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4. PREDICTIVE MODELS

VULNERABILITY MODEL EVOLUTION

The machine learning model has evolved through iterative learning and feedback received from

humanitarian organizations. Since 2020, the model has undergone several modifications, as illustrated in
Fig. X, to enhance its effectiveness and performance.

V.: The model is constantly
evolving, with future
iterations expected to

incorporate additional data

Model Attempting to sources such as food

Predict Monthly Areas prices, violence statistics,

of Concern Regarding and crop health indicators,
Food Insecurity among others

2020

2023
V,: Model Predicting SOON

Monthly Food The Current Operating
Consumption Score (FCS), Version is V,
Household Hunger Scale
(HHS), and Household
Dietary Diversity Score
(HDDS)

Timeline Depicting the Evolution of the Machine Learning Vulnerability Model Over Time

Q Spin-Off
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CURRENT MODEL WORKFLOW
Input Features

Independent variables Target variables

Agroclimatic Index ‘E\ Socioeconomic Index EH_:_] Vulnerability Indicators from Action &

« Standardized Precipitation Index (SFPI-1 months) « total population Against Hunger Surveys

« Standardized Precipitation Index (SPI-3 months) « surface area, population density « Food Consumption Score (FCS)

» Standardized Precipitation Index (SFI-6 months) « rural population » Household Hunger Scale (HHS)

» Standardized Precipitation Index (SPI-9 months) « road ratio « Household Dietary Diversity Score (HDDS)

« Standardized Precipitation Index (SPI-12 months) = railway rafio

» Structure Insensitive Pigment Index (SIPI) « [ealth center

« Atmospherically Resistant Vegetation Index (ARVI) « ratio

» MNormalized Difference Vegetation Index (NDVI) « betweeen others

» Enhanced Vegetation Index (EVI)

Extract, transform, and load (ETL) H

» Adjust the agroclimatic data to the admin3 level, aggregating values for
each end of the month.

» Adjust the vulnerability indicators to the admin3 level using the 20% rule,
calculating values for each month-end, and computing the proportion for
each vulnerability indicator.

Feature Extraction ﬁ“r
« Divide the dataset into training and testing data subsets (707300 .

« Perform feature extraction for each vulnerability indicator.

0k
Machine Learning Model e

Training Model Testing Model
« Random Forest Eegressor « K-Fold Cross Validation is employed to evaluate
» Linear Regression each model.
s Suppor Vector Machines » The Root Mean Squared Ermor (RMSE) and
» Decision Tree Regressor Mean Absolute Error (MAE) are utilized to
« Gradient Boosting Regressor determine the optimal model.
» K-Mearest Meighbors Regressor » The model exhibiting superior performance is
» (Gaussian Process Regressor selected and subseqguently saved.
» AdaBoost Regressor
» HistGradient Boosting Regressor

I
Model Evaluation

« When new agroclimatic data becomes available, the model generates
predictions for vulnerability indicators.
« [T the engine detects a new survey in the database, it constructs a new

Spin-Of e

Streamlined Workflow for Machine Learning Model




4. PREDICTIVE MODELS

MACHINE LEARNING MODELS STRUCTURATION

The machine learning pipeline engine was developed with an additive approach, where it constructs a new
model upon detecting a new survey in the databases, enabling predictions. Conversely, when the model
identifies solely new agroclimatic data, the pipeline engine utilizes the most recent model to generate

predictions. This process operates automatically, constantly monitoring for new surveys or agroclimatic data
updates.

January January
July 2021 2022 2023

November July 2022 nth
2021

Streamlined Workflow for Machine Learning Model
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r, while the HDDS 1 model demonstrates the lowest error.
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Error Analysis

Based on the results obtained, the models exhibit RMSE and MAE ranging between O.

PERFORMANCE EVALUATION OF MACHINE LEARNING MODELS
HHS 2 Model
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4. PREDICTIVE MODELS

PREDISAN PUBLIC DASHBOARD

The model predictions are contingent upon the availability of agroclimatic data. As a result, the model can
be categorized as Now-casting, with a monthly periodicity. Predictions for the Food Consumption Score
(FCS), Household Hunger Scale (HHS), and Household Dietary Diversity Score (HDDS) are displayed on a
dashboard (https://www.predisan.gis4tech.com/ca4) and accessible online 24/7.
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4. PREDICTIVE MODELS

PREDISAN PUBLIC DASHBOARD

The dashboard displays the vulnerability category for each municipality based on the selected indicator.
Categories are assigned using the 20% rule. Additionally, temporal trends of predictions can be viewed at
the bottom, while the left side provides insights into the population distribution across different

vulnerability categories and the number of individuals classified under each.
@ Predicciones Puntaje de Diversidad Dietética en el Hogar (HDDS)
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REFLECTIONS AND AREAS FOR IMPROVEMENTS
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ADAPTING THE APPROACH TO OTHER REGIONS

Primary data

=

PREDISAN VENEZUELA
- Venezuela”s Monitorina Svstem -
,Secondary data il Social Network Event Monitoring R
' 0

Delincuencia y Grupos Irregulares

Seleccionar todo

Apoyo para Andlisis de Laboratorio
Apoyo para Medicinas

ombustible
Control Migratorio

Documentos Migratorios
as Doméstico

eets ! =
T |G- -
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6. DEPLOYMENT IN OTHER REGIONS
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7. CONCLUDING
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I 7. CONCLUDING REFLECTIONS

* Predictions for food security indicators have room for improvement. @

* Despite challenges, the predictions show logical trends consistent with ﬁ\\lﬁ]v
expert knowledge. O

* |ncorporating high-quality data and contextual secondary information "*3@33
(e.g., violence indicators, food prices) is necessary.

e The PREDISAN platform provides historical data at the municipality m
level, including key indicators like Food Consumption Score (FCS),
Household Hunger Scale (HHS), and Household Dietary Diversity Score
(HDDS). @

 Our proposed model uses nowcast modeling techniques to predict ™~
food insecurity situations 24/7. e

* While our study case focuses on Central America, the model can be @"'
adapted for use globally.
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