different genetic 

backgrounds or breeding origins (Granato et al., 2018). This comparison highlights that, although the statistical 

definition of the GRM remains consistent across species, its empirical structure is highly dependent on population 

history, LD architecture, and sampling design. 

It is important to note that the elements of the GRM represent standardized additive genetic covariances, rather 

than correlation coefficients. Therefore, when the number of markers is limited and allele frequencies are 

estimated from the sample, diagonal elements or values for highly related individuals may slightly exceed 1. 
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In this context, GRM heatmaps serve not only as a visualization tool, but also as an important diagnostic 

instrument for understanding population structure, assessing potential confounding factors, and interpreting 

subsequent GREML-based heritability estimates. 

 

Figure 1 Illustrative comparison of GRM structures in human and crop populations 

Caption: Illustrative schematic based on published studies (Yang et al., 2015; Speed et al., 2016). Panel A shows a schematic GRM 

heatmap representative of large human cohorts after standard quality control and removal of close relatives, as commonly observed 

in studies such as UK Biobank-based analyses. The matrix is characterized by strong diagonal elements (self-relatedness) and sparse 

off-diagonal values centered near zero, reflecting weak pairwise genetic relatedness among largely unrelated individuals. Panel B 

illustrates a typical GRM structure for crop populations, where pronounced block-like patterns arise due to strong population 

structure, limited numbers of chromosomes, extended linkage disequilibrium, and shared breeding history. These contrasting patterns 

highlight that, although the statistical definition of the GRM is consistent across species, its empirical structure is highly dependent 

on population history, LD architecture, and sampling design. The figure is schematic and intended for diagnostic illustration rather 

than representation of a specific dataset. Note that GRM values are not constrained to the interval [−1, 1]; diagonal elements and 

highly related pairs may slightly exceed 1 due to finite marker density and allele-frequency estimation. 

4 GREML and REML Estimation 

4.1 Model derivation 

Heritability estimation based on the genome-wide relationship matrix (GRM) is typically conducted within the 

framework of a linear mixed model (LMM) (Da et al., 2014; Yang et al., 2016; Zhou et al., 2020). Its general form 

can be written as: 

y=Xβ+g+e 

where ydenotes the vector of phenotypic observations, Xβ represents fixed effects (e.g., population structure, 

environmental factors, or other covariates), g  denotes the random additive genetic effects, and e  is the 

independent residual error term. Unlike traditional heritability estimation approaches, the LMM framework allows 

for simultaneous control of systematic confounding and estimation of genotype-related variance components 

within a unified model. 

In variance decomposition, the random genetic effects are assumed to follow a multivariate normal distribution 

with mean zero and a covariance structure proportional to the GRM: 

g∼N(0,σg
2G) 

where σg
2denotes the additive genetic variance and Gis the GRM. The environmental residuals are assumed to 

follow: 

e∼N(0,σe
2I) 

http://bioscipublisher.com/index.php/cmb


 

 

 

Computational Molecular Biology 2026, Vol.16, No.3, 159-180 

http://bioscipublisher.com/index.php/cmb 

  166 

Accordingly, the variance-covariance matrix of the phenotype can be expressed as: 

Var(y)=σg
2G+σe

2I 

Under this model, heritability is estimated as: 

h
2
=

σg
2

σg
2+σe

2
 

This framework provides the theoretical foundation for GREML (genomic-relatedness-based restricted maximum 

likelihood), enabling the estimation of additive genetic variance explained by genome-wide markers through 

statistical inference (Da et al., 2014; Yang et al., 2016; Zhou et al., 2020). Furthermore, to better capture complex 

genetic architectures, extensions of the LMM have been proposed, such as models incorporating multiple random 

effects or covariance structures among random effects (Zhou et al., 2019; 2020). 

4.2 REML estimation and the maximum likelihood framework 

In terms of parameter estimation, GREML typically relies on restricted maximum likelihood (REML). Unlike 

conventional maximum likelihood (ML), REML eliminates fixed effects by integrating them out of the likelihood 

function, thereby optimizing variance parameters based on residuals. This approach effectively avoids bias in 

variance component estimation caused by fixed-effect estimation, and is particularly advantageous in complex 

models and finite-sample settings (Dao et al., 2021; Meyer, 2023). 

In practical implementation, REML is carried out via numerical optimization of the log-likelihood function. The 

GCTA software employs the AI-REML (Average Information REML) algorithm, which iteratively updates 

parameters using the average information matrix and achieves efficient estimation of variance components (Yang 

et al., 2016; Strandén et al., 2024). BOLT-REML introduces stochastic projection and approximation techniques to 

substantially reduce computational complexity in large-scale datasets, making it suitable for cohorts with sample 

sizes on the order of hundreds of thousands to millions (Border and Becker, 2019). The GEMMA software also 

implements the REML framework and extends it to multivariate and Bayesian analyses, demonstrating robust 

convergence properties in small to medium-sized datasets (Meyer, 2023). 

Recent methodological advances, including principal component-based reparameterization and stochastic 

optimization algorithms, have further improved the scalability and adaptability of REML estimation for large and 

complex datasets (Strandén et al., 2024). 

4.3 Validation using simulated and empirical data 

The validity of the GREML method is typically assessed through a combination of simulation studies and 

empirical data analyses. Simulation studies have shown that, under correct model specification and sufficiently 

large sample sizes, GREML can provide unbiased estimates of heritability (Da et al., 2014; Cesarani et al., 2018; 

Zhou et al., 2020). However, in small sample settings (e.g., hundreds of individuals), the limited information 

content of the GRM leads to large estimation variance, and the estimates become sensitive to assumptions 

regarding population structure and phenotypic distribution, potentially introducing bias (Cesarani et al., 2018; 

Meyer, 2023). 

In contrast, in large cohorts (tens of thousands to millions of individuals), GREML is capable of more accurately 

capturing the genetic variation explained by genome-wide markers. Approximate methods such as BOLT-REML 

have been shown, in human population studies (e.g., UK Biobank), to produce heritability estimates close to true 

values while effectively controlling for population structure and batch effects (Nolte et al., 2017; Ni et al., 2018). 

In crop populations, such as maize and wheat with genome-wide data, GREML applications have revealed the 

heritable architecture of complex quantitative traits and provided theoretical guidance for subsequent GWAS and 

genomic selection. Further methodological extensions, such as CORE GREML, allow for covariance among 

random effects and have demonstrated improved performance over standard GREML in the presence of complex 

genetic architectures (Zhou et al., 2019; 2020). 
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5 Methodological Extensions and Variants 

To facilitate comparison of different extensions in terms of statistical objectives and applicability, this study 

adopts a unified analytical framework for commonly used GREML-based methods (Table S2). 

5.1 LOCO (leave-one-chromosome-out) strategy 

When estimating heritability and performing genomic prediction within the GREML framework, sources of bias 

embedded in model specification are not always immediately apparent. Among these, proximal contamination 

represents a typical issue with important methodological implications. Specifically, when analysis focuses on a 

particular chromosome or a localized genomic region, if markers from that same region are simultaneously used 

to construct the genomic relationship matrix (GRM), the linkage disequilibrium (LD) information they carry can 

“feed back” into the model through the relationship structure. This feedback mechanism leads to a systematic 

inflation of the estimated contribution of the focal region, fundamentally reflecting a lack of identifiability in 

parameter decomposition and the resulting estimation bias (Yang et al., 2011; Van den Berg et al., 2019). 

The LOCO (leave-one-chromosome-out) approach offers a targeted correction strategy for this problem. Rather 

than restructuring the model in a complex way, its core logic is to deliberately exclude all markers from the 

chromosome of interest when constructing the GRM used to estimate that chromosome’s genetic effect. In doing 

so, it effectively blocks the indirect feedback pathway through which local LD information influences its own 

effect estimate (Yang et al., 2011). This strategy implicitly relies on the assumption that genetic contributions from 

different chromosomes can be treated as approximately independent in a statistical sense, such that removing 

information from the target chromosome does not substantially impair the modeling of the remaining genomic 

background. Under this condition, LOCO can mitigate endogenous bias in local effect estimation without altering 

the overall modeling framework. 

From the perspective of genomic architecture, the advantages of LOCO become particularly evident under certain 

conditions. In organisms with a relatively small number of chromosomes, extended LD blocks, or phenotypic 

variation driven by a limited number of large-effect loci, local LD structures are more likely to generate strong 

signal coupling within the GRM, thereby amplifying the impact of proximal contamination. This feature is 

especially pronounced in many crop genomes, making the LOCO strategy highly compatible with studies in 

agricultural genetics and breeding. In contrast, for species with a larger number of chromosomes and rapid LD 

decay, the severity of proximal contamination is often reduced, and the marginal benefit of applying LOCO 

correspondingly diminishes. 

It is important to note that LOCO is not a universal solution for bias correction. Its utility is primarily confined to 

addressing proximal contamination and does not extend to systematic control of population structure, long-range 

LD heterogeneity, or other complex confounding factors. Therefore, its application should be guided by empirical 

evaluation rather than assumed necessity. In practice, researchers may compare heritability estimates or marker 

effect sizes obtained from standard GRM-based models and LOCO-adjusted models to assess the extent of 

proximal contamination (Van den Berg et al., 2019). If results are highly consistent across the two settings, the 

additional computational burden and model partitioning introduced by LOCO may not yield substantial benefits. 

Conversely, pronounced discrepancies indicate that local LD “feedback” is indeed influencing parameter 

estimation, in which case the use of a leave-one-chromosome-out strategy is both statistically justified and 

practically valuable. 

5.2 Partitioning heritability by functional categories 

In the traditional GREML framework, all SNPs are assumed to have equal prior weights by default; that is, their 

contributions to the overall genetic variance are treated as statistically homogeneous. However, this assumption is 

often difficult to sustain for complex traits, because different functional regions of the genome vary substantially 

in their biological mechanisms and evolutionary constraints, which in turn leads to spatial heterogeneity in the 

distribution of genetic effects. Against this background, research approaches that partition heritability by 

functional category have gradually developed. Their core objective is to reveal how genetic variance is distributed 
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across different functional regions, thereby extending the question from quantifying “the magnitude of heritability” 

to interpreting “the structural sources of heritability.” This approach can not only reduce heterogeneity-related bias 

in overall estimates, but also substantially improve the biological interpretability of the results, allowing 

heritability estimates to be more closely aligned with functional genomic information (Finucane et al., 2015; 

Gazal et al., 2018). 

In terms of methodological implementation, such models usually rely on existing functional annotation systems, 

in which genome-wide SNPs are classified into categories such as coding regions, regulatory regions, and 

conserved sequences. A genetic relationship matrix (GRM) is then constructed separately for each category. 

Subsequently, within an extended multi-GRM GREML framework, multiple variance components are introduced 

simultaneously to jointly estimate the genetic contributions of different functional regions (Finucane et al., 2015; 

Wei et al., 2019). A key assumption underlying this modeling strategy is that SNPs in different functional 

categories differ systematically in the distribution of their effect sizes and in their relationships with linkage 

disequilibrium (LD) structure, and that these differences can be statistically identified and quantified through 

partitioned modeling. 

From the perspective of data suitability, this type of method places relatively high demands on sample size and 

annotation quality. A larger sample size helps stabilize the estimation of multiple variance components, while 

high-quality functional annotation is a prerequisite for ensuring that the partitioning results have biological 

meaning. The number of SNPs must also be sufficient to support multi-category partitioning; otherwise, model 

parameters may face identification difficulties. In human and crop genetic studies, this method is particularly 

appropriate when the research focus shifts from a single estimate of heritability to the analysis of genetic 

architecture, namely when attention is directed toward the relative importance of different functional regions in 

contributing to a trait. 

It should be noted that functional partitioning of heritability is sensitive in practice to correlations among 

annotations. Because different functional categories often overlap in genomic space and may exhibit highly 

correlated LD structures, such multicollinearity can directly affect the identifiability of variance components, 

leading to unstable estimates or ambiguity in interpretation. Therefore, when interpreting the results, sensitivity 

analyses should be incorporated to evaluate model robustness, and conclusions regarding “enrichment” in any 

single region should be treated with caution. Statistical association should not be equated simplistically with clear 

biological causality (Gazal et al., 2018). 

5.3 Bivariate and cross-trait genetic correlation 

Under the single-trait GREML framework, researchers can estimate the genetic variance of a single phenotype 

with relative robustness. However, such models essentially remain confined to variance partitioning “within a 

trait” and are therefore limited in addressing the more biologically meaningful question of whether different traits 

share a common genetic basis. Against this background, bivariate and cross-trait GREML models have gradually 

become important extensions in the genetic analysis of complex traits. By jointly modeling multiple phenotypes, 

this approach not only improves the characterization of genetic covariance structures, but also enables the 

quantification of correlations between traits driven by shared genetic factors (Zhou et al., 2020). 

Bivariate GREML is, in essence, an extension of the variance-covariance structure of the classical linear mixed 

model. Within the same statistical framework, the model simultaneously estimates the genetic variance and 

environmental variance of two traits, as well as the genetic covariance between them, from which the genetic 

correlation coefficient can be derived. Its validity depends on several key assumptions. First, the genetic effects of 

different traits should be representable by a common genomic relationship matrix (GRM). Second, the sample 

data should contain sufficient information to support effective identification of the covariance structure (Figure 2). 

Ideally, the two traits should be measured in the same group of individuals or in highly overlapping samples, so 

that genetic and environmental effects can be partitioned within a unified reference framework. Adequate sample 

size is also particularly important for improving the precision of covariance estimation. In crop genetic 
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improvement research, this method has been widely used to elucidate the intrinsic relationships among yield, 

stress resistance, and quality traits, and it shows particular advantages in identifying potential trade-offs between 

traits (Derbyshire et al., 2024). 

In practical applications, bivariate GREML models are highly sensitive to data quality and model specification. 

On the one hand, phenotypic measurement error can directly interfere with the estimation of variance and 

covariance components, thereby increasing the uncertainty of genetic correlation estimates. On the other hand, 

insufficient sample overlap or limited information on the covariance structure may also lead to unstable parameter 

estimation. Therefore, when interpreting results, particular attention should be paid to the standard errors and 

confidence intervals of genetic correlation coefficients, so as to avoid overinterpreting genetic correlations in 

situations where sample size is limited or trait correlations are mainly driven by environmental factors. 

 

Figure 2 Schematic illustration of genetic covariance and genetic correlation in a bivariate GREML model 

Note: Each trait is decomposed into a genetic component and a residual component. The bivariate GREML framework jointly 

estimates the additive genetic variances of Trait 1 and Trait 2, as well as their genetic covariance, using a common genome-wide 

relationship matrix (GRM). The genetic correlation 𝑟𝑔 is derived from the estimated genetic covariance standardized by the square 

roots of the trait-specific genetic variances. This schematic emphasizes that genetic correlation reflects shared genetic architecture 

rather than phenotypic correlation, and its estimation is sensitive to sample overlap and phenotypic measurement error. The figure is 

illustrative and based on published GREML applications 

6 Interpretation of Results and Common Pitfalls 

6.1 Proper interpretation of “missing heritability” 

This section clarifies the concept of “missing heritability” by focusing on the statistical comparability between 

SNP-based and pedigree-based heritability estimates. In studies based on GREML (genomic-relatedness-based 

restricted maximum likelihood) or SNP-derived heritability, a commonly observed phenomenon is that the 

proportion of phenotypic variance explained by genotyped SNPs is often substantially lower than heritability 

estimates derived from pedigree or twin studies (Speed et al., 2016; Evans et al., 2017; Yang et al., 2017; 

Wainschtein et al., 2022). This discrepancy should not be interpreted as evidence that the trait itself is weakly 

heritable, but rather as a reflection of differences in the identifiability of genetic variance under distinct statistical 

frameworks. 

From a statistical genetics perspective, the systematic downward bias of SNP-based heritability primarily arises 

from the capturability constraints imposed by genotyping platforms, including marker coverage boundaries, 

heterogeneity in linkage disequilibrium (LD) structure, and the allele frequency (AF) spectrum of variants 

included in the analysis (Speed et al., 2016; Yang et al., 2017; Génin, 2019). Common SNP arrays provide strong 

tagging of common variants but have limited coverage of low-frequency, rare, and structural variants, which may 

contribute non-negligibly to total genetic variance (Speed et al., 2016; Wainschtein et al., 2022). 
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Moreover, when LD between causal variants and genotyped markers is weak, the effects of causal loci cannot be 

fully captured by tagging SNPs, leading to systematic underestimation of SNP-based heritability (Speed et al., 

2012; 2016; Evans et al., 2017). The relationship between effect size distribution and the AF spectrum is also 

critical: when genetic contributions are driven primarily by rare variants or variants located in low-LD regions, the 

discrepancy between SNP-based and pedigree-based heritability is further amplified (Speed et al., 2016; Evans et 

al., 2017; Wainschtein et al., 2022). 

6.1.1 Necessary conditions for comparing “heritability differences”: from phenomenon to statistical framework 

When discussing the discrepancy between pedigree-based heritability and SNP-based heritability, a frequently 

overlooked yet fundamental issue is whether such a comparison is statistically valid in the first place. These two 

types of estimates arise from distinct data structures and modeling frameworks; their differences are therefore not 

merely numerical deviations, but are embedded within their respective variance decomposition systems. Without 

strict alignment of underlying assumptions and conditions, the so-called “difference” often reflects only a 

superficial contrast between heterogeneous statistical objects, rather than an interpretable biological signal. 

Consistency in phenotype definition constitutes the foundation of any meaningful comparison. A phenotype is not 

simply an observed variable; it directly embodies the variance structure subject to decomposition. Differences in 

measurement protocols, normalization procedures, or aggregation strategies across time points or traits can all 

alter the composition of phenotypic variance, thereby affecting both the numerator and denominator of heritability 

estimates. Once the phenotype definition shifts, even identical underlying genetic effects may yield systematically 

different estimates. As a result, comparisons lacking a unified phenotypic framework are unlikely to possess 

statistical interpretability. 

The distribution of environmental factors and the structure of measurement error further define the reference 

frame for heritability estimation. Heritability is, by definition, the proportion of genetic variance relative to total 

phenotypic variance, and the environmental contribution to this total is highly dependent on the population 

context and study design. If studies differ substantially in environmental exposure, population composition, or 

sources of error, the decomposed variance components no longer belong to a common statistical population. 

Under such conditions, comparisons of heritability lose their foundation in a shared probability space. 

In pedigree-based models, the treatment of shared environmental effects plays a critical role in identifying genetic 

variance. In twin or family studies, phenotypic similarity among related individuals arises from both genetic and 

shared environmental sources. If the model fails to adequately disentangle these components, part of the 

environmental effect may be misattributed to genetic variance, leading to systematic overestimation of pedigree 

heritability. This bias is structural rather than random, and often manifests as an apparent inflation of 

pedigree-based estimates relative to SNP-based heritability. 

Finally, the coverage of the SNP marker system imposes a fundamental constraint on SNP-based heritability 

estimates. Estimates derived from genotyping arrays or sequencing data can only capture the genetic variation 

represented by observed markers and their linkage disequilibrium with causal variants. If low-frequency variants, 

rare variants, or structural variants are insufficiently represented, the corresponding genetic variance will be 

systematically missed. Therefore, even under correct model specification, SNP-based heritability cannot, in 

principle, reach the total level reflected by pedigree-based estimates. 

6.1.2 Conceptual boundaries and interpretation of snp-based heritability 

Within this analytical framework, the concept of SNP-based heritability requires a more precise definition. Rather 

than viewing it as a “lower-bound estimate” or a proxy for total trait heritability, it is more appropriately 

understood as the proportion of genetic variance captured by the observed SNP set under specific marker coverage 

and modeling assumptions-commonly referred to as “chip-capturable heritability.” This definition highlights its 

conditional and tool-dependent nature, rather than treating it as a comprehensive representation of the genetic 

architecture of a trait. 
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Accordingly, interpreting SNP-based heritability derived from methods such as GREML as direct evidence of 

“low trait heritability” is not statistically justified. Such interpretations overlook the dependence of the estimate on 

marker coverage, linkage disequilibrium structure, and parametric modeling assumptions. 

A more appropriate perspective is that SNP-based heritability reflects the joint explanatory capacity of multiple 

factors within a given analytical framework. First, the extent to which genomic markers cover true genetic 

variation determines the upper bound of observable genetic signal. Second, the structure of linkage disequilibrium 

governs whether causal variants can be effectively proxied by measured markers. Third, assumptions regarding 

allele frequency distributions and effect sizes further influence both the bias and variance of the estimate (Speed et 

al., 2016; Yang et al., 2017; Génin, 2019; Wainschtein et al., 2022). 

6.2 Interpretation checklist: a standardized workflow for GREML-based SNP heritability 

After obtaining an SNP-based heritability estimate within the GREML framework, a single numerical value alone 

does not provide sufficient explanatory power. Its statistical significance and biological interpretation both depend 

on the data-generating process, model specification, and stability of the estimation procedure. Therefore, a sound 

interpretation should not be limited to reporting the estimate itself, but should be grounded in a systematic 

evaluation of the entire analytical process. In other words, interpreting SNP heritability is a form of “conditional 

inference,” whose validity depends on the consistency among data quality, model assumptions, and 

methodological suitability. 

The foundation of result interpretation lies in the reliability of the data and the appropriateness of phenotypic 

modeling. The extent to which SNP markers cover genome-wide variation directly constrains the range of genetic 

variance that can be identified. In particular, when only common-variant genotyping array data are used, 

low-frequency variants, rare variants, and structural variants are not sufficiently captured. Their corresponding 

genetic contributions are therefore inevitably missed, leading to a systematic underestimation of SNP heritability, 

a phenomenon that has been clearly supported by large-scale sequencing studies (Wainschtein et al., 2019; 2022). 

Statistical processing of phenotypes is equally important. Phenotypes that have not been appropriately 

transformed or adjusted for systematic environmental factors often make effective variance decomposition 

difficult. In multi-environment or repeated-measure settings, if environmental heterogeneity is not explicitly 

modeled, part of the environmental effect may be incorrectly absorbed into the residual term, thereby weakening 

the ability to identify genetic variance (Evans et al., 2017; Yang et al., 2017). 

The treatment of population structure and relatedness constitutes another important source of estimation bias. 

Systematic differences introduced by population stratification, together with correlation structures arising from 

cryptic relatedness, may distort heritability estimates if not adequately controlled, and the direction of such bias is 

not necessarily fixed. In individual-level analyses, correcting for principal components or constructing an 

appropriate mixed-model structure to absorb population-structure effects is a basic requirement for maintaining 

valid estimation. Meanwhile, the identification of close relatives and the thresholds used for their exclusion should 

also be subjected to sensitivity analysis, so as to avoid unstable inference caused by differences in sample 

structure. When individual-level data are unavailable, summary-statistics-based approaches, such as LDSC or 

SumHer, can serve as alternative strategies for robustly modeling population stratification and provide important 

references for interpreting GREML results (Ge et al., 2016; Speed et al., 2016; Speed and Balding, 2018; Speed et 

al., 2022). 

The dependence of heritability estimation on the construction of the genomic relationship matrix (GRM) means 

that its interpretation must be situated within specific modeling assumptions. Because linkage disequilibrium (LD) 

patterns among SNPs are complex, failure to appropriately account for LD heterogeneity, or weak LD between 

genotyped markers and causal variants, may lead to systematic biases in different directions (Speed et al., 2012; 

2016). In practice, a single standard GRM is often insufficient to fully characterize genetic architecture. 

Introducing LD correction or using stratified GRM models to partition SNPs by allele-frequency intervals or 

functional annotation categories can, to some extent, reduce model-specification bias and improve the resolution 

with which sources of genetic variance are interpreted. In addition, cross-checking results with frameworks that 
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are more sensitive to LD structure, such as SumHer, helps assess the degree to which the estimates depend on 

assumptions embedded in GRM construction (Speed and Balding, 2018; Speed et al., 2022). 

However, even when model specification is appropriate, the statistical stability of the estimates still needs to be 

evaluated separately. The convergence of the REML algorithm, the magnitude of standard errors, and the width of 

confidence intervals are all key indicators for judging result reliability. In particular, when boundary solutions 

occur, such as genetic variance estimates approaching zero or reaching the upper bound of the parameter space, 

statistical explanations such as insufficient sample size or limited model information should be considered first, 

rather than assigning direct biological meaning to such results. For complex traits or studies with limited sample 

sizes, resampling methods such as jackknife or bootstrap can be used to evaluate estimation variability, and 

increasing sample size through multi-cohort joint analysis has also been shown to be an effective way to improve 

estimation precision (Evans et al., 2017; Wainschtein et al., 2022). 

Given these multidimensional constraints, interpretation based on a single method is clearly limited. 

Cross-validating GREML estimates with other methods is therefore a key strategy for improving the robustness of 

conclusions in current research. Because different methods differ in how they capture genetic variance, their 

estimates for the same trait often show systematic deviations. Comparing individual-level GREML results with 

summary-statistics-based LDSC or SumHer estimates can help identify biases introduced by differences in data 

structure or model assumptions (Speed et al., 2016; Speed and Balding, 2018). Especially when SNP heritability is 

substantially lower than family-based heritability, the result should be interpreted comprehensively in terms of 

marker coverage, LD structure, non-additive genetic effects, and gene-environment interactions, rather than being 

simply attributed to methodological limitations or missing genetic information (Yang et al., 2017; Wainschtein et 

al., 2022). 

In essence, SNP heritability estimated under the GREML framework is a quantitative expression of the “genetic 

variance identifiable under given data and model conditions.” The interpretation of SNP heritability results should 

follow the standardized checklist shown in Supplementary Table S1. Only when data quality, model specification, 

statistical stability, and methodological consistency have all been adequately verified can the estimate serve as an 

important basis for understanding the genetic architecture of complex traits. Integrating statistical inference with 

the biological background of the trait and developing an interpretive pathway based on multiple lines of evidence 

has become a mainstream paradigm in contemporary statistical genetics. 

7 Discussion 

7.1 Implications of SNP-based heritability estimation for the “missing heritability” debate 

The issue of “missing heritability” has long been a central debate in quantitative genetics and population genomics. 

Pedigree-based studies often report relatively high heritability estimates, whereas SNP-based approaches-such as 

GREML, which estimates genetic variance via the genome-wide relationship matrix-typically yield lower values 

(Evans et al., 2017; Yang et al., 2017). This discrepancy arises from multiple factors, including the limited capture 

of low-frequency and rare variants, incomplete linkage disequilibrium (LD) between genotyped markers and 

causal mutations, the omission of epistatic interactions, and the cumulative effects of numerous small-effect 

alleles underlying highly polygenic traits (Hou et al., 2019; Holland et al., 2020). In recent years, with the 

increasing use of whole-genome sequencing and the development of more refined LD-aware modeling approaches, 

this gap has narrowed to some extent. However, for highly polygenic traits, a portion of heritability remains 

unexplained (Evans et al., 2017; Hou et al., 2019). 

Importantly, SNP-based heritability should not be interpreted simply as an underestimate of the true heritability, 

but rather as a quantitative characterization of the variance explained by the observed set of markers (Yang et al., 

2017). This perspective has prompted a conceptual shift in how heritability is defined: the issue is not whether 

heritability is truly “missing,” but whether the association between genotyped markers and causal variants is 

incomplete. Consequently, SNP-based heritability serves as an important indicator of the capture efficiency of 

genotyping platforms and provides a theoretical basis for designing higher-density genotyping strategies and 

improving the dissection of complex traits. 
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7.2 Practical implications for plant breeding 

For plant breeding, SNP-based heritability estimation has substantial practical relevance. First, it provides a 

quantitative basis for assessing the predictability of complex quantitative traits. A high SNP-based heritability 

estimate suggests that the major genetic components of a trait are effectively captured by existing genotyping 

markers, indicating that genomic selection (GS) models are likely to achieve high predictive accuracy for that trait 

(Schmidt et al., 2019; Zhu and Zhou, 2020). Conversely, a low estimate implies that a significant portion of 

genetic variation remains unexplained, highlighting the need for increased marker density, incorporation of rare 

variants, or improved modeling of gene-environment interactions (Zhu and Zhou, 2020). 

Second, SNP-based heritability provides valuable guidance for population design and resource allocation. In 

major crops such as rice, maize, and wheat, factors such as population size, genetic background, and sample 

representativeness significantly influence the stability of heritability estimates. By applying GREML in 

early-stage populations, breeders can rapidly assess whether it is necessary to increase sample size, optimize 

crossing schemes, or adjust selection strategies for specific traits (Schmidt et al., 2019; Holland et al., 2020). 

Furthermore, partitioning heritability by functional annotation or allele frequency enables breeders to identify 

genomic regions or variant classes that should be prioritized for improvement, thereby enhancing selection 

efficiency (Weissbrod et al., 2019; Zhu and Zhou, 2020). 

7.3 Integration with PRS, fine-mapping, and downstream methods 

Unlike early marker-assisted breeding approaches centered on QTL mapping and candidate genes (Fang et al., 

2001), the GCTA/GREML framework focuses on the genome-wide proportion of genetic variance captured by 

markers. Its results are therefore more suitable for evaluating the predictive limits of traits, rather than directly 

identifying functional loci. The value of GREML lies not only in heritability estimation itself, but also in its 

integrative role within the broader analytical pipeline. 

First, GREML is closely related to polygenic risk scores (PRS). SNP-based heritability provides a theoretical 

upper bound for PRS prediction accuracy. Specifically, if a trait has low SNP-based heritability, improvements in 

model complexity alone cannot overcome this fundamental limitation (Yang et al., 2017; Zhang et al., 2018; Wang 

et al., 2023). Recent studies have demonstrated that incorporating functional annotations and LD structure, as well 

as accounting for uncertainty in individual-level risk estimation, can substantially improve PRS performance 

(Weissbrod et al., 2019; Ding et al., 2021). 

Second, the variance decomposition framework of GREML is highly compatible with fine-mapping approaches. 

By partitioning heritability across chromosomes, functional annotations, or specific gene sets, GREML can 

provide prioritization for identifying causal variants, thereby improving both the resolution and biological 

interpretability of fine-mapping results (Weissbrod et al., 2019; Gazal et al., 2022). 

Taken together, GREML is not merely a tool for heritability estimation, but a methodological bridge linking 

variant discovery, statistical inference, and functional interpretation, thereby offering a systematic framework for 

future precision breeding and molecular improvement. 

8 Conclusion 

The development of GCTA and GREML has established a standardized framework for estimating the heritability 

of complex traits using genome-wide SNP data. Unlike traditional pedigree-based approaches, these methods 

construct a genomic relationship matrix (GRM) and decompose phenotypic variance within a linear mixed model 

framework, enabling robust heritability estimation in natural or breeding populations even in the absence of 

complete pedigree information. This framework represents a fundamental transition from classical quantitative 

genetics to genotype-driven modern molecular genetics, and demonstrates strong scalability and practical utility as 

population sizes continue to increase. Furthermore, GCTA/GREML allows heritability to be partitioned by 

chromosomal segments, functional annotations, or genomic regions, thereby providing a more biologically 

informative perspective on the genetic architecture of complex traits. 
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However, it is essential to recognize that GCTA/GREML estimates rely on a set of statistical assumptions and 

boundary conditions. First, these methods typically assume that SNP effects follow a multivariate normal 

distribution and primarily focus on additive genetic variance, with limited consideration of dominance and 

epistatic effects. Second, the heritability estimates obtained from GCTA/GREML reflect only the variance 

captured by genotyped or imputed markers, and are therefore influenced by marker density, allele frequency 

distribution, and the extent of linkage disequilibrium (LD) with causal variants. Consequently, such estimates 

should not be interpreted as the “true heritability” of a trait, but rather as conditional estimates based on 

observable genomic variation. Ignoring these underlying assumptions may lead to overinterpretation-for example, 

incorrectly attributing “missing heritability” to methodological limitations rather than to inherent constraints in 

data coverage and population characteristics. 

In crop genetic improvement and molecular breeding, GCTA and GREML also demonstrate substantial practical 

value. On the one hand, they enable the characterization of the molecular genetic architecture of complex traits, 

providing a theoretical basis for quantitative trait locus (QTL) discovery and genomic selection model 

development. On the other hand, by comparing heritability estimates across traits or environmental conditions, it 

is possible to identify traits that are highly sensitive to environmental variation, thereby informing precision 

breeding strategies. In major crops such as rice, maize, and wheat, numerous empirical studies have demonstrated 

that GREML can effectively distinguish between the selectable and non-selectable components of trait variation, 

offering critical guidance for breeding target definition and resource allocation. 

Overall, the GCTA and GREML family of methods have not only transformed the paradigm of heritability 

research in quantitative genetics, but have also provided practical tools for dissecting complex traits and 

advancing molecular breeding. Looking forward, with the continued development of population-scale sequencing, 

rare variant detection, and large-scale multi-environment datasets, GREML-based heritability estimation is 

expected to become increasingly refined and comprehensive. This progress will further enhance its role in 

elucidating the genetic basis of complex traits and in guiding genome-based breeding strategies. 
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Appendix A. Checklist for Interpreting SNP-based Heritability Estimates under the GREML Framework 

This checklist is intended to standardize the interpretation workflow of SNP-based heritability estimates derived 

from the GREML framework, emphasizing their dependence on data quality, model specification, and underlying 

statistical assumptions. Researchers may use this checklist to systematically verify each step of the analysis, 

thereby improving the transparency and reproducibility of inference. 

Table S1 Interpretation of SNP heritability estimates followed a standardized checklist 

No. Check Dimension Key Items to Check Completion 

Status 

1 Genotype quality 

control and variant 

spectrum 

Whether rigorous genotype quality control has been conducted; whether the SNP set 

adequately covers the allele frequency spectrum, particularly low-frequency and rare 

variants; and whether limited coverage is expected to result in downward-biased SNP 

heritability estimates. 

   

2 Phenotype modeling 

and covariate 

adjustment 

Whether the phenotype distribution has been examined and appropriate transformations 

applied; whether batch effects, environmental covariates, and other key fixed effects 

have been included in the model. 

   

3 Repeated measures 

and 

multi-environment 

structure 

For phenotypes measured across multiple time points or environments, whether 

multi-environment or hierarchical mixed models have been adopted to avoid inflation of 

residual variance. 

   

4 Population structure 

control 

Whether population stratification has been assessed and adjusted for using principal 

components or equivalent approaches; and whether the estimates are robust to the 

number of PCs included. 

   

5 Relatedness filtering 

and kinship 

threshold setting 

Whether criteria for removing close relatives have been clearly defined; and whether the 

stability of SNP heritability estimates has been evaluated under alternative relatedness 

thresholds. 

   

6 GRM construction 

and LD sensitivity 

Whether results obtained using the standard GRM have been compared with those from 

LD-adjusted or partitioned GRM models; and whether sensitivity to linkage 

disequilibrium assumptions has been assessed. 

   

7 REML convergence 

and boundary 

estimates 

Whether REML optimization has converged; whether standard errors and confidence 

intervals have been reported; and whether boundary estimates (e.g., ℎ2 = 0or ℎ2 = 1) 

are interpreted as indicators of limited information rather than definitive biological 

conclusions. 

   

8 Estimation stability 

and sample size 

adequacy 

Whether estimation stability has been evaluated using standard errors; whether 

resampling approaches such as jackknife or bootstrap have been applied when feasible; 

and whether the sample size is adequate for reliable variance component estimation. 

   

9 Cross-method 

validation 

Whether GREML-based estimates have been compared with results from 

summary-statistic methods such as LDSC or SumHer. 
   

10 Integrated 

interpretation and 

boundary awareness 

Whether SNP heritability estimates are interpreted in the context of marker coverage, 

model assumptions, and trait biology; and whether SNP heritability is not equated with 

the trait’s “true” heritability. 
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Appendix B. Comparative Summary of Statistical Objectives, Assumptions, and Applicability of GREML 

Extensions and Variants 

Supplementary Table 2 summarizes the differences among commonly used extensions of the GREML framework 

in terms of their statistical objectives, core assumptions, applicable data structures, and key diagnostic 

considerations. This comparison table is intended to provide guidance for selecting appropriate extended models 

under different research scenarios. 

Table S2 Statistical Objectives, Assumptions, and Applicability of GREML Extensions and Variants 

Method extension Primary statistical issue 

addressed 

Core assumptions Typical applicable data 

structures 

Recommended diagnostics and 

cautions 

LOCO 

(Leave-One-Chrom

osome-Out) 

Proximal 

contamination, leading 

to inflation of local 

effects and 

overestimation of 

variance components 

Genetic contributions 

from different 

chromosomes are 

approximately 

independent; excluding 

the target chromosome 

does not substantially 

compromise estimation 

of genome-wide 

background effects 

Genomes with a limited 

number of chromosomes and 

large LD blocks; scenarios 

with high-effect loci; 

commonly applied in crop 

genomic datasets 

Compare results from standard 

GRM and LOCO GRM; LOCO is 

designed primarily to address 

proximal contamination and 

should not be used as a general 

correction for population structure 

or LD heterogeneity 

Functional 

partitioning of 

heritability 

(multiple GRMs) 

Heterogeneous 

distribution of genetic 

variance across 

genomic functional 

regions; limited 

biological 

interpretability of 

aggregate heritability 

SNP effect-size 

distributions and LD 

patterns differ 

systematically across 

functional annotations 

and can be identified 

through partitioned 

modeling 

Large sample sizes; reliable 

functional annotations; 

sufficient SNP density within 

each category; suitable for 

enrichment and variance 

partitioning analyses 

Highly sensitive to annotation 

correlation and multicollinearity; 

perform sensitivity analyses; avoid 

over-interpreting enrichment 

signals from individual categories 

Bivariate / 

multi-trait GREML 

Identifiability of genetic 

covariance and genetic 

correlation between 

traits; integration of 

information across traits 

Genetic effects for 

multiple traits are 

captured by a common 

GRM; covariance 

structure is identifiable 

in the sample 

Adequate sample size; traits 

measured in the same or 

highly overlapping samples; 

applications in multi-trait 

breeding and trade-off 

analyses 

Sensitive to phenotypic 

measurement error and sample 

overlap; carefully inspect standard 

errors and confidence intervals of 

genetic correlations; avoid 

over-interpretation under limited 

sample sizes 
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Abstract Peach production is highly sensitive to variations in air temperature; as a critical climatic factor, temperature plays a 

pivotal role in the phenological development of peach trees, yield formation, and the regulation of fruit quality. Focusing on the 

mechanisms by which temperature influences peach yield and quality, this paper systematically analyzes its regulatory effects across 

different growth stages—specifically, the temperature response characteristics observed during bud break and flowering, fruit 

development, and the ripening process. Building upon this foundation, and by integrating meteorological data with orchard 

production records, a predictive model for peach yield and quality based on temperature indicators was constructed. This model 

places particular emphasis on incorporating variables such as accumulated temperature, extreme heat events, and seasonal 

temperature fluctuations, while employing a hybrid approach that combines statistical analysis with machine learning techniques for 

modeling and optimization. Through model performance evaluation and sensitivity analysis, key temperature thresholds and 

dominant factors influencing yield and quality were identified, thereby further elucidating the mechanisms by which heat stress and 

low-temperature impacts contribute to yield loss and quality deterioration. Case studies demonstrate that the developed model 

effectively predicts regional trends in peach yield and quality, exhibiting high applicability and stability. The findings of this study 

provide a theoretical basis for orchard temperature management, variety selection, and disaster risk management; furthermore, they 

offer technical support for the advancement of precision agriculture and intelligent decision-support systems, holding significant 

implications for enhancing the climate adaptability and production efficiency of the peach industry. 

Keywords Peach yield prediction; Temperature stress; Fruit quality modeling; Growing degree days; Precision agriculture 

1 Introduction 

Temperature is a primary abiotic factor shaping peach growth, fruit set, and postharvest value, and its role is 

becoming more critical under ongoing climate change. Experimental warming studies with early- and low-chill 

cultivars show that moderate increases in temperature can accelerate development and, in some cases, enhance 

photosynthesis and fruit mass, whereas stronger warming reduces photosynthetic performance, floral bud 

differentiation, and subsequent yield (Lee et al., 2022). Temperature during fruit development also alters key 

quality traits-such as size, sweetness, coloration, and firmness-with high temperatures often hastening maturity but 

compromising desirable attributes like fruit weight and soluble solids content. These responses highlight the need 

to understand and predict how temperature regimes across seasons and regions translate into changes in both yield 

and fruit quality. 

Despite extensive physiological and agronomic work, quantitative models linking temperature to integrated peach 

yield and quality outcomes remain limited. Process-based “virtual fruit” models capture fruit mass and sugar 

dynamics and are sensitive to environmental drivers, yet they often treat temperature only implicitly through 

generic weather terms rather than explicitly parameterizing its effects on growth and compositional traits. Recent 

climate-driven phenological and epidemiological models have projected climate-change impacts on peach 

blooming, disease pressure, and yield losses at national scales, but they primarily target phenology and disease, 

not detailed fruit quality responses (Lee et al., 2020). As a result, growers and breeders lack predictive tools that 

jointly represent how intra- and inter-seasonal temperature variability influences both quantitative yield and 

multiple quality dimensions. 
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At the same time, emerging statistical and machine learning approaches demonstrate the feasibility of robust 

peach yield prediction when temperature and other climatic variables are explicitly incorporated. Yield models 

calibrated on multiyear orchard data in subtropical climates, using inputs such as chilling hours, mean temperature, 

and leaf nutrient status, have identified chilling and temperature as dominant predictors, with machine learning 

methods (e.g., Random Forest) outperforming multiple linear regression (Moura-Bueno et al., 2026). Parallel 

work in subtropical regions using growing degree-days (GDD) to characterize fruit development shows that 

thermal accumulation strongly differentiates cultivars in terms of fruit size and mass, underscoring the central role 

of temperature metrics for explaining variability in agronomic performance. However, these data-driven models 

rarely integrate detailed fruit-quality indicators, and are seldom evaluated under projected future temperature 

scenarios. 

The present study addresses these gaps by developing and testing models that explicitly quantify the effects of 

temperature on peach fruit yield and quality. Building on controlled-environment and field evidence that high and 

low temperature regimes differentially affect photosynthesis, growth, and key quality traits, the study formulates 

the hypothesis that specific temperature indices (e.g., mean temperature, GDD, extreme heat indicators) are 

systematically associated with both yield components and multi-dimensional quality attributes, and incorporating 

these indices into statistical and machine learning frameworks significantly improves the prediction of combined 

yield-quality outcomes compared with models using generic climate covariates. By integrating physiological 

knowledge with modern modeling techniques, the research aims to identify temperature thresholds and response 

patterns critical for maintaining yield and quality, compare alternative modeling strategies for capturing these 

relationships, and provide a transferable framework to support cultivar selection, orchard climate adaptation, and 

precision management decisions in current and future temperature regimes. 

2 Temperature Regulation of Peach Phenology and Fruit Development 

2.1 Temperature effects on bud break and flowering dynamics 

Bud break and flowering in peach are governed by the interaction of winter chilling and subsequent heat 

accumulation. Studies across many cultivars show that increasing chilling accumulation generally reduces the heat 

requirement and days to flowering, but the strength of this chilling-heat trade-off differs with the cultivar’s 

chilling requirement; high-chill genotypes respond strongly to small increases in chilling, whereas low-chill types 

show weaker reductions in heat requirement (Yan et al., 2024). Classic work demonstrated an exponential decline 

in heat needed for floral budbreak as chilling increases, with insufficient chilling leading to extended, asymmetric 

budbreak and greater sensitivity to spring temperature variation. 

Across wide climatic gradients, the timing of rest completion and the balance between chill and heat strongly 

shape bloom dates. Multi-site trials of peach and nectarine in Europe found that in colder sites, rest was completed 

earlier and bloom time was more tightly controlled by spring heat accumulation, while in warmer sites delayed or 

incomplete rest made bloom timing more sensitive to winter temperatures (Drogoudi et al., 2023). Long-term 

modeling shows that warming winters in major peach regions are already reducing chill accumulation, shifting the 

relative roles of chilling and forcing and complicating the prediction of budbreak and bloom under climate change 

(Yan et al., 2024). 

2.2 Heat accumulation and fruit development rate 

After bloom, heat accumulation is a primary driver of fruit development rate and the length of the fruit 

development period (FDP). Thermal-time models using growing degree hours with cultivar-specific base, 

optimum, and critical temperatures have been shown to predict harvest dates within 1-4 days across cultivars with 

FDPs ranging from 70 to 150 days, and are especially accurate when based on heat accumulated in the first 25-52 

days after bloom. Analyses of spring temperature effects indicate that high early-season heat (GDH30) accelerates 

phenological development and shortens the period from full bloom to a reference developmental stage, but can 

reduce fruit size at that stage because trees cannot supply resources rapidly enough to match the higher growth 

potential. 
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Fruit growth response to temperature is stage-dependent. Under controlled conditions, peach fruit developed 

typical double-sigmoid growth, with higher temperatures (up to 30 °C) increasing growth rates and shortening the 

duration of early stages (S1-S2), thereby reducing total development time by more than two weeks compared with 

cooler regimes. However, the same high temperatures slowed late-stage expansion (S3) and reduced final fruit 

size, weight, and soluble solids, indicating that while elevated temperatures speed development and advance 

maturity, they can compromise key quality traits if thermal conditions exceed optimal ranges during critical 

growth phases. 

2.3 Temperature stress impacts on reproductive success 

Reproductive processes in peach are particularly vulnerable to temperature extremes around bloom. 

Controlled-environment studies with ‘Hakuho’ showed that constant temperatures of 25°C-30 °C greatly 

accelerated bud burst and flowering but reduced flower size, impaired embryo sac development, and markedly 

lowered fruit set, indicating that temperatures above about 25 °C disrupt normal reproductive organ development 

and fertilization success. Field and greenhouse comparisons in ‘Granada’ revealed that pre-bloom and bloom high 

temperatures advanced dormancy break and bloom but delayed female gametophyte development, induced 

anomalies in male gametophytes, and resulted in low pollen viability, poor synchrony of fertilization, and reduced 

yield. 

More detailed analyses of the progamic phase show contrasting temperature sensitivities of male and female 

functions. Within a moderate range, increasing temperature accelerates pollen germination and pollen tube growth 

and increases the number of tubes reaching the style base, but simultaneously causes a sharp decline in stigmatic 

receptivity, first for supporting tube penetration, then germination, and finally pollen adhesion. Additional work 

comparing cultivars under subtropical fluctuations found that high temperatures (≥25 °C) during bloom reduced in 

vitro pollen germination and the proportion of normal pollen grains, with stronger negative impacts on fruit set in 

‘Granada’ than in ‘Maciel’, highlighting genotype-specific vulnerability of reproductive success to heat episodes 

at flowering. 

3 Temperature Impacts on Peach Yield Formation Mechanisms 

3.1 Growing degree days and yield accumulation relationships 

Growing degree-based thermal indices provide a mechanistic link between temperature, developmental timing, 

and yield formation in peach. In subtropical field conditions, cultivars with higher growing degree day (GDD) 

requirements during fruit development (“Biuti”) achieved larger fruit size and mass, whereas low-GDD cultivars 

(“Tropical”) showed smaller fruits, indicating that greater thermal accumulation supports longer growth phases 

and higher yield potential. Similarly, cultivar comparisons in a sub-temperate Himalayan zone showed that mid- 

and late-season cultivars requiring 1500-1900 GDD produced higher yields and better quality traits (TSS, sugars) 

than early cultivars with lower GDD, underscoring that cultivar-specific GDD thresholds structure both yield and 

quality outcomes. 

Process-based and simulation approaches further embed growing degree metrics into yield formation. The 

PEACH tree growth and yield model uses growing degree hours (GDH) accumulated during the first 30 days after 

bloom to estimate the length of the fruit growth period; incorporating this GDH-harvest date relationship 

markedly improved predictions of harvest timing and yield across years and locations compared with earlier 

degree-day formulations. Empirical analyses of spring temperatures also show that high early GDH accumulation 

shortens the interval from full bloom to a reference date, increasing instantaneous growth rates but ultimately 

reducing reference-date fruit size when resource supply cannot keep pace with rapid phenological advancement, 

demonstrating that thermal time can both promote and constrain yield formation depending on seasonal context. 

3.2 Heatwaves and yield reduction mechanisms 

Short-term heat stress around harvest exerts distinct and sometimes counterintuitive effects on peach yield 

formation. A regional analysis for South Korea, using municipal yield data and thermal indicators around the 

‘Cheonjungdo Baekdo’ harvest window, found that a higher number of hot days (>30 °C) and elevated minimum 

temperatures during fruit development significantly increased the probability of low-yield years, implicating 
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prolonged heat exposure and warm nights in yield reduction. Yet higher maximum temperatures earlier in the 

growth period were associated with improved productivity, and cumulative heat intensity above 30 °C around 

harvest showed a negative association with low yield, highlighting complex, stage-dependent responses to heat 

events. 

Controlled-environment experiments reveal physiological mechanisms through which excessive heat depresses 

fruit yield and size. For the low-chill cultivar ‘KU-PP2’, growth at 30 °C accelerated early fruit expansion and 

shortened the development period by up to 18 days but substantially reduced final fruit weight and soluble solids 

compared with 20 °C, effects attributed to diminished photosynthetic capacity under sustained high temperature. 

Related work on ‘Mihong’ shows that moderate warming (+3.4 °C) can increase photosynthesis, stomatal density, 

and tree yield, while stronger warming (+5.7 °C) reduces photosynthetic rates and floral bud differentiation, 

thereby lowering current yield and compromising yield potential in the following year, illustrating how heatwaves 

that push temperatures beyond optimal thresholds can damage both current and subsequent crops (Lee et al., 

2020). 

3.3 Seasonal temperature variability and yield stability 

Interannual variability in seasonal temperatures modulates both phenology and yield stability in peach orchards. 

In Moroccan Sais Valley conditions, years with higher temperatures during flowering and fruit growth showed 

earlier bloom and maturity but significantly lower fruit weight, suggesting that warmer seasons may compress 

developmental periods and reduce assimilate accumulation per fruit. Long-term observations in a warm Tunisian 

production area similarly indicate that exceptionally warm winters with low chill accumulation delay and 

desynchronize flowering, increase bud abscission, and reduce yield and fruit quality when chilling falls below 

cultivar-specific thresholds, demonstrating that warm-winter anomalies destabilize reproductive success and 

commercial output. 

At broader spatial scales, process-based phenology models that couple chilling, forcing, frost risk, and growing 

degree days show that climate warming will shift the thermal niche of peach cultivation, with earlier bloom and 

easier ripening but increasing risk of insufficient winter chill in traditional warm regions. Analysis of historical 

low-yield events in the U.S. Midwest and Southeast further identifies “false spring” patterns-early GDD 

accumulation followed by hard freezes-as major drivers of regional peach crop failures, and uses surface 

temperature thresholds and GDD tracking to build a decision-support tool capable of predicting major yield 

reductions, emphasizing how seasonal temperature sequences rather than single extremes determine yield stability. 

4 Temperature Regulation of Peach Fruit Quality Attributes 

4.1 Temperature effects on sugar and acid metabolism 

Storage and handling temperature strongly shape sweetness-acidity balance in peach by altering sugar and organic 

acid metabolism. Non-chilling storage around 12 °C allows normal ripening, maintaining flavor development and 

preventing chilling injury, whereas storage at 4 °C, although effective at slowing softening, induces off-flavors 

and increased bitterness linked to the accumulation of specific bitter flavonoids and related metabolites (Muto et 

al., 2022). Low-temperature stress can also trigger metabolic reprogramming of carbohydrates: during cold 

storage, sucrose and other soluble sugars often change in parallel with chilling symptoms, reflecting their dual 

roles as flavor components and stress protectants. 

Regulation of sucrose metabolism under cold and temperature-related treatments is central for both flavor and 

chilling tolerance. Hot-air and methyl jasmonate treatments before storage at 5 °C increased sucrose and sorbitol 

contents compared with controls, associated with higher sucrose phosphate synthase activity and lower acid 

invertase activity, suggesting that moderate temperature stress combined with elicitors can maintain sweetness 

while enhancing chilling resistance (Figure 1). Similarly, salicylic acid pretreatment prior to 4 °C storage raised 

total soluble sugars, largely via sucrose accumulation, and modified expression of sucrose-related genes, while 

simultaneously activating cold-response transcription factors and reducing internal browning, indicating that 

temperature-driven sugar metabolism is tightly coupled to stress signaling and quality preservation. 
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Figure 1 Effects of storage temperature on flavor balance and metabolic regulation in peach fruit 

4.2 Influence on fruit size, firmness, and texture 

Temperature during on-tree development controls final size and basic texture attributes. In controlled 

environments, increasing growth temperature from 20 °C to 30 °C accelerated early fruit expansion and shortened 

the development period but reduced final fruit weight, size, and sweetness, indicating that high developmental 

temperatures hasten maturity at the expense of key quality traits. Under projected climate-change scenarios with 

elevated CO2, moderate warming (+3.4 °C) increased photosynthesis, carbohydrate content, and fruit weight, 

whereas stronger warming (+5.7 °C) decreased photosynthetic performance and was associated with poorer 

physiological status and reduced fruit quality in the subsequent year, emphasizing that beneficial temperature 

windows are narrow (Lee et al., 2022). 

Postharvest temperature interacts with cell wall metabolism to determine firmness and textural defects. In 

stony-hard peaches, storage at intermediate temperatures (8°C-15 °C) induced substantial softening and strong 

expression of a polygalacturonase gene, whereas storage at 0 °C or 20 °C for extended periods prevented 

subsequent softening at 10 °C, suggesting that specific temperature ranges activate pectin-degrading machinery 

independently of ethylene (Tatsuki et al., 2021). Conversely, in melting-flesh peaches, low-temperature storage at 

6 °C, compared with 25 °C, inhibited softening by maintaining cell wall integrity: low temperature reduced the 

accumulation of water- and ion-soluble pectin and suppressed activities and expression of polygalacturonase, 

pectate lyase, and pectin methylesterase, effects linked to cold-induced CBF transcription factors that repress 

pectin-degradation genes (Guo et al., 2026). 

4.3 Temperature-driven changes in aroma and phytochemicals 

Aroma and phytochemical profiles of peach are highly temperature-dependent during storage and ripening. Cold 

storage at 1 °C for 7 d significantly affected firmness, acidity, phenolics, vitamin C, and carotenoids across 

cultivars, with some sensory attributes (bitterness, astringency, crunchiness) increasing as firmness and acidity 

rose, while perceived harmony and sweetness were more closely related to °Brix, β-carotene, and specific 

volatiles than to simple acidity measures (Muto et al., 2022). In another study, low-temperature storage at 0.5 °C 
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and 5.5 °C increased aldehydes and alcohols during storage but shifted ester and lactone evolution to subsequent 

shelf life, with cultivar differences in chilling injury linked to differential accumulation of antioxidants and 

osmoprotectants such as sorbitol, putrescine, and phenolics (Brizzolara et al., 2018). 

Moderately low temperatures during ripening can enhance phenolic accumulation and modify volatile pathways in 

the field. For a protected-origin peach, correlation analyses showed that cooler ripening conditions were 

associated with higher levels of phenolic compounds, particularly flavonoids and anthocyanins, while expression 

of a lipoxygenase gene (PpLOX1) co-varied with climate variables and LOX-derived volatiles, indicating 

coordinated temperature regulation of antioxidant and aroma biosynthesis. Under postharvest cold storage at 0 °C, 

controlled-atmosphere conditions improved sensory quality by reducing internal browning and retaining higher 

levels of esters and lactones; several LOX-pathway volatiles and associated biosynthetic genes were positively 

correlated with consumer acceptability, underscoring how temperature-atmosphere regimes modulate both aroma 

and perceived eating quality (Liu et al., 2022). 

5 Construction of Temperature-Based Peach Yield and Quality Models 

5.1 Selection of temperature indicators and feature engineering 

Constructing temperature-based models for peach yield and quality begins with identifying thermal indicators that 

best capture phenology and fruit development. Reviews of temperature indices in temperate fruit production 

emphasize chill units, growing degree days (GDD), and growing degree hours (GDH) as core descriptors for 

dormancy release, flowering, and development, together with indices for extreme events such as frost and heat 

stress. In subtropical peach orchards, cultivar comparisons show that GDD accumulation during fruit development 

is closely linked with fruit size and mass, with higher GDD requirements associated with larger fruit, guiding the 

choice of development-stage-specific thermal sums as model inputs. 

Feature engineering must also reflect cultivar-specific thresholds and the timing of thermal exposure. Nonlinear 

GDH models that incorporate base, optimum, and critical temperatures predict harvest dates within 1-4 days for 

cultivars with very different fruit development periods, illustrating the value of calibrated, cultivar-dependent 

heat-response parameters. Phenological work in sub-temperate regions further demonstrates that GDD from 

dormancy break to harvest differentiates early, mid, and late cultivars and is strongly associated with yield and 

sugar content, suggesting that cumulative heat over well-defined BBCH stages can be transformed into compact, 

phenology-anchored predictors for yield and quality models. 

5.2 Integration of physiological and meteorological data 

Accurate temperature-based models require integrating meteorological variables with physiological or structural 

indicators of tree status. A multi-year study on ‘Esmeralda’ peach combined meteorological indices (chilling hours, 

GDD, rainfall) with foliar mineral composition and previous-season yield, showing that chilling hours and GDD 

dominated feature rankings for yield and several quality traits, while leaf nutrients and carryover effects refined 

predictions (Nava et al., 2022). Similarly, a peach yield prediction study using 208 trees under subtropical 

climates found that hours of chilling and mean temperature, together with leaf K and N, were the most relevant 

predictors of yield in machine learning models, highlighting the importance of jointly representing climate and 

plant nutritional status (Moura-Bueno et al., 2026). 

Physiological integration is also needed to capture how temperature affects photosynthesis and fruit growth 

potential. Controlled phytotron experiments on the early cultivar ‘Mihong’ under elevated temperatures and high 

CO2 showed that moderate warming (+3.4 °C) increased photosynthetic rate, fruit weight, and carbohydrate 

content, whereas stronger warming (+5.7 °C) reduced photosynthesis, floral bud differentiation, and expected 

subsequent yield (Figure 2) (Lee et al., 2022). Temperature-controlled studies on ‘KU-PP2’ similarly 

demonstrated that higher growth temperatures accelerate early fruit expansion but reduce final fruit size and 

sweetness at 30°C, implying that model inputs should include not only simple thermal sums but also 

phase-specific temperature descriptors linked to physiological processes such as photosynthetic capacity and 

source-sink balance. 
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Figure 2 Effects of temperature variation on photosynthesis and source-sink dynamics in peach trees under controlled environments 

5.3 Development of statistical and machine learning models 

Once temperature indicators and physiological covariates are defined, they can be embedded in statistical and 

machine learning frameworks. For bud and bloom phenology, models combining chill accumulation (Dynamic 

model) with growing degree sums have predicted bud development stages across major Spanish peach regions 

with errors of about four days, outperforming forcing-only models and providing physiologically consistent 

thresholds for chill and heat. At finer scales, chill-heat models for individual cultivars have been fitted using 

sequential chill and GDH accumulation to estimate budbreak timing, offering simple yet robust tools for linking 

winter-spring temperatures to the onset of reproductive development (Cifuentes-Carvajal et al., 2023). 

For yield-focused modeling, multivariate machine learning approaches appear especially promising. In 

‘Esmeralda’ peach, k-nearest neighbors and stochastic gradient descent models trained on meteorological indices, 

foliar nutrients, and prior yield achieved accuracies up to 1.00 for several yield and quality indices, with chilling 

hours and degree-days emerging as top-ranked features (Nava et al., 2022). A broader yield prediction study 

comparing Random Forest, multiple linear regression, and support vector machines found that Random Forest 

provided the best performance, and identified hours of chilling, leaf K and N, and mean temperature as the most 

influential variables, confirming that nonlinear ML models can effectively learn complex 

temperature-nutrition-yield relationships when supported by well-engineered temperature indicators 

(Moura-Bueno et al., 2026). 

6 Evaluation and Optimization of Temperature-Driven Prediction Models 

6.1 Model performance comparison and selection 

Evaluation of temperature-driven peach yield and quality models requires systematic comparison of alternative 

model structures and learning algorithms. For peach yield, a study comparing Random Forest, Multiple Linear 

Regression, and Support Vector Machine found that Random Forest achieved the highest predictive accuracy 

when using climatic, soil, and leaf nutrient data, with chilling hours and mean temperature among the most 

influential predictors (Moura-Bueno et al., 2026). Similarly, temperature-based phenology models for peach 

bloom (developmental rate, chill day, and new chill day models) were assessed with MAPE, R², and RMSE, and 

the new chill day model provided the best compromise between bias and precision across cultivars and sites, 

illustrating the value of multi-metric model comparison for temperature-driven processes. 
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Beyond peach, crop modeling research highlights the need to balance accuracy and interpretability when selecting 

prediction models. An interaction regression framework for corn and soybean yielded lower relative RMSE than 

state-of-the-art machine learning methods while explicitly decomposing yield into contributions from weather, 

soil, and management, demonstrating that carefully regularized regression with interaction selection can 

outperform black-box models and provide mechanistic insight on temperature effects (Ansarifar et al., 2021). 

Phenology-guided deep learning for soybean showed that incorporating heat-related predictors and 

phenological-stage windows in a Bayesian CNN architecture substantially improved yield prediction relative to 

benchmark models, underscoring that model choice should reflect both temperature process representation and the 

temporal structure of response variables (Zhang and Diao, 2023). 

6.2 Error decomposition and robustness testing 

For temperature-driven crop models, decomposing prediction errors helps clarify limitations in both structure and 

parameterization. In a grapevine phenology-yield model calibrated with a frequentist framework, the joint 

objective function based on normalized RMSE revealed that no single parameter vector minimized errors for both 

phenology and yield simultaneously, and yield RMSE exhibited much larger spread than phenology RMSE, 

indicating structural or parameter constraints in capturing yield responses to weather variability (Yang et al., 2024). 

Follow-up uncertainty analysis showed that fruit-setting parameters were the dominant contributors to yield 

prediction variability, illustrating how error decomposition can pinpoint biologically meaningful leverage points 

for improving reproductive and yield submodels. 

Robustness of phenology and yield simulations to temperature extremes and calibration data coverage has been 

explicitly tested in multi-model rice phenology assessments. Using six model structures and leave-one-out 

cross-validation, regional simulations of maturity dates achieved RMSE of 2-4 days, but evaluation errors were 

larger than calibration errors, especially in areas with frequent high-temperature episodes, where divergent model 

responses increased structural uncertainty. Decomposition of total uncertainty into parameter and structural 

components showed that parameter variability dominated overall uncertainty in most regions, except in 

high-temperature zones where structural differences in temperature response functions were more important, 

emphasizing that robustness testing must consider both parameter and model-form uncertainties across 

temperature regimes. 

6.3 Sensitivity and uncertainty analysis of temperature variables 

Sensitivity and uncertainty analyses provide a quantitative basis for prioritizing temperature-related variables and 

parameters in peach yield and quality models. Global sensitivity analysis of a fertigation crop model (HORTSYST) 

using Sobol indices identified nine key parameters-including minimum and maximum optimal temperatures and 

radiation-use efficiency-as most influential on photo-thermal time, dry matter production, and transpiration, 

guiding calibration toward the subset of parameters that control temperature and radiation responses. In the same 

framework, parameters showed stage-dependent importance, with more parameters affecting outputs early in 

fruiting than late in the season, suggesting that temperature sensitivities should be evaluated for specific 

phenological windows when modeling fruit crops. 

Other dynamic crop models combine variance-based sensitivity analysis with uncertainty propagation to 

understand climate effects on yield. For Lycium barbarum in WOFOST, Morris and extended FAST methods 

demonstrated that parameters related to CO2 assimilation, leaf area expansion, and thermal time during specific 

periods had the largest impact on simulated yield, and sensitivity rankings were consistent across climate sites, 

supporting the transferability of temperature- and development-related parameter priors across regions. A similar 

strategy in a grapevine soil-plant-atmosphere model quantified prediction uncertainty as the spread of nRMSE 

across hundreds of thousands of parameter vectors, then used parameter-wise reductions in uncertainty to identify 

those most responsible for yield and phenology variance, providing a template for implementing global sensitivity 

and uncertainty analysis in peach temperature-yield-quality models. 
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7 Identification of Critical Temperature Thresholds in Peach Production 

7.1 Optimal temperature ranges for key growth stages 

Critical temperature thresholds for vegetative and reproductive development can be described using basal 

(minimum and maximum) temperatures and thermal sums for successive phenological phases. For 14 peach and 

one nectarine cultivar, minimum basal temperatures of about 8°C-10 °C were identified for pruning-sprouting and 

sprouting-flowering, 12°C-14 °C for flowering-fruiting, and 12°C-14 °C for ripening, while maximum basal 

temperatures were about 28°C-34 °C depending on the phase. These values imply that temperatures below 

phase-specific bases do not contribute to development, whereas temperatures above the upper limits do not further 

accelerate progress and may predispose to stress, providing practical bounds for “effective” temperature ranges 

during each stage. 

Thermal-time models further refine optimal temperature concepts by combining cultivar-specific base, optimum, 

and critical temperatures. A non-linear growing degree hour (GDH) model using a base of 7.5 °C, an optimum of 

26 °C, and a critical temperature of 38.5 °C accurately predicted harvest dates (1-4 d error) for cultivars with fruit 

development periods from 70 to 150 d, and an early forecast could be obtained from GDH accumulated in the first 

25-52 d after bloom. Together, these results indicate that peach development proceeds most efficiently within a 

broad band from the low teens up to the mid-20s °C, with diminishing or saturating developmental gains as 

temperatures approach the upper 20s and mid-30s °C. 

7.2 High-temperature stress thresholds and yield loss 

Experimental warming under future-climate CO2 has clarified high-temperature thresholds for physiological 

decline. For ‘Mihong’, a modest rise of +3.4 °C above local averages (with 700 µmol/mol CO2) increased 

photosynthetic rate, carbohydrate content, and fruit weight, whereas a +5.7 °C scenario reduced photosynthesis, 

caused chlorophyll loss, decreased floral bud differentiation, and lowered floral bud density, leading to expected 

yield reduction in the following year (Lee et al., 2022). These responses suggest that warming within roughly 

+3-4 °C may still fall within an expanded “optimal” window, while sustained warming approaching +6 °C crosses 

a physiological threshold where vegetative dominance and early defoliation compromise reproductive potential. 

At the orchard and regional scale, heat indicators around harvest identify damaging thresholds for yield. In South 

Korea, a logistic model using municipal yield data showed that a higher number of days above 30 °C and elevated 

minimum temperatures during fruit development significantly increased the probability of low-yield years, 

although higher maximum temperatures earlier in the growth period were linked to improved productivity. The 

positive association between counts of >30 °C days and low yield, combined with the experimental evidence of 

performance declines near +6 °C warming, indicates that both the intensity and persistence of temperatures above 

about 30 °C define critical stress thresholds for peach yield formation. 

7.3 Low-temperature injury and recovery mechanisms 

On the cold side, storage temperature tightly controls the onset of chilling injury (CI) symptoms and associated 

membrane damage. During postharvest storage, peaches kept at 4 °C rapidly developed CI, with enhanced 

expression of membrane lipid metabolism genes, accumulation of phosphatidic acid, and shifts in diacylglycerol 

and triacylglycerol profiles, whereas storage at 0 °C delayed CI by maintaining higher levels of phospholipids and 

promoting fatty acid desaturation and unsaturation. These findings indicate that, paradoxically, “moderate” low 

temperatures around 4 °C may be more injurious than near-freezing 0 °C, and that maintenance of unsaturated 

membrane lipids is a key protective mechanism at very low temperatures. 

Pre-storage conditioning and acclimation treatments define additional functional thresholds for cold tolerance and 

recovery. Low temperature conditioning at 8 °C for 5 d before 0 °C storage increased ethylene production, 

accelerated softening, reduced internal browning, and led to higher fatty acid content, desaturation, and 

phospholipid levels compared with constant 0 °C storage (Song et al., 2022). Similarly, priming ‘June Gold’ fruit 

for 48 h at 20 °C before 40 d at 0 °C suppressed CI symptoms relative to fruit transferred directly to 0 °C, with 

distinct proteomic and metabolomic signatures indicating altered cold responses and a possible role for 
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branched-chain amino acids in tolerance. Collectively, these studies show that both the absolute low temperature 

(0°C vs 4 °C) and short exposures to intermediate “priming” temperatures (8°C-20 °C) critically determine 

whether cold acts as damaging stress or as a signal that triggers protective acclimation pathways. 

8 Case Study on Temperature-Driven Yield and Quality Variations in Peach Orchards 

8.1 Study area climate and orchard characteristics 

The case study focuses on subtropical orchards in southern Brazil, where ‘Maciel’ and ‘Chimarrita’ peaches are 

grown under contrasting microclimates but broadly similar humid subtropical conditions with variable winter chill 

and warm springs. A database of 208 trees captured spatial variation in soil properties, leaf nutrient status, and 

localized weather, allowing climate variables such as chilling hours and mean temperature to be related to yield at 

tree scale (Moura-Bueno et al., 2026). In parallel, field work in Brazilian subtropical regions characterized fruit 

development of four cultivars across the season, using growing degree days (GDD) to describe the temperature 

regime governing fruit growth and size. 

These subtropical environments are characterized by relatively mild winters that can constrain chill accumulation 

and by warm, often rapidly heating, springs and summers that drive fast GDD accumulation (Moura-Bueno et al., 

2026). Under these conditions, cultivars such as ‘Tropical’ require lower GDD and produce smaller, lighter fruit, 

whereas ‘Biuti’ demands higher GDD and attains larger size, illustrating how local thermal regimes interact with 

genotype to shape orchard yield potential and quality profiles. Such climate-cultivar interactions frame the design 

of temperature-driven prediction models in the study area. 

8.2 Application of temperature-based predictive models 

In the Brazilian orchards, peach yield was modeled by combining climatic indicators with tree- and soil-level 

covariates. Random Forest, Multiple Linear Regression, and Support Vector Machine were trained using hours of 

chilling, mean temperature, and leaf and soil nutrient data; Random Forest gave the highest predictive 

performance, and chilling hours emerged as the single most relevant predictor of yield, followed by leaf K and N 

and mean temperature (Moura-Bueno et al., 2026). This structure embeds temperature both as a direct driver (chill 

and in-season means) and as a proxy for longer-term site suitability, while allowing nonlinear effects and 

interactions (Figure 3). 

 

Figure 3 Relationship between winter chilling accumulation and peach yield performance in Brazilian orchards 
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Complementing these tree-scale models, a regional decision-support tool was developed for the U.S. Midwest and 

Southeast to anticipate major yield reductions from false springs, using accumulated growing degree days 

(GDD7.2) and minimum temperatures during freeze events. For each region, an “envelope” curve relating GDD to 

critical minimum temperature was derived from historical low-yield years; stations falling below this envelope in 

a given season were classified at risk of major peach yield loss. This approach illustrates how simple 

temperature-based indicators can be operationalized for risk forecasting at regional scale. 

8.3 Validation of predicted yield and quality against observations 

Validation of the Brazilian machine learning models used independent data from the same orchards, confirming 

that Random Forest calibrated with climatic, soil, and foliar variables could reproduce observed yield variation 

with high accuracy, while simpler linear models underperformed, especially when only a subset of predictors was 

used. Feature-importance analysis aligned with agronomic expectations-emphasizing chilling hours and mean 

temperature-supporting both statistical and physiological credibility of the fitted relationships (Moura-Bueno et al., 

2026). At the quality level, comparisons among subtropical cultivars showed that modeled GDD-based 

development patterns were consistent with observed differences in fruit size and mass between low- and 

high-GDD genotypes, strengthening the case for GDD as a robust explanatory variable for quality-related traits . 

For the regional false-spring tool, validation against historical high-yield years demonstrated that the 

GDD-minimum-temperature envelope correctly identified non-damaging seasons in all sampled years for the 

Midwest and in 75% of high-yield years for the Southeast, indicating strong but regionally variable skill (Chun 

and Changnon, 2018). Application to the 2017 false spring showed that the tool successfully anticipated 

widespread yield reductions in the Southeast while correctly indicating lower risk in much of the Midwest, when 

observed production data were later examined. Together, these evaluations show that temperature-driven models 

can achieve useful predictive power for both yield level and catastrophic loss when carefully calibrated to local 

climate and production systems. 

9 Development of Climate-Resilient Peach Production Strategies 

Climate-resilient orchard management increasingly focuses on mitigating insufficient winter chill and buffering 

trees against temperature extremes. In the southeastern United States, anthropogenic warming has already reduced 

winter chill, increased the probability of low-chill winters, and raised the risk of insufficient chill for moderate- 

and high-chill cultivars, prompting consideration of adaptive practices such as overhead irrigation for evaporative 

cooling, vigor control to lower chill needs, and site selection in cooler microclimates. In warm-winter regions like 

Israel, additional physical strategies-including shading, branch bending, and sprinkling to reduce daytime 

temperature-are proposed to compensate partially for chill deficits and reduce abnormal bud development and low 

fruit set under heat spells. 

Postharvest temperature management is another critical component of climate-resilient peach systems. Poorly 

controlled cold chains with repeated temperature spikes to 15°C-20 °C sharply increase ethylene production, 

accelerate softening, and reduce phenolics, flavonoids, and antioxidant enzyme activities, whereas limiting 

fluctuations to around 10 °C has little impact on quality, delineating operational thresholds for transport and 

storage. Reviews of cold-stress physiology emphasize that careful management of storage and transport 

temperatures, combined with early, preferably non-destructive monitoring tools for chilling injury, is essential to 

safeguard fruit quality as supply chains lengthen and temperature variability increases. 

Climate-resilient production depends strongly on matching cultivar chilling and heat requirements to warming 

agroclimates. Multi-site analyses across Tunisia and Europe show wide genotypic variation in peach chilling 

(≈20-63 Chill Portions) and heat requirements (≈4381-6556 GDH), with warm mean temperatures during the 

chilling period emerging as key drivers of flowering, providing a quantitative basis for selecting cultivars adapted 

to warm regions. Under mild Moroccan conditions, grouping cultivars by chill/heat needs and flowering time 

identified low- to medium-chill types as more suitable under climate change, while cultivars like ‘Summer Lady’ 

showed lower sensitivity to bud and fruit drop during warm autumns and chill deficits, making them strategic 

genetic resources (Borgini et al., 2024). 
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Cold-tolerance screening complements agroclimatic matching in regions facing severe winter freezes. In Gansu, 

China, evaluation of 28 local germplasms identified large variation in semi-lethal temperature (LT50, -28.22 to 

-17.22 °C), with the highly resistant ‘Dingjiaba Liguang Tao’ showing the lowest LT50 and strong associations 

between cold hardiness and soluble sugars, proteins, proline, and xylem and cork anatomy. A separate 

comprehensive evaluation under -5°C to -35 °C stress similarly highlighted cultivars such as ‘Ziyan Ruiyang’ and 

‘Ganlu Shumi’ with low LT50, high membership scores, and good field survival, providing robust parents for 

breeding new cold-resistant varieties and expanding resilient cultivar portfolios. 

Intelligent monitoring and control systems offer powerful tools to manage orchard microclimates under increasing 

thermal stress. An IoT-based “smart orchard” architecture using multi-sensors (air and soil temperature, humidity, 

light, rainfall, wind) and LoRa transmission demonstrated reliable environmental monitoring in peach orchards 

with complex terrain, enabling remote supervision and providing the data backbone for temperature-focused 

decision support. A related multi-parameter orchard system couples sensor data to actuators (fans, pumps, LEDs, 

alarms) and a cloud platform + mobile interface, allowing threshold-based, remote control of the microclimate 

that stabilized yields, improved fruit quality, and reduced labor costs through more precise environmental 

regulation. 

Downstream in the supply chain, AI-based decision support can optimize temperature management for quality 

preservation. An artificial neural network system trained on commercial cold-room data predicts the evolution of 

hardness, soluble solids, and acidity as functions of storage temperature, relative humidity, and time, thereby 

estimating optimal commercialization windows and suggesting pre-cooling setpoints that maximize the period of 

peak consumer-perceived quality. Insights from virtual cold-chain experiments, which identify tolerable versus 

harmful temperature excursions, can be integrated into such DSS tools to define safe fluctuation ranges and 

reduce waste while maintaining high-quality fruit delivery. 
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Abstract Rhizospheric microorganisms associated with leguminous crops constitute a vital component in maintaining the stability 

of agroecosystems and promoting healthy plant growth; their diversity and functions directly influence soil nutrient cycling, nitrogen 

fixation efficiency, and crop stress tolerance. This study presents a comprehensive review of rhizospheric microbial diversity in 

leguminous crops, systematically analyzing the characteristics of the rhizosphere microenvironment, the composition of microbial 

communities, and their ecological functions. Particular emphasis is placed on exploring the roles of various 

microorganisms-including bacteria, fungi, and archaea-in plant nutrient uptake, disease suppression, and the maintenance of soil 

health. Furthermore, the article summarizes the primary factors influencing rhizospheric microbial diversity-such as plant genotype, 

tillage systems, fertilization methods, and environmental conditions-and introduces the application of modern research technologies, 

including high-throughput sequencing, metagenomics, and bioinformatics, in the study of rhizosphere microecology. Additionally, 

using soybean cropping systems as a case study, the paper analyzes variations in microbial community structure under different 

cultivation patterns and discusses their significance for sustainable agricultural development. Finally, this study outlines the 

challenges currently facing this field of research and identifies future directions-such as synthetic microbiomes, precision agriculture, 

and microbial engineering-with the aim of providing a theoretical foundation for the green and efficient production of leguminous 

crops and the effective management of agroecosystems. 

Keywords Leguminous crops; Rhizospheric microorganisms; Microbial diversity; Symbiotic nitrogen fixation; Sustainable 

agriculture 

1 Introduction 

The rhizosphere, the narrow soil zone influenced by plant roots, harbors an immense and still largely unexplored 

diversity of microorganisms that shape plant nutrition, health, and soil functioning (Chukwuneme and Babalola, 

2025). In legume-based systems, this belowground biodiversity underpins key agroecosystem services, 

particularly biological nitrogen fixation and improved soil fertility, making legumes central to sustainable 

agriculture and food security (Schaedel et al., 2021). Understanding how legumes assemble and interact with their 

rhizosphere microbiomes is therefore critical for designing low-input, high-efficiency cropping systems. 

Research has established that the rhizosphere microbiome is a central driver of nutrient cycling, carbon 

sequestration, and ecosystem functioning in terrestrial systems. Microbial communities associated with plant roots 

form a “second genome” whose collective genes far exceed those of the host plant and are crucial for growth 

promotion, stress tolerance, and disease suppression. For legumes, the best-known interaction is the symbiosis 

with rhizobia, but it is now clear that non-rhizobial members of the rhizosphere and nodule microbiome also 

contribute to nodule formation, plant fitness, and broader agroecosystem benefits (Yang et al., 2024). Given the 

pressures of climate change and the need to reduce synthetic fertilizer inputs, harnessing this microbial diversity 

has major significance for sustainable intensification of legume cropping systems. 

Recent advances in high-throughput sequencing and multi-omics approaches have transformed understanding of 

rhizosphere microbiomes by enabling cultivation-independent analysis of taxonomic and functional diversity 

(Chukwuneme and Babalola, 2025). Large-scale comparative studies show that legumes assemble rhizosphere 

communities with lower overall diversity but with strong enrichment of nitrogen-cycling taxa and nitrogen-fixing 

genes relative to non-legumes, revealing a pronounced functional specialization for nitrogen acquisition. At the 
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same time, factors such as plant species, soil type, and land-use history jointly shape microbial community 

structure, with bulk soil serving as the main reservoir from which rhizosphere communities are selected. These 

insights highlight both the selectivity of legumes in recruiting beneficial microbes and the context dependence of 

microbiome composition across soils and management regimes. 

Despite rapid progress, important knowledge gaps remain in how rhizosphere microbial diversity in legume 

systems can be systematically characterized, predicted, and managed at field and farming-system scales. Most 

work has focused on individual symbioses or single legume species, while the broader networks of beneficial, 

pathogenic, and even human-pathogenic microorganisms in the legume rhizosphere remain only partially resolved. 

The present review aims to synthesize current knowledge on the taxonomic and functional diversity of 

rhizosphere microbiomes in legume cropping systems, with particular attention to nitrogen fixation, plant health, 

and agroecosystem services. It also seeks to integrate emerging omics-based insights with ecological theory on 

community assembly, and to identify opportunities to manipulate rhizosphere communities-via breeding, 

inoculants, and cropping system design-to enhance the sustainability and resilience of legume-based agriculture. 

2 Characteristics of the Rhizosphere Microenvironment in Legume Cropping Systems 

2.1 Root exudates and rhizosphere formation 

Legume roots release a wide array of primary and secondary metabolites (sugars, organic acids, amino acids, 

flavonoids, phenolics) that both feed and signal to rhizosphere microorganisms, thereby structuring the microbial 

community close to the root (Chen and Liu, 2024). Temporal shifts in exudate composition during plant 

development generate a “chemical succession” that selects for microbes with matching substrate preferences, 

creating predictable patterns of community assembly along the soil-root interface (Zhou et al., 2022). 

Specific exudate components, especially flavonoids and related phenolic compounds, act as key signaling 

molecules guiding symbioses and broader rhizomicrobiome recruitment in legumes (Chen et al., 2022; Kumar et 

al., 2024). These compounds mediate chemotaxis and colonization by beneficial rhizobacteria and mycorrhizal 

fungi, and under nutrient limitations or other stresses can be modulated to favor microbes that enhance nutrient 

acquisition and stress tolerance (Gong et al., 2023). In diversified or intercropped systems, changes in legume 

rhizodeposition can further adjust metabolite profiles and microbial functions, strengthening beneficial 

interactions (Qiao et al., 2024). 

2.2 Soil physicochemical properties in legume rhizospheres 

Legume establishment and rhizosphere activity progressively modify soil physicochemical properties, often 

improving pH status, organic matter, and nutrient availability. For example, legume planting in saline or degraded 

soils has been associated with decreased salinity and pH, and increased soil organic carbon and nitrogen pools, 

promoting more diverse and functionally complex bacterial networks (Liu et al., 2021; Amaya-Gómez et al., 

2025). Over years of perennial or woody legume growth, rhizosphere soils can show rising organic matter and 

available P and K, coupled with elevated enzyme activities (e.g., urease, phosphatase) that support nutrient 

turnover and microbial proliferation (Ren et al., 2021; Mu et al., 2024). 

Soil pH emerges as a central driver of rhizosphere bacterial diversity, composition, and function, often 

outweighing vegetation type or other variables (Wan et al., 2020). In acidic cropping soils, lower pH (≤5.5) is 

linked to reduced bacterial abundance and downregulated genes involved in C, N, P, and S cycling, which can 

constrain crop yield (Abd-Alla et al., 2023). Conversely, amendments such as lime, organic manure, or biochar 

can adjust pH and nutrient status, shifting bacterial communities toward taxa (e.g., Actinobacteria, Proteobacteria) 

associated with enhanced disease suppression and improved plant physiological status (Ren et al., 2021; Chen et 

al., 2022). 

2.3 Symbiotic nitrogen fixation and nutrient cycling 

Symbiotic nitrogen fixation (SNF) between legumes and rhizobia is a core process structuring rhizosphere 

function, converting atmospheric N2 into plant-available ammonia in nodules and enriching soil N pools (Neda, 

2021). The effectiveness of SNF varies among rhizobial strains and is strongly influenced by soil conditions and 
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plant demand; highly efficient symbioses can install endosphere and rhizosphere microbiomes that promote 

nutrient uptake beyond simple nutrient supply, including accumulation of beneficial Actinobacteria in roots 

(Lagunas et al., 2023). Over time, fixed nitrogen is transferred to soil through rhizodeposition, senescing roots, 

and residues, supporting non-legume crops and stimulating broader microbial activities in diversified systems 

(Qiao et al., 2024). 

Excessive mineral N fertilization can suppress SNF by interfering with nodulation signaling, rhizobial chemotaxis 

to roots, and nitrogenase activity, thereby weakening the mutualism and altering rhizosphere microbial 

relationships (Abd-Alla et al., 2023). In contrast, organic inputs such as compost and vermicompost generally 

enhance nodulation, nodule biomass, plant growth, and yield, while improving soil biological quality and nitrogen 

availability (Mu et al., 2024). Free-living nitrogen-fixing bacteria in the legume rhizosphere, stimulated by 

legume-derived exudates (including flavonoids and coumarins), further contribute to N inputs and interact 

functionally with symbiotic rhizobia under intercropping or rotation schemes (Chen et al., 2022; Qiao et al., 

2024). 

3 Composition and Diversity of Rhizosphere Microbial Communities 

3.1 Bacterial diversity in legume rhizospheres 

Large-scale comparative analyses show that legume rhizospheres often exhibit lower bacterial α-diversity than 

non-legumes but are strongly enriched in nitrogen-cycling taxa and nitrogen-fixing genes, suggesting a specialized, 

function-driven bacterial assembly (Qin et al., 2025). Typical legume rhizospheres are dominated by 

Proteobacteria and Bacteroidetes, with notable representation of Bradyrhizobiaceae, Rhizobiaceae, and other 

diazotrophs, reflecting the central role of biological nitrogen fixation (Pivato et al., 2021; Yang et al., 2024). In 

intercropping systems, legume presence can shift bacterial communities in associated non-legume rhizospheres 

toward copiotrophic and nitrogen-transforming assemblages, often without major changes in overall diversity 

indices (Pang et al., 2022). 

Cropping mode and fertilization regimes substantially modulate bacterial community richness, structure, and 

potential function in legume-involving systems. In hulless barley-pea mixed cropping, increasing nitrogen and 

phosphorus inputs caused a hump-shaped response in bacterial α-diversity, with mixed cropping supporting higher 

diversity than monocropping and enriching Allorhizobium-Neorhizobium-Pararhizobium-Rhizobium relative to 

cereal monoculture (Fu et al., 2023; Guo et al., 2024). Sugarcane-peanut and cereal-legume intercrops similarly 

increased bacterial richness and the diversity of nitrogen-fixing bacteria in rhizosphere and bulk soils compared 

with monocultures, aligning with improved crop performance and altered soil pH and phosphorus availability 

(Pang et al., 2022; Yang et al., 2023). These findings indicate that legume integration and moderate nutrient inputs 

can promote diverse, functionally advantageous bacterial consortia in the rhizosphere. 

3.2 Fungal diversity and mycorrhizal associations 

Arbuscular mycorrhizal fungi (AMF) are key fungal components of legume rhizospheres, enhancing phosphorus 

acquisition and stress tolerance while interacting with rhizobia-dependent nitrogen fixation (Alimi et al., 2021; 

Pires et al., 2021). Surveys of indigenous South African legumes revealed diverse AMF communities dominated 

by Glomus and Acaulospora, with species richness and spore density varying markedly among hosts and being 

strongly structured by soil properties such as texture and nutrient status (Alimi et al., 2025). Morphological 

assessments across leguminous and non-leguminous crops further identified Acaulospora, Funneliformis, 

Gigaspora, Glomus, and Rhizophagus as common AMF genera, with legume hosts often supporting higher spore 

counts and colonization frequencies, underlining their importance as AMF reservoirs (Pires et al., 2021). 

Intercropping and integrated crop-livestock systems that include legumes can enhance AMF diversity, 

colonization, and inoculum potential in subsequent legume phases. In maize-soybean intercropping, AMF 

α-diversity in soybean rhizosphere soil increased relative to monoculture at comparable nitrogen levels, and 

Glomus-related taxa were dominant in both soil and roots, with their abundance responding to nitrogen inputs and 

crop identity (Figure 1) (Zhang et al., 2020; Alimi et al., 2021). In systems where grasses are intercropped with 

cowpea or pigeon pea, AMF spore density, colonization, and species richness in legume-associated rhizospheres 
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rise, and these mycorrhizal improvements correlate positively with soybean productivity in following crops (Pires 

et al., 2021; Guo et al., 2024). Together, these studies show that legumes and diversified management can foster 

rich AMF assemblages that contribute to nutrient use efficiency and yield stability. 

 

Figure 1 Illustrates the symbiotic interactions among arbuscular mycorrhizal fungi (AMF), legume roots, and rhizobia in the 

rhizosphere. AMF hyphae enhance phosphorus acquisition and stress tolerance, while rhizobia contribute to biological nitrogen 

fixation, together improving nutrient uptake and plant growth 

3.3 Archaea, viruses, and other microorganisms 

Beyond bacteria and fungi, legume rhizospheres host diverse archaea, phages, and other viruses whose ecological 

roles are only beginning to be elucidated. Conceptual and empirical work on rhizosphere “zoos” highlights that 

archaea, viruses, and other eukaryotes coexist with bacteria and fungi, contributing to nutrient turnover, organic 

matter decomposition, and plant health outcomes. Archaea, although less intensively characterized in legumes, are 

recognized as components of rhizosphere communities that may participate in nitrogen and carbon cycling, while 

protists and nematodes further shape microbial food webs and nutrient flows (Qin et al., 2025). 

Recent advances in viromics demonstrate that soil and rhizosphere viral communities are taxonomically and 

functionally diverse, exhibiting strong spatial and temporal dynamics and exerting top-down control on bacterial 

hosts. Phages in rhizospheres regulate pathogen densities and suppress or exacerbate disease depending on 

whether they target pathogens or pathogen-suppressing bacteria, thereby influencing soil suppressiveness and 

plant health (Yang et al., 2023). Crop management and rotation can “prime” rhizosphere viral assemblages, 

altering DNA and RNA virus diversity and activity near roots and driving bacterial community succession through 

Kill-the-Winner dynamics (Braga et al., 2020; Muscatt et al., 2022). These findings, together with evidence that 

phage pressure can modify bacterial diversity and nitrogen availability, emphasize that viruses and associated 

microbial predators are integral but underappreciated drivers of rhizosphere community assembly and function in 

legume cropping systems (Wang et al., 2024). 
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4 Factors Influencing Rhizosphere Microbial Diversity 

4.1 Plant genotype and species differences 

Plant genetic variation shapes rhizosphere microbiome assembly by altering host filtering strength and the 

interface between rhizosphere and internal compartments. In Medicago truncatula, soil origin mainly structured 

rhizosphere communities, but plant genotype exerted strong effects in the root endosphere, indicating that 

different genotypes act as stronger or weaker microbial filters and influence which taxa progress inward (Brown et 

al., 2020). In soybean, soil type again dominated community composition, yet host genotype subtly “tuned” 

rhizosphere assembly and microbe-microbe interaction networks, demonstrating cooperative control by plant 

genetics and soil microbiome pool. 

Species-level differences within legumes also generate distinct rhizosphere communities. Across five Phaseolus 

species, each recruited a characteristic bacterial assemblage, with notable contrasts in richness and dominant phyla; 

for example, Phaseolus lunatus showed the highest richness and an Acidobacteria-enriched rhizosphere, whereas 

Actinobacteria dominated several other species (Yang et al., 2023). More broadly, diversity in soil microbial 

community structure was greater among legume species than among grass species, and legumes generally 

supported higher bacterial diversity and enriched fungi, underscoring the strong niche differentiation imposed by 

legume species identity. 

4.2 Agricultural management practices 

Tillage and fertilization regimes alter soil structure, resources, and disturbance intensity, thereby reshaping 

rhizosphere-associated microbiomes in legume-based systems. In a long-term corn-soybean system, both tillage 

and fertility significantly shifted bacterial, fungal and oomycete communities, with no-till favoring ecological 

guilds such as arbuscular mycorrhizal fungi, mycoparasites, and nematophagous fungi, while conventional tillage 

promoted saprotrophs and plant pathogens. Fertilization further modified bacterial and fungal β-diversity and 

supported copiotrophic bacteria and Fusarium under conventional regimes, indicating that intensive inputs select 

for fast-growing competitors rather than mutualists (Srour et al., 2020). 

Cropping sequences involving legumes also drive rhizosphere diversity and N-cycling potential. In sorghum 

systems, precropping with cowpea or soybean, compared with maize or no precrop, significantly altered 

rhizosphere bacterial α- and β-diversity and shifted key nitrogen-cycling genes (e.g., amoC, narH, gltB, glnA, 

ureC), with legume rotations enriching several N-transformation pathways (Enagbonma et al., 2025). In sugarcane 

rotations, soybean and peanut residues increased microbial biomass C, C mineralization, and nitrification capacity, 

although high-N soybean residues released more mineral N than low-N peanut residues, revealing crop- and 

residue-specific impacts on microbial functions linked to fertility (Paungfoo-Lonhienne et al., 2021). 

4.3 Environmental and climatic factors 

Environmental variables such as soil type, pH, and climate gradients strongly regulate rhizosphere microbial 

diversity and its functional consequences. Along an altitudinal and climatic gradient in mountain ecosystems, 

geographical and climatic factors directly and indirectly controlled rhizosphere bacterial and fungal diversity, with 

bacterial α-diversity and particular dominant taxa exerting strong positive or negative effects on soil 

multifunctionality. The balance of these effects determined net multifunctionality, and higher richness at the 

phylum level generally led to gains in multiple soil functions, highlighting the sensitivity of rhizosphere 

communities to long-term climatic contexts (Yang et al., 2023). 

Among soil properties, pH is a particularly powerful predictor of rhizosphere bacterial diversity, structure, and 

function. In acidic crop soils, communities in pH < 5.5 versus > 5.5 clustered into distinct groups, with higher pH 

associated with greater bacterial abundance and diversity and more active nutrient-cycling functions (C, N, P, S) 

(Wan et al., 2020). In more acidic soils, bacterial interaction networks suggested reduced competition but 

downregulated functional genes, implying constrained ecosystem services and potentially lower crop yields when 

pH is not managed (Wan et al., 2020). 
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5 Functional Roles of Rhizosphere Microbiota 

5.1 Plant growth promotion and nutrient acquisition 

Legume rhizospheres are enriched in PGPR and other beneficial microbes that promote growth via biological 

nitrogen fixation, phosphate solubilization, siderophore production, and phytohormone synthesis (Timofeeva et al., 

2023). Rhizospheric diazotrophs and phosphate-solubilizing bacteria increase plant-available N and P, while 

co-inoculation strategies combining these groups often outperform single strains by simultaneously enhancing 

nutrient supply and root development (Zeng et al., 2022). In grain legumes, such PGPR also stimulate nodulation 

and strengthen rhizobium-legume symbioses, further boosting nitrogen inputs and yield (Swarnalakshmi et al., 

2020). 

Beyond direct nutrient mobilization, PGPR and mycorrhizal fungi improve nutrient use efficiency and root 

architecture, enabling legumes to exploit heterogeneous soil resources (Tahat et al., 2020; Timofeeva et al., 2023). 

Reviews on rhizosphere-plant interactions highlight that these microbes alter root physiology, exudation, and 

transporter activity, thereby increasing uptake of N, P, and micronutrients while supporting growth under nutrient 

deficiency (Hakim et al., 2021). Harnessing these functions through microbial fertilizers and seed inoculants is 

increasingly proposed as a means to reduce mineral N and P inputs without compromising productivity (De 

Andrade et al., 2023). 

5.2 Disease suppression and stress resistance 

Rhizosphere microbiota contribute to legume health by forming a first line of defense against soil-borne 

pathogens. Beneficial bacteria and fungi protect roots via antibiosis, competition for nutrients and niches, 

parasitism, and induction of systemic resistance (Tahat et al., 2020; Hakim et al., 2021). In common bean, 

cultivars bred for resistance to Fusarium oxysporum harbor rhizospheres enriched in Pseudomonadaceae, 

Bacillaceae, and Cytophagaceae, along with genes for antifungal metabolites, indicating that host genetics can 

co-select disease-suppressive communities. 

Microbiome-mediated resistance also extends to abiotic stresses such as drought, salinity, and heat. Reviews on 

harnessing plant-microbe interactions and rhizosphere engineering note that tailored microbial consortia and 

stress-resilient PGPR can improve water use efficiency, modulate stress hormones, and maintain growth under 

adverse conditions (Yusuf et al., 2025). Specific PGPR strains from legume rhizospheres, such as Pseudomonas 

chlororaphis IRHB3 in soybean, both recruit functional bacteria involved in nutrient cycling and activate 

jasmonate-mediated resistance, thereby simultaneously enhancing growth and suppressing root rot in the field 

(Kumar and Dubey, 2020; Wei et al., 2024). 

5.3 Soil health and ecosystem sustainability 

Soil health is tightly linked to the diversity and activity of rhizosphere microorganisms, which regulate nutrient 

recycling, aggregate stability, and greenhouse gas fluxes (Tahat et al., 2020; Xing et al., 2025). Beneficial 

rhizosphere microbes in legume systems improve soil structure and organic matter turnover, support balanced 

nutrient cycles, and increase resilience of soil functions to disturbance (Hakim et al., 2021; Sharma et al., 2025). 

Leguminous cover crops and legume-based intercropping have been shown to enhance rhizosphere microbial 

diversity, enrich taxa involved in nitrogen fixation and organic matter decomposition, and improve soil pH, 

organic carbon, and nutrient availability relative to monocultures (Jalloh et al., 2024; Pokharel et al., 2025). 

Microbial-based strategies are increasingly recognized as central to sustainable agriculture, providing eco-friendly 

alternatives to intensive chemical inputs. Reviews on soil microbial resources and rhizosphere manipulation 

emphasize that bio-inoculants and management practices that favor native beneficial communities can 

simultaneously enhance crop productivity, soil fertility, and environmental quality (Mahmud et al., 2021; Sharma 

et al., 2025). Dissecting rhizosphere microbiomes into environment-dominated and plant genetic-dominated 

components further suggests complementary levers-agronomic management and breeding-for designing legume 

systems that maintain functionally robust microbiomes and deliver long-term ecosystem services (Xun et al., 2024; 

Xing et al., 2025). 
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6 Molecular and Analytical Approaches in Rhizosphere Microbial Research 

6.1 High-throughput sequencing technologies 

Metagenomics and marker-gene amplicon sequencing are the core high-throughput tools for rhizosphere studies, 

enabling cultivation-independent profiling of complex communities. Review work highlights shotgun 

metagenomics for unbiased recovery of genomes and functional genes, and 16S rRNA or ITS amplicon 

sequencing for efficient taxonomic surveys of bacteria and fungi in root-associated soils (Rajguru et al., 2024). In 

legume rhizospheres, such approaches reveal dominant phyla and shifts in community structure under contrasting 

fertilization regimes, for example in soybean grown with organic versus inorganic inputs (Babalola et al., 2025). 

Recent methodological advances focus on scalability and sensitivity for plant-associated samples. A 

high-throughput 16S rRNA library-preparation protocol using magnetic beads for DNA extraction directly from 

roots and exonuclease purification before the second PCR step improves handling and detection of minor bacterial 

taxa, yet produces community profiles comparable to commercial kits in roots and soils (Kumaishi et al., 2022). 

Standardized field-to-sequencing protocols have also been developed for collecting soil, rhizosphere, and root 

endosphere fractions and running validated 16S pipelines, facilitating cross-study comparisons across plant 

species and habitats. 

6.2 Bioinformatics and data analysis 

Downstream of sequencing, dedicated bioinformatics pipelines convert read data into diversity metrics, taxonomic 

profiles, and functional inferences. A practical guide summarizes recommended workflows for amplicon and 

metagenomic analyses, detailing quality control, denoising or clustering, taxonomic assignment, diversity 

estimation, and advanced methods such as network analysis and machine learning to extract ecological meaning 

from microbiome datasets (Liu et al., 2020). Habitat-specific optimization is increasingly emphasized: evaluation 

of 35,889 microbe species and >150,000 microbiomes produced Qscore, a framework to select optimal 16S 

regions and strategies for different ecosystems, achieving profiling precision close to shotgun metagenomes 

(Zhang et al., 2023). 

Pipeline choice can strongly bias apparent community structure and diversity. Comparative assessments of 16S 

amplicon workflows using mock communities and environmental datasets show large differences among tools 

such as Mothur, QIIME1, QIIME2, MEGAN, DADA2, and others; in one study, QIIME2 markedly reduced false 

positives and improved taxonomic and diversity estimates relative to alternatives (Straub et al., 2020). Another 

comparison of OTU- and ASV-based pipelines found that ASV methods such as DADA2 and 

USEARCH-UNOISE3 improved resolution and specificity, while some OTU workflows inflated richness and 

spurious taxa, underscoring the need for careful pipeline selection in rhizosphere research (Prodan et al., 2020). 

6.3 Experimental models and cultivation techniques 

Sequencing-based surveys are increasingly complemented by experimental models that allow mechanistic tests of 

plant-microbe interactions. Synthetic microbial communities (SynComs) constructed from cultured rhizosphere 

isolates have been systematically reviewed as tools to bridge complexity and control; SynComs ranging from a 

few to ~190 strains, typically dominated by Proteobacteria, Actinobacteria, and Firmicutes, are deployed on 

diverse plant hosts and growth systems to dissect functions such as colonization, competition, and plant growth 

promotion (Marín et al., 2021). A 16-member synthetic soil community derived from a single rhizosphere was 

further optimized for reproducibility, tunable starting composition, long-term cryopreservation, and use in 

standardized fabricated ecosystem devices (EcoFABs), enabling controlled plant-microbe experiments across 

laboratories (Coker et al., 2022). 

Cultivation remains crucial for isolating functional strains and validating metagenomic predictions, but many 

rhizosphere microbes are recalcitrant to standard media. Improved culture-dependent strategies-such as modifying 

gelling agents and autoclaving steps-enhanced recovery of wheat rhizosphere bacteria from <1% to up to ~2.5% 

of metagenomic OTUs and yielded isolates with multiple plant growth-promoting traits (Youseif et al., 2021). 

Microcosm and multitrophic systems, supported by detailed manuals on soil sterilization, isolation, inoculation, 

and microcosm design, further allow controlled investigation of bacteria, fungi, protists, and nematodes together, 

better reflecting the complexity of rhizosphere food webs. 
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7 Case Study: Rhizosphere Microbial Diversity in Soybean Cropping Systems 

7.1 Overview of soybean rhizosphere microbiota 

Soybean rhizospheres host complex, multi-kingdom microbial communities whose composition and function vary 

strongly across soils and regions. A metagenomic survey across 13 major soybean-producing regions in China 

identified over 43,000 microbial species (bacteria, archaea, fungi and viruses), with clear site-specific clustering 

and 556 hub taxa correlated with yield and involved in C, N, P and S cycling (Ren et al., 2025). Comparative work 

further shows that rhizosphere communities differ markedly from bulk soil, with enrichment of genera such as 

Rhizobium, Novosphingobium, Phenylobacterium, Streptomyces and Nocardioides and convergence in functional 

pathways linked to xenobiotic degradation, plant-microbe interactions and nutrient transport. 

Soil background and plant genetics jointly modulate soybean rhizosphere assembly. Across contrasting soils and 

genotypes, soil type has the dominant effect, but soybean genotype subtly “tunes” recruitment and 

microbe-microbe networks, with wild Glycine soja maintaining higher rhizosphere diversity than domesticated 

lines (Figure 2). Other studies show that rhizocompartments (bulk soil, rhizosphere, roots, nodules) host distinct 

bacterial assemblages, and that rhizosphere networks include strong correlations between rhizobia and 

non-rhizobial taxa, which can in turn influence nodulation patterns and symbiotic efficiency (Han et al., 2020). 

 

Figure 2 Multi-scale characterization of soybean rhizosphere microbiomes across contrasting soils, regions, and rhizocompartments 

7.2 Effects of cropping patterns on microbial diversity 

Cropping patterns substantially reshape soybean rhizosphere diversity, composition, and functional potential. In 

maize-soybean relay strip intercropping, soybean rhizosphere bacterial diversity increased compared with 

monoculture, with higher richness of Pseudomonas, Bacillus and other antagonists; several intercropping-derived 

strains suppressed Fusarium root rot and one Pseudomonas chlororaphis strain (IRHB3) promoted root growth 

and seedling survival under pathogen pressure (Chang et al., 2022). In coastal saline soils, soybean-corn 

intercropping altered soil C, N, P and salinity and significantly changed bacterial and fungal communities; 

intercropping increased Chao1 richness, shifted dominant phyla (Proteobacteria, Actinobacteria, Acidobacteria, 

Chloroflexi; Ascomycota, Mortierellomycota, Basidiomycota) and enriched taxa linked to nutrient cycling and 

bioremediation (Nyimbo et al., 2025). 

At finer scales, belt/strip planting and intercropping layouts under field conditions also modulate multi-kingdom 

communities and link to yield traits. Metagenomic analysis of soybean-maize strip systems showed that bacteria 
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and viruses dominate inter-root communities and are more sensitive to planting mode than fungi or archaea, with 

shifts in Pseudomonas, rhizobia and other genera across modes that favored either soybean or maize yields (Wang 

et al., 2024). In maize-soybean systems compared over three years, conversion from monocropping to 

intercropping increased microbiome network modularity and functional diversity and enriched genes for nitrate 

assimilation, nitrification and dissimilatory nitrate reduction, changes that were closely related to higher yields in 

intercropped soybean (Shu et al., 2024). 

7.3 Implications for sustainable agriculture 

Evidence from soybean systems indicates that managing rhizosphere microbiota offers powerful levers for 

sustainable intensification. Long-term comparisons of soybean continuous monocropping versus maize-soybean 

rotation show that both long-term continuous soybean (13 years) and rotation can elevate soil pH and available N, 

P, K, and increase network complexity, while enriching beneficial Bradyrhizobium, Gemmatimonas and 

Mortierella and reducing pathogenic Fusarium compared with short-term continuous soybean (Liu et al., 2020). 

Similarly, in wheat-soybean double-cropping, introducing wheat/soybean-wheat/maize rotations improved 

soybean yield and a soil fertility index and shifted rhizosphere fungi toward plant growth-promoting, 

nematophagous and biocontrol groups, while continuous wheat/soybean favored lignocellulose degraders and 

pathogens (Sun et al., 2022). 

Conceptual and review work suggests that such cropping-based microbiome effects can be deliberately exploited. 

One framework proposes dividing rhizosphere microbiota into environment-dominated and plant 

genetic-dominated components, with agronomic practices (e.g., rotations, intercropping, reduced tillage) used to 

steer the former and breeding used to enhance the latter, thereby stabilizing beneficial consortia in crops like 

soybean (Xun et al., 2024). More broadly, rhizosphere microbiome engineering-using indigenous consortia and 

designed inoculants-has been highlighted as a route to reduce synthetic inputs, enhance yield and resilience, and 

align soybean production with long-term soil health and environmental sustainability goals (Mahmud et al., 2021). 

8 Challenges, Future Perspectives, and Conclusions 

Despite rapid methodological advances, major knowledge gaps limit the application of rhizosphere microbiomes 

in legume-based systems. A key challenge is the complex assembly mechanisms of rhizosphere communities, 

where environment-dominated and plant genetic-dominated components interact in ways that are still poorly 

quantified, especially under realistic field conditions. This complexity hampers prediction of microbiome 

responses to agronomic practices or legume genotypes, and constrains efforts to design stable microbial consortia 

for enhanced nitrogen fixation and stress resilience. 

Translating microbiome insights into reliable bioinoculants also remains difficult. Many beneficial strains perform 

well in controlled experiments but fail under variable soils, climates, and management, in part because 

interactions with native microbiota and environmental heterogeneity are insufficiently understood. Challenges 

specific to nitrogen-fixing systems include the ecological competitiveness of inoculant strains, context-dependent 

performance of symbiotic and free-living diazotrophs, and the need to match microbial partners with host genetics 

and local microbiomes to achieve consistent field-level benefits. 

Future rhizosphere research in legumes will likely focus on predictive and integrative frameworks that connect 

soil factors, plant genetics, and management to microbiome structure and function. Building data-driven, 

high-throughput models that quantify how soil properties and agronomic practices shape environment-dominated 

microbiome components is a priority for precise rhizosphere regulation in real cropping systems. At the same time, 

identifying genes and loci controlling plant genetic-dominated microbiome fractions will support breeding of 

“microbiome-assisted” legumes and potentially N-self-fertilizing crops. 

There is also strong momentum toward microbiome engineering and synthetic communities tailored to legume 

growth stages and stresses. Multi-omics meta-analyses already reveal developmental stage-specific 

growth-promoting marker bacteria in legumes that could guide design of multi-species inoculants. Conceptual 

frameworks such as microbiome-mediated smart agriculture systems emphasize combining reduced tillage, 
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biofertilization, increasingly complex synthetic microbiomes, and even plant genome editing to recruit beneficial 

microbiota and improve resilience to drought and other stresses. 

Research on rhizosphere microbial diversity in legume cropping systems has demonstrated that legumes assemble 

functionally specialized microbiomes with strong impacts on nitrogen fixation, nutrient cycling, and stress 

tolerance. Reviews of legume microbiomes highlight that rhizobia operate within broader rhizosphere and nodule 

communities, where non-rhizobial bacteria and other microbes contribute to nodule formation, legume fitness, and 

agroecosystem services, including reduced fertilizer needs and pollution. Harnessing these assemblages is 

therefore central to strategies aiming at sustainable intensification and climate-friendly nitrogen management. 

Moving forward, realizing the full potential of legume-associated rhizosphere microbiomes will require 

coordinated advances from microns to field scales. Sustainable agriculture perspectives stress that exploiting 

nitrogen-fixing rhizobacteria and other plant growth promoters depends on overcoming challenges in bioinoculant 

consistency, integrating omics-based discovery with agronomy, and fostering large-scale collaboration among 

researchers, industry, and farmers. By combining predictive microbiome management with breeding, 

intercropping, and reduced-chemical inputs, legume systems can become key platforms for microbiome-based 

solutions that support soil health, productivity, and ecosystem sustainability. 
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Abstract Sorghum (Sorghum bicolor L.) is one of the most important cereal crops in semi-arid and drought-prone regions due to its 

remarkable tolerance to heat and water limitation. However, sorghum productivity remains highly dependent on climatic conditions, 

particularly temperature and rainfall variability. This review synthesizes current knowledge on the biological and physiological 

mechanisms underlying sorghum yield formation and examines how temperature, rainfall, heat stress, drought stress, and their 

interactions influence grain number, grain weight, and overall yield stability. The review further evaluates major approaches used in 

sorghum yield prediction, including empirical statistical models, process-based crop simulation models, remote sensing technologies, 

and machine learning methods. Case studies from semi-arid regions demonstrate that reproductive-stage heat stress, post-flowering 

drought, and irregular rainfall distribution are among the most critical factors limiting yield. Future climate change is expected to 

intensify these challenges, highlighting the need for climate-resilient cultivars, adaptive agronomic management, and integrated 

decision-support systems. The review concludes that combining biological understanding with advanced modeling techniques can 

substantially improve yield prediction accuracy and support sustainable sorghum production under changing climatic conditions. 

Keywords Sorghum; Temperature; Rainfall; Yield prediction; Climate change 

1 Introduction 

Sorghum remains one of the most important cereals for dryland farming systems because it combines food, feed, 

fodder, and industrial value with a comparatively strong ability to function under water limitation and high 

temperature. That practical resilience explains why it is deeply embedded in semi-arid production systems across 

Africa and Asia, and why recent reviews increasingly frame sorghum as a strategic crop for climate adaptation 

rather than only a “fallback” crop for marginal lands. At the same time, this reputation should not hide the fact 

that sorghum productivity in many regions remains low and unstable, especially where smallholders depend on 

rainfed systems, shallow soils, and short, erratic wet seasons. In those environments, modest shifts in seasonal 

onset, dry-spell frequency, or reproductive-stage heat can have outsized effects on grain set and final harvest. The 

literature therefore increasingly treats sorghum not simply as a hardy crop, but as a crop whose performance is 

highly conditional on stage-specific weather patterns and local management. That is exactly why climate-based 

yield modeling has become central to sorghum research and planning (Hossain et al., 2022; Liaqat et al., 2024; 

Mwamahonje et al., 2024). 

Temperature and rainfall influence sorghum yield through different but tightly linked pathways. Temperature 

controls developmental pace, especially through accumulated thermal time, and therefore shapes the timing of leaf 

appearance, panicle initiation, anthesis, and maturity. Rainfall, by contrast, determines whether the crop can 

maintain canopy expansion, transpiration, reproduction, and grain filling at those stages. In practice, yield 

formation depends less on either variable in isolation than on their interaction with plant development. A warm 

season can shorten the crop cycle, reduce the duration of grain filling, and increase atmospheric demand for water; 

if rainfall is poorly distributed at the same time, the combined effect can sharply reduce grain number or grain 

weight. Conversely, moderately warm conditions paired with timely rainfall can improve stand establishment and 

biomass production, especially where cold stress or delayed phenology is otherwise limiting. This stage-specific 

interaction is the reason recent sorghum studies rarely analyze temperature and rainfall as simple seasonal 
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averages; they focus instead on monthly, event-based, or growth-stage-specific conditions (Kumar et al., 2009; 

Prasad et al., 2021; Tolosa et al., 2023). 

Climate-based yield modeling in sorghum has moved through several phases. Early work relied mainly on 

correlation and regression, asking which combinations of rainfall totals, rainy days, or seasonal temperatures 

tracked annual yield variation. That approach remains useful where data are sparse and decisions must be made 

quickly. More recent work has added process-based models such as APSIM, DSSAT-CERES-Sorghum, and 

AquaCrop, which represent phenology, biomass accumulation, water balance, and grain formation 

mechanistically. In parallel, remote sensing and machine learning have expanded the modeling toolbox by making 

it possible to estimate yield from canopy signals, spatial heterogeneity, and multi-source environmental data. The 

result is not a single dominant method, but an increasingly layered modeling landscape in which empirical, 

mechanistic, and data-driven approaches are used for different purposes. For a review aimed at a computationally 

oriented journal, that diversity is especially important: the field is moving toward hybrid systems that use biology 

to structure models and data science to improve scale, speed, and prediction accuracy (Tirfessa et al., 2023; Jabed 

and Murad, 2024; Gardi et al., 2025). 

This study has four linked objectives. First, it summarizes the biological and physiological basis of sorghum yield 

formation in a form that is clear enough to support modeling decisions. Second, it examines how temperature and 

rainfall affect yield formation directly and through heat stress, drought stress, and their interaction. Third, it 

compares the main modeling approaches now used for sorghum yield prediction, not to declare a single winner, 

but to clarify what each method captures well and where each remains limited. Fourth, it uses published case 

evidence from semi-arid regions to show how climate-yield relationships work in practice and what that means for 

adaptation and management. The review is deliberately written as a synthesis rather than a report of new 

experimental data, so its contribution lies in organizing established evidence into a coherent framework that can 

support both research design and practical decision-making. 

2 Biological and Physiological Basis of Sorghum Yield Formation 

2.1 Growth and development characteristics of sorghum 

Sorghum is a C4 cereal with strong adaptation to hot, high-radiation environments, and its development is usually 

described through discrete vegetative and reproductive stages linked to thermal time. That developmental 

structure matters because the crop does not respond to weather uniformly across the whole season. The timing of 

panicle initiation, flowering, and maturity depends on genotype, temperature, and in many materials photoperiod 

sensitivity; together, those factors determine whether the crop escapes or encounters stress at key points. 

Modeling work on diverse sorghum genotypes has shown that accurate prediction of phenology and canopy 

development requires explicit representation of temperature and photoperiod responses rather than broad maturity 

labels alone. This has two practical implications. First, cultivars that appear similar in duration can behave 

differently under shifting sowing dates or altered season length. Second, any serious attempt to model yield 

formation from climate must begin with phenology, because an error in stage timing usually propagates into errors 

in stress exposure, biomass partitioning, and grain yield (Tirfessa et al., 2023). 

2.2 Major yield components 

Sorghum grain yield is built from a small set of components, but the timing of their determination is staggered 

across the season. Grain number and grain weight are the dominant immediate components, while panicle size, 

floret fertility, seed set, and tiller contribution help explain how those two primary components are assembled. 

The number of kernels is largely determined during the earlier reproductive period, especially from panicle 

initiation through flowering and early fertilization, whereas kernel weight depends more strongly on 

post-flowering assimilate supply and the duration and quality of grain filling. That distinction matters for climate 

analysis because temperature and rainfall do not affect all components in the same way. Heat or water deficit 

around flowering tends to depress grain number, while post-flowering stress more often reduces individual grain 

weight. Genetic studies also reach the same broader conclusion from a different angle: grain size, grain number 

per panicle, and grain weight are central yield-related traits, but they are interconnected and subject to trade-offs. 
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A useful sorghum model must therefore represent not just total biomass, but how climate shapes the component 

pathway to yield (Baye et al., 2022; Otwani et al., 2025). 

2.3 Physiological processes related to yield formation 

Behind those yield components lie a set of physiological processes that climate directly modifies. Photosynthesis 

supplies assimilates for canopy growth, reproduction, and grain filling. Stomatal conductance and plant hydraulics 

regulate the trade-off between carbon uptake and water loss. Assimilate partitioning determines whether biomass 

supports stems, leaves, roots, or grain at a given stage. Under water stress, sorghum often maintains function 

better than many cereals through deep rooting, osmotic adjustment, partial stomatal control, and a capacity in 

some genotypes to conserve photosynthetic performance even when water becomes limiting. Recent physiological 

work has shown meaningful genotypic variation in intrinsic water-use efficiency and associated hydraulic traits, 

with improved water-use efficiency in some genotypes arising not only from stronger stomatal restriction but from 

better maintenance of photosynthetic capacity under stress. That is especially important for modeling because it 

means drought tolerance cannot be treated as a single trait or a single reduction factor. It emerges from interacting 

physiological controls that differ by genotype and stage (Ndlovu et al., 2021; Prasad et al., 2021; Al-Salman et al., 

2024). 

2.4 Environmental sensitivity across growth stages 

Not all growth stages are equally vulnerable (Figure 1). The literature repeatedly shows that reproductive stages 

are more sensitive than vegetative stages, although early establishment can also be critical where emergence stress 

is severe. In sorghum, the period from panicle emergence through anthesis is especially important because it 

governs floret fertility, pollen development, fertilization, and embryo formation. Later, grain filling becomes the 

decisive stage for grain size and final grain mass. Water stress or heat stress during these windows can lower yield 

even when earlier biomass production looked satisfactory. The stage-specific nature of stress is one reason the 

same seasonal rainfall or seasonal mean temperature can produce very different outcomes in different years: what 

matters is where stress lands in relation to developmental timing. For modelers, that means stage-based sensitivity 

functions are not optional details. They are the bridge between weather time series and harvest outcomes (Prasad 

et al., 2015; Prasad et al., 2021; Smith et al., 2023). 

 

Figure 1 Biological and physiological framework of sorghum yield formation 
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3 Effects of Temperature and Rainfall on Sorghum Yield Formation 

3.1 Temperature effects on growth and productivity 

Temperature has a double role in sorghum. Within an appropriate range it accelerates development and supports 

rapid canopy formation, but above that range it can shorten critical phases and damage reproductive function. 

Growth-stage studies show that the most sensitive windows for high-temperature effects on floret fertility lie 

roughly from 10 to 5 days before anthesis and from 5 days before to 5 days after anthesis. In controlled and field 

experiments, mean daily temperatures above 25°C during panicle emergence and reproductive development 

reduced floret fertility sharply, with fertility reaching zero at about 37°C under one experimental setup. When heat 

occurs later, during grain filling, the main effect shifts from grain number to grain weight because high 

temperature shortens the effective filling period and limits final kernel mass. Even where sorghum is “heat 

adapted,” these results make clear that adaptation does not equal immunity. It means the crop can perform better 

than alternatives under heat, not that it can ignore reproductive heat stress (Prasad et al., 2015; Smith et al., 2023). 

3.2 Rainfall effects on crop development and yield 

Rainfall affects sorghum yield not simply through total water supply, but through its timing, frequency, and match 

with soil type and plant stage. In semi-arid regions, rainfall can support germination, early canopy expansion, and 

reproductive development even when seasonal totals are modest, provided dry spells are short and well-positioned. 

Conversely, rainfall that arrives too early, too late, or in a few concentrated events can leave the crop exposed to 

long soil-water deficits during flowering or grain filling. Published case evidence from eastern Ethiopia illustrates 

this clearly: monthly rainfall amount and rainy-day number during the growing period were positively associated 

with sorghum yield, while temperature variables were negative. Similar conclusions also appear in dryland studies 

that emphasize rainfall distribution as more informative than seasonal totals. Rainfall excess can also become 

damaging. Waterlogging studies show that sorghum yield can decline markedly when excessive moisture occurs, 

particularly at early stages, because photosynthesis, enzyme activity, and panicle development are impaired. So 

the rainfall question is not “more or less,” but “when, how often, and under what soil and stage conditions.” 

(Tolosa et al., 2023; Zhang et al., 2023). 

3.3 Heat stress, drought stress, and yield loss mechanisms 

Heat stress and drought stress reduce yield through partially distinct but overlapping mechanisms (Figure 2). Heat 

stress during the pre-anthesis and anthesis period can disrupt tapetum development, pollen viability, pollen 

germination, and floret fertility, which directly lowers grain number. In one recent study, exposure to 42/32°C 

day/night heat at the pollen mother cell and booting stages severely disrupted male reproductive development, and 

12 days of stress at the PMC stage caused almost complete loss of grain yield. Drought stress, meanwhile, acts 

through reduced leaf expansion, lower stomatal conductance, reduced assimilate supply, impaired reproductive 

success, and sometimes premature senescence. Water-deficit experiments further show that drought can alter 

intra-panicle grain number and depress individual grain weight, depending on timing. Under field conditions, both 

stresses converge on the same final logic: less successful grain set before flowering and weaker filling after 

flowering. The stress pathway changes, but the endpoint is the same (Adotey et al., 2021; Prasad et al., 2021; 

Smith et al., 2023). 

3.4 Interactive effects of temperature and rainfall 

The most serious yield losses often arise when high temperature and rainfall shortage occur together. Warm 

conditions increase vapor pressure deficit and evapotranspiration demand; if rainfall is simultaneously low or 

irregular, the plant faces a compounded water-energy imbalance. That interaction helps explain why a year with 

only moderate rainfall reduction can still perform poorly if accompanied by strong warming, especially around 

flowering. Reviews of combined stress in sorghum describe morphological injury, disrupted cell metabolism, 

lower membrane stability, reduced photosynthesis, and stronger oxidative stress under joint drought-heat exposure 

than under either stress alone. Modeling studies reinforce the same point. In the U.S. Great Plains, APSIM-based 

environment characterization identified water- and heat-stress clusters that aligned with observed yield reductions, 

and in the drier western sorghum belt grain-filling water stress was especially common. This is a reminder that 
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climate variables should not be interpreted independently in yield models when they co-determine plant demand 

and stress timing (Ndlovu et al., 2021; Carcedo et al., 2022). 

 

Figure 2 Mechanisms of yield loss under heat and drought stress 

3.5 Climatic thresholds influencing yield stability 

Thresholds in sorghum are real, but they are not universal constants. They depend on genotype, developmental 

stage, and stress duration. Even so, the literature gives useful working thresholds. For reproductive heat, mean 

daily temperatures above about 25°C during panicle emergence and early reproductive development begin to 

depress fertility, and sustained exposure to higher temperatures causes sharply larger losses. During grain filling, 

elevated temperatures mainly reduce kernel weight. For water-related thresholds, the message is less about a 

single rainfall total than about distribution. In Babile district, for example, August and September rainfall 

variability and the number of rainy days in September were among the strongest predictors of yield, whereas 

seasonal rainfall totals had weaker relationships. Dryland management studies likewise show that adaptation 

measures perform differently across rainfall bands, with some rainwater-harvesting practices helping under certain 

conditions but not across all semi-arid settings. In practical modeling, this means threshold thinking should focus 

on stage-specific heat episodes, rainfall sequence, and stress duration, not on a single whole-season cutoff (Prasad 

et al., 2015; Kubiku et al., 2022; Tolosa et al., 2023). 

4 Modeling Approaches for Sorghum Yield Prediction 

4.1 Statistical and empirical models 

Statistical and empirical models remain the most straightforward entry point for sorghum yield prediction. Their 

usual strength is clarity: the analyst can directly test how yield covaries with rainfall totals, rainy-day frequency, 

monthly temperatures, or growing degree days. In data-scarce regions, that simplicity is a genuine advantage. The 

Babile study is a good example. Using 1995-2020 data, the authors found that a multiple regression based on 

monthly rainfall, rainy days, and temperature explained about 77% of the annual variation in sorghum yield, 

underscoring how much explanatory power can be obtained from carefully chosen climate predictors in a local 

rainfed system. At the same time, empirical models are only as stable as the relationships they learn from the past. 

They often struggle when management changes, cultivars change, or climate enters combinations outside the 
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historical range. They also explain association better than mechanism. So they are useful for local forecasting and 

first-pass diagnosis, but they rarely suffice for scenario analysis on their own (Tolosa et al., 2023).  

4.2 Process-based crop simulation models 

Process-based crop models are the backbone of much sorghum climate-impact research because they translate 

weather into plant development through explicit biological rules. APSIM and DSSAT-CERES-Sorghum are the 

most widely used in the literature reviewed here, with AquaCrop often used for irrigation and water-productivity 

questions. Their main attraction is interpretability: they can represent thermal-time driven phenology, soil-water 

balance, biomass production, and yield formation in a way that makes adaptation experiments possible. That is 

why they are especially useful for testing cultivar maturity, sowing date, fertilizer response, supplemental 

irrigation, and trait ideotypes under future climates. APSIM-based studies in Ethiopia and Mali, for example, have 

been used to characterize drought patterns, explore genotype × environment × management interactions, and 

identify where trait changes or sowing shifts might reduce risk. DSSAT-based studies in Ethiopia have simulated 

both future yield decline and the performance of adaptation packages under SSP scenarios. The cost of this power 

is data demand and calibration effort. A crop model can formalize biology beautifully and still perform poorly if 

soils, varieties, or management are mis-specified (Tirfessa et al., 2023; Diancoumba et al., 2024; Gardi et al., 2025; 

Ali and Kothari, 2026).  

A general process-based expression of sorghum yield prediction can be written as: 

Y=f(T,R,S,G,M,ε) 

where Y is yield, T is the temperature regime, R is rainfall and soil water supply, S is soil condition, G is genotype, 

M is management, and ε captures unobserved variation. In empirical models, f is usually a fitted statistical relation. 

In crop simulation models, f is decomposed into linked sub-processes such as phenology, transpiration, biomass 

accumulation, and partitioning. 

4.3 Remote sensing applications 

Remote sensing expands sorghum yield modeling by observing the crop directly across space rather than relying 

only on weather and field samples. The main value of remote sensing lies in its ability to capture canopy status, 

vegetation indices, spatial heterogeneity, and sometimes stage-specific crop responses that are difficult to measure 

manually at large scale. Recent sorghum studies show that multispectral imagery from satellites or UAVs can 

support reasonably strong yield prediction when aligned with key phenological stages. In tropical environments, 

artificial neural network models built from vegetation indices and soil elevation data reached strong performance 

in estimating sorghum grain yield, while arid-region UAV studies found that integrating multispectral and 

meteorological data can predict yield with high accuracy and reveal which growth stage contributes most to 

predictive skill. A recurring theme is that timing matters: the best observation date is not necessarily the latest one, 

because some stages carry more information about final yield formation than others. Remote sensing therefore 

works best when it is phenology-aware, not just image-rich (Ferraz et al., 2024; Deng et al., 2025).  

4.4 Machine learning and artificial intelligence approaches 

Machine learning has become increasingly attractive in sorghum yield prediction because sorghum systems are 

shaped by non-linear interactions among climate, soils, management, and canopy signals. Algorithms such as 

random forests, gradient boosting, support vector machines, artificial neural networks, and stacking ensembles can 

absorb high-dimensional predictor sets and model interactions that are difficult to specify mechanically. Recent 

sorghum applications illustrate both the promise and the limits of this approach. In South Sudan, machine-learning 

models combining yield, climate, remote sensing, and conflict-probability data produced useful end-of-season 

yield predictions, with XGBoost, decision tree, and random forest performing especially well. In tropical and arid 

experiments, neural networks and ensemble approaches also produced strong fits. But these models can become 

opaque, and their success depends greatly on training data coverage and quality. When extrapolation is required, 

or when the user needs biological explanation rather than prediction alone, machine learning is strongest when 

paired with domain knowledge rather than treated as a black box (Ferraz et al., 2024; Jabed and Murad, 2024; 

Deng et al., 2025; Karongo et al., 2025). 
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4.5 Comparison of existing modeling approaches 

The various modeling traditions are best understood as complementary tools rather than competing ideologies. 

Empirical models are attractive when transparency and low input demand matter most. Process-based models are 

preferable when the user needs biological realism, trait testing, or future scenario analysis. Remote sensing 

improves spatial monitoring and in-season updating. Machine learning is especially useful when relationships are 

complex and observation streams are large. The real challenge is not to choose one method forever, but to align 

method with question. If the purpose is local seasonal diagnosis, regression may be enough. If the purpose is 

trait-by-environment adaptation research, APSIM or DSSAT is more suitable. If the purpose is spatial forecasting 

or operational monitoring, remote sensing and machine learning become more important. Increasingly, the 

strongest studies combine them (Jones et al., 2003; Holzworth et al., 2014; Mihret et al., 2024). 

5 Case Study: Modeling Sorghum Yield Responses to Temperature and Rainfall Variability in 

Semi-Arid Regions 

5.1 Background and climatic characteristics 

A useful published example comes from semi-arid Ethiopia, where sorghum is central to rainfed livelihoods and 

climate variability is already strongly visible in farm outcomes. In Babile district, eastern Ethiopia, the 

agro-climatic setting is semi-arid, the growing period is relatively short, rainfall is bimodal and highly erratic, and 

long-term average annual rainfall is about 731 mm. The area’s rainfall pattern includes Belg rainfall from March 

to May and Kiremt rainfall from June to September, but what matters agronomically is not that there are two rainy 

windows; it is that their reliability is low and their intra-seasonal distribution is unstable. Published work from 

Kobo, Miesso, and Melkassa extends the same logic across semi-arid Ethiopia: these areas differ in rainfall 

response, baseline temperatures, and future vulnerability, but they share a dependence on rainfed sorghum under 

high interannual variability. This makes them ideal for examining how temperature and rainfall signals are 

translated into yield through empirical and simulation methods (Tolosa et al., 2023; Gardi et al., 2025; Ali and 

Kothari, 2026). 

5.2 Effects of temperature variability on yield 

In Babile, observed sorghum yield showed a negative relationship with both maximum and minimum 

temperatures during the crop-growing period, and specific monthly temperature variability explained part of the 

year-to-year yield fluctuation. The logic is biologically plausible: warmer conditions can accelerate development, 

intensify evapotranspiration, and raise the probability that reproductive processes occur under suboptimal 

moisture. The more recent Ethiopia modeling study reinforces this concern in forward-looking terms. Using 

DSSAT-CERES-Sorghum, Gardi (2025) et al. projected warming of up to about 4°C by the 2080s in semi-arid 

Ethiopian sites and identified Kobo as especially vulnerable where higher temperatures and reduced rainfall 

coincide. Taken together, the observational and simulation evidence suggests that temperature is not merely a 

background variable in semi-arid sorghum systems. It is an active driver of phenological compression and 

water-stress escalation (Tolosa et al., 2023; Gardi et al., 2025).  

5.3 Effects of rainfall variability on yield 

Rainfall variability in the same case-study region appears even more nuanced. In Babile, monthly rainfall and 

number of rainy days during the growing season were positively correlated with sorghum yield, and rainfall in 

August and September was more informative than crude seasonal totals. This suggests that late-season water 

availability supports reproductive success and grain development in that environment. Yet rainfall does not work 

as a simple “more is better” factor. The Zimbabwe meta-analysis on rainwater harvesting found that some 

adaptation practices produced neutral or even negative yield responses under specific rainfall bands and soil 

conditions, showing that poor alignment between technology and rainfall environment can undermine expected 

benefits. The lesson from these dryland case studies is that rainfall variability must be modeled at a finer temporal 

scale than annual or even seasonal totals. Temporal sequencing matters (Kubiku et al., 2022; Tolosa et al., 2023). 
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5.4 Application of yield prediction models 

The case-study literature from semi-arid Ethiopia shows how different model families answer different questions. 

Multiple regression in Babile captured historical climate-yield relationships with useful explanatory power and 

highlighted specific months and rainy-day patterns. DSSAT-based regional modeling then extended the analysis 

into future climate scenarios, allowing more explicit testing of varietal differences and long-term adaptation 

options. Related APSIM work in Ethiopian drylands has gone further by examining genotype × environment × 

management interactions and sowing-risk trade-offs, while APSIM-based environment characterization in Mali 

identified drought-pattern frequencies rather than only mean conditions. This layered use of models is perhaps the 

most interesting lesson of the case study. Researchers did not move from a “simple bad model” to a “complex 

good model.” They used simpler models to identify local signal and more mechanistic models to ask why the 

signal occurs and how it may change (Tirfessa et al., 2023; Tolosa et al., 2023; Diancoumba et al., 2024; Gardi et 

al., 2025). 

5.5 Implications for climate adaptation and crop management 

For adaptation, the published case evidence points to a clear but unspectacular conclusion: stability comes from 

better matching crop duration, sowing time, and water availability. In practical terms, this means cultivar choice 

matters, planting-date adjustment matters, and in some settings supplemental irrigation or more targeted moisture 

conservation may matter. It also means region-wide recommendations are risky. Even within semi-arid Ethiopia, 

Miesso is projected to receive larger rainfall increases than Kobo, while Kobo remains more vulnerable to heat 

and rainfall decline. In other words, the case study argues against generic “dryland sorghum packages” and in 

favor of locally parameterized decision support. Climate adaptation for sorghum is more likely to succeed when it 

is built from climate windows, varietal maturity, and site-specific soil-water logic than when it relies on broad 

labels such as drought tolerant or early maturing alone (Gardi et al., 2025; Ali and Kothari, 2026).  

6 Climate Change and Future Sorghum Production 

6.1 Projected changes in temperature and rainfall 

The climate projections discussed across recent sorghum studies are broadly consistent even when the size of 

change differs by region. Temperatures are expected to continue rising across major sorghum environments, while 

rainfall is projected to become more variable in amount, distribution, or both. In semi-arid Ethiopia, simulation 

studies project warming on the order of about 2.1°C by the 2050s and around 4°C by the 2080s in some locations, 

with rainfall changes that vary by site rather than moving uniformly upward or downward. Similar work in India 

suggests that future sorghum responses may depend on whether rainfall increases offset thermal penalties, which 

again emphasizes that precipitation change cannot be interpreted without temperature and season type. The future 

climate problem for sorghum is therefore not a single trend line. It is a moving combination of faster development, 

stronger atmospheric water demand, altered rainy-season reliability, and more frequent extreme events 

(Chadalavada et al., 2022; Tolosa et al., 2023; Gardi et al., 2025). 

6.2 Potential impacts on sorghum yield formation 

Future sorghum yield formation is likely to be affected most where warming shifts sensitive reproductive stages 

into hotter and drier windows. That can reduce grain set before flowering and shorten or weaken grain filling 

afterward. In North Wollo, Ethiopia, future simulations suggested that rainfed grain sorghum yield would likely 

decline by roughly 15%-16% in mid-century and 17%-22% in late century relative to the recent baseline. Other 

studies, however, show that yield declines are not inevitable everywhere. In post-rainy sorghum environments in 

India, rising rainfall and CO2 in some scenarios were sufficient to offset part of the temperature burden and even 

generate simulated yield gains. The important point is not that one study is optimistic and another pessimistic. It is 

that future yield formation depends on how multiple climate drivers alter stage-specific stress exposure, not on 

warming alone (Chadalavada et al., 2022; Ali and Kothari, 2026). 

6.3 Regional differences in climate vulnerability 

Regional vulnerability is a recurring theme in the literature. Semi-arid production systems with high rainfall 

variability, shallow water storage, and low management buffering are typically more exposed than 
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better-resourced systems, but even within dryland sorghum regions vulnerability differs sharply. In the Ethiopian 

studies reviewed here, Kobo emerged as more vulnerable than Miesso in part because future warming and rainfall 

deficits align there more strongly with yield loss. In the Great Plains of the United States, modeled stress 

environments differ between the northeast and southwest sorghum belt, with grain-filling water stress dominating 

much of the southwest. These differences matter because they also change which traits or practices are worthwhile. 

A trait that helps under grain-filling drought may add little benefit in a low-stress or pre-flowering-drought 

environment. Vulnerability, then, is not just regional climate severity. It is the frequency of the specific stress 

pattern that matches the crop’s sensitive stages (Carcedo et al., 2022; Gardi et al., 2025). 

6.4 Future yield trends under climate scenarios 

The best-supported summary of future yield trends is cautious heterogeneity. Many semi-arid sorghum systems 

show projected yield declines under warming, especially in rainfed and already heat-prone sites, but some 

environments show stable or improving simulated yields when rainfall, CO2 fertilization, or adaptation measures 

offset part of the thermal stress. West African APSIM simulations earlier suggested that medium-maturing 

material could outperform early-maturing material under some climate scenarios, while more recent Ethiopia 

studies show strong site and genotype contingency. This variation should not be read as contradiction. It is 

evidence that future yield trends are conditional on environment, cultivar duration, and management. The practical 

inference is simple: climate scenarios should be used to identify likely stress profiles and adaptation niches, not to 

produce one global verdict on sorghum (Gardi et al., 2025; Ali and Kothari, 2026). 

7 Strategies for Improving Yield Stability and Prediction Accuracy 

7.1 Development of climate-resilient cultivars 

The breeding literature makes clear that climate-resilient sorghum will not come from one “super trait.” Useful 

improvement will likely require trait combinations that align with the dominant stress pattern of target 

environments. These include reproductive heat tolerance, stable grain filling under water limitation, appropriate 

maturity duration, root-system traits, and physiological behaviors such as stay-green or limited transpiration in 

certain environments. Recent reviews on sorghum improvement emphasize that breeding progress will depend not 

only on identifying tolerant germplasm, but on linking physiological insight, quantitative genetics, and realistic 

target environments. Modeling can help here by testing the expected value of candidate traits before they are 

expensive to phenotype or introgress widely. In that sense, crop models do not replace breeding; they improve 

trait prioritization (Mwamahonje et al., 2024; Raymundo et al., 2024; Fontanet-Manzaneque et al., 2025). 

7.2 Agronomic management practices 

Agronomy remains the fastest route to stabilizing sorghum yield under climate variability because it can 

reposition the crop relative to stress without waiting for long breeding cycles. Sowing date is consistently 

important, especially in environments where early or delayed planting can help flowering avoid peak heat or 

terminal drought. Soil-water conservation, improved fertility, and context-appropriate irrigation also matter, but 

their value depends heavily on local rainfall regime and soil properties. The literature on rainwater-harvesting and 

deficit-irrigation modeling shows that management gains are not automatic: a practice that works in one rainfall 

band or soil class may fail in another. The most defensible management strategy is therefore adaptive rather than 

prescriptive. It should be based on dominant local stress patterns, cultivar duration, and short-term seasonal 

expectations (Kubiku et al., 2022; Fazel et al., 2023; Ali and Kothari, 2026). 

7.3 Integration of climate information and decision support systems 

A recurring gap in sorghum production is not the absence of climate data, but the weak translation of climate 

knowledge into field decisions. Decision-support systems can close that gap by combining weather history, 

seasonal outlooks, crop-model outputs, and local management rules. For sorghum, that might include 

sowing-window advisories, cultivar-duration matching, drought-risk maps, or irrigation scheduling. The strength 

of such systems is greatest when they integrate climate information with biologically meaningful crop thresholds 

rather than simply reporting rainfall probabilities. The broader crop-modeling literature also shows that 

operational systems become more valuable when they are iterative: they begin with pre-season planning, then 
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absorb in-season observations from weather and remote sensing to update expected yield and risk. For dryland 

sorghum systems facing increasing climate variability, this kind of staged decision support may matter as much as 

any single new trait. (Jabed and Murad, 2024; Mihret et al., 2024). 

7.4 Improving Yield Modeling Through Emerging Technologies 

The next step in sorghum yield modeling is not simply “more AI.” It is better integration across scales. Emerging 

work already points in that direction: UAV and satellite remote sensing add frequent canopy observations, 

machine learning improves pattern detection, and process-based models provide biological structure. Phenotyping, 

explainable AI, and genotype-aware modeling can make this integration more useful rather than merely more 

complex. Particularly promising are hybrid frameworks in which a crop model provides stage structure and 

water-balance logic, while data-driven methods update parameters or correct prediction error using contemporary 

observations. This may be the most realistic way to improve sorghum yield prediction under rapidly changing 

climates, because it preserves interpretability while benefiting from rich data streams. The most valuable future 

systems will likely be those that can explain why a yield prediction changed, not only produce a more accurate 

number (Figure 3) (Jabed and Murad, 2024; Deng et al., 2025; Karongo et al., 2025). 

 

Figure 3 Integrated framework for next-generation sorghum yield prediction 

8 Conclusions and Future Perspectives 

This study argues that sorghum yield formation cannot be understood, or modeled well, by treating temperature 

and rainfall as broad background variables. Their impact depends on developmental timing, stress duration, and 

interaction. Temperature drives phenology and can damage reproduction directly, while rainfall determines 

whether the crop can sustain the physiological processes that support grain set and grain filling. 

Reproductive-stage heat, post-flowering drought, and poorly distributed rainfall are repeatedly identified as the 

most consequential threats to stable yield. At the modeling level, empirical, process-based, remote-sensing, and 

machine-learning approaches all contribute something important, but their real value is highest when they are 

combined rather than isolated. 

http://bioscipublisher.com/index.php/cmb


 

 

 

Computational Molecular Biology 2026, Vol.16, No.3, 205-217 

http://bioscipublisher.com/index.php/cmb 

  215 

Several gaps remain. First, many studies still rely on seasonal climate summaries that are too coarse to represent 

the biological reality of stage-specific stress. Second, genotype differences are often acknowledged but 

insufficiently parameterized in operational models. Third, interactions among heat, drought, soil constraints, and 

excess rainfall remain under-modeled in many sorghum systems. Fourth, strong local case studies exist, but 

transferability across regions is still limited. Finally, predictive accuracy is improving faster than interpretability 

in some data-driven studies, which risks producing models that are useful technically but harder to trust 

agronomically. 

Future work should move toward integrated sorghum modeling systems that connect phenology, plant physiology, 

remote sensing, and climate analytics in the same framework. More attention is needed on stress timing around 

flowering and grain filling, on genotype-specific calibration of water-use and heat-response traits, and on decision 

tools that translate model output into locally actionable advice. For both researchers and practitioners, the most 

productive perspective may be to treat sorghum neither as a miracle crop nor as a victim crop, but as a 

biologically understandable crop whose yield can be better stabilized when climate signals are interpreted through 

the lens of development, physiology, and carefully chosen models. 
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