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Compound crises in Kenya & Ethiopia @ @

AlessiaMatand Annevan Loon

DROUGHT-STRICKEN COMMUNITIES
HIT BY DESTRUCTIVE FLOODS IN THE
HORN OF AFRICA
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- Understand how compound crises evolve;

- ldentify potential early-warning signs;

- ldentify windows of opportunity for interventions.
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Compound crises in Kenya & Ethiopia
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Ethiopia
* 8 M people food-insecure
* 1.7MIDPs

Kenya
* 4 M people food-insecure
Humanitarian + 350K IDPs
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Hydro-meteo variables;
Crop yield and production;
Food prices;

Displaced people;
Refugee influxes;

Disease outbreaks;
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Findings & takeaway messages

MAIN FINDINGS

DRIVERS/IMPACTS MECHANISMS
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isolation but compounded with the
Ethiopian and Kenyan vulnerable context




Findings & takeaway messages

MAIN FINDINGS DRIVERS/IMPACTS MECHANISMS

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

Replenishment
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Compound interactions
change over time and
space;

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

Early signs

* National statistics hide
vulnerable communities;

e Teleconnection of hazard
and impacts;

Drought and flood events did not act in
isolation but compounded with the
Ethiopian and Kenyan vulnerable context.
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Al for linking Drought hazard & impacts

- Arid, Pastoralist
| NDMA Drought Impacts:

* Pasture (i.e., livestock, migration pattern, quality
and quantity of pasture, livestock body condition);
* Livestock death;

Semi-Arid,

Agriculture 1,3, 6,12, 24 months

Drought Indices:

Sub-humid * SPI, SPEI, SSMl and SSI * Milk production;
agriculture_’ N * Water scarcity; . Eood i)nsecurity (based on the Food Consumption
ffffffff £ R core);
- |
7 o Semi-Arid * Crop losses;
Sub-humid, ‘ ~ . ! * Trekking distance to gather water for households;
Mixed-farming mp, mixed farming * Malnutrition;

ARID, SEMI-ARID and SUB-HUMID

Instance
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synthetic minority oversampling technique 10-fold cross-validation
(SMOTE)
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Al for linking Drought hazard & impacts

Arid, Sub-humid,
Pastoralist agriculture
Marsabit Myeri
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Al for linking Hazards & Impacts

Arid Sub-humid Arid Sub-humid
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(a) Pasture (b} Livestock deaths

Figure 4. Drought indices best linked with pasture and livestock deaths for the arid region (Marsabit) and the sub-humid regions (Narok and
Nyeri).
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Figure 5. Drought indices best linked with milk production for the arid region (Marsabit) and sub-humid regions (Narok and Nyeri) and
drought indices best linked with crop losses for the semi-arid regions (Baringo, Kitui and Kwale) and sub-humid regions. The scale of the

x axis differs for each category.

* 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
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Al for Drought Hazard & Migration
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Forecasting Food Insecurity

Input features

Hazard indicators 1/ Vulnerability indicators

- - . . 1
Local indicators Cllmateteleconnectlons:.

NINO 3.4, Indian Ocean Dipole, ||
Western V Gradient, Multivariate ||
ENSO index 1|

Conflict, prices, food aid, GDP, historical food security
dynamics, livelihood zones

Rainfall, soil moisture,
evaporation, vegetation
condition, desert locust

Machine learning model

__________.../- (XGBoost)
I Input for model F. For pastoralist, agro-pastoralist and
| training crop farming livelihoods
| Benchmark models
FEWS IPC current
. . 1) FEWS outlooks:
S Ta rget variable State-of-the-art early warning system on
Future food security acute food insecurity
‘Observations” at a 2) 59350na|.l‘tv MOdel: .
specific timestep ( FEWS I PC) based on historical FEWS IPC seasonality

3) Persistence model:
assuming no change in FEWS IPC

Predictions 12 months ahead
(lead time 0-12)

Model evaluation
XGBoostvs benchmark models

Metrics: Mean Absolute Error, Coefficient of
Determination (R2), Hit rate, False alarm rate

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

Tim Busker

Set-up of the machine learning model

Lo et
@ Ee

Training Test

4.0
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3.0
25- A
2.0
1.5
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2010 2012 2014 2016 2018 2020 2022
Date

Selected optimal
hyper-parameters

Hyper parameter tuning

FEWS IPC class

Fold 1
Fold 2

Fold 3

Fold 4

Fold 5

M- validation set 5-fold cross-validation

[ = Training set




Results

Prediction time series (3-month lead)
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Maize yield forecasting in Mozambique

Alicja Grudnowska Marthe Wens

GROWING HARVESTING
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Maize yield forecasting in Mozambique

Infosequia Monitoring:

— Variable inputs
— User settings - 4CAST settings
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Key messages

Al for Impact Modelling &

Understanding Forecasting

1. Spatial and temporal variability of dynamics 1. Use of ML for understanding
and teleconnection of hazards and impacts and forecasting humanitarian
(spatial dependency); crises ;

2. Dynamic vulnerabilities; 2. The importance of spatial

(dis)aggregation and temporal

3. Importance of accounting for socio- resolution and length of impact
economic context/events (e.g., governance); data and predictors;

4. Use of mixed sources/methods help to 3. Importance of including
disentangle complexity, provide different response and vulnerability;
overview/ sides of the story and fill in data
gaps (spatially and temporally); 4. Results are context specific;
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