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Can we use remote sensing data to bring down the costs 
of doing program evaluation in development economics?
● Household surveys are

○ very expensive - $18–300 per household
○ very often disrupted by

■ political unrest
■ epidemic / pandemic
■ other unanticipated events

● What if we can do impact evaluation without going to the field?
○ Observe the quantity and quality of physical assets, in particular houses 

that people live in
○ with high-resolution daytime satellite imagery and deep learning
○ $0.006 per household



Motivation
● Prominent literature on night light (Henderson et al. 2012)



Motivation

● Poor sensitivity of night 
light in low-income and 
rural contexts (Jean et 
al. 2016)

But that’s arguably what 
development economists are 
most interested in!



● What if we observe housing? It may be a better outcome ...
○ Sensitive even in communities with low electrification rates
○ Can be precisely measured in daytime satellite imagery (high 

resolution)
○ Accounts for a much larger share of expenditure than 

electricity

Motivation



This paper

● proposes a framework for conducting impact evaluation with satellite imagery 
and deep learning

● evaluates the GiveDirectly randomized controlled trial in rural Kenya as a 
proof of concept

● shows that
○ a state-of-the-art deep learning model can generate accurate housing 

quality measurements at scale
○ statistically significant and economically sizable treatment effects can be 

observed from remotely sensed outcome variables
○ when certain assumptions hold, we can recover the overall effects of the 

intervention on household wealth with a simple scaling exercise



What is GiveDirectly?

● A large scale randomized 
controlled trial in rural 
Kenya in 2014-2017 (Egger 
et al. 2019)

● Distributes unconditional 
cash transfers to rural 
households (~$1,000 per 
household)

● About ⅓ of the households 
in the treatment villages are 
eligible to get the transfer



Why GiveDirectly?
To be evaluated with satellite imagery:

● Plausible impacts on physical 
assets (especially housing), 
which is observable from satellite 
imagery

● Spatially explicit random variation 
in treatment intensity

● Recent intervention (2014-2017)

As a validation exercise:

● Randomized experiment - clean 
set up

● We know what the true treatment 
effects are (Egger et al. 2019)



Methods + Results



How to measure 
treatment intensity?

● Data source: GiveDirectly 
baseline census (~65,000 
household geo-location + 
eligibility status + treatment 
status)

● Define treatment intensity as 
the no. of households who 
ultimately received transfers 
from GiveDirectly

● Equivalently, the amount of 
cash infusion (in $1,000) into 
a given grid cell



How to measure 
housing quality?

● Input images: Google Static 
Map, 2019 (submeter 
imagery)

● Deep learning model: Mask 
R-CNN for instance 
segmentation: binary pixel 
mask -> polygon -> 
“representative” color -> 
classify roof type



Deep learning model performance (precision/recall: ~80%)

10 random samples



Classify roof types

● Tin roofs are of higher quality and 
more durable than thatched roofs

● We use tin roofs as a proxy for 
high quality housing asset



Treatment intensity 
and outcomes in the 
study area

● Night light: less variation 
in rural areas



Main Result

*each observation = one pixel (0.001x0.001 degree, or 
roughly 100m by 100m)

Placebo effects are estimated by 
re-simulating the treatment/control group 
randomization with the original trial 
design.

remotely sensed 
outcomes

treatment 
intensity

no. of eligible 
households

= 146 sq ft

= 85 sq ft



Estimating the overall 
effects of the trial

● Engel curve:

● One can prove that

● ...if the engel curve does 
not change in response to 
the treatment

Effects on 
wealth

scaling 
factor

Effects on 
housing



The Engel curve for high 
quality (tin) roofs changed 
in response to the 
treatment 

Behavioral change:

Households are eligible for the GiveDirectly 
cash transfer if they live in thatched roof 
houses. They might have psychologically 
tied the transfer to roof upgrading (as if this 
is a “labelled” cash transfer).



These results highlighted the danger of using black box 
machine learning predictions for impact evaluation
● Poverty mapping with satellite imagery and machine learning, developed mostly 

for precisely targeting international aid (Jean et al. 2016, Yeh et al. 2020, Blumenstock et al. 
2015, Blumenstock 2016, Aiken et al. 2020, and many others)
○ Does not specify a source of information (electrification, housing, 

infrastructure, etc.), let the model use all the information available
● If used for impact evaluation, some information will be “tainted” - i.e. directly 

changed by the intervention; imagine:
○ Using night lights to evaluate an electrification campaign

● More interpretable machine learning predictions directly measuring 
housing consumption or other assets can be used for impact evaluation



Thank you!
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