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International Financial Institutions (IFIs) typically assess country performance through Country Performance Assessment (CPA), resulting in a Compound Country Performance Rating (CCPR). However, this method relies heavily on subjective expert 
judgment. This study, developed under the ESA GDA Fragility, Con�ict & Security initiative, aims to complement such approaches with objective indicators derived from Earth Observation (EO) and Open-Source Intelligence (OSINT), applying Machine 
Learning (ML) techniques to generate a “new CCPR” that is more objective and scalable. 

1. Introduction

3. Results

2. Methodology 

We developed a new aggregate performance indicator - termed “new CCPR” - based on 
features selected through an automated feature selection process.
The new CCPR is mathematically de�ned as:

                  , similar to traditional CCPR, where

n is the number of indicators after the feature selection,
xi is the i-th indicator,

𝛼l is the i-th exponent to be estimated.

To estimate the exponents a 𝛼l component, we used the minimize function from 
Python’s scipy.optimize module, applying the L-BFGS-B algorithm.
The optimization objective was to minimize the difference between our newly 
computed CCPR and the consolidated CCPR from 2018.
After training, the resulting model was used to predict consolidated CCPR values for 
2020, using the same estimated exponents.
This work demonstrates that quantitative indicators can effectively complement 
traditional quali-quantitative assessments.

The proposed “new CCPR” offers several advantages:
✅ Objective: Based on quantitative data, reducing subjectivity
⚙ Automatable: Enables full automation of performance computation
📈 Scalable: Easily integrates new indicators over time
📆 Frequent updates: Allows for more regular performance tracking
🗺 Higher spatial resolution: Supports localized analysis (e.g., regional level)
🔮 Predictive potential: Robust enough to forecast future values (e.g., 2020 based on 
2018)

These features make the new CCPR a valuable tool for predictive intelligence and 
fragility monitoring, especially in dynamic or data-scarce contexts.

This work has been funded and implemented under the ESA Global 
Development Assistance (GDA) Fragility, Con�ict and Security (FCS) 
initiative, led by e-GEOS.

4. Conclusions

Clustering Countries – Agriculture

Clusters are obtained with ML algorithm - k-means.
Clusters along the agriculture dimension tend
to re�ect the geographical features of countries.
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Indicators, data sources, and conceptual model 

Industrialization
• Human Settlements (EO)
• Population growth and urbanization (EO)
• Electri�cation (WDI, non EO)
• Night Lights (Landsat, EO)
• Transportation Infrastructures (WDI, non EO)
• Communication Infrastructures (OSINT)
• News on Economy (GDELT, non EO)  

Policy
• Government aid for natual disaster (OSINT)
• Security (non EO)
• News on politics (GDELT, non EO)  

Agriculture
• Heat & Humidity (FLDAS/GLDAS, EO)
• Flood Hazard (Hydrodynamic model, EO)
• Agriculture Stress Index (EO)
• Land cover e.g. trees, water, crop, grass  

Society
• Healthcare (OSINT)
• Girls/Women Education (OSINT)
• News on society (GDELT, non EO) 
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Clusters obtained considering all 
dimensions of fragility are consistent 
with IFI’s classi£cation into high/low 
CCPR values.
The de£nition of weights for 
aggregation without machine learning 
(e.g. weighed sum) is crucial.
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Visual representation
of the new CCPR, 2018
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Examples of EO-based indicators developed

• Density clustering

Qualitative insights 
Use of electricity trends observed using Landsat nightlights

• The median nightlights intensity is calculated
 for each pixel for each year
• Largest urban areas can be clearly identi�ed
 on the resulting map

Qualitative insights - Land cover

2017 2022

Use of electricity trends observed using Landsat nightlights

• Table below shows increasing concentration
 of population in larger built areas


