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Abstract: Percentages of acute malnutrition continue to be unsettlingly high in developing countries,
while coverage of treatment remains unsatisfactory. Here I develop software to predict acute
malnutrition prevalence at a high resolution across sub-Saharan Africa. First I assembled a training
dataset for machine learning of malnutrition prevalence. The 33 training variables may be split
into five categories: development, economics, political situations, climate, and crop health. I then
trained a random forest regressor on these features to predict acute malnutrition prevalence at
a 5km resolution across sub-Saharan Africa. A validation with a train-test split showed that the
algorithm could predict malnutrition prevalence with an average difference of 0.86% prevalence,
corresponding to an error of 10.7%. The training features with the highest predictive power are, in
order: female education, precipitation, forest cover, school attendance, and political stability. Next,
acute malnutrition prevalence was forecasted to 2021. These predictions suggest that the prevalence
of acute malnutrition will continue to decrease in coming years, but the number of acute malnutrition
cases will actually increase due to population growth. This work highlights the importance of female
education as well as the need for more cost-effective nutrition interventions as the number of acute
malnutrition cases begins to rise.

I used a machine learning algorithm to predict future geospatial malnutrition prevalence across
sub-Saharan Africa based on 33 training features (Table 1). After performing a training and testing trial
to validate the accuracy of the predictions, I predicted malnutrition prevalence across sub-Saharan
Africa to year 2021.

1. Malnutrition Data and Training Features

The malnutrition data that I used as ground-truth synthesizes weight, height, and age data
from numerous surveys across sub-Saharan Africa [1]. The released data set includes gridded acute
malnutrition prevalence from 2000-2015 at a 5km resolution (Figure 1).

I assembled a training data set for machine learning of malnutrition prevalence. The 33 training
variables may be split into five categories: development, economics, political situations, climate, and
crop health. Table 1 lists the training features and Figure 2 highlights some examples.

Before entering the features into the model, the data had to be processed into the correct format.
Many of the variables came as tiff files and were already gridded. These variables were interpolated to
the same grid as the malnutrition prevalence data using a bivariate spline approximation technique.
Other data was retrieved by country (e.g. World Bank data). I used a national identifier grid [18] to
overlay these variables onto a grid.

A few datasets came as latitude/longitude points or shapefiles (i.e. coastlines and fatalities from
conflicts). I interpolated coastlines into a raster dataset of distance from coasts by calculating the
distance from the nearest coast for every pixel. To convert the conflict points onto a grid, I used a
market potentials index. The market potentials equation applied to conflicts is

MPi =
J

∑
j=0

fatalitiesj

distθ
i→j

(1)
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Figure 1. Acute malnutrition prevalence across sub-Saharan Africa in 2015. This data is used as
ground-truth in this model. Malnutrition prevalence is highest in South Sudan, Ethiopia, Niger,
Nigeria, and Kenya.

where i is the current pixel, j is the latitude/longitude point of the conflict, and fatalities is the fatalities
at point j. The power θ in this calculation is chosen to be 1.2. In this way the conflicts database was
converted into a raster dataset. All of the training features combined made a total of 13 gigabytes of
input data for the malnutrition forecasting component.

2. Machine Learning and Predictions

Next I trained a random forest regressor, a machine learning algorithm in the python library scikit
learn, on the features to predict malnutrition prevalence. The data was split into a training set of 80%
and a testing set of 20%. To avoid overfitting by spatial correlation, the testing data was removed
in boxes across sub-Saharan Africa. The model was trained on the previous year’s indicators (e.g.
2015 prevalence was trained on 2014 features). I then validated the accuracy of the predictions by
comparing the predicted malnutrition prevalence to the testing set. Validation data is presented in the
results section.

After validating the model, I predicted malnutrition prevalence for 2016–2021. When a training
variable was missing for one of these years, I extended a trend from the previous years. The caseload
of malnutrition was calculated by multiplying the prevalence by the population under 5 for each grid
cell, and from the caseload the expected demand of SNF may be calculated.

3. Results

The model predicted malnutrition prevalence with minimal error. The random forest regressor
was trained on 80% of the data for each year, 2000 through 2015. It then predicted the 20% of the data
it was not trained on. Figure 3a shows the training data for 2015 and Figure 3b shows the same data
with the boxes filled in with predictions. The predicted and actual malnutrition prevalence across
2000–2015 had a correlation of 0.95 with an average difference of 0.83% prevalence (Figure 3c).

After validating the model, I predicted malnutrition prevalence from 2016 through 2021 (Figure
3d). It was found that the geospatial prevalence of malnutrition will likely remain the same over the
following years, with the highest prevalence remaining in Ethiopia, South Sudan, Niger, and Kenya.
Malnutrition prevalence forecasts show a decreasing trend in the future. Malnutrition prevalence
has been decreasing since 2000, and these predictions suggest that this trend will continue. However,
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Table 1. Training features used in machine learning algorithm to predict acute malnutrition.

Category Training Features
Development 1. Female education, years of attainment, gridded [2]

2. Percent of school-aged children in school [3]
3. Percent of population with access to electricity [3]
4. Percent of females with a secondary school education, national [3]
5. Human Development index [4]
6. Gridded population [5]
7. Travel time to the nearest urban center [6,7]
8. Low degree and high degree of settlements [5,8]
9. Built up land cover types [8]

Economics 1. Agriculture as a percentage of GDP [3]
2. Net official development assistance (ODA) per capita [3]
3. Gridded subnational estimates of GDP PPP per capita [4]
4. Imports per capita [3]

Political Situations 1. Political stability and absence of violence [3,9]
2. Government effectiveness [3,9]
3. Conflicts and fatalities from conflicts [10]

Climate 1. AVHRR-derived forest cover [11]
2. Distance to coasts and inland coasts [12]
3. Elevation [13]
4. Elevation roughness [13]
5. AVHRR-derived bare ground [11]

Crop Health 1. Mean annual precip [14]
2. Crop yield [3]
3. Crop production per capita [15]
4. Diversity of Crop Systems [16]
5. AVHRR-derived NDVI [11]
6. Irrigated area (area actually irrigated) [17]
7. Irrigated area (area equipped for irrigation) [17]

Figure 2. An example of six of the 33 training variables for prediction of malnutrition. The year 2015 is
shown, but data was evaluated for each year, 1999–2020.
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Figure 3. The malnutrition prevalence training data (a), and the same data with the boxes filled in
with predictions (b), shown for 2015. The difference between the actual and predicted malnutrition
prevalence (c) has a correlation of 0.95 with an average difference of 0.86% prevalence. After the model
was trained, malnutrition prevalence was predicted to 2021 (d).
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because of the growing population in sub-Saharan Africa, caseload of malnutrition and demand for
SNF is expected to grow in the upcoming years.

Through the random forest regressor, I also find which training variables have the greatest
influence on malnutrition. Ordered by importance, the top ten features are: (1) female education; (2)
mean annual precipitation; (3) forest cover; (4) percent of school-aged children in school; (5) political
stability and absence of violence; (6) crop yield; (7) crop production per capita; (8) access to electricity;
(9) distance to coasts; (10) elevation.

Lack of education, especially female education, is highly correlated to malnutrition. Education
has been shown to lead to better nutritional habits and food diversity, increased development, and
decreased poverty. From this result, it can be concluded that aid organizations should focus on
education to improve long-term measures of living standards.

The environment also affects malnutrition prevalence. Forested areas are less vulnerable to acute
malnutrition than semi-arid regions or deserts, likely because dryer regions are more susceptible to
seasonal variability and droughts. Proximity to coastlines may temper malnutrition by providing
easier access to fisheries and overseas markets for alternative food sources.

Malnutrition prevalence is also dependent on crop yield and crop production per capita, which
indicate both the level of agricultural technology and amount of food available. As the population
of Africa is projected to grow throughout this century, aid organizations should focus on supplying
local farmers with better agricultural technology to increase food availability. Political instability and
violence also may obstruct markets to limit access to food, thus increasing malnutrition.
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