
Heterogeneous data analysis for the prediction of 
food security indices

Food insecurity in Burkina Faso and West Africa is one of the major development challenges of the region. The 
causes of this food insecurity are manifold: significant inter-annual variability in rainfall affecting agricultural 
production (mostly rain-fed), terrorist threats in border areas with Mali, Benin, and Niger, demographic 
explosion, and structural poverty affecting a large part of the population. Food security indices, such as the Food 
Consumption Score (FCS), measured by household survey can help to measure and quantify help needed to 
gauge these issues. However, surveys like EPA, CFSVA and LSMS demand significant resources and can not 
anticipate food insecurity, especially in conflict zones.

The objective of the study is to develop a methodological framework for predicting the Food Consumption Score 
(FCS) using heterogeneous data characterized by different types, spatial, and temporal scales, through the use 
of advanced data science and machine learning techniques.
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Fig1 : Burkina Faso with their 352 disctricts where FCS are aggregated
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We use data from the 2010-2020 period of the Permanent 
Agricultural Survey (EPA), a rural household survey conducted 
annually. It contains information on approximately 5,000 farm 
households per year, including data on food consumption.
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Fig 2 : Example of two rasters : Land use (left) and Population density
(right) (High spatial resolution data) 

Table 1 : Food groups and associated weights

Table 2 : Summary of the variables used as features

• Different Publicly available heterogeneous datasets were fetched. 
• They include rasters (e.g., population density, land use, soil

quality), GPS points (hospitals, schools, violent events), line 
vectors (waterways), quantitative variables (economic variables, 
meteorological data) and time series... 

• The data were processed and categorized into 4 groups (Table 2). 
This allows independent processing by different branches of the 
framework.

𝐹𝐶𝑆 = ෍

𝑘=1

𝑛

𝑥𝑘 . 𝑤𝑘

The Food Consumption was derived from the survey. It is computed 
by considering the variety and frequency of the different food 
groups consumed over the past 7 days represented (Table 1). It is 
computed with the following equation: 

Where 𝑥𝑘 is the frequency of consumption of each food group and 

𝑤𝑘 represents the weights reflecting the relative importance of 

each food group (Table 1).
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• We employ a three-branch model architecture.
• LSTM is used to extract features from the times series data
• High spatial resolution patches are processed with 

convolutional neural networks while conjunctural and spatial 
data are directly used as features. The different features are 
merged with a concatenation. Finally, a random forest is finally 
used to predict FCS scores (Fig. 3)

• A random Train / Test splits was used for a quantative evaluation of the different branches of theframework (Table 3.) The R² are 
reported (Table 3)

• Figure 4 present an accuracy of the models when training with all years before the year N and Testing on year N for 𝑁 ∈
2011 − 2020 . For this test we report the accuracy for a classification of the FCS in three class.

Fig 3 : Model architecture

Figure 4:  Accuracy of the model when training with year (N-1) and Testing on 
year N for 𝑁 ∈ 2011 − 2020
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Branch (s) R²

Time series 0.23

CS 0.41

Spatial 0.34

Time series + CS + Spatial 0.45

Table 3 : Performance of the framework for different
features : Time Series, Conjonctural & Spatial variables 
(CS) and high spatial resolution data (Spatial).

Results and Discussion
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The results highlight the complexity of the FCS, with up 
to 0.45 of the variation explained. Estimating FCS from 
publicly available datasets remains a challenge due to 
the relatively small survey datasets and the high
dimensionality of the extracted features. Biases and 
noise in the reference dataset are also present (survey 
methodology).

For evaluation robustness and benchmarking purposes, additional research is now being conducted with surveys in Rwanda 
and Tanzania (rHomiz, CFSVA, LSMS).


