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Motivation: Context

The “Big Data Revolution”
- & Mobile phones: 96% globally gttt
: n Facebook: 1.5B active users (152M daily in US) I'mm"mmmw
- ¥ Twitter: 300M active users (500M Tweets/day)
- B WhatsApp: 700M monthly active users
- a2 Sensors: 1275 satellites, traffic cams, ...
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Motivation: Context

“Poor numbers” from poor countries?

Compare successive rounds of Angolan census:

- 1970 census: 5.6 Million
- 2014 census: 24.4 Million

Official estimate of Ghanaian GDP: POOR NUMBERS

- From USS$6.9 B to USS11.8 overnight

More than a “statistical tragedy”
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Motivation: \Why this matters

Che New Jork Cimes o tunm oo

Consider an unlikely problem: finding the poor. Even in a world riddled
with poverty, nearly every government, nonprofit and aid agency struggles
with this issue. Where in Kigali should the Rwandan health ministry place a
new health clinic? Which rural districts in India should receive rice at
subsidized prices? All these decisions require not just knowing poverty

exists, but pinpointing areas of greatest need.




A BLUMENSTOCK WA UNIVERSITY of WASHINGTON DataLab

Motivation: The Question

Can new data and new methods improve our
ability to measure and target poverty”
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Context: The “Mobile Revolution”

“Big” datasets still rare in poor countries
£ |w] 2|8 |s]in|GIN|®]ee|V] t [@]s:|B] /] A

With one prominent exception: &
3.5 Billion mobile subscribers in developing countries

IR TR
i ’ >

" S A




DatalLab

JOSHUA BLUMENSTOCK W UNIVERSITY of WASHINGTON

Background: The “Mobile Revolution™

- From 10% to 90% “SIM penetration” in past 15 years
-1 new user per second in Nigeria

Cell Phone Ownership Surges in Africa

Adulfs whoown a cell phone

_ KEEPING IN TOUCH

u.s. 29

5. Africa 29
Ghana &3
Kenya 22
Tanzania 73

Uganda &5

90%

%0 82% §
e

Mobile phone
ownership as
percentage

of population

2002 2007 2014
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Predicting Poverty: Overview

Question: Can mobile phone metadata be used
to measure poverty and vulnerability?

- Can useful policy instruments be constructed from
those phone-based measurements?

Idea: Supplement anonymous logs with surveys

Call Detail Records
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Data: Details
1. Call Detail Records (CDR)

- 10 terabytes of data from monopoly operator
- Calls, SMS, Recharges: sender, receiver, time, duration, location
- No demographic or socioeconomic information

-mmu

979%9ae8cd 97939087/ 2014-01-04 22:00:11 42 2837

2. Phone surveys
3. Validation data
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Data: Details
1. Call Detail Records (CDR)

2. Phone surveys

856 respondents

- Geographically stratified

- Representative of “active subscribers”
- Informed consent, no PIl collected

25-minute survey
- Today’s focus: self-reported assets and housing characteristics

Ongoing work
- Panel surveys in Afghanistan (N=1,200) and Ghana (N=5,000)

3. Validation data
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Data: Details
1. Call Detail Records (CDR)

2. Phone surveys

3. Validation data

Rwanda Demographic and Health Surveys

- DHSV: 7,377 households, 2007 - 2008
- DHSVI: 12,792 households, 2010 - 2011

Satellite luminosity data

e s 2007-2008
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Methods: Overview

1. Feature engineering [Details]
Convert call data into quantitative metrics

2. Supervised learning [Details]
Trained on sample of survey respondents (N=856)

3. Out of Sample Prediction [Details
Generate predicted values for all 1.5M subscribers

4. Validation [Details
Compare aggregated predictions to DHS survey data
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Results: Predicting composite wealth

Elastic Net Random Forest

r R? r R?
Optimal DFA-based model 0.68 0.46 0.63 0.40
“Intuitive” 5-feature model 0.44 0.20 0.37 0.14
Single-feature model 0.61 0.38 0.46 0.22

¢ Survey Respondent
— Loess Fit
--- 95% confidence

Actual Wealth (Composite Index)
0

Predicted Wealth (Composite Index)

DatalLab

[Details]



Josuua BLuMENSTOCK W UNIVERSITY of WASHINGTON DataLab

Results: Out-of-sample projections

Use model trained on small sample (n=856) to
predict wealth of an entire nation (n=millions)

2005-01-01
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Results: Out-of-sample aggregates

Districts colored by avg composite
wealth index (inferred from CDR)
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Validation: Visual comparison

District comparison (N=30)
Calculate average wealth in 2010 DHS
- Uses same principal component projection from CDR

CDR-Imputed National Household
Wealth PCA Survey Data
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Validation: Quantitative comparison ruban/uan

CDR Vs. DHS (30 districts, MP-owning HH’s):  p =0.916
CDR Vs. DHS (30 districts, all HH's): p=0917
CDR Vs. DHS (492 clusters, all HH’s): p =0.799

0.0

@ rvandan district (pop=400k) p Cluster details
@ Rwandan district (pop=300k) rd
® Rwandan district (pop=200k) .
— Regression line (OLS)

-- 95% confidence

-1.0 -0|.5

-1.5

Cluster wealth (DHS)

Average household wealth, computed from DHS data

| | | | | T T
-1.4 -1.2 -1.0 0.8 0.6 0.4 0.2 0.0

Average predicted wealth, imputed from call records Cluster wealth (CDR)
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Validation: Micro-level validation?  (oetis

Satellite data “Does your household have electricity?”

-1.95 -1.90 -1.85

-2.00

30.00 30.05 30.10 3015 30.20

i environs de
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nterim national statistics

Application 1:

Table 6.1 Countries with outdated censuses

DatalLab

“Poor numbers”

Country last census last census
Somalia 1986 28
Congo, Dem. Rep. (planned for 2015) 1984 30
Eritrea 1984 30
Afgh;lnismn (2011 ongoing Soci()-[)cmogmphic 1979 35

and Economic Survey by province)
Lebanon 1943 71
Source: United Nations Department of Economic and Social Affairs, Population Division,

based on analysis in July 2014 of the implementation of the World Population and Housing

Dean Jolliffe and Peter Lanjouw (2014)

Census program since 1948.

These data are critical inputs to public policy
- Infrastructure investment, aid distribution, political redistricting

CDR-based method creates new options [details

- Rwanda: CDR estimates outperform 5-year old national survey
- Advantages: 500 times cheaper, 20 times faster
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Application 2: Targeting of humanitarian aid

Cash transfer programs are one of the world’s
most common social protection programs

How to identify eligible recipients?

- Nearly impossible to verify informal income
- Proxy means tests

- Community-based targeting
- Satellite imagery

- Serious limitations to all of these

Can CDR improve targeting in data-poor
contexts?

DatalLab




Josuua BLuMENSTOCK W UNIVERSITY of WASHINGTON DataLab

Application 3: Financial services for the poor

Who is most likely to adopt and use digital
financial services?
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Application 4: Real-time impact evaluation

s it possible to monitor the state of an entire

nation in real time?
- To detect shocks and monitor vulnerability
- To track economic trends
- To evaluate policy impact
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Limitations and challenges

Non-representative mobile adoption
- Not critical in Rwanda, but may matter in other contexts

“Algorithmic Dynamics”
- Requires re-basing of model, additional research

Strategic incentives

Data access and privacy
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Summary

Primary results

1.

2.
3.
4

New method for feature engineering
Can predict individual poverty from CDR
Micro-predictions validated by macro data

Near-term policy applications
- Measurement

- Targeting

- Financial services for the poor

- Evaluation
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Questions, comments, suggestions?
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