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Shedding Light on Philippine Poverty

Mapping Poverty using Machine Learning, Satellite
Images, and Open Geospatial Data
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OUR WORK

Geospatial Analysis and Visualization

.Tagalog
. Bisaya
[l cebuano
[ 1iocano
90% of Filipinos speak one of 10 [ Hiligaynon llonggo
languages Wsico! .
While there are nearly 200 unique [ Waray Example'
languages and dialects spoken by [ Maguindanao The Lan guage
e N e . Kapampangan
the Philippines’ nearly 100 million — o L an d sca p e of th e

residents, over 90 percent of . i .
Filipino households speak one of Ph | I | pp ines in 4 M a pS
just 10 languages. This map shows
the provinces where these top 10
languages are the most widely-

spoken.
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OUR WORK

Map of HIV Center Accessibility across
the Philippines

Accessibility of DOH-
designated HIV
Centers in the
Philippines



https://stories.thinkingmachin.es/doh-hiv-centers-access/
https://stories.thinkingmachin.es/doh-hiv-centers-access/

OUR WORK

Hazard Exposure Map of the Philippines
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https://tm-stories-risk-map.firebaseapp.com/

OUR MISSION

Our social impact mission is to
empower evidence-based policy and
action by:

¢ Filling critical data gaps
€ Making data open and useful
4 Innovating with purpose



= f {::@s’ The UNICEF Innovation Fund provides financial and
u n ICe \{\.K./L’ technological support for companies that are using

INNOVATION

technology in innovative ways to improve children’s lives.

S41M INVESTED | 58PROJECTS | 38COUNTRIES



MOTIVATION

22M or 21.6% il
of Filipinos '
live below the
national
poverty line.

Sources: Philippine Statistical Authority 2015
Survey, National Economic Development
Authority




MOTIVATION

Child Poverty in the Philippines

LA RARARS R

3 in every 10 children belong to poor families

Source: Official Poverty Statistics among the Basic Sectors 2015, PSA
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SOLUTIONS

Use unconventional, readily-available data
sources to predict socioeconomic indicators

Satellite Education
Imagery Level

Social Electricity
Media Access
Data

Machine
Oth.er Learning Wealth
Geospatial Models Index
Datasets




SOLUTION

Machine Learning for
Wealth & Poverty Prediction o 1

Provincial-level Wealth Index
(Ground truth)

4+ Goal: Faster, cheaper, and more granular -
reconstruction of poverty measures in the % ”‘  o
Philippines < PR

H o \ \ '.'.L> ;‘*
4+ Replicated a study by Jean et al.* from the R e B
Stanford Sustainability and Al Lab & ] Wi

o Estimated asset-based wealth for five sub-Saharan " P
African countries

4+ Crowdsourced geospatial information for f#‘t‘ __
poverty prediction ' o

*Jean, Neal, et al. "Combining satellite imagery and machine learning to predict poverty." Science 353.6301 (2016): 790-794.


http://science.sciencemag.org/content/353/6301/790
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APPROACH

Problem: Data Scarcity

Need a lot of labeled training data for an end-to-end deep learning approach

Poverty
Predictions

Wealth Index, Education,
Access to Water, Electricity,
Child Mortality

Data Gap: Not enough labeled training data!



SOLUTION

Nighttime lights can be used as a proxy for
economic development

Metro Manila (Daytime) Metro Manila (Nighttime)
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SOLUTION

Nighttime lights can be used as a proxy for
economic development

Tagbllaran Bohol (Daytlme) Tagbilaran, Bohol (Nighttime)




SOLUTION

Wealthier places are brighter at night

For each of the 1,200+ sampled locations or "clusters" in the 2017 Demographic and Health Survey (DHS),
there was a positive correlation between nightlight luminosity and average household wealth index. (p=0.75,
=0.49)

Nighttime

Radiance °
Each circle represents a cluster of two or y
Brighter more households that was surveyed
during the DHS. Each cluster was
identified by a unique longitude and S
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SOLUTION

Predict nighttime light intensity as a proxy
task

Road
. _ Metal roof
- . B Water
- R , Concrete

Convolutional Neural
Network

Daytime Satellite Nighttime Light
|mages IntenS|ty

Low, Medium, High
based on pixel brightness

*Jean, Neal, et al. "Combining satellite imagery and machine learning to predict poverty." Science 353.6301 (2016): 790-794.


http://science.sciencemag.org/content/353/6301/790

SOLUTION
Step 1: Predict Nighttime light intensity from Daytime Satellite Images

—)

Road

Metal roof
1 Water
= /;,7 Concre te

a7 Convolutional Neural — :
— Nighttime Light

Daytime Satellite Network Intensity
Images

Step 2: Wealth Prediction using Cluster-level Feature Embeddings

Daytime satellite images can be used to predict regional wealth

Household survey CNN processes satellite photos of Features from
locations each survey site multiple photos
are averaged

Ridge
regression
model
—  reconstructs
ground truth
estimates of
poverty

*Jean, Neal, et al. "Combining satellite imagery and machine learning to predict poverty." Science 353.6301 (2016): 790-794.


http://science.sciencemag.org/content/353/6301/790

RESULTS

How accurate are our wealth predictions?

The chart below compares the actual versus estimated or predicted average household wealth index for
each of the 1,200+ clusters surveyed in the 2017 Demographic and Health Survey. (r2=0.625)

Estimated/
Prevc‘l’ictleg
ealt ;
Index 200K ;%%'ef A :
_ Eetimated : pos R4 The model is able
Wealthier ¢ g .
| : : to explain 62.5%
LBaK of the variance
0K
Wealthier
-100K o Estimtang
§ SO
\" ' P
Poorer 200K 1 *Using CNN feature embeddings
100K 50K 0K 50K 100K with regional indicators
Actual Wealth Index Poorer Wealthier \/
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Predictions and reported r? values are from five-fold nested cross-validation.



Reconstructing Provincial-level Maps

Actual Wealth Index Predicted Wealth Index
Normalized J :
Wealth Index
[ . B |
0 (poor) 1 (wealthy)

Predictions and reported r? values are from five-fold nested cross-validation.



Machine-learning estimated wealth levels across Pampanga, 2018

The village of Sapang
Uwak in Porac is
poorer than 76% of
the Philippines.
Poverty levels here
are more similar to
areas of Mindanao
than to the rest of
Pampanga.
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Not far from Sapang
Uwak, the city of
Angeles is among
country's 10%
wealthiest areas, at
par with some parts
of Metro Manila like
Pasay and Taguig.



Limitations

Difficult to distinguish between different
levels of extreme poverty for areas with
little to no electrification

Difficult to predict other aspects of human
development (e.g. access to water, child
mortality) using nighttime lights

Poverty estimates are not meant to
replace on-the-ground surveys.




NEXT STEPS

Moving Forward

+ Research Collaboration: Partner with research institutes on exploring
alternative methodologies and data sources for poverty prediction:
o Using social media, traffic data, and other geospatial data sources
o Explore unsupervised representation learning methods

+ Data Sharing: Model additional indicators including
o Socioeconomic resilience to natural disasters
o  Child malnutrition rates
o Challenge: Lack of reliable granular ground-truth data

4+ Real-world Impact: Collaborate with the public sector (NGOs, LGUS) for
possible applications in humanitarian aid and resource allocation, both in the

Philippines and other countries 72
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