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1. Introduction 

1.1 Global Context and Urgency 

Global agricultural systems are facing a unique 

combination of climate, environmental, and socio-

economic pressures that could make it harder for people to 

grow and get food around the world. The Intergovernmental 

Panel on Climate Change says that if greenhouse gas 

emissions keep going up, the yields of major cereal crops 

could drop by 10 to 25 percent by the middle of the century. 

This is because temperatures are rising, precipitation 

patterns are changing, and extreme weather events are 

happening more often. These production risks coincide 

with rapid population growth, with the global population 

expected to approach 9.7 billion by 2050, implying a 

requirement for roughly 50% greater food production 

relative to current levels (IPCC, 2024). 

Climate variability has already had a big impact on 

agriculture's economy. From 2015 to 2024, climate-related 

disasters like droughts, floods, and extreme heat are thought 

to have caused about USD 280 billion in agricultural losses 

around the world. About 78% of these losses happened in 

developing countries, where many people's jobs depend on 

climate-sensitive, rain-fed farming systems (World Bank, 

2024). These losses not only hurt farmers' incomes, but they 

also spread through food markets, making prices more 

unstable and putting pressure on national food security and 

social protection systems. 

Recent weather events show that traditional ways of 

planning for farming that rely too much on past weather 

patterns are becoming less and less useful. From 2020 to 

2023, East Africa had its worst drought in about 40 years. 

More than 20 million people were affected, and the 

production of staple crops dropped significantly. During the 

same time, heat waves that hit many major breadbasket 

areas at the same time caused global wheat yields to drop 

by about 6%. This shows how dangerous it is for production 
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shocks to happen in different parts of the world at the same 

time (Senthold Asseng et al., 2024). At the same time, 

unseasonal and heavy flooding in some parts of South Asia 

caused billions of dollars in crop losses, which shows how 

climate risks are getting worse all the time. 

These events show that current agricultural decision-

support systems have serious structural problems. Climate 

forecasts, agronomic recommendations, and market 

analyses are often produced and shared separately, using 

different spatial and temporal scales. Seasonal climate 

forecasts might give you probabilistic information about 

rainfall, but they don't always give you advice on how to 

manage your crops or what prices to expect. Economic 

models, on the other hand, usually work on a quarterly or 

yearly basis, which doesn't always match up with the time 

frames for making decisions on the farm. Because of this, 

farmers, extension services, and policymakers don't have 

access to timely, integrated information that would help 

them predict risks, use resources wisely, and respond 

quickly to new threats to food production and access. 

In light of this, more and more people are realizing that 

improving food security and agricultural resilience requires 

integrated forecasting frameworks that clearly connect 

climate dynamics, agronomic responses, and economic 

conditions. This study addresses that necessity by assessing 

an integrated climate-economic forecasting system 

intended to facilitate decision-making from the farm to the 

national level amidst escalating uncertainty. 

The empirical analysis utilizes a quasi-experimental design, 

integrating matched comparisons between system users and 

non-users alongside multivariate regression controls for 

identified disparities in climate exposure, farm attributes, 

and management practices. This method allows for strong 

estimates of conditional associations and provides evidence 

that is consistent with system-related contributions, but it 

does not allow for randomized causal inference. 

Consequently, all reported impacts are regarded as 

associational findings rather than conclusive causal effects, 

and national-level estimates are provided as indicative 

magnitudes derived from modeled aggregation rather than 

directly observed outcomes. 

This research does not utilize a randomized controlled trial 

or a natural experiment framework. Consequently, all 

estimated effects related to ICEFS adoption must be 

regarded as conditional associations rather than conclusive 

causal influences. Even though matching and regression 

adjustment make it less likely that confounding factors will 

be seen, things like farmer motivation, managerial skill, and 

local institutional capacity that aren't seen could still affect 

the results. As a result, the effects that are reported in the 

manuscript are presented as evidence that supports system 

contribution rather than proof of causation. 

1.2 The Information Gap 

There are big problems with current systems for predicting 

agriculture. Hansen et al. (2022) noted that seasonal climate 

forecasts are available, but they are not widely used in 

agricultural decision-making, especially by smallholder 

farmers in sub-Saharan Africa. Climate services, market 

analysis, and agronomic advice function autonomously, 

lacking essential interactions (Vermeulen et al., 2023). A 

farmer might get a good idea of how much rain will fall, but 

they might not get good price predictions or advice on when 

to plant. 

Less than 8% of the world's 570 million farms have access 

to integrated decision support systems (FAO, 2023). There 

are advanced tools for making predictions, but they are 

mostly used in developed countries and on big commercial 

farms. Climate models are great at making seasonal 

predictions, but they don't have the daily-to-weekly 

resolution needed for tactical farm management (Hansen et 

al., 2022). Economic models, on the other hand, work on 

quarterly cycles that don't match up with when farmers need 

to make decisions. 

1.3 Research Objectives and Scope 

This research addresses these gaps through five primary 

objectives: 

1. Develop an integrated architecture that fuses climate, 

agronomic, and economic data streams into coherent 

forecasts. 

2. Validate prediction accuracy against independent datasets 

across multiple growing seasons. 

3. Quantify economic and food security impacts through 

controlled implementation studies. 

4. Design scalable deployment frameworks suitable for 

resource-constrained environments (Basso & Antle, 

2023). 

5. Establish best practices for data governance, farmer 

engagement, and policy integration. 

The system was developed and tested primarily in Kenya's 

maize-growing regions (2021-2024), with additional 

validation in Tanzania, Ethiopia, and Malawi, representing 

diverse agro-ecological zones and farming systems described 

by Thornton and Herrero (2024). This study employs a quasi-

experimental design based on matched comparisons between 

system users and non-users, combined with multivariate 

regression controls. While this approach enables robust 

estimation of associations and likely impacts, it does not 

constitute randomized causal inference. Accordingly, results 

are interpreted as evidence of contribution rather than 

definitive causation. 

2. System Architecture and Design 

2.1 Conceptual Framework 

The Integrated Climate-Economic Forecasting System 

(ICEFS) operates on a four-tier architecture designed for 
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modularity, scalability, and resilience, drawing on best 

practices in digital agriculture (Basso & Antle, 2023). 

 
Figure 1: System architecture overview 

2.2 Data Acquisition Infrastructure 

The foundation of ICEFS rests on comprehensive, multi-source data collection deployed across Kenya's primary agricultural 

zones. Lobell et al. (2023) demonstrated that integrating satellite data with ground observations significantly improves 

agricultural monitoring accuracy, a principle central to our data acquisition strategy. 

Table 1: Data Acquisition Network Specifications (Kenya Deployment) 

Data Source Coverage 
Temporal 

Resolution 
Variables Collected 

Data 

Volume 

(daily) 

Reliability 

Automated 

Weather Stations 

847 stations (15 km 

avg. spacing) 
15 minutes 

Temp., precip., humidity, wind 

speed/dir., solar radiation, pressure 
1.8 GB 97.3% uptime 

Soil Moisture 

Sensors 

12,400 units (5 km² 

grid) 
1 hour 

Volumetric water content, 

temperature, EC 
0.6 GB 94.1% uptime 

Satellite Imagery National coverage 
Daily (optical), 3-

day (SAR) 

NDVI, EVI, LAI, soil moisture, 

LST 
145 GB 

89% (cloud 

dependent) 

Rainfall Estimates 5 km × 5 km grid Daily 
Precipitation accumulation (Funk 

et al., 2023) 
0.3 GB 

100% 

(composite) 

Market Price Data 147 trading centers Real-time to daily 
Commodity prices, volumes, 

inventories 
0.04 GB 

91.2% 

completeness 

Crop Assessments 
4,200 monitoring 

sites 
Weekly (season) 

Growth stage, health, stress 

indicators 
0.02 GB Seasonal 

Farm Surveys 28,000 households Event-based 
Planting dates, inputs, practices, 

yields 
Variable Campaign-based 

Total Daily Data Ingestion: ~148 GB (seasonal peak: 240 GB) 
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The rainfall estimates utilize the Climate Hazards Group 

InfraRed Precipitation with Station data (CHIRPS), which 

Funk et al. (2023) validated as highly reliable for 

monitoring climate extremes in data-sparse regions. 

2.3 Data Integration and Quality Assurance 

Before being used in analytical and predictive models, all 

data streams go through a structured integration and quality 

assurance process. The data management pipeline set up 

best practices for big agricultural and satellite-based 

monitoring systems. This is especially true for the ones Jin 

et al. (2023) talked about that combine different types of 

Earth observation and ground-based datasets. 

We need to harmonize the data over time because it comes in 

at very different rates, from hourly weather reports to seasonal 

yield measurements. To deal with this variety, the system uses 

adaptive resampling methods that keep the statistical 

properties of high-frequency signals while making sure that all 

datasets are aligned in time. Time-weighted averaging 

schemes combine sub-daily observations into daily resolution. 

This makes sure that periods of higher data density add up to 

the aggregated values in a fair way. Spatiotemporal 

interpolation methods that use both temporal continuity and 

spatial correlation between neighboring observations can fill 

in short data gaps. This method got back 93.7% of missing 

intervals that were less than 24 hours long. 

Spatial integration is more difficult because point-based 

measurements, like automated weather stations, and 

gridded satellite products can exist at the same time. 

Kriging with external drift is used to interpolate 

meteorological variables in space. It uses additional 

predictors that come from elevation and remotely sensed 

surface characteristics. Cross-validation shows that the 

interpolation works well, with root mean square errors of 

about 0.8 °C for daily temperature and 4.2 mm for daily 

precipitation. Inverse distance weighting is used to fill in 

the gaps in soil properties because their spatial gradients are 

relatively smooth at the scales being looked at. To make 

sure that the information is consistent with field-level 

decision support, remotely sensed vegetation and surface 

indices from Sentinel-2 images with a 10 m resolution are 

grouped together into farm management zones. 

During the integration process, automated quality 

control checks are used to find and flag strange values 

that come from sensor problems, transmission errors, or 

differences between data sources that overlap. Flagged 

observations are set aside for further examination or 

correction before the model is used. This stops 

measurement errors from spreading into later analyses 

(Jin et al., 2023). 

Quality Control Pipeline: 

Table 2: Data Quality Control Metrics (2023 Performance) 

Quality Check Method Rejection Rate False Positive Rate 

Range validation Physical limits per variable 2.4% 0.3% 

Temporal consistency Rate-of-change thresholds 1.8% 0.5% 

Spatial consistency Neighboring station comparison 3.1% 0.7% 

Instrument malfunction Pattern recognition ML 1.2% 0.2% 

Duplicate detection Timestamp + value matching 0.6% 0.1% 

Overall data quality Multi-stage pipeline 8.9% flagged <1% good data rejected 

Flagged data is quarantined for manual review, with 67% ultimately salvaged through recalibration or metadata correction. 

3. Predictive Models and Algorithms 

3.1 Climate Risk Assessment Model (CRM) 

The Climate Risk Assessment Model (CRM) makes 

probabilistic predictions about weather variables that are 

important for making decisions about farming, such as 

temperature, precipitation, solar radiation, and signs of 

extreme events. Forecasts are created for different time 

periods, from short-term (daily to weekly) to sub-seasonal 

and seasonal scales. These forecasts help with both short-

term and long-term planning on farms. The model design 

incorporates ensemble forecasting principles that enhance 

predictive accuracy in agricultural climate services through 

the integration of complementary modeling methodologies 

(Hansen et al., 2022). 

3.1.1 The Structure of the Model 

The CRM uses a weighted ensemble architecture that 

combines dynamic, statistical, and analog forecasting parts. 

Each part adds its own strengths to the overall performance 

of the forecast. Dynamical forecasts come from downscaled 

outputs of well-known global circulation models, such as 

those made by the UK Met Office (UKMO), the European 

Centre for Medium-Range Weather Forecasts (ECMWF), 
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and the National Centers for Environmental Prediction 

Global Forecast System (NCEP-GFS). These models based 

on physics give consistent pictures of big atmospheric 

processes and make up 40% of the ensemble weight. 

Long short-term memory (LSTM) neural networks trained 

on about 30 years of historical climate data make statistical 

predictions. These models are made to find localized 

patterns and non-linear temporal dependencies that global 

dynamical models often don't do a good job of finding. 

Statistical parts make up 35% of the ensemble's 

contribution. Analog methods also make up 25% of the 

ensemble by finding historical climate states that are most 

like the current ones and then moving their evolution 

forward in time. Every month, rolling forecast skill 

assessments are used to update the ensemble weights. This 

lets the system adapt to changes in how well models are 

doing in different seasons and regions. This adaptive 

weighting strategy uses methods that have been shown to 

improve the accuracy of sub-seasonal predictions in 

agriculture, especially when the climate is changing 

(Hansen et al., 2022). 

3.1.2 Validation Results 

Table 3: Climate Forecast Accuracy (Validation Period: 2022-2024) 

Variable Lead Time Metric Score Baseline (Persistence) Skill Improvement 

Temperature (max) 1-7 days RMSE 1.42°C 2.18°C 35% 

 8-14 days RMSE 2.07°C 2.94°C 30% 

 15-30 days RMSE 2.68°C 3.41°C 21% 

Precipitation 1-7 days Hit Rate 0.87 0.62 40% 

 8-14 days Hit Rate 0.76 0.54 41% 

 15-30 days Hit Rate 0.68 0.51 33% 

Precipitation 1-7 days False Alarm 0.18 0.31 42% better 

 8-14 days False Alarm 0.24 0.38 37% better 

Solar Radiation 1-7 days RMSE 2.1 MJ/m²/d 3.4 MJ/m²/d 38% 

Dry Spell Duration Season MAE 3.2 days 7.8 days 59% 

 

 

Figure 2: Temperature Forecast Skill by Lead Time 
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3.1.3 Extreme Event Detection 

Critical to agricultural planning is anticipating extreme events. The CRM includes specialized modules for detecting high-

impact weather, addressing the challenge identified by Tigchelaar et al. (2024) regarding compound climate shocks. 

Table 4: Extreme Event Early Warning Performance (2022-2024) 

Event Type 
Detection 

Threshold 

Lead 

Time 

Probability of Detection 

(POD) 

False Alarm Rate 

(FAR) 

Critical Success 

Index 

Heat waves (>35°C, 3+ 

days) 
70% probability 7 days 0.84 0.22 0.68 

Heavy rainfall 

(>50mm/day) 
60% probability 3 days 0.79 0.28 0.62 

Drought onset (SPI < -

1.5) 
80% probability 21 days 0.76 0.19 0.66 

Frost events (<2°C) 75% probability 5 days 0.91 0.14 0.81 

Strong winds (>15 m/s) 65% probability 2 days 0.73 0.31 0.57 

The system successfully predicted 83% of agricultural-impact weather events with >7 days warning, compared to 52% for 

the previous operational system. 

3.2 Yield Forecasting Model (YFM) 

The YFM predicts crop yields from pre-season through 

harvest using a hybrid approach integrating process-based 

crop modeling with machine learning, following 

methodologies validated by Lobell et al. (2023) and Jin et 

al. (2023). 

3.2.1 Model Structure 

The yield forecasting model uses a hybrid architecture that 

combines process-based crop simulation with data-driven 

statistical learning. This way, it can take advantage of the 

strengths of both methods. The model fundamentally 

employs the Decision Support System for Agrotechnology 

Transfer (DSSAT) to simulate maize phenology and yield 

in relation to daily weather conditions, soil characteristics, 

and agricultural management practices. DSSAT has 

undergone comprehensive validation in diverse agro-

ecological contexts and offers a mechanistic depiction of 

crop growth processes, encompassing responses to 

temperature, water availability, and nutrient dynamics 

(Jones et al., 2023). 

To fix systematic biases and site-specific deviations that 

often happen in process-based simulations, DSSAT outputs 

are then improved with a Random Forest regression layer. 

This enhancement layer is trained on a dataset of historical 

yields from the past 15 years that includes about 127,000 

observations of farm seasons. It also uses information from 

many different places to explain the data. These consist of 

satellite-derived vegetation indices, including the 

normalized difference vegetation index (NDVI) and the 

enhanced vegetation index (EVI), depicted as temporal 

profiles to reflect crop development dynamics in 

accordance with established remote sensing methodologies 

(Jin et al., 2023). Other predictors are in-season rainfall 

distribution metrics, soil moisture anomalies compared to 

long-term averages, and some economic factors, especially 

input price signals that affect how much fertilizer is used. 

The hybrid model enhances yield prediction accuracy by 

combining mechanistic crop simulation with machine 

learning-based bias correction, while preserving 

interpretability of the biophysical factors influencing crop 

performance. This structure lets the system work with 

different types of farming systems while still being able to 

adapt to local environmental and management conditions. 

3.2.2 Prediction Accuracy 

Table 5: Yield Forecast Performance Across Growing Season (Maize, 2022-2024) 

Forecast Timing RMSE (tons/ha) MAPE (%) R² Bias (tons/ha) n (farm-seasons) 

Pre-season (planting) 1.24 32.4 0.48 -0.08 8,420 

Vegetative (45 DAS) 0.87 21.7 0.69 -0.04 8,420 

Flowering (70 DAS) 0.52 13.2 0.82 +0.02 8,380 

Grain filling (95 DAS) 0.31 8.1 0.91 +0.01 8,210 

Pre-harvest (120 DAS) 0.18 4.9 0.96 -0.01 7,950 

Observed mean yield: 3.86 tons/ha (range: 0.4 - 8.7 tons/ha) 
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The model significantly outperforms farmer expectations (RMSE 1.63 tons/ha) and extension officer assessments (RMSE 

0.94 tons/ha) at the critical flowering stage, demonstrating the value of data-driven approaches identified by Lobell et al. 

(2023). 

 
Figure 3: Yield Prediction Improvement Through Season 

3.2.3 Spatial Yield Mapping 

The system generates 1 km² resolution yield maps updated weekly during the growing season, utilizing high-resolution 

satellite imagery as demonstrated by Jin et al. (2023) to improve prediction accuracy. 

Table 6: Sub-County Yield Forecast Example (Trans-Nzoia County, Long Rains 2024) 

Sub-County Area (ha) Forecast Yield (t/ha) 90% CI Forecast Production (tons) Risk Level 

Kwanza 42,300 4.72 4.21-5.23 199,656 Low 

Endebess 38,150 3.98 3.44-4.52 151,857 Moderate 

Saboti 31,800 5.14 4.68-5.60 163,452 Low 

Kiminini 28,600 4.35 3.87-4.83 124,410 Low 

Cherangany 35,700 3.12 2.58-3.66 111,384 High 

Total 176,550 4.26 - 750,759 - 

Actual production (post-harvest): 738,200 tons (forecast error: +1.7%) 

High risk in Cherangany was attributed to poor rainfall 

distribution during critical flowering period (June 15-30), 

allowing early intervention through subsidized irrigation 

support. 

3.3 Market Price Prediction Model (PPM) 

The Market Price Prediction Model (PPM) makes short- to 

medium-term predictions about the prices of basic goods at 

regional trading centers. Its goal is to help farmers make 

decisions about how to sell their goods and to help 

policymakers respond to issues related to food affordability 

and market stability. Reliable price expectations are an 

important but often underdeveloped part of food security 

analysis. This is because market access and price 

fluctuations have a direct effect on how much money 

households have to spend and how healthy they are. Barrett 

(2023) stresses that it is important to combine production 

forecasts with market dynamics to understand how shocks 

move from farms to consumers. 
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3.3.1 Framework for the Model 

The PPM uses a multivariate forecasting framework that 

brings together information about the supply side, the 

demand side, and the market structure to find the main 

factors that affect price formation. The model includes 

domestic production forecasts from the yield forecasting 

module, as well as projections of imports and exports when 

they are relevant. Demographic and macroeconomic 

indicators, such as population trends, income growth, and 

consumer price indices, show demand conditions. These 

indicators all work together to affect consumption patterns. 

The availability of goods on the market is also affected by 

how inventory changes, as shown by data on public 

strategic grain reserves and, when available, estimates of 

private stocks. International reference prices, like corn 

futures traded on the Chicago Mercantile Exchange, as well 

as changes in exchange rates and fuel costs that affect 

transportation and transaction costs, are used to account for 

outside factors that affect domestic prices. The model also 

takes into account seasonal price changes that happen over 

and over again, such as historical cycles within a year and 

changes in demand that happen during cultural or religious 

festivals. 

We use a gradient boosting framework based on extreme 

gradient boosting (XGBoost) to predict prices. This 

framework captures non-linear interactions between 

predictors. We also use a seasonal autoregressive integrated 

moving average with exogenous variables (SARIMAX) 

component to model temporal dependence and seasonality. 

This hybrid structure enables the PPM to reconcile 

adaptability in modeling intricate market relationships with 

a clear depiction of temporal price dynamics, aligning with 

established methodologies in applied agricultural price 

analysis (Barrett, 2023). 

3.3.2 Prediction Performance 

Table 7: Price Forecast Accuracy by Commodity (Kenya, 2023-2024) 

Commodity Forecast Horizon MAE (KSh/kg) MAPE (%) Direction Accuracy (%) Actual Mean Price (KSh/kg) 

Maize 30 days 2.43 7.8 81.2 38.50 

 60 days 3.67 11.4 74.3 38.50 

 90 days 4.92 14.6 68.7 38.50 

Beans 30 days 6.84 8.9 79.4 94.20 

 60 days 9.21 12.1 72.8 94.20 

Rice 30 days 4.17 6.2 83.7 78.30 

Wheat Flour 30 days 3.92 7.1 80.5 67.40 

Direction accuracy (whether price will increase/decrease) is often more valuable to farmers than absolute price levels. The 

PPM achieves >80% directional accuracy for the critical 30-day horizon. 

 
Figure 4: Maize Price Forecast vs. Actual (Kitale Market, 2024) 
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3.4 Resource Optimization Module (ROM) 

The ROM provides field-specific recommendations for water and nutrient management, maximizing productivity while 

minimizing costs and environmental impacts, addressing sustainability concerns highlighted by Basso and Antle (2023). 

3.4.1 Irrigation Scheduling 

Using real-time soil moisture data, weather forecasts, and crop water requirements: 

Table 8: Irrigation Optimization Results (Pilot Farms, 2023-2024) 

Management Strategy 
Water Applied 

(mm/season) 

Yield 

(t/ha) 

Water Productivity 

(kg/m³) 

Cost per Ton Produced 

(KSh) 

Farmer practice 485 5.72 1.18 28,400 

Extension 

recommendation 
420 5.89 1.40 26,100 

ICEFS optimization 330 6.04 1.83 24,300 

Improvement vs. farmer -32% +5.6% +55% -14% 

n = 127 farms, irrigated maize, average farm size 2.3 ha 

3.4.2 Fertilizer Recommendations 

Dynamic recommendations based on soil test results, expected rainfall and temperature, crop growth stage, and fertilizer 

prices. Cooper et al. (2024) demonstrate that better management of current climate variability is essential before adapting to 

future climate change. 

Table 9: Fertilizer Optimization Impact (2023-2024) 

Metric Farmer Practice ICEFS Recommendation Change 

Total N applied (kg/ha) 127 108 -15% 

Total P applied (kg/ha) 64 52 -19% 

Total K applied (kg/ha) 42 38 -10% 

Fertilizer cost (KSh/ha) 18,750 14,420 -23% 

Grain yield (t/ha) 4.82 5.17 +7.3% 

Nitrogen use efficiency (kg grain/kg N) 38 48 +26% 

n = 1,847 farms across 12 counties 

The system reduced over-fertilization while maintaining or 

improving yields, saving farmers an average of KSh 4,330 

per hectare ($33 USD at 2024 exchange rates). 

3.5 Food Security Index (FSI) 

The Food Security Index (FSI) combines different 

indicators into one easy-to-understand number that shows 

how food secure people are at different levels, from 

individual households to the national level. The Food and 

Agriculture Organization of the United Nations (FAO) 

came up with the four-pillar framework for food security: 

availability, access, utilization, and stability. This 

framework has been expanded upon in recent climate food 

security assessments (FAO, 2023; Mbow et al., 2024). The 

FSI offers a unified depiction of vulnerability by 

incorporating biophysical, economic, and social 

dimensions, thereby facilitating early warning, policy 

targeting, and longitudinal comparative assessment. 

 

3.5.1 Making the Index 

The FSI is a weighted composite index made up of four 

pillars, each of which represents a different but related 

aspect of food security. The availability pillar, which makes 

up 30% of the overall index, shows how much food is in the 

system. It includes forecasts of domestic production made 

by the yield modeling framework, net import-export 

balances, and the state of strategic food reserves. This 

shows both how much food can be produced at home and 

how much food is needed from outside sources. 

The access pillar, which is also 30%, shows how well 

households can get food economically and physically. This 

part combines information about market prices in relation 

to household income, transportation costs that are affected 

by the quality of the roads, and factors that affect price 

transmission and local availability, such as market 

integration and competitiveness. These measures together 

show how easy and cheap it is to get food in the current 
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market. Utilization makes up 25% of the composite index 

and shows how well available and accessible food leads to 

good nutritional outcomes. This pillar includes measures of 

dietary diversity, access to safe water and sanitation, and 

nutrition knowledge and food preparation practices. It does 

this because food security is more than just how many 

calories you eat; it also includes the quality of your diet and 

health-related factors. 

The stability pillar, which made up 15% of the total, looked 

at the time aspect of food security by looking at how people 

were exposed to shocks and how well they could handle or 

recover from them. Indicators include exposure to climate 

risk, which is shown by changes and extremes in 

temperature and precipitation (Rowhani et al., 2023); 

measures of food price volatility; and the variety of ways 

that households make a living, which affects their ability to 

bounce back from both climate and economic shocks. We 

combine all the components and adjust them so that they all 

have the same value. The overall FSI score is between 0 and 

100, with higher numbers meaning that food conditions are 

safer. Scores between 0 and 25 mean that there is a critical 

level of food insecurity that needs immediate action; scores 

between 25 and 50 mean that there is a high level of concern 

and the need for more help; scores between 50 and 75 mean 

that there is a moderate level of food security that needs to 

be monitored and strengthened; and scores above 75 mean 

that food systems are relatively stable and secure. 

3.5.2 Validation and Application 

Table 10: Food Security Index Performance Across Counties (Q1 2024) 

County Population 
FSI 

Score 
Primary Risk Factor 

Trend (vs. Q4 

2023) 
Recommended Action 

Turkana 926,000 31.2 
Production deficit 

(drought) 
↓ -8.4 points 

Emergency food aid, livestock 

support 

Mandera 867,000 38.7 Access (conflict, isolation) ↔ -1.2 points Market support, transportation 

Kitui 1,136,000 47.5 Production variability ↓ -4.7 points Early warning monitoring 

Makueni 987,000 54.3 
Access (income 

constraints) 
↑ +2.1 points Continue resilience programs 

Machakos 1,421,000 68.9 Stability (price volatility) ↑ +3.8 points Market information systems 

Trans-

Nzoia 
991,000 84.2 Low risk ↑ +1.4 points Standard programs 

Uasin Gishu 1,163,000 87.6 Low risk ↑ +0.9 points Standard programs 

National FSI: 67.3 (Moderate security, improvement of +2.8 points from Q4 2023) 

The FSI successfully identified deteriorating conditions in 

Turkana 6 weeks before traditional assessments, enabling 

preemptive deployment of 4,200 tons of food aid and 

preventing acute malnutrition levels from reaching 

emergency thresholds, demonstrating the value of early 

warning systems documented by Shiferaw et al. (2024). 

4. Implementation and Field Deployment 

4.1 Deployment Timeline and Scale 

The integrated forecasting system was put into place in 

Kenya in stages, with the goal of supporting progressive 

validation, scaling, and institutional integration. This 

method made it possible to test technical performance, user 

engagement, and operational feasibility over and over again 

before the national rollout. 

The first pilot phase took place in Trans-Nzoia and Uasin 

Gishu counties from March 2021 to February 2022. These 

two counties are part of a major maize-growing area. 

During this phase, 2,840 farmers helped test the system. 

They were helped by a monitoring network that included 64 

automated weather stations and 420 soil moisture sensors. 

The main goals of the pilot phase were to make sure the 

core system worked, get feedback from users on the design 

of the interface and advisory, and test the predictive models 

in real-world situations. 

After a successful pilot test, the system moved into an 

expansion phase that lasted from March 2022 to February 

2023. During this time, it expanded its coverage to 12 

counties in different agro-ecological zones, in line with the 

regional classifications described by Koo et al. (2023). The 

number of farmers who took part grew to 34,200, and the 

monitoring system was improved with 347 weather stations 

and 4,800 soil sensors. This phase was all about figuring 

out how scalable the system is, testing how well it works in 

different climates and farming situations, and making sure 

the platform fits in with the way extension services and 

institutions already work. 

The national deployment phase started in March 2023 and 

is still going on. At this point, the system covered all 47 

counties in full geographic range. There were about 

178,400 registered farmers, 1,240 agricultural extension 

officers, and 47 government officials who were involved in 
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planning and keeping an eye on food security. The 

supporting infrastructure grew to include 847 automated 

weather stations and 12,400 soil sensors, which made it 

possible to collect high-resolution data on a national level. 

During this phase, the focus changed to long-term 

operational sustainability, policy integration, and using 

system outputs regularly in agricultural planning and early 

warning activities. All the differences in outcomes between 

deployment phases and user groups that were reported are 

conditional associations that were estimated after taking 

into account observed covariates like rainfall variability, 

farm size, soil type, and farmer education levels. 

4.2 User Interface Design 

4.2.1 Farmer Mobile Application 

The farmer-facing mobile application was designed to 

deliver actionable decision support in a form that is 

accessible, timely, and appropriate for smallholder farming 

contexts. The application is available on both Android and 

iOS platforms, with an SMS-based fallback to ensure 

continued access in areas with limited smartphone 

penetration or intermittent connectivity. Its design follows 

established best practices for digital agriculture platforms, 

emphasizing simplicity, relevance, and alignment with 

farmers’ decision calendars (Basso and Antle, 2023). 

At the daily time scale, the application provides short-term 

weather forecasts with a seven-day horizon, complemented 

by automated alerts for extreme events such as heavy 

rainfall, heat stress, or frost risk. These forecasts are linked 

directly to operational recommendations, including 

irrigation guidance specifying both timing and application 

volumes, as well as weather-driven alerts for elevated pest 

and disease risk. The application also presents up-to-date 

market prices from the five nearest trading centers, enabling 

users to monitor local price movements alongside 

production conditions. 

Weekly advisory content is structured to support mid-

season management decisions. This includes 

recommendations on fertilizer application timing and 

quantities, guidance on weed and pest control schedules, 

and access to satellite-derived imagery of users’ fields that 

visualizes crop health and stress conditions. These features 

are intended to support adaptive management as conditions 

evolve throughout the growing season. 

At the seasonal level, the application delivers strategic 

guidance covering key planning and outcome-related 

decisions. Users receive recommendations on optimal 

planting dates based on forecasted climate conditions, 

guidance on crop variety selection, and yield forecasts that 

are updated weekly from the flowering stage onward. 

Harvest timing and post-harvest handling advice are also 

provided to reduce losses and preserve grain quality. 

To enhance inclusivity and usability, the application 

supports six languages: English, Kiswahili, Kalenjin, 

Kikuyu, Luo, and Luhya reflecting major linguistic 

groups within the deployment area. Recognizing 

infrastructure constraints, critical forecasts and 

advisories are cached locally for up to 72 hours, allowing 

users to retain access to essential information during 

temporary network disruptions. 

Table 11: Mobile App Usage Statistics (January 2024) 

Metric Value 

Total registered users 178,400 

Monthly active users 143,600 (80.5%) 

Average sessions per month per user 18.7 

Average session duration 4.3 minutes 

Feature usage - Weather forecast 94.2% of users 

Feature usage - Market prices 78.3% of users 

Feature usage - Irrigation advice 62.1% of users (irrigators) 

Feature usage - Yield forecasts 71.4% of users (in-season) 

User satisfaction rating (1-5 scale) 4.2 

Users reporting increased income 67% (n=8,400 surveyed) 
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4.2.2 Extension Officer Dashboard 

In addition to the farmer-facing application, a web-based 

dashboard was developed to support agricultural extension 

officers in coordinating advisory services and monitoring 

conditions within their jurisdictions. The dashboard 

provides ward-level aggregated forecasts and spatial risk 

maps, enabling extension personnel to identify emerging 

climate, production, or pest-related risks and prioritize field 

support accordingly. Forecast outputs are presented in both 

graphical and tabular formats to facilitate interpretation and 

communication with farmers. 

The platform also includes tools for managing farmer 

interactions, allowing extension officers to track incoming 

queries, document responses, and monitor follow-up 

actions. This functionality supports more structured and 

accountable advisory services, particularly in contexts 

where a single officer may be responsible for many farmers. 

Planning tools are integrated to assist with the distribution 

of agricultural inputs, enabling officers to align fertilizer, 

seed, and pest control interventions with forecasted 

conditions and localized production risks. 

To strengthen capacity building, the dashboard hosts a 

centralized library of training and extension materials, 

including technical guides, visual aids, and localized best-

practice recommendations. A farmer profiling and contact 

management module further supports targeted outreach by 

allowing extension officers to organize farmers by location, 

crop type, or risk category, thereby enhancing the efficiency 

and responsiveness of extension services. 

4.2.3 Policy Dashboard 

We made a separate policy-oriented dashboard to help 

national and sub-national decision-makers who oversee 

keeping an eye on food security and planning for 

agriculture. This interface fits with established 

frameworks for assessing food security and giving early 

warning, especially those put forth by the Food and 

Agriculture Organization of the United Nations (FAO, 

2023). It also gives a big picture view of system outputs. 

The policy dashboard lets you keep an eye on the Food 

Security Index at the national and county levels all the 

time. It also shows historical trends that make it easy to 

compare conditions over time and see when things are 

getting worse. Forecasts for production are grouped by 

commodities to help with supply outlooks. An integrated 

early warning component shows new areas of food 

insecurity based on signals from climate risk, production 

shortages, and market stress. 

The dashboard also lets policymakers look at the budget 

effects of different subsidies, safety nets, or emergency 

relief strategies under different forecast conditions. This 

is called scenario-based budget impact analysis. By 

including trade balance projections, we can better predict 

how much we need to import and how much we can 

export. This helps us make proactive market and policy 

changes. 

4.3 Technology Stack 

Table 12: System Technical Architecture 

Component Technology Specifications 

Backend Python 3.10, Django 4.2 RESTful API, GraphQL 

Database PostgreSQL 15 (relational), InfluxDB 2.7 (time-series) 18 TB storage, automated backup 

Data Processing Apache Spark 3.4, Dask 40-node cluster, 320 cores 

Machine Learning TensorFlow 2.13, PyTorch 2.0, scikit-learn 1.3 GPU acceleration (4× NVIDIA A100) 

Geospatial PostGIS, GDAL, Rasterio Vector and raster processing 

Caching Redis 7.0 In-memory caching, 128 GB 

Message Queue RabbitMQ 3.12 Asynchronous task processing 

Web Server Nginx 1.24, Gunicorn Load balancing, SSL/TLS 

Mobile Apps React Native 0.72 Cross-platform, offline-first 

Monitoring Prometheus, Grafana System metrics, alerting 

Hosting AWS (primary), Azure (backup) Multi-region deployment 

Operational Metrics (2024 Average): 

• System uptime: 99.4% 

• API response time: 187 ms (median), 840 ms (95th percentile) 

• Mobile app crash rate: 0.23% 

• Data processing latency: Weather forecasts available within 35 minutes of model runs. 
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National-level economic impacts are derived from modeled aggregation of farm-level associations and scenario-based loss-

avoidance estimates. These figures should be interpreted as indicative ranges rather than precise realizations and are 

contingent on assumptions regarding adoption, response effectiveness, and market behavior. 

4.4 Training and Capacity Building 

Effective technology adoption requires significant investment in human capacity, as emphasized by Thornton and Herrero 

(2024) in their review of climate change adaptation in African farming systems. 

Table 13: Training Programs Delivered (2021-2024) 

Program Target Audience Participants Duration Topics Covered 

System 

fundamentals 
Extension officers 1,240 3 days 

Platform navigation, forecast interpretation, 

farmer support 

Advanced analytics 
County agricultural 

officers 
187 5 days 

Data analysis, report generation, decision support 

tools 

Farmer training Lead farmers 12,400 1 day App installation, feature usage, data entry 

Policy workshop 
National/county 

government 
94 2 days 

FSI interpretation, budget planning, emergency 

response 

Technical 

maintenance 
Field technicians 56 7 days Sensor installation, calibration, troubleshooting 

Agronomic 

integration 
Researchers 43 4 days Model customization, local calibration, validation 

 

Training Effectiveness: 

• Extension officer competency assessment: 87% 

passing rate (>80% on practical exam). 

• Farmer retention: 82% of trained farmers active on 

platform after 12 months. 

• Platform support requests resolved within 24 

hours: 91%. 

5.0 Statistical Methods and Model Specification 

5.1 Impact Evaluation Framework 

To formally quantify associations between ICEFS adoption 

and agricultural, economic, and food security outcomes, we 

employed a quasi-experimental matched comparison 

design combined with multivariate regression modeling. 

Let 𝑖index farms and 𝑡index growing seasons. 

The primary estimation model is: 

𝑌𝑖𝑡 = 𝛽0 + 𝛽1ICEFS𝑖𝑡 + 𝛽2X𝑖𝑡 + 𝛽3Z𝑡 + 𝜇𝑐 + 𝜖𝑖𝑡 

Where: 

• 𝑌𝑖𝑡= outcome of interest (yield, income, loss 

incidence, or food security indicator) 

• ICEFS𝑖𝑡= binary indicator of ICEFS usage 

• X𝑖𝑡= vector of farm-level controls 

• Z𝑡= season-specific climate controls 

• 𝜇𝑐= county fixed effects 

• 𝜖𝑖𝑡= idiosyncratic error term 

After adjusting for observed confounders, the conditional 

association between ICEFS usage and the outcome is 

represented by the coefficient β_1. 

For every major commodity examined, adoption of ICEFS 

was linked to statistically significant increases in crop 

yields. ICEFS usage was linked to higher average yields 

compared to matched non-users after adjusting for rainfall 

variability, farm size, soil properties, and farmer education. 

5.1.2 Matching Procedure 

To reduce selection bias, ICEFS users were matched to non-

users using propensity score matching (PSM) prior to 

regression analysis. 

The propensity score was estimated using a logistic model: 

𝑃(ICEFS𝑖 = 1) = logit
−1(𝛼0+𝛼1X𝑖) 

 

Matching variables included: 

a) Farm size (ha). 

b) Soil fertility class. 

c) Farmer education level. 

d) Irrigation access. 

e) Baseline yield (pre-adoption). 

f) Agro-ecological zone. 

Nearest-neighbor matching with caliper = 0.2𝜎 of the logit 

score was applied. Balance was assessed using standardized 

mean differences (SMD), with all covariates achieving 

SMD < 0.1 post-matching, indicating adequate balance. 
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5.1.3 Model Specification Summary  

Table 14: Summary of Statistical Models Used 

Outcome Model Type Dependent Variable Key Controls Fixed Effects 

Crop yield Linear regression Yield (t/ha) Rainfall, soil, inputs County 

Crop loss incidence Logistic regression Loss (0/1) Weather extremes, farm size County 

Farm income Linear regression Net income (KSh) Prices, inputs, yield County 

Income volatility GLS CV of income Climate variability County 

Household food security Ordered logit Food security category Income, prices County 
 

5.1.4 Regression Diagnostics and Robustness Checks 

All regression models were subjected to standard diagnostic 

tests: 

a) Multicollinearity: Variance Inflation Factors (VIF) < 

3.2 for all covariates 

b) Heteroskedasticity: Breusch–Pagan tests indicated 

heteroskedasticity; robust (Huber–White) standard 

errors were applied 

c) Normality of residuals: Assessed via Q–Q plots; 

deviations did not materially affect coefficient 

estimates 

d) Model fit: 

o Linear models: Adjusted 𝑅2 = 0.61–0.84 

o Logistic models: McFadden 𝑅2 = 0.27–0.41, 

AUC = 0.78–0.86 

Sensitivity analyses excluding extreme weather years and 

high-input farms yielded consistent sign and magnitude of 

𝛽1. 

5.1.5 Interpretation and Causal Caveat 

While matching and regression adjustment reduce 

observable confounding, unobserved factors cannot be fully 

excluded. Accordingly, estimated coefficients represent 

associational effects consistent with ICEFS usage rather 

than definitive causal impacts. 

5.2 Impact Assessment and Results 

5.1 Agricultural Productivity Impacts 

5.2.1 Yield Performance 

Following quasi-experimental evaluation approaches like 

those used by Shiferaw et al. (2024) for assessing 

agricultural technology impacts: 

Table 15: Yield Comparison - ICEFS Users vs. Non-Users (2022-2024 Pooled Data) 

Crop ICEFS Users (t/ha) Non-Users (t/ha) Difference Statistical Significance n (users) n (non-users) 

Maize 4.73 3.61 +31.0% p < 0.001 142,400 84,200 

Beans 1.18 0.94 +25.5% p < 0.001 34,800 21,300 

Rice 5.62 4.87 +15.4% p < 0.01 8,400 5,100 

Wheat 3.94 3.12 +26.3% p < 0.001 12,200 7,800 

Regression Analysis: After controlling rainfall, farm size, soil quality, and farmer education, ICEFS usage associated with 

+0.89 t/ha maize yield increase (95% CI: 0.76-1.02, p < 0.001) 

The yield advantage is attributed to: 

a) Better planting timing (62% of users vs. 41% of non-users planted within optimal window). 

b) Improved input efficiency (27% higher nitrogen use efficiency). 

c) Reduced weather-related losses through early action on forecasts. 

These results align with findings by Cooper et al. (2024) that better management of current climate variability significantly 

enhances agricultural productivity. 

National-level economic impacts are derived from modeled aggregation of farm-level associations and scenario-based loss-

avoidance estimates. These values should be interpreted as indicative ranges rather than precise realizations and are contingent 

on assumptions regarding adoption rates, response effectiveness, and market behavior. 
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5.2.2 Weather-Related Loss Reduction 

Table 16: Crop Loss Incidents (2022-2024) 

Loss Type ICEFS Users Non-Users Relative Risk Reduction 

Drought stress (severe) 8.4% of farms 17.2% of farms 51% 

Flood damage 3.7% of farms 6.9% of farms 46% 

Heat stress during flowering 5.2% of farms 11.8% of farms 56% 

Pest outbreak (weather-related) 9.1% of farms 14.6% of farms 38% 

Any significant loss 21.3% 35.7% 40% 

Early warnings enabled protective actions: adjusted planting dates, pre-positioned pesticides, drainage preparation, modified 

irrigation schedules, demonstrating the value of anticipatory approaches identified by Vermeulen et al. (2023). 

 
Figure 6. Weather-related crop loss reduction and modeled economic loss avoidance associated with ICEFS adoption. 

The left panel compares average weather-related crop loss rates between ICEFS users and matched non-users during the 2022–2024 

growing seasons, showing a 31% lower loss rate among users. The right panel illustrates scenario-based estimates of potential 

economic losses avoided under historical drought conditions, derived from modeled counterfactual analysis rather than observed 

outcomes. Results represent associations and modeled projections rather than definitive causal effects. 

5.3 Economic Impacts 

5.3.1 Farm Income 

Economic analysis following approaches outlined by Barrett (2023) for assessing agricultural interventions: 

Table 17: Economic Returns (Average per Farm, 2023-2024) 

Metric ICEFS Users Non-Users Difference 

Revenue    

Crop sales KSh 174,300 KSh 132,400 +31.6% 

Costs    

Seed KSh 12,400 KSh 11,800 +5.1% 

Fertilizer KSh 28,200 KSh 31,700 -11.0% 

Pesticides KSh 8,600 KSh 9,400 -8.5% 

Labor KSh 34,200 KSh 33,100 +3.3% 

Irrigation (where applicable) KSh 18,700 KSh 24,300 -23.0% 

Total variable costs KSh 102,100 KSh 110,300 -7.4% 

Net farm income KSh 72,200 KSh 22,100 +227% 

 (USD $547) (USD $167)  

Return on Investment: Platform subscription fee (KSh 500/year, USD $3.80) generates average net benefit of KSh 50,100 

(USD $380), yielding ROI of 10,020% 
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Income Stability: 

• Coefficient of variation in annual income: 0.34 (users) vs. 0.58 (non-users) 

• Reduction in income volatility: 41%. 

5.3.2 National Economic Impact 

Table 18: Estimated National-Level Economic Benefits (2024) 

Impact Category 
Estimated Value (KSh 

Millions) 

Estimated Value (USD 

Millions) 
Methodology 

Increased production value 8,420 63.8 Yield gains × market prices × user base 

Input cost savings 2,170 16.4 Reduced fertilizer/water costs 

Loss avoidance 4,680 35.5 Prevented weather losses 

Marketing efficiency 1,240 9.4 Better timing of sales 

Total direct benefits 16,510 125.1  

Multiplier effects 

(agriculture 1.6x) 
9,900 75.0 

Standard agricultural multipliers (World 

Bank, 2024) 

Total economic impact 26,410 200.1  

System operational cost 840 6.4 Infrastructure + personnel 

Net economic benefit 25,570 193.7  

Benefit-cost ratio 31.4:1   

5.4 Food Security Outcomes 

5.4.1 Household Food Security 

Following the multidimensional food security assessment framework established by FAO (2023): 

Table 19: Household Food Security Indicators (2023-2024) 

Indicator ICEFS Users Non-Users Improvement 

Months of adequate food provisioning 10.7 8.4 +27% 

Households experiencing hunger (previous month) 12.3% 24.7% -50% 

Dietary Diversity Score (out of 12 food groups) 8.4 6.7 +25% 

Per capita calorie availability (kcal/day) 2,340 2,020 +16% 

Children underweight (<5 years, %) 14.2% 19.8% -28% 

Survey sample: 8,400 households (4,200 users, 4,200 matched non-users) 

Weighting of index components reflects expert judgment aligned with FAO frameworks and was not statistically optimized. 

Sensitivity testing indicates index directionality is robust to moderate re-weighting, but absolute scores should be interpreted 

with caution. 

5.4.2 National Food Security 

Kenya's national Food Security Index improved from 62.1 (Q1 2021) to 67.3 (Q1 2024), an increase of +8.4%. Modeling 

attributes 40-55% of this improvement to ICEFS-enabled production increases and early warning system enhancements. 

Drought Response Case Study (2022): During below-average long rains (March-May 2022, 68% of normal rainfall, like 

conditions analyzed by Rowhani et al., 2023): 
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Table 20: 2022 Drought Response Outcomes 

Outcome With ICEFS Counterfactual (modeled) Impact 

National maize production (million tons) 3.86 3.21 +20% 

Counties in crisis/emergency food insecurity 4 9 -56% 

People requiring food assistance 2.1 million 3.8 million -1.7 million 

Emergency food aid imported (tons) 124,000 287,000 -57% 

Economic cost of drought (KSh billions) 14.2 22.7 -37% 

Early warning 8 weeks before harvest deficits became apparent enabled: 

a) Strategic reserve pre-positioning in vulnerable counties. 

b) Accelerated import licensing and procurement. 

c) Targeted cash transfers to 780,000 households. 

d) School feeding program reinforcement in 14 counties. 

These outcomes demonstrate the value of early warning systems in preventing food crises, as emphasized by Shiferaw et al. 

(2024). 

5.5 Environmental Sustainability 

Addressing environmental sustainability concerns highlighted by Basso and Antle (2023) and Mbow et al. (2024): 

Table 21: Environmental Indicators (2023-2024 vs. 2020 Baseline) 

Indicator 2020 Baseline 2023-2024 (ICEFS Users) Change 

Water use    

Water Irrigation applied (mm/season) 485 330 -32% 

Water productivity (kg grain/m³) 1.18 1.83 +55% 

Fertilizer use    

Nitrogen application (kg N/ha) 127 108 -15% 

Phosphorus application (kg P/ha) 64 52 -19% 

Efficiency    

Nitrogen use efficiency (%) 38 48 +26% 

Partial factor productivity (kg grain/kg N) 30 48 +60% 

Emissions    

Estimated N₂O emissions (kg CO₂-eq/ha) 780 620 -21% 

Carbon footprint (kg CO₂-eq/kg grain) 0.42 0.31 -26% 

The precision input application enabled by ICEFS reduces environmental impacts while improving profitability a win-win 

outcome consistent with sustainable intensification principles (Mbow et al., 2024). 

6. Comparative Analysis with Alternative Approaches 

6.1 System Comparison 

Drawing on the technology comparison frameworks from Basso and Antle (2023): 
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Table 22: Feature Comparison with Existing Agricultural Information Systems 

Feature Traditional Extension 
Commercial Ag-Tech 

Platforms 

Weather 

Apps 
ICEFS 

Coverage     

Weather forecasting Limited (radio bulletins) High resolution 
High 

resolution 
High resolution 

Agronomic advice 
Generic 

recommendations 
Some customization None Fully customized 

Market information Delayed, incomplete Limited None 
Real-time, 

comprehensive 

Economic forecasting Absent Absent Absent Integrated 

Accessibility     

Smallholder focus Yes No (commercial bias) N/A Yes 

Cost to farmer Free $50-200/season Free-$10/year $3.80/year 

Offline capability Yes (in-person) Limited No Yes (72h cache) 

Local language Yes Rare Rare 6 languages 

Integration     

Climate-agronomy 

coupling 
Weak Moderate None Strong 

Economic modeling None None None Integrated 

Food security tracking Separate systems Absent Absent Built-in 

Validation     

Yield prediction accuracy Unknown Proprietary N/A Published (R²=0.84) 

Impact assessment Limited Rare None Rigorous (RCT-style) 

6.2 Cost-Effectiveness Analysis 

Following economic evaluation frameworks from Barrett (2023) and World Bank (2024): 

Table 23: Cost per Farmer Reached (Annual, 2024) 

Intervention Cost per Farmer (USD) Yield Impact (%) Cost per % Yield Increase Scalability 

Traditional extension 

visits 
$28 +12% $2.33 Low (labor-intensive) 

Fertilizer subsidy (50%) $45 +18% $2.50 
Medium (fiscal 

burden) 

Improved seed distribution $15 +8% $1.88 Medium 

Irrigation infrastructure $280 +35% $8.00 Low (capital-intensive) 

ICEFS platform $6.40 +31% $0.21 High (digital) 

ICEFS delivers exceptional cost-effectiveness, particularly given its scalability. Once infrastructure is deployed, marginal cost 

of serving additional farmers is minimal (primarily data and server costs). 

7. Challenges, Limitations, and Lessons Learned 

7.1 Technical Challenges Encountered 

7.1.1 Data Quality Issues 

Data quality was a constant technical problem during the 

deployment of the system, just like it is with other large-

scale agricultural monitoring and forecasting systems. 

Similar problems have been reported in satellite- and 

sensor-based agricultural monitoring systems, where 

hardware reliability, data transmission, and calibration 

limitations can impact the consistency and precision of 

observations (Lobell et al., 2023). In the current 

implementation, sensor failures, sporadic communication 

outages, and calibration drift impacted around 11% of data 

streams at different times during operation. 
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These problems had a number of effects on operations. In 

places where this happened, less available data made short-

term weather forecasts less accurate and made it necessary 

to rely more on spatial interpolation, which lowered 

effective resolution. Users were also worried about the 

system's advisories when they saw that the forecasts didn't 

always match up with what was happening. This was 

especially true when people thought that wrong forecasts 

made them less likely to trust the system. 

A multi-layered mitigation strategy was put in place to deal 

with these problems. By putting about three monitoring 

units per 100 km² in priority agricultural zones, sensor 

redundancy was increased. This made it less likely that all 

data would be lost at any one location. Automated anomaly 

detection algorithms were put in place to find suspicious 

observations, like values that don't make sense or sudden 

breaks in the signal, within about two hours of ingestion. At 

the same time, backup data sources like satellite-derived 

estimates and regional reference stations were added to the 

data pipeline to help fill in gaps during localized outages. 

This was done using established methods for reconstructing 

climate data in areas with few data points (Funk et al., 

2023). The system had clear ways for users to know when 

forecasts were made using interpolated or proxy data. This 

was important for managing expectations and keeping 

users' trust. 

Over time, these changes made the data more available and 

reliable overall. The amount of usable data grew from about 

89.2% during the first deployment phase in 2021 to 97.3% 

by 2024. This was due to both technical improvements and 

lessons learned from using the system.  

7.1.2 Model Limitations 

Table 24: Model Performance Challenges 

Challenge Manifestation Frequency Mitigation 

Extreme event 

prediction 
Missed intense rainfall event 

4 instances (2021-

2024) 
Enhanced convective-scale modeling 

Localized phenomena 
Microclimate variations not 

captured 

Ongoing (~15% of 

area) 

Denser sensor network in high-value 

zones 

Novel pest dynamics 
Unanticipated fall armyworm 

outbreak 
2022 season 

Integration of entomological 

surveillance 

Market shocks 
COVID-19 supply chain 

disruptions 
2020-2021 Enhanced external factor monitoring 

Long-term climate 

trends 
Gradual shifts in seasonal patterns Ongoing Annual model recalibration 

These challenges reflect the inherent limitations in predicting complex agricultural systems noted by Asseng et al. (2024) and 

Tigchelaar et al. (2024). 

7.1.3 Computational Constraints 

When the system was in high demand, like during planting 

seasons when important agricultural decisions had to be made, 

the platform had to do a lot of calculations. During these times, 

user activity and data processing requests went up by about 

340% compared to baseline levels. This sometimes caused 

response times to be delayed and service to slow down for a 

short time. These performance problems were caused by a 

combination of frequent forecast updates, many users 

accessing the system at the same time, and more analytical 

work during busy times in the agricultural calendar. 

Several improvements were made to the infrastructure level to 

get around these problems. Cloud-based auto-scaling 

mechanisms were added to automatically allocate computing 

resources based on real-time demand. This made sure that 

processing capacity grew during busy times and shrank during 

slow times. At the same time, standard forecast summaries and 

other advisory products that people often ask for were pre-

computed and stored to cut down on unnecessary on-demand 

computation. A content delivery network sent out static assets 

like maps and visualizations to reduce server load and speed 

up access for users who are spread out across different 

locations. Also, the release schedules for forecasts were 

carefully staggered so that users could access them more 

evenly over time. This helped to lower concurrency spikes that 

happened right after model updates. These steps together made 

the system much more responsive during busy times and made 

it more stable without needing to permanently over-provision 

computational resources. The experience shows how 

important it is for digital agricultural platforms that work on a 

national level to have flexible infrastructure and good ways to 

manage workloads, especially when user engagement is 

closely linked to seasonal decision cycles. 

7.2 User Adoption Barriers 

Drawing on lessons from technology adoption studies by 

Thornton and Herrero (2024): 
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Table 25: Barriers to Adoption and Mitigation Strategies 

Barrier Prevalence 
Impact on 

Adoption 
Mitigation Strategy Effectiveness 

Limited smartphone 

access 
34% of target farmers High 

SMS gateway, feature phones, 

community access points 
78% reached 

Digital literacy 41% of farmers High 
Visual interfaces, voice navigation, 

peer training 
67% comfortable 

Internet 

connectivity 

Intermittent in 28% of 

coverage area 
Medium 

Offline mode, data compression, 

WiFi hotspots 

84% functional 

access 

Mistrust of 

technology 
18% of farmers initially Medium 

Demonstration plots, testimonials, 

gradual adoption 
71% converted 

Language barriers 
22% preferred non-

supported languages 
Low Phased rollout of 6 languages 89% covered 

Gender access gap 
Women 40% less likely to 

own phones 
Medium 

Household-level accounts, women's 

groups 
34% gap closed 

Key Lesson: Technology alone is insufficient. Success required intensive community engagement, trusted local champions, 

and designing for the constraints of target users rather than assuming infrastructure, as emphasized by Barrett et al. (2024). 

7.3 Institutional and Policy Challenges 

7.3.1 Data Sharing Resistance 

One of the biggest non-technical problems during system 

implementation was that institutions didn't want to share 

data. At first, a lot of government agencies and private 

businesses were afraid to share relevant datasets because 

they weren't sure who owned the data, how sensitive it 

was for business, how hard it was to get approval from 

the right people, and how hard it was to get approval 

from the right people. These issues frequently arise in 

digital governance initiatives that encompass multiple 

agencies, particularly when data has historically been 

maintained as private or departmental assets. 

A combination of formal and relational strategies was 

used to solve these problems. People worked out 

Memoranda of Understanding to make it clear what 

rights people had to use the data, how they had to give 

credit, and what limits there were on redistributing it. 

This made it easier for the groups involved to understand 

what they could and couldn't do with the information. At 

the same time, implementing agencies showed how 

important participation was by giving partners processed 

and value-added analytical products based on their own 

data, like localized forecasts and risk assessments, 

instead of just taking raw data. The Ministry of 

Agriculture told agencies to work together to share 

agricultural data. This made it even easier for institutions 

to work together. To protect private information, all 

shared datasets had to go through anonymization and 

aggregation protocols before they could be combined. 

This made people feel better about their privacy and the 

exposure of their business. These steps made it normal to 

share data and helped the institutions that took part trust 

each other more. 

7.3.2 Using Systems That Are Already There 

Agricultural extension services also didn't want to 

combine their systems because they already had set ways 

of doing things, reporting tools, and ways of giving 

advice. As previous studies on the adoption of new 

technologies in agriculture have demonstrated, 

institutional inertia and concerns regarding job loss can 

impede the utilization of new digital platforms (Simon et 

al., 2023). 

Instead of trying to replace existing extension processes, the 

platform was designed to work with them. Training 

programs emphasized that the system enhanced the 

effectiveness of extension officers by providing timely, 

localized information that supported their professional 

judgment rather than supplanting it. By adding metrics for 

adoption and effective use to performance reviews, 

incentive structures were in line with platform use. This 

helped keep people interested at the institutional level. A 

phased rollout strategy allowed for iterative feedback and 

adaptation. This meant that extension staff could help 

improve the system and people felt less like change was 

being forced on them. This method of integrating step by 

step was very important for getting institutions to take 

ownership and use it for a long time (Simon et al., 2023). 

7.3.3 Concerns About Sustainability 

When the first donor funding was about to run out, people 

started to worry about the long-term financial and institutional 

sustainability of the project, which is common with big digital 
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development projects. People know that agricultural 

information systems aren't very strong because they need 

money from outside projects to work. This has been pointed 

out as a big reason why interventions that work otherwise fail 

too soon (World Bank, 2024). To reduce this risk, 

sustainability planning was included in the later stages of 

deployment. Transition strategies included slowly adding 

operational costs to government budgets, making cost-sharing 

agreements with private-sector partners, and setting up small 

user subscription models based on how much farmers were 

willing to pay. The point of these steps was to make the system 

less dependent on short-term donor funding and to make 

system maintenance more in line with how domestic 

institutions work.  

Sustainability Model Developed: 

Table 26: Revenue and Cost Structure (2024 Operational) 

Revenue Sources Annual (USD) Percentage 

Government budget allocation $2,840,000 44% 

Farmer subscriptions (subsidized) $680,000 11% 

Agricultural input company partnerships $1,520,000 24% 

International development funding $940,000 15% 

Data licensing (aggregated, anonymized) $380,000 6% 

Total Revenue $6,360,000 100% 

Cost Categories Annual (USD) Percentage 

Infrastructure maintenance $1,840,000 29% 

Personnel (technical, support $2,280,000 36% 

Data acquisition and processing $720,000 11% 

Training and outreach $580,000 9% 

Platform development and updates $680,000 11% 

Administration $260,000 4% 

Total Costs $6,360,000 100% 

System achieved operational break-even in Year 3 (2024), with government commitment to long-term support based on 

demonstrated impact. 

7.4 Equity and Inclusion Concerns 

During the early deployment phase, patterns of platform 

adoption showed significant differences between men 

and women and between farms of different sizes. This is 

a common pattern in the adoption of agricultural 

technology. The highest adoption rates were on farms 

that were more than 5 hectares, where about 82% of 

eligible users used the platform. Medium-sized farms (1–

5 hectares) had a moderate adoption rate of 64%, but 

smallholder farms with less than 1 hectare had a much 

lower rate of 41%. At the same time, there was a clear 

gender gap, with male farmers being about 58% more 

likely to use the platform than female farmers. These 

differences are in line with other real-world evidence that 

shows that unequal access to digital agricultural 

innovations is caused by differences in asset ownership, 

digital literacy, time constraints, and control over 

resources (Barrett et al., 2024). 

To fix these problems, a set of targeted inclusion 

measures was put in place to make it easier for people to 

get access to things by lowering economic, social, and 

technological barriers. Through targeted subsidies, 

smallholder farmers' subscription fees were lowered, 

bringing the annual cost down to about KSh 200 (USD 

1.52) and making it easier for them to afford. Training 

strategies that are sensitive to gender were put in place. 

For example, women-only training sessions were held 

separately from mixed groups in places where cultural 

norms made it hard for women to take part. To get 

around problems with physical and digital access, 

community access points were set up at the offices of 

agricultural cooperatives so that people could share 

platform services. Also, a simpler version of the app that 

focused on the most important advisory features was 

made for basic mobile phones. This made the app easier 

to use for people with limited device capabilities. 

By 2024, these interventions had led to measurable 

improvements. Adoption rates among smallholder farms 

rose to about 68%, which is a 66% increase from the 

beginning. The difference between men and women who 

use the platform went down by about 52%, and the 

difference between men and women who use it went 
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down to 28%. These gains show that targeted design and 

outreach strategies can make things much more 

inclusive, but the fact that resource-poor farmers and 

women are still underrepresented shows that technology 

alone can't solve all the problems. 

8. Scalability and Replication Framework 

8.1 Deployment Requirements for New Regions 

Following scalability principles outlined by Basso and 

Antle (2023) and Koo et al. (2023): 

Table 27: Minimum Infrastructure Requirements 

Component Minimum Specification Optimal Specification 
Estimated Cost (per 100 

km²) 

Weather Stations 1 station 4-5 stations $15,000 - $60,000 

Soil Sensors 10 sensors 40-50 sensors $3,000 - $15,000 

Internet Connectivity 3G coverage 4G/LTE coverage Existing infrastructure 

Computing 

Infrastructure 
Cloud-hosted (shared) Dedicated local server 

$400/month - $8,000 one-

time 

Personnel 
1 technical officer, 3 extension 

officers 

1 technical, 1 data analyst, 5 

extension 

$36,000/year - 

$72,000/year 

Training 
Basic (1-day farmer, 2-day 

extension) 

Comprehensive (cascading 

model) 
$8,000 - $25,000 one-time 

Total Initial Investment ~$90,000 ~$220,000 (per 100 km² coverage) 

8.2 Adaptation Requirements for Different Contexts 

8.2.1 Agro-ecological Adaptation 

Building on climate zone classification work by Thornton and Herrero (2024) and Roudier et al. (2023): 

Table 28: System Customization by Climate Zone 

Climate Zone Example Regions Key Adaptations Required Estimated Effort 

Arid/Semi-arid Sahel, Horn of Africa 
Drought monitoring emphasis, pastoralist integration, water 

harvesting advisories 

Moderate (3-6 

months) 

Tropical 

Humid 

West Africa coastal, 

SE Asia 
Fungal disease models, flood risk, perennial crop integration 

Moderate (4-7 

months) 

Temperate 
Southern Africa 

highlands 
Frost prediction, winter cereals, different pest complex Low (2-4 months) 

Mediterranean 
North Africa, Middle 

East 
Heat stress models, deficit irrigation, olive/fruit integration 

Moderate (3-5 

months) 

8.2.2 Crop-specific Calibration 

The system framework is crop-agnostic but requires calibration for each major crop using approaches established by Jones et 

al. (2023): 

Table 29: Crop Model Calibration Requirements 

Crop Calibration Data Needed Typical Timeline Priority for Expansion 

Rice 3-5 seasons field trials, 15+ years historical yields 18-24 months High (staple for 3B people) 

Wheat 3-5 seasons field trials, 15+ years historical yields 18-24 months High (major global staple) 

Cassava 2-3 seasons (long duration), pest/disease data 24-30 months Medium (tropical staple) 

Coffee 4-5 seasons, quality parameters, price dynamics 30-36 months Medium (high value) 

Vegetables 4-8 seasons (multiple crops), market volatility data 12-18 months Low (perishability, diversity) 
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8.3 Open-Source Strategy 

To enable global replication and foster innovation ecosystems (Barrett et al., 2024): 

Table 30: Open-Source Component Release Plan 

Component License Status Repository 

Data integration pipeline Apache 2.0 Released (2023) github.com/icefs/data-pipeline 

Climate downscaling tools MIT Released (2024) github.com/icefs/climate-tools 

Yield prediction models GPL v3 In development Planned Q3 2025 

Mobile application framework Apache 2.0 Released (2024) github.com/icefs/mobile-app 

FSI calculation engine Apache 2.0 Released (2024) github.com/icefs/fsi-calculator 

API documentation CC BY 4.0 Released (2023) icefs-api-docs.org 

Implementation Support: 

• Technical documentation and deployment guides 

• Regional workshops (annual) for implementing countries 

• Online community forum for peer support 

• Consultancy services for customization (cost-recovery basis) 

8.4 Partnership and Financing Models 

Following development finance frameworks from World Bank (2024): 

Table 31: Financing Mechanisms for Different Country Contexts 

Country Context Recommended Model Typical Partners 
Implementation 

Timeline 

Low-income, high donor 

presence 

Grant-funded with gradual 

government integration 
World Bank, USAID, EU, FAO 

5-7 years to 

sustainability 

Middle-income, 

institutional capacity 

Public-private partnership, 

government co-financing 

National government, telecom 

companies, agribusiness 

3-5 years to 

sustainability 

High-income, commercial 

agriculture 
User-fee based, private sector led 

Commercial farmers, insurance 

companies, banks 

1-2 years to 

profitability 

Conflict-affected, 

humanitarian 

Humanitarian funding, simplified 

deployment 
WFP, UNHCR, Red Cross/Crescent 

Ongoing external 

support 

 

9. Future Enhancements and Research Directions 

9.1 Short-term Improvements (2025-2026) 

Table 32: Planned Enhancements 

Enhancement Objective Expected Impact Timeline 

Machine Learning 

Upgrade 
Deep learning models for yield prediction 

+8% accuracy 

improvement 
Q2 2025 

Pest & Disease Integration Real-time outbreak mapping and prediction -15% crop loss Q3 2025 

Carbon Credit Module Enable farmers to monetize sustainable practices $2-5/ha additional income Q4 2025 

Livestock Integration Rangeland monitoring, disease alerts for pastoralists Reach +2M pastoralists Q1 2026 

Crop Insurance Linkage 
Automated claims processing based on weather/yield 

data 
Reduce premiums 20-30% Q2 2026 

Blockchain Traceability Supply chain tracking from farm to market +8% price premiums Q3 2026 
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9.2 Medium-Term Research Directions (2026–2028) 

9.2.1 Advanced Climate Modeling 

Medium-term research efforts will focus on improving sub-

seasonal to seasonal (S2S) climate forecast skill, building 

on recent advances in artificial intelligence–enhanced 

climate prediction. Current limitations in S2S forecasting 

constrain the ability of agricultural decision-support 

systems to anticipate rainfall variability and extreme events 

at actionable time horizons. To address these constraints, 

future work will integrate AI-enhanced climate models 

emerging from collaborations between climate science and 

high-performance computing initiatives, alongside 

ensemble machine-learning frameworks that combine 

outputs from more than fifteen global climate models. 

A key emphasis will be placed on tighter coupling of 

oceanic, atmospheric, and terrestrial processes at higher 

spatial and temporal resolution, thereby improving 

representation of feedback mechanisms that influence 

rainfall onset, persistence, and cessation. Through these 

enhancements, the research aims to increase 30-day 

precipitation forecast skill from approximately 68% to 

78%, directly addressing predictability limits and 

performance gaps identified in prior evaluations of 

agricultural climate services (Hansen et al., 2022). 

9.2.2 Genome × Environment × Management (GxExM) 

Optimization 

A parallel research stream will focus on advancing 

personalized crop management through Genome × 

Environment × Management (GxExM) optimization, 

consistent with precision agriculture frameworks 

articulated by Basso and Antle (2023). This work will 

extend existing advisory capabilities by integrating varietal 

performance data with localized soil characteristics, 

microclimatic conditions, and projected seasonal climate 

patterns. Recommendations will further account for 

farmers’ input availability, management capacity, and 

expected market prices for alternative crop varieties. 

A large-scale pilot involving approximately 50,000 farms is 

planned to evaluate GxExM-based recommendations against 

standard extension advice. The primary objective is to quantify 

the incremental yield and income gains attributable to 

optimized variety selection under heterogeneous 

environmental and economic conditions. Based on preliminary 

simulations and evidence from precision breeding studies, this 

approach is expected to generate an additional yield 

improvement of approximately 12%, beyond gains achievable 

through climate-informed management alone. 

9.2.3 Causal Inference Enhancement 

While current analytical frameworks provide robust 

associational evidence, advancing from correlation to 

causal understanding remains a priority for strengthening 

both scientific inference and policy relevance. Future 

research will therefore emphasize the integration of 

advanced causal inference methodologies into system 

evaluation, following recent methodological developments 

in applied development and food security research (Barrett, 

2023). Planned approaches include structural equation 

modeling to explore mediated pathways, instrumental 

variable strategies to address unobserved confounding, and 

refined propensity score matching designs incorporating 

longitudinal adoption dynamics. These methods will enable 

deeper insight into not only whether interventions are 

effective, but also why and under what conditions they yield 

the greatest impact. 

9.3 Long-Term Vision (2028 and Beyond) 

9.3.1 Artificial Intelligence Enabled Agricultural 

Advisor 

Looking beyond the medium term, a central objective is the 

development of an artificial intelligence–enabled 

agricultural advisor capable of interacting with users 

through natural language. This system would allow farmers 

and extension officers to pose questions conversationally 

and receive context-specific guidance grounded in farm 

histories, real-time environmental conditions, and past 

outcomes. By continuously learning from user feedback 

and observed results, the advisor would support more 

complex decision-making scenarios, such as crop 

switching, adaptive input timing, and risk trade-offs under 

uncertain climate and market conditions. Technically, this 

capability would rely on large language models fine-tuned 

on agronomic, climatic, and economic knowledge and 

tightly integrated with the system’s underlying data 

infrastructure. 

9.3.2 Autonomous Agricultural Systems 

The long-term roadmap also envisions integration with 

emerging autonomous and semi-autonomous agricultural 

technologies, consistent with trajectories outlined in digital 

and precision agriculture research (Basso and Antle, 2023). 

These integrations include sensor-driven variable-rate 

application of fertilizers and pesticides, automated 

irrigation systems responsive to real-time forecasts, drone-

based crop monitoring for targeted interventions, and robot-

assisted harvesting optimized for quality and timing. Within 

this ecosystem, the forecasting platform would function as 

a decision orchestration layer, coordinating data flows and 

control signals across autonomous subsystems to align 

operational actions with forecast-informed objectives. 

9.3.3 Global Food System Modeling 

Finally, future expansion will extend the analytical scope 

from national to multi-national food systems to address 

transboundary challenges highlighted in global climate–



 

  UKR Journal of Economics, Business and Management (UKRJEBM).  Published by UKR Publisher 97 

 

food security assessments (Mbow et al., 2024). This work 

will involve modeling regional trade flows, assessing 

global supply chain resilience under compound climate 

shocks, and evaluating alternative climate adaptation 

pathways at continental and global scales. Beyond 

production and trade volumes, particular emphasis will be 

placed on nutrition security, incorporating dietary quality 

and micronutrient availability rather than focusing 

exclusively on caloric supply. Achieving this vision will 

require collaboration with international research networks, 

multilateral institutions, and United Nations agencies to 

support coordinated, multi-country implementation and 

data sharing. 

 
Figure 5: Technology Evolution Roadmap 

10. Policy Recommendations 

10.1 Recommendations for National Governments 

10.1.1 Investment in Agricultural Data Infrastructure 

Improving the agricultural data infrastructure should be 

seen as a main public investment, not just a minor technical 

upgrade. The World Bank (2024) suggests that national 

governments should set aside about 0.5–1% of their annual 

agricultural budgets for basic data systems, such as high-

resolution agricultural statistics, meteorological 

monitoring, and soil observation networks. The current 

analysis demonstrates that such investments can produce 

substantial economic returns, achieving benefit–cost ratios 

approximately 30:1 when data is proficiently converted into 

decision-support services. These data are more than just 

useful for farming; they also help other areas like water 

resource management, aviation safety, energy planning, 

and disaster risk reduction. 

This investment should focus on putting automated weather 

stations in place so that the average distance between them 

is less than 15 km in major agricultural areas. This will 

make it possible to assess climate risk in specific areas. To 

help with site-specific agronomic recommendations and 

long-term land management, complementary national soil 

monitoring networks should be set up with at least one 

sensor every 10 km². To make agricultural statistical 

systems more timely and accurate, they need to be updated 

with digital technology and reporting at the sub-county 

level. Governments should also require data sharing 

between agencies under clear governance frameworks that 

protect privacy and business sensitivity while allowing for 

analytical integration. This will help these investments be 

worth more. 

10.1.2 Making plans for national digital agriculture 

Data infrastructure is not enough on its own; it needs to be 

used effectively with coordinated plans. Because of this, 

national governments should create and pay for multi-year 

digital agriculture plans that make sure that technology is 

used in a way that works with institutional capacity, farmer 

engagement, and market development. These kinds of plans 

should include what we learned from digital agriculture 

research that focuses on systems integration, user-centered 

design, and long-term sustainability (Basso and Antle, 

2023). 
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The Kenyan Digital Agriculture Strategy (2024–2029) is a 

good example of this. It combines ongoing funding for 

operational forecasting platforms with investments in 

expanding broadband access in rural areas, teaching farmers 

how to use technology, and funding new ideas for developing 

agricultural technology. With this approach, public investment 

is spread out evenly across service delivery, infrastructure, and 

human capacity. The goal is to increase access to digital 

agricultural services from less than one-fifth of farmers to a 

majority within five years. Similar strategies that are tailored 

to each country can help make sure that digital tools lead to 

widespread increases in productivity and resilience instead of 

just being used by early adopters. 

10.1.3 Connecting Early Warning Systems to Ways to 

Respond 

Early warning information isn't very useful unless it is 

directly linked to quick and well-funded response actions. 

Shiferaw et al. (2024) talk about building early warning and 

anticipatory action frameworks. Governments are 

encouraged to set up systems that connect forecast-based 

alerts to set policy and programmatic responses. This 

integration cuts down on the time it takes to find a risk and 

act, and it changes the way food security is managed from 

reacting to crises to preventing them. In practice, this means 

setting up trigger-based systems that automatically put 

certain measures into action when climate forecasts, 

production outlooks, or food security indicators reach 

certain levels. These measures could include releasing 

strategic reserves, giving temporary input subsidies, 

making targeted cash transfers, or speeding up import 

procedures. Putting these triggers into budgetary and 

administrative frameworks makes people more responsible 

and makes sure that early warnings are followed by 

appropriate action. 

Table 33: Automated Response Triggers 

Forecast Alert Threshold Automatic Action Budget Pre-allocation 

Food Security Index < 40 2 consecutive months Strategic reserve release, emergency procurement $50M contingency fund 

Drought risk > 70% 60-day forecast Livestock destocking support, water trucking prep $20M 

Price spike forecast > 40% 30-day forecast Import quota increase, retail price monitoring $15M 

Production deficit > 20% Seasonal forecast School feeding program expansion, cash transfers $35M 

Benefit: Faster response (weeks vs. months), reduced humanitarian costs, prevention vs. crisis management 

10. Policy Recommendations  

10.2 Recommendations for International Development 

Partners 

10.2.1 Support for Regional Platforms 

When international development partners focus on 

implementing agricultural forecasting systems in multiple 

countries and regions, they can have a bigger impact and 

save money. The Food and Agriculture Organization of the 

United Nations (FAO) says that climate risks, pest 

outbreaks, and food markets often cross national borders, 

which makes purely national interventions less effective 

(FAO, 2023). Supporting shared regional platforms helps 

economies of scale and makes it easier to deal with 

problems that cross borders. 

One example of a chance is the creation of an East Africa 

Regional Climate Economic Forecasting Platform that 

will help Kenya, Tanzania, Uganda, Ethiopia, Somalia, 

and South Sudan. In this model, countries would share 

basic infrastructure like the ability to model regional 

climates, keep an eye on pests and diseases, and analyze 

trade flows. However, user interfaces and advisory 

products would still be tailored to each country's needs 

through localized dashboards and language support. 

Early cost estimates show that a regional platform could 

be built for about USD 45 million over five years. In 

comparison, parallel national systems would cost about 

USD 72 million, which would lead to big improvements 

in efficiency. 

10.2.2 Putting money into building capacity 

Experience with deploying systems shows that human 

and institutional capacity is often a bigger problem than 

physical infrastructure. Based on what we've learned 

from studies on adapting to climate change and new 

agricultural technologies, including those put together by 

Thornton and Herrero (2024), development partners are 

urged to shift some of their funding toward building 

capacity. It is suggested that about 60% of the money go 

toward training, strengthening institutions, and 

developing analytical skills, and 40% go toward 

hardware and infrastructure. This is different from the 

way most investments are made, which heavily favor 

buying equipment. Infrastructure put in place without 

local technical knowledge could lead to long-term 

dependence and make it harder to keep it going.  
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10.2.3 Promotion of South South Knowledge Exchange 

Development partners can further accelerate learning and 

reduce implementation costs by facilitating structured 

South–South knowledge exchange among countries 

deploying similar systems. Mechanisms such as annual 

regional workshops, technical exchange visits, and shared 

online communities of practice allow implementers to adapt 

proven approaches rather than replicate early design errors. 

For example, a technical exchange visit by a Malawian 

implementation team to Kenya in 2023 enabled rapid 

contextual adaptation and reduced deployment timelines by 

an estimated 40%, demonstrating the value of peer learning 

over isolated national experimentation. 

10.3 Suggestions for the Private Sector 

10.3.1 Data Contribution via Public–Private 

Partnerships 

Private-sector entities, such as agricultural input suppliers, 

telecommunications companies, and financial institutions, 

can significantly enhance forecasting systems by supplying 

pertinent data within suitable governance frameworks. 

Research on transforming the agrifood system has shown 

that public-private partnerships can work when risks and 

incentives are aligned (Barrett et al., 2024). 

For private companies, participating is useful because it 

helps them better understand how customers behave, target 

products more effectively, and lower their risk in 

agricultural lending and insurance portfolios. In pilot 

programs, fertilizer companies that shared anonymous sales 

data by location and time were able to make more accurate 

fertilizer timing recommendations. This made sales more 

efficient and led to measurable increases in revenue. When 

these kinds of agreements are run in a fair way, they also 

help companies meet their social responsibility goals and 

improve their reputation. 

10.3.2 Last-Mile Service Delivery 

Private-sector distribution networks are good ways to get 

forecast-based information to end users. Agro-dealers, 

mobile network operators, and input suppliers are often 

better able than public agencies to reach farmers when they 

are making a choice. For example, using these networks to 

send forecast summaries to points of sale, subsidized SMS 

alerts through mobile operators, or planting date guidance 

on seed packaging can greatly improve the reach and 

timeliness of advisory services without having to build new 

public infrastructure. 

10.3.3 Partnerships for Innovation 

Private-sector innovation partnerships can make the system 

even better by working together to create new technologies 

that work well with each other. Some possible partnerships 

are with sensor makers to make cheap weather and soil 

monitoring devices, with software developers to make apps 

for specific crops or regions, and with banks to make 

insurance products that are linked to forecasts or credit 

instruments that are linked to weather. 

11. Conclusions 

11.1 Summary of Key Findings 

This study created and tested an integrated climate 

economic forecasting system to fill in the gaps in 

agricultural decision support that have been around for a 

long time. It is useful for smallholder farming systems in 

developing areas. From a technical point of view, the 

system did a great job of predicting the future. For example, 

it got about 87% of seven-day climate forecasts right, which 

is a 35% improvement over persistence benchmarks. It also 

got a R^2 of 0.84 for yield forecasts at the flowering stage. 

Market price forecasts were accurate in the right direction 

more than 80% of the time over a 30-day period. The Food 

Security Index also consistently found new crises six to 

eight weeks earlier than other methods of assessment. 

Users at the farm level were much more productive and 

resilient than non-users who were matched with them. 

Users' maize yields were about 31% higher, crop losses due 

to bad weather were about 40% lower, and the efficiency of 

input use improved significantly, with less water and 

fertilizer use without lowering yields. These gains in 

production led to more stable income, with income 

volatility between years dropping by about 41%. 

Economic analysis shows that there are many benefits, 

including big jumps in net farm income and good benefit-

cost ratios at both the national and farm levels. Modeled 

national-level effects show that there would be significant 

decreases in losses and food assistance needs related to 

drought during bad seasons. Food security outcomes also 

got better. For example, fewer households reported being 

hungry, children's nutritional indicators got better, and user 

households had more months of enough food.  

11.2 Theoretical and Practical Contributions 

From a theoretical perspective, the study advances an 

integrated forecasting framework that bridges climate 

science, agronomy, and economics within a unified 

decision-support architecture, extending conceptual 

approaches proposed in prior climate agriculture 

integration research (Vermeulen et al., 2023). 

Methodologically, the use of quasi-experimental field 

validation with matched comparisons and regression 

controls contributes robust empirical evidence consistent 

with impact evaluation standards in food security and 

development economics (Barrett, 2023). The study also 

articulates scalable design principles, including minimum 
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viable infrastructure requirements and sustainability 

models, building on digital agriculture frameworks outlined 

by Basso and Antle (2023). 

Practically, the research provides an operational blueprint 

for deployment, including technical specifications, 

governance mechanisms, and implementation lessons that 

enable replication beyond the study context. Quantified 

performance and outcome metrics strengthen the evidence 

base for public investment in agricultural data systems, 

aligning with policy priorities emphasized by the World 

Bank (2024). By extending sophisticated forecasting 

capabilities to smallholder farmers, the system contributes 

to narrowing equity gaps in access to information-driven 

agricultural services, a concern widely noted in recent 

agrifood system analyses (Barrett et al., 2024). 

11.3 Limitations and Caveats 

Several limitations merit explicit acknowledgment. First, 

empirical validation was conducted primarily within East 

African maize-based systems; while the framework is 

designed for adaptability, performance in other crops and 

regions requires further verification, consistent with known 

geographic sensitivities of climate models (Roudier et al., 

2023). Second, attribution remains a central challenge: 

system adoption coincided with other interventions, 

including improved seed availability, policy reforms, and 

market fluctuations. Despite statistical controls, estimated 

impacts likely reflect combined effects and should be 

interpreted as upper-bound contributions rather than 

isolated causal effects. Third, long-term sustainability 

beyond government and donor support has yet to be 

demonstrated under fully commercial conditions. Fourth, 

equity gaps persist despite targeted mitigation efforts, 

indicating that digital solutions alone cannot overcome 

structural constraints related to land access, income, and 

gender norms (Barrett et al., 2024). Fifth, climate non-

stationarity poses ongoing risks to model performance, as 

relationships learned from historical data may degrade 

under novel climatic regimes, necessitating continual 

recalibration (IPCC, 2024). Finally, inherent limits to 

forecast skill imply that uncertainty will remain, requiring 

complementary risk management tools alongside predictive 

information (Hansen et al., 2022). 

11.4 Broader Implications 

Implications for Agricultural Development 

This study demonstrates that integrating climate and 

economic forecasting within a unified decision support 

framework creates value that exceeds what can be achieved 

through isolated systems. Rather than treating climate 

information, agronomic advice, and market signals as 

separate inputs, the integrated approach enables 

coordinated decision making across production, marketing, 

and risk management. Economic analysis indicates that 

investments in data driven agricultural information systems 

can generate returns comparable to, and in some cases 

exceeding, those of traditional agricultural interventions. In 

line with priorities articulated by the World Bank (2024), 

these findings suggest that agricultural modernization 

strategies should treat digital information systems as core 

infrastructure alongside physical investments such as 

irrigation, roads, and storage facilities. 

Implications for Climate Adaptation 

Effective climate adaptation depends on the ability to 

anticipate risks rather than respond only after losses occur. 

Early warning systems create economic and social value 

primarily by enabling preventive actions before climate 

shocks translate into irreversible damage. Evidence from 

the Kenyan drought response indicates that forecast 

informed interventions can substantially reduce the severity 

of climate impacts when timely action is taken. These 

findings align with anticipatory action frameworks and 

reinforce recommendations by the Intergovernmental Panel 

on Climate Change that climate adaptation finance should 

prioritize decision support systems capable of translating 

climate signals into actionable guidance and policy triggers 

(IPCC, 2024; Shiferaw et al., 2024). 

Implications for Food Security 

Food security outcomes depend not only on aggregate food 

production but also on timely information that enables 

markets to function efficiently, resources to move toward 

deficit areas, and households to plan under uncertainty. By 

integrating climate risk, production outlooks, market 

dynamics, and vulnerability indicators, the forecasting 

system addresses all four pillars of food security, namely 

availability, access, utilization, and stability, as articulated 

by the Food and Agriculture Organization of the United 

Nations (FAO, 2023; Mbow et al., 2024). These results 

imply that food security programs should regard 

information systems as foundational public infrastructure 

rather than auxiliary project components. 

Implications for Technology and Development Practice 

The deployment experience highlights that effective 

technology for smallholder farmers depends less on 

technical sophistication than on contextual appropriateness. 

Adoption and impact were driven by design choices that 

explicitly accounted for constraints related to connectivity, 

digital literacy, and resource availability. These included 

SMS based access, offline functionality, intuitive visual 

interfaces, and sustained user training. The findings 

reinforce evidence from digital agriculture research 

showing that inclusive design and institutional capacity 

building are more critical to success than advanced 
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technical features alone (Basso and Antle, 2023; Barrett et 

al., 2024). 

11.5 Future Outlook 

Agriculture will continue to face increasing pressures from 

climate change, population growth, environmental 

constraints, and rising market volatility. Under these 

conditions, incremental improvements to existing systems 

are unlikely to be sufficient to ensure food security for a 

growing global population on a warming planet (IPCC, 

2024; Mbow et al., 2024). Integrated climate economic 

forecasting represents one component of a broader 

transformation toward climate smart, resource efficient, 

and market responsive agricultural systems. 

The results of this research indicate that such systems are 

technically feasible, economically viable, and scalable 

when supported by appropriate institutional arrangements. 

Realizing their full potential will require continued 

innovation in machine learning, satellite observation, and 

sensor technologies to improve forecast skill and reduce 

costs. Institutional evolution is also required to overcome 

data silos and enable sustained collaboration among 

governments, research institutions, and private sector actors 

(Vermeulen et al., 2023). Inclusive implementation remains 

essential, with explicit attention to equity through 

subsidized access, gender responsive programming, and 

smallholder centered design (Barrett et al., 2024). 

Because climate risks and agricultural markets transcend 

national borders, regional cooperation will be increasingly 

important. Multi country platforms that address shared 

weather systems, pest dynamics, and trade flows are likely 

to outperform isolated national approaches (FAO, 2023). 

Finally, forecasting systems must be embedded within 

policy and budgetary frameworks that translate early 

warnings into timely action. Information alone delivers 

limited value unless it triggers responsive programs and 

resource allocation (Shiferaw et al., 2024). Sustained 

multiyear investment in data infrastructure, analytical 

capacity, and institutional coordination will therefore 

remain essential (World Bank, 2024). 

11.6 Final Reflections 

Climate change is often framed as a future risk, yet for 

many smallholder farmers, particularly in Africa and parts 

of Asia, climate variability already poses an immediate 

threat to livelihoods and food security (Thornton and 

Herrero, 2024). Crop failure, pest outbreaks, and price 

volatility can rapidly erode household resilience, reverse 

development gains, and deepen hunger. 

Improved information cannot eliminate these risks, but it 

can materially alter outcomes by enabling better decisions. 

Timely, credible, and usable forecasts allow farmers to 

adjust planting dates, manage inputs more efficiently, 

protect crops against anticipated hazards, and engage 

markets more strategically. At the same time, such 

information enables governments to anticipate crises, 

stabilize markets, and allocate limited public resources 

more effectively. For researchers and policymakers, 

integrated systems also provide a basis for understanding 

what works, where it works, and why. 

The integrated climate economic forecasting system 

evaluated in this study demonstrates that delivering such 

information at scale is technically achievable and 

financially plausible. Evidence indicates that farmers are 

willing to engage with and invest in these services when 

they are relevant, accessible, and trustworthy. The 

remaining challenges are therefore less technical than 

institutional and political. They are concerned about 

whether societies are willing to invest in agricultural data 

infrastructure, foster collaboration rather than 

fragmentation, design technologies that prioritize inclusion, 

and connect forecasting outputs to timely and accountable 

action. The tools exist and the evidence is clear. How 

widely and equitably they are deployed will shape the 

resilience of food systems in the decades ahead.  
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