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Introduction 

Climate oscillations are increasingly recognized as critical drivers 

of global agricultural variability, influencing both short-term crop 

performance and long-term food security planning. These 

oscillatory anomalies in ocean-atmosphere interactions can cause 

substantial shifts in weather patterns, disrupting the rainfall, 

temperature and evapotranspiration regimes upon which 

agriculture depends (1). The intensification of climate variability 

due to anthropogenic global warming has heightened the 

frequency and severity of extreme events linked to oscillatory 

systems, amplifying production risks across agro-ecosystems (2, 

3). Importantly, the interaction of multiple climate oscillations can 

lead to non-linear and amplified impacts on rainfall patterns. For 

instance, the simultaneous occurrence of El Niño and a positive 

Indian Ocean Dipole (IOD) can have compound effects, particularly 

in the Indian subcontinent and East Africa. While El Niño alone is 

typically associated with reduced monsoonal rainfall over India, 

the positive IOD phase can partially offset this by enhancing 

westerly winds and increasing moisture inflow from the Arabian 

Sea. However, when both occur concurrently, studies have shown 

amplified rainfall anomalies in East Africa, leading to widespread 

flooding (e.g., the 1997/98 season), while exacerbating drought 

conditions in Australia and parts of Indonesia (4, 5). Such nonlinear 

behaviour arises from synergistic teleconnections that alter the 

Walker circulation and regional jet streams. Coupled General 

Circulation Model studies reveal that these interactions can 

significantly shift the spatial intensity of rainfall anomalies 

compared to isolated events (6). Historically, agro-climatic 

planning has relied on statistical norms derived from past weather 

records. For example, tools such as multiple linear regression  

(MLR), auto-regressive integrated moving average (ARIMA) models 

and climatological anomaly analyses have been widely used to 

forecast crop yields based on historical climate variables like rainfall 

and temperature. Traditional indices such as the Standardized 

Precipitation Index  (SPI) and Palmer Drought Severity Index  (PDSI) 

have also been instrumental in assessing drought risks and 

supporting seasonal agricultural planning. While effective in 

capturing linear trends and seasonal patterns, these approaches 

often fail to address the complex, non-linear dynamics of large-

scale climate oscillations such as the ENSO, IOD and NAO (7, 8). 

 However, the non-stationary behaviour of ENSO, IOD and 

NAO−each with varying periodicity, intensity and teleconnection 

patterns−renders static models insufficient (9, 10). Dynamic 

forecasting frameworks that incorporate seasonal signals and large-

scale ocean-atmosphere drivers are increasingly essential to provide 

anticipatory insights for both farmers and policymakers (11, 12). 
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Abstract  

Climate oscillations such as the El Niño-Southern Oscillation (ENSO), Indian Ocean Dipole (IOD) and North Atlantic Oscillation (NAO) 

significantly influence global weather variability, posing challenges to agricultural productivity and food security. Their impacts−ranging 
from altered rainfall patterns to temperature extremes−disrupt crop growth, especially in rainfed systems. Understanding these 

oscillations is vital for enhancing yield prediction and informing adaptive agricultural planning. This review synthesizes mechanistic 

insights and empirical findings from peer-reviewed literature on the influence of ENSO, IOD and NAO on crop yields across major agro-

climatic zones. It also evaluates predictive tools, including statistical models, dynamic crop simulations and AI-driven forecasting systems. 
Crop-specific vulnerabilities and regional disparities in oscillation impacts were systematically analyzed to assess adaptation needs. 

Findings reveal that ENSO, IOD and NAO generate region-specific yield anomalies by modulating soil moisture, evapotranspiration and 

phenological development. Crops such as rice, maize and wheat exhibit heightened sensitivity during key growth stages under oscillation-

driven stressors. Modern forecasting models incorporating oscillation indices improve predictive accuracy and provide early warnings for 
yield variability. However, gaps remain in translating forecasts into actionable farm-level decisions, especially in resource-limited regions. 

To build agricultural resilience, integrating oscillation-based forecasts into local advisory services, promoting climate-smart practices and 

adopting inclusive, region-specific adaptation strategies are essential. Bridging science-policy gaps and strengthening climate services 

will support anticipatory planning and safeguard food systems under increasing climate variability. 
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 The impacts of these oscillations are not spatially 

uniform. Regions dependent on rainfed agriculture, such as sub-

Saharan Africa and parts of South Asia, are especially vulnerable 

to seasonal moisture deficits and heat stress driven by oscillation 

phases (13, 14). Moreover, crop responses to oscillation-driven 

anomalies are modulated by factors such as soil type, cropping 

system, phenological stage and management practices, which 

complicate yield forecasting (15, 16). Advances have enhanced 

our ability to track and predict oscillation impacts. High-

resolution climate models, AI-based tools and satellite remote 

sensing enable fine-scale monitoring of hydrometeorological 

variables critical for crop health (17, 18). Yet, significant gaps 

persist between climate forecasts and operational farm-level 

decision-making, especially in developing countries where 

infrastructure and capacity are limited (19, 20). 

 In sub-Saharan Africa, many national meteorological 

agencies lack access to high-performance computing infrastructure 

and localized seasonal forecast products (21). Ground-based 

observation networks are sparse, particularly in remote farming 

areas, making calibration and validation of satellite-driven models 

difficult. In South Asia, despite substantial advancements by 

agencies like the India Meteorological Department (IMD), 

significant gaps remain in the last-mile dissemination of 

forecasts to smallholder farmers. Barriers such as low digital 

literacy, limited mobile penetration and lack of trust in forecasts 

hinder adoption. Regional initiatives like South Asian Climate 

Outlook Forum (SASCOF) and  African Centre of Meteorological 

Applications for Development (ACMAD) have improved 

coordination but require better integration with agro-advisory 

systems and local-scale feedback loops (22). 

 Additionally, institutional and behavioural factors-such 

as limited access to advisory services, lack of trust in forecasts 

and minimal incorporation of indigenous knowledge-constrain 

adaptation efforts (23-25). Social equity considerations are also 

central, as marginalized communities often bear the brunt of 

climate-induced disruptions without adequate safety nets (26, 

27). Teleconnections can also affect global food trade, 

introducing volatility in markets and posing challenges to food 

access (28, 29). This review addresses these interrelated challenges 

by synthesizing mechanistic insights on climate oscillations, their 

regional yield impacts and the predictive modelling tools available 

to support anticipatory agricultural planning. It also explores 

integrated adaptation strategies, including climate-smart practices, 

early warning systems and socio-technological interventions aimed 

at building long-term resilience. 

Methodology 

This review was conducted by systematically identifying peer-

reviewed journal articles, reports and institutional publications 

focused on climate oscillations and their impacts on agriculture. 

The literature search spanned from January 2005 to April 2025, 

targeting studies published within the last 20 years (Fig. 1). 

Databases used included Scopus, Web of Science and Google 

Scholar, using combinations of keywords such as ENSO, IOD, NAO, 

teleconnections, crop yield variability, agro-climatic forecasting, 

seasonal prediction, adaptation strategies and resilient agriculture. 

 Studies were included based on their relevance to the 

mechanistic understanding of ocean–atmosphere oscillations; 

the regional impacts of climate oscillations on rainfall, 

temperature or evapotranspiration; crop responses to climate 

anomalies in tropical and semi-arid regions; forecasting 

approaches incorporating AI models, dynamic simulations and 

remote sensing tools; and adaptation strategies integrating 

climate-smart agriculture, early warning systems or indigenous 

practices.  

 Priority was given to empirical studies, review articles and 

multi-model assessments published in high-impact journals. 

Non-English articles and those without clear methodological 

rigour were excluded. Final selection included approximately 99 

references, ensuring geographic diversity and methodological 

depth to capture global and regional perspectives on oscillation-

driven agricultural risks. 

 

 

 

Fig. 1. Review methodology. 
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Mechanisms of climate oscillations 

El Niño-southern oscillation  (ENSO) 

ENSO originates from anomalous warming or cooling of sea 

surface temperatures in the central and eastern tropical Pacific, 

which alters the Walker circulation and weakens or strengthens 

trade winds (30). These Sea Surface Temperature (SST) anomalies 

excite equatorial Rossby and Kelvin waves, shifting convection 

zones and reorganizing tropical rainfall patterns across the Pacific 

basin (31).  Via upper-level divergent wind anomalies, areas where 

air spreads out and rises in the upper atmosphere, the ENSO 

generates Rossby wave trains that propagate toward the poles. 

These waves modulate subtropical jet streams and induce 

temperature and precipitation anomalies in mid-latitude regions 

(32). In strong events, the ENSO-stratosphere coupling can lead to 

sudden stratospheric warming, reversing the tropospheric 

circulation and impacting the North Atlantic Oscillation (33). These 

teleconnections profoundly affect global weather, including winter 

climate in Europe and North America (32). 

Indian ocean dipole  (IOD) 

Indian Ocean Dipole is characterized by fluctuations in sea surface 

temperatures between the western and eastern Indian Ocean. 

Positive phases occur  when the western Indian Ocean experiences 

warmer waters, while the eastern region near Java and Sumatra 

remains cooler (34). This gradient shifts atmospheric convergence 

westward, enhancing monsoonal flow toward East Africa and 

suppressing convection over Indonesia and northern Australia. 

During positive IOD events, reduced moisture and rainfall in 

Southeast Asia coincide with enhanced rains and flood risk in East 

Africa (35). Coupled IOD-ENSO events-such as a positive IOD during 

El Niño-can intensify drought over Australia and South Asia due to 

their synergistic drying influence (36). The IOD mechanism also 

modulates the formation and intensity of Australian monsoonal 

precipitation, with feedback loops involving regional troughs and 

cloud bands. 

North atlantic oscillation  (NAO) 

North Atlantic Oscillation is a large-scale fluctuation in atmospheric 

pressure between the Azores High (a subtropical high-pressure 

system) and the Icelandic Low (a subpolar low-pressure system). It is 

a dominant mode of climate variability in the North Atlantic region 

and has far-reaching impacts on weather patterns in Europe, North 

Africa and parts of North America (37). The NAO operates in positive 

and negative phases. During the positive phase, a stronger-than-

average pressure gradient leads to increased westerlies, which drive 

moist, warm air toward Europe and colder, drier air into the 

Mediterranean region. This phase is associated with mild, wet 

winters in northern Europe and drier conditions in southern Europe 

and North Africa (38). The negative phase, on the other hand, is 

characterized by a weakened pressure gradient, which reduces 

westerlies, causing cold, dry winters in northern Europe and wetter 

conditions in the Mediterranean basin (39). The NAO influences soil 

moisture, crop phenology and agricultural yields, particularly for 

winter cereals in Europe. For instance, positive NAO phases can 

benefit crop growth in northern Europe by promoting warmer 

temperatures and better growing conditions, while causing drought 

stress in southern Europe. This spatial variability complicates 

agricultural planning, especially in rainfed systems where farmers 

are highly sensitive to seasonal weather anomalies (40).  

Mechanisms of climate oscillations  

Fig. 2 shows ENSO, IOD and NAO mechanisms and also shows SST 

anomalies, wind patterns and pressure systems. Teleconnection 

pathways map (global) indicating regions affected by each 

oscillation. It helps make complex atmospheric-oceanic interactions 

visually understandable. 

Regional crop yield impacts 

Climate oscillations such as ENSO, IOD and NAO have profound 

effects on crop yields across diverse agro-climatic regions. These 

oscillations alter rainfall patterns, temperature regimes and the 

timing of growing seasons, which in turn influence soil moisture 

availability, plant phenology and pest and disease dynamics (1). 

In South Asia, particularly India, the Southwest Monsoon is 

significantly influenced by both the ENSO and the IOD. This 

monsoonal rainfall is a critical driver of agricultural productivity, 

especially for major rainfed crops such as rice, maize and pulses, 

which depend heavily on timely and sufficient precipitation 

 

Fig. 2. Mechanism of climate oscillations. 
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during the kharif season (41). El Niño events tend to suppress 

monsoon rainfall during the primary Southwest Monsoon 

season, which spans from June to September, leading to 

droughts and reduced yields in rice, maize and pulses, especially 

in rainfed systems (42). In contrast, positive IOD events can 

partially offset the impact of El Niño by enhancing rainfall over 

the Indian subcontinent, though this often leads to flooding in 

East Africa and dryness over Southeast Asia, affecting rice 

cultivation in Indonesia and Thailand (4, 43). ENSO significantly 

impacts agricultural productivity in East and Southern Africa. El 

Niño years often bring excessive rainfall to East Africa, improving 

conditions for maize and bean cultivation. However, in Southern 

Africa, these same events are linked to prolonged droughts, 

reducing cereal yields and increasing food insecurity. The 

influence of IOD is also prominent, with positive IOD phases 

enhancing rainfall over East Africa but intensifying drought risks 

in central and western Africa (44).  

 The NAO is the key driver of winter climate variability in 

Europe. A positive NAO phase typically results in milder and 

wetted winters in Northern Europe, which may benefit winter 

wheat and barley yields. However, it also leads to drier 

conditions in Southern Europe and North Africa, adversely 

affecting olive, citrus and grapevine production (32, 45). These 

yield anomalies are especially severe in areas dependent on 

rainfed agriculture, making the region vulnerable to year-to-year 

variability. ENSO events modulate rainfall in North and South 

America, affecting major cropping regions and contributing to 

substantial economic losses. For instance, El Niño-induced 

droughts and floods have historically caused multi-billion-dollar 

damages in US agriculture, with USDA reports citing significant 

crop insurance payouts for maize and soybean losses during 

strong ENSO years (47). In the US Midwest, El Niño conditions tend 

to bring wetter springs and cooler summers, benefiting corn and 

soybean yields, whereas La Niña often leads to hotter, drier 

growing seasons with reduced productivity (47). In South America, 

El Niño enhances rainfall in southern Brazil and Argentina, which 

supports soybean and maize production but causes flooding and 

crop damage in lowland areas (48). Australia’s agriculture is highly 

sensitive to ENSO and IOD phases. El Niño and positive IOD events 

are strongly associated with droughts, particularly in eastern and 

southern regions, severely affecting wheat, barley and cotton 

production. Conversely, La Niña brings above-average rainfall, 

improving soil moisture and boosting crop yields, although it may 

also increase disease and pest pressure (49).  

Crop-specific vulnerabilities to climate variability 

Climate variability and extreme weather events affect crops 

differently based on their physiological characteristics, growth 

stages, geographic location and local adaptive capacities. 

Physiological traits such as root depth, stomatal behaviour and 

heat tolerance influence how a crop responds to stress, for 

example, rice has shallow roots, making it particularly vulnerable 

to both waterlogging and short-term drought conditions during 

sensitive stages like flowering and grain filling (50). High 

temperature stress impairs photosynthetic efficiency by disrupting 

chloroplast structure, degrading Rubisco activity and increasing 

photorespiration, particularly in C3 crops like wheat and rice (51). 

During reproductive stages, heat stress shortens pollen viability, 

impairs anther dehiscence and reduces grain set, leading to 

spikelet sterility in rice and reduced kernel weight in maize (52). 

Drought and high vapour pressure deficit (VPD) exacerbate 

transpirational water loss, forcing partial or full stomatal closure to 

conserve moisture, which in turn limits CO₂ assimilation and 

lowers biomass production (53). Prolonged moisture stress alters 

abscisic acid (ABA) signalling, accelerates leaf senescence and 

restricts xylem flow, especially in water-demanding crops like 

maize and sorghum (54). Biochemically, stressed plants often 

accumulate osmoprotectants such as proline, glycine, betaine and 

soluble sugars, which help stabilize proteins and membranes but 

are energetically costly, diverting resources from growth and 

reproduction (55). High VPD also increases oxidative stress, leading 

to ROS accumulation and damage to lipids, proteins and nucleic 

acids unless mitigated by antioxidant defences (56). These 

physiological constraints explain why even moderate changes in 

temperature or moisture conditions, especially during critical 

growth stages, can cause disproportionate yield losses in crops 

exposed to teleconnection-driven anomalies.  

 Table 1 outlines the vulnerability of major crops to various 

climate stressors, highlighting region-specific impacts and 

differential crop sensitivities. For maize, elevated VPD has been 

found to reduce yields more severely than temperature increases 

alone, indicating its critical role in crop stress response (57). In 

South India, the interplay between rainfall variability and 

temperature fluctuations has been shown to negatively affect rabi 

season maize yields (58). Drought conditions in the northeastern 

United States significantly reduce maize yield, especially when 

they coincide with crucial growth stages (59). Similarly, in China, La 

Niña events cause soil moisture anomalies that diminish water 

availability, leading to yield declines (60). In Cameroon, the yield 

losses for maize and millet due to rainfall variability are 

exacerbated in areas with lower literacy rates and weaker socio-

economic resilience (61). In East Africa, strong El Niño events 

induce severe droughts, resulting in up to 50 % yield losses for 

maize and sorghum (62). Rice is particularly sensitive to flooding 

during its reproductive stages; even 2 to 4 days of submergence 

during flowering can result in yield losses of up to 50 % (50). 

Moreover, rice production is closely linked with greenhouse gas 

(GHG) emissions, which create feedback loops that intensify the 

crop’s vulnerability to climate change (63). The crop is especially 

susceptible to flooding during both vegetative and reproductive 

Crop Climate stressor Vulnerability insight Reference 
Maize Vapor pressure deficit  (VPD) Higher VPD reduces maize yields more than temperature increases. (57) 
Maize Rainfall variability  (South India) Rainfall-temperature interactions can reduce rabi season yields. (58) 
Maize Drought  (USA, NE) Yield loss is high when drought hits during key growth stages. (59) 
Maize Soil moisture anomalies  (China) La Niña reduces soil water availability; affects yields. (60) 
Maize/Millet Rainfall variability  (Cameroon) Yield losses are higher in areas with lower literacy and poverty resilience.  (61) 
Maize/Sorghum ENSO-induced drought  (East Africa) Up to 50 % yield loss during strong El Niño years. (62) 
Rice Flooding during reproductive stages Submergence of 2–4 days during flowering reduces yields by up to 50 %. (50) 
Rice GHG-climate feedback Rice has high emissions, interacting with climate stress.  (63) 
Rice Stage-specific flooding sensitivity More vulnerable to floods during vegetative/reproductive stages. (50) 
Wheat/Barley High temperature  (Morocco) High temperature and low adaptive capacity increase vulnerability. (23) 

Table 1. Vulnerability of major crops to various climate stressors 
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stages, underscoring the importance of stage-specific climate 

resilience (50). For wheat and barley, rising temperatures are a 

major concern, particularly in countries like Morocco where 

adaptive capacity is limited. High temperature stress, when 

coupled with socio-economic constraints, significantly increases 

vulnerability and leads to considerable yield reductions (23).  Table 1 

explores how key food crops such as maize, rice, wheat, sorghum 

and millet exhibit distinct vulnerabilities to climate stressors, 

including drought, flooding, heat and teleconnections like ENSO.  

Mechanisms of influence on crop physiology and hydrology 

ENSO exerts a direct influence on soil moisture through its 
impacts on regional precipitation and evapotranspiration cycles; 

El Niño events reduce soil moisture across key agricultural zones 

such as eastern Africa and parts of the Americas, while increasing 

it in others (64). Adequate soil moisture during the early stages of 

plant growth is critical for seed germination, root establishment 

and nutrient uptake; deficiencies at this stage can result in poor 

stand density and long-term yield penalties (65). Through altered 

SST gradients, ENSO and IOD trigger teleconnection wave trains  

(Rossby waves) that modify circulation patterns and suppress 

convective rainfall over agricultural regions, particularly during El 

Niño-positive IOD combinations (66). A global hydrological 

modelling study shows that ENSO, IOD and NAO strongly 

modulate evapotranspiration (ET) by reshaping temperature and 

humidity fields. Research indicates that these modes significantly 

affect ET across diverse climatic zones (67). Elevated VPD during El 

Niño and positive IOD phases increases plant transpiration stress, 

reducing stomatal conductance and photosynthesis and 

consequently lowering crop yield. Crops such as maize and 

sorghum are especially vulnerable, as high VPD during their 

vegetative and reproductive stages can significantly reduce 

biomass accumulation and grain set (57). ENSO-induced rainfall 

anomalies also drive prolonged meteorological droughts, which 

through land-atmosphere feedback accelerate soil moisture loss 

and heatwave frequency, intensifying crop stress (68).  

 In China’s agricultural heartland, ENSO events decrease 

soil moisture and ET by disrupting summer monsoon rains, while 

IOD events alter regional temperature and moisture dynamics-

interactions governing crop water availability (69). 

Evapotranspiration and soil moisture coupling are key to 

teleconnection impacts. Research indicates that how ET alterations 

under ENSO/IOD/NAO shift the water balance, affecting root-zone 

moisture essential for grain fill (70). Regional crop studies in India 

reveal that compound ENSO-IOD conditions modulate the 

monsoon onset and duration, leading to yield variability in rice, 

bajra and maize–underscoring sensitivities to seasonal moisture 

distributions (71). ENSO-driven changes in atmospheric moisture 

convergence influence pre-planting and vegetative growth 

periods: low soil moisture reduces biomass production and 

impacts ecosystem transpiration feedbacks in cropping systems 

(72). Teleconnections, including NAO, modulate drought intensity 

and timing by altering atmospheric circulation patterns. NAO 

phases alter soil moisture and temperature cycles in Europe, 

which subsequently affect crop yields (73). 

Predictive modelling and forecasting 

Accurate forecasting of crop yields under climate variability relies 

on a range of predictive models that integrate large-scale climate 

oscillations like ENSO, IOD and NAO (74). These models vary from 

conventional statistical approaches to sophisticated machine 

learning algorithms and crop simulation systems. Crop simulation 

models such as Decision Support System for Agrotechnology 

Transfer (DSSAT) and Agricultural Production Systems Simulator 

(APSIM) require detailed input data including soil properties, crop 

phenology, weather variables and management practices. DSSAT 

typically operates at a field to regional scale, offering fine-grained 

simulations when high-resolution data is available (7). APSIM 

similarly supports daily time-step modelling and can simulate a 

wide range of management scenarios, though it often requires 

more localized calibration for accurate output (75). In contrast, 

hybrid systems that combine statistical or machine learning 

algorithms with mechanistic models often operate on coarser 

spatial scales, trading resolution for scalability across large regions 

(76). Remote sensing-based models offer high spatial resolution but 

may lack temporal granularity unless integrated with ground-truth 

data. Thus, input granularity (e.g., hourly vs. daily weather, fine vs. 

coarse soil maps) and spatial resolution  (plot, district or national 

level) vary significantly and should be matched to the decision-

making context. 

Climate-based crop yield prediction models 

Fig. 3 illustrates the overall framework of climate-based crop yield 

prediction. Climate and crop data serve as primary inputs to the 

prediction system. These inputs are processed through different 

modelling approaches: statistical models, machine learning 

models, hybrid models and crop simulation models. Each 

approach applies distinct techniques to analyze the relationship 

between climatic variability and crop performance. The output is a 

crop yield forecast, which helps inform agricultural decision-

making at various scales−from farmers to policymakers. 

Uncertainty in forecasting models 

Forecasting agricultural outcomes under climate variability is 

inherently uncertain due to multiple interacting factors. Key 

sources of uncertainty include: 

Input data uncertainty 

Errors in climate inputs (e.g., precipitation, temperature), incomplete 

soil databases and inconsistent crop management records. 

Model structural uncertainty 

Simplified or incomplete representation of crop-environment 

interactions can misrepresent stress responses or phenological 

development (77). 

Parameter uncertainty 

Variability in model calibration parameters−such as cultivar-specific 

coefficients or rooting depth can lead to divergent outputs (78). 

Scenario uncertainty 

Variability in climate oscillation forecasts  (e.g., strength or phase of 

ENSO) affects model boundary conditions. 

 Mitigation strategies include using multi-model ensembles 

to capture a range of outcomes, data assimilation techniques  (e.g., 

incorporating real-time satellite and in-situ data), Bayesian 

calibration methods and downscaling approaches that refine 

coarse climate outputs into region-specific forecasts (79). 

Transparent communication of uncertainty ranges is also critical 

for effective stakeholder use and adaptation planning. 

 Table 2 summarizes the diverse modeling approaches 

used in climate-based crop yield prediction, outlining their tools, 
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applications and advantages. Statistical models, such as Multiple 

Linear Regression  (MLR) and ARIMA, have been widely used to 

forecast yields of major cereals like wheat, maize and rice by 

incorporating climate indices such as ENSO and NAO. These 

models are simple to implement and are particularly effective 

when applied to historical trend analysis (41). Machine learning 

models, including Random Forests, Support Vector Machines 

and Deep Learning algorithms, offer the ability to capture 

complex, nonlinear relationships between climate variables and 

crop yields. These tools have demonstrated high accuracy in 

seasonal forecasting and can be effectively adapted to diverse 

agro-climatic zones (80). Dynamic crop simulation models such 

as DSSAT, APSIM and WOFOST simulate crop growth processes 

under varying climate conditions. These models are process-

based and allow for detailed physiological modeling, making 

them suitable for scenario testing using forecasts from climate 

phenomena like ENSO and IOD (7, 81). 

 Ensemble models, which combine multiple crop and 

climate models, are used for regional and national yield forecasting. 

Their strength lies in incorporating uncertainty and providing 

probabilistic outputs, making them valuable for applications in 

crop insurance schemes and early warning systems (82). Hybrid 

models integrate climate indices with remote sensing data and 

socio-economic variables. These models are especially useful for 

food security planning and are employed by organizations like FAO 

and WFP to monitor drought and flood risks. They provide robust 

decision-support by combining spatial, biophysical and social 

datasets (8). Lastly, emerging tools such as AI-driven platforms and 

cloud-based decision support systems (DSS) enable real-time, 

localized forecasting. These platforms are increasingly used for 

mobile advisory services to farmers, offering fast data processing, 

user-friendly interfaces and scalability for smallholder agricultural 

systems (83). 

 The Table 2 provides an overview of these forecasting 

methods, their practical applications in agriculture, key benefits 

and supporting literature (Fig. 4). 

Adaptation and mitigation strategies 

» Climate-smart agriculture (CSA) enhances resilience and 

mitigation by improving soil health, increasing water-use 

efficiency and promoting carbon sequestration through 

practices like crop rotation, agroforestry and conservation 

tillage (84). 

» Soil management practices such as cover cropping, no-till 

farming and residue mulching can improve soil organic carbon 

and contribute to reducing global agricultural GHG emissions 

by 5 −15 % (85). 

Model type Approach/Tool Applications Advantages References 

Statistical models 
-Multiple linear regression  (MLR) 

- ARIMA 
Forecasting cereal yields  (wheat, 

maize, rice) using ENSO, NAO indices 
Simple to implement; effective for 

historical data trends (41) 

Machine learning 
models 

- Random forests 
- Support vector machines 

- Deep learning 

Capturing nonlinear crop-climate 
interactions; seasonal crop forecasts 

High accuracy; handles complex 
data; adaptable to diverse regions 

(80) 

Dynamic crop 
simulation models 

- DSSAT 
- APSIM 

- WOFOST 

Simulating crop responses to climate 
variables; used with ENSO/IOD 

forecasts 

Process-based; detailed 
physiological modeling; suitable for 

scenario testing 
 (81, 99) 

Ensemble models 
- Multiple crop and climate 

models combined 
Regional and national yield forecasts 

with probability outputs 

Incorporates uncertainty; suitable 
for insurance and early warning 

systems 
 (82) 

Hybrid models 
- Climate indices, remote 

sensing and socioeconomic data 
Food security planning; FAO/WFP use; 

drought and flood risk monitoring 

Combines spatial, biophysical and 
social data; real-time decision 

support 
(8) 

Emerging tools - AI-driven platforms - Cloud-
based DSS tools 

Localized, real-time forecasts; mobile 
advisory services to farmers 

Fast processing; user-friendly 
interfaces; scalable to smallholder 

contexts 
(83) 

Table 2. Predictive modeling and forecasting in climate-based crop yield prediction 

 

Fig. 3. Flowchart on Climate-based crop yield prediction models. 
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» Season-specific nitrogen management strategies, including 

split nitrogen application during key growth stages, reduce 

both yield variability and nitrogen leaching under El Niño and 

La Niña conditions. For example, in northern India, split 

nitrogen application in rice and wheat systems has been shown 

to improve nitrogen use efficiency and stabilize yields during 

monsoon variability associated with ENSO phases (86). 

» Water-saving irrigation methods like drip and sprinkler systems 

enhance irrigation efficiency, reduce groundwater depletion and 

offer long-term resilience to semi-arid farming systems (87). 

» Agroforestry and Ecosystem-based Adaptation (EbA) 

techniques improve soil moisture, reduce erosion and support 

biodiversity, making them effective tools for managing erratic 

rainfall and climate stress (88). 

» Traditional adaptation practices, including crop diversification, 
short-season varieties and moisture conservation, are widely 

used by smallholders in Africa to cope with increasing climate 

variability (89). 

» Climate information services, including ENSO-based seasonal 
forecasts, support anticipatory actions such as altering planting 

schedules and preparing for extreme weather events (90). 

» Digital technologies like AI-powered remote sensing tools help 

track real-time soil moisture and weather, enabling farmers to 

make timely and informed adaptation decisions. Platforms 

such as the IBM Watson Decision Platform for Agriculture, 

CropIn’s SmartFarm and Microsoft AI for Earth provide farmers 

with field-specific forecasts, crop health insights and actionable 

advisories tailored to climate variability (91). 

» Policy support programs, such as India’s Climate Resilient 

Agriculture initiative, integrate crop insurance, drought-resilient 

varieties and community resource banks to enhance local 

adaptation capacity (92). 

» Long-term adaptive pathways, including land-use diversification 

and agroecological transitions, offer synergies between 

mitigation, biodiversity conservation and yield stability (93). 

Future research directions 

✓ Incorporating detailed climate oscillation signals (e.g., ENSO, 
IOD) into crop models enhances the predictability of yields 

under changing climate regimes (74).  

✓ Regional downscaling and sub-seasonal forecasts tailored to 

farmers' needs are crucial for operational climate services (94).  

✓ AI and machine learning enhance precision agriculture 

through real-time weather and crop condition analysis, 

improving farm-level decisions (95).  

✓ Indigenous adaptation strategies provide locally tested 

solutions to climate risks and should be part of formal 

adaptation planning (96).  

✓ Weather-indexed insurance and early warning-linked credit 

systems are key tools to protect smallholder livelihoods 

against climate variability (97). 

✓ Coordinated governance across climate, agriculture and 
disaster risk sectors enhances resilience-building and 

mainstreams climate information (98). 

 

Conclusion 

Agriculture is increasingly vulnerable to climate variability, 

making it crucial to understand the influence of large-scale 

oscillations like ENSO, IOD and NAO. These global phenomena 

have significant local impacts, affecting crop yields and the 

resilience of farming communities. This review highlights the 

value of integrating climate oscillation signals into agricultural 

planning through tools like AI-driven forecasting and dynamic 

crop models. However, the effectiveness of these tools depends 

on robust delivery systems and stakeholder trust, particularly in 

resource-limited regions. To enhance impact, seasonal climate 

forecasts should be systematically integrated into national 

agrometeorological advisory bulletins, enabling farmers to make 

timely decisions on sowing, irrigation and input use. Investment in 

climate services infrastructure, especially localized forecast 

calibration and last-mile delivery via mobile apps or community 

 

Fig. 4. Research gap. 
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platforms, is critical. Policymakers should also promote 

interdisciplinary research that links climate science, agronomy and 

socioeconomics to develop adaptive cropping systems. Finally, 

capacity-building for extension personnel and the inclusion of 

indigenous knowledge systems will ensure that climate 

information is both context-sensitive and actionable, thereby 

strengthening agricultural resilience and long-term food security. 
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