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Compound crises in Kenya & Ethiopia

3

Mar, 2018 Objectives:

- Understand how compound crises evolve;

- Identify potential early-warning signs;

- Identify windows of opportunity for interventions.

Matano et al. (2022), Earth’s Future

Alessia Matanó Anne van Loon



Compound crises in Kenya & Ethiopia
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Ethiopia
• 8 M people food-insecure
• 1.7 M IDPs

Kenya
• 4 M people food-insecure
• 350 K IDPs
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Over time and space
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Workflow

DESK REVIEW

INTERVIEWS SURVEY

DATA ANALYSIS

Methods

• Hydro-meteo variables;
• Crop yield and production; 
• Food prices; 
• Displaced people;
• Refugee influxes; 
• Disease outbreaks; 
• Armed conflicts; 
• IPC level; 
• GDP and GDP growth..



Drought and flood events did not act in 
isolation but compounded with the 
Ethiopian and Kenyan vulnerable context
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Findings & takeaway messages

MAIN FINDINGS DRIVERS/IMPACTS MECHANISMS

Dam’s 
spillage
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DRIVERS/IMPACTS MECHANISMS

Findings & takeaway messages

Drought hazard, impacts and responses  
influenced flood risk components and 
increased exposure and vulnerability to other 
hazards.

Replenishment 
of SW and GW

Compound interactions 
change over time and 
space;

Co-occurrence of drought 
conditions with intense rainfall 
both increased and decreased 
risk; 

Drought and flood events did not act in 
isolation but compounded with the 
Ethiopian and Kenyan vulnerable context.

MAIN FINDINGS
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Early signs
• National statistics hide 

vulnerable communities;
• Teleconnection of hazard 

and impacts; 
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AI for linking Drought hazard & impacts

Arid, Pastoralist

Semi-Arid, 
Agriculture

Semi-Arid, 
mixed farming

Sub-humid, 
agriculture

Sub-humid, 
mixed-farming

NDMA Drought Impacts:
• Pasture (i.e., livestock, migration pattern, quality 

and quantity of pasture, livestock body condition);
• Livestock death; 
• Milk production; 
• Food insecurity (based on the Food Consumption 

Score);
• Crop losses;
• Trekking distance to gather water for households;
• Malnutrition; 

Drought Indices:
• SPI, SPEI, SSMI and SSI
• Water scarcity;

1, 3, 6, 12, 24 months

(1000)

ARID,  SEMI-ARID and SUB-HUMID

2/3-> training
1/3-> testing

synthetic minority oversampling technique
(SMOTE)

10-fold cross-validation

8
Alessia MatanóMarleen Lam Rhoda Odogo Anne van LoonLam et al. (2023), NHESS



AI for linking Drought hazard & impacts

Sub-humid, 
agriculture

Arid,
Pastoralist
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AI for linking Hazards & Impacts 

• Majority of the predictors are 
above 6 or 12 months with 

exception for the sub-humid 
regions for crop losses and 

livestock death

• Cascading process between 
pasture-milk production-

livestock death in arid regions 
but no in sub-humid

10
Rhoda Odogo

STAY TUNED FOR:



AI for Drought Hazard & Migration
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Alessia MatanóMarthe Wens Hans de Moel
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Forecasting Food Insecurity
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Set-up of the machine learning model

Tim Busker 

Busker et al. (in review), Earth’s Future



Results

Prediction time series (3-month lead)
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Most important features

• Ability to detect Food Crises with a R2>0.5 until lead time 3-months;
• Similar performance to FEWS net for pastoralism and agro-pastoralism;



Maize yield forecasting in Mozambique 
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Anticipatory 

Actions

Marthe WensAlicja Grudnowska

Grudnowska et al. (in prep)



Maize yield forecasting in Mozambique 
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Fast and frugal 

trees
Infosequia 

Forecasting:
 

Infosequia Monitoring:



Key messages
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AI for  Impact Modelling & 
Forecasting 

Understanding 

1. Spatial and temporal variability of dynamics 
and teleconnection of hazards and impacts 
(spatial dependency);

2. Dynamic vulnerabilities;

3. Importance of accounting for socio-
economic context/events (e.g., governance);

4. Use of mixed sources/methods help to 
disentangle complexity, provide different 
overview/ sides of the story and fill in data 
gaps (spatially and temporally);

1. Use of ML for understanding 
and forecasting humanitarian 
crises ;

2. The importance of spatial 
(dis)aggregation and temporal 
resolution and length of impact 
data and predictors; 

3.  Importance of including 
response and vulnerability;

4. Results are context specific;
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