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ABSTRACT

Recent papers demonstrate that non-traditional data, from mobile
phones and other digital sensors, can be used to roughly estimate
the wealth of individual subscribers. This paper asks a question
more directly relevant to development policy: Can non-traditional
data be used to more efficiently target development aid? By com-
bining rich survey data from a “big push” anti-poverty program in
Afghanistan with detailed mobile phone logs from program benefi-
ciaries, we study the extent to which machine learning methods can
accurately differentiate ultra-poor households eligible for program
benefits from other households deemed ineligible. We show that
supervised learning methods leveraging mobile phone data can
identify ultra-poor households as accurately as standard survey-
based measures of poverty, including consumption and wealth; and
that combining survey-based measures with mobile phone data
produces classifications more accurate than those based on a single
data source. We discuss the implications and limitations of these
methods for targeting extreme poverty in marginalized populations.
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1 INTRODUCTION

Program targeting—the task of determining who is eligible and
who is ineligible for humanitarian aid—is a major source of ineffi-
ciency in anti-poverty program administration [7]. Typically, aid
programs in developing countries make targeting decisions based
on survey-based measures of assets or consumption [9]. In many
developing countries, however, reliable data for targeting do not
exist and would be prohibitively expensive to collect [10]. Over
the past several years, a handful of studies have shown that non-
traditional “digital trace” data—behavioral indicators recorded in
everyday interactions with technology—are predictive of wealth
in developing contexts [e.g. 5, 11]. There is optimism in the ma-
chine learning and development communities that these data could
provide a quick and low-cost alternative to standard field-based
targeting methods [e.g. 3, 8].

This paper evaluates the extent to which digital trace data can
be used for program targeting. Specifically, we match mobile phone
transaction logs (call detail records, or CDR) to household survey
data from a World Bank-led impact evaluation of the Afghanistan
government’s Targeting the Ultra-Poor (TUP) program [1]. In the
TUP program, ultra-poor households are targeted for aid based on
the combination of a community wealth ranking and a measure of
multiple deprivation. We evaluate the accuracy of machine learning
methods leveraging CDR data in comparison to two standard target-
ing methods—asset-based wealth and consumption expenditure—
for differentiating the ultra-poor households deemed eligible for
the TUP intervention from ineligible non-ultra-poor households.

2 THE TUP PROGRAM

Our ground-truth survey data comes from the Targeting the Ultra-
Poor (TUP) program implemented by the government of Afghanistan
with support from the World Bank in 80 of the poorest villages of
Balkh Province, Afghanistan. The TUP program included a random-
ized controlled trial evaluating the impact of a “big push" program
for lifting the ultra-poor out of poverty with multi-faceted inter-
ventions [1]. TUP households were targeted for aid based on being
ultra-poor, defined by a community wealth ranking and a follow-
up verification to check that ultra-poor households met several
qualifying criteria relating to living conditions, education, marital
status, and other measures of vulnerability and deprivation. We
use survey data for both ultra-poor and non-ultra-poor households
from the baseline TUP survey conducted from November 2015 to
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April 2016, covering 2,899 households. We focus on three measures
of poverty recorded for each household: asset-based wealth (the
first principal component in variation in ownership for a number
of different assets), consumption expenditure, and the designation
of households as ultra-poor or non-ultra-poor.

We obtain informed consent from TUP households to match
their survey responses to their Call Detail Records (CDR). The
CDR are provided by one of Afghanistan’s largest cell providers;
537 households match between the TUP survey and our CDR for
November 2015 to April 2016. Unmatched households either do
not own a mobile phone (80% of households surveyed in the TUP
baseline report owning at least one phone), subscribe to a mobile
network operator other than the one for which we have CDR (our
operator’s market share is estimated at around 30%), or do not use
their phone in this 6-month time period.

The households in our sample participated in hundreds of thou-
sands of CDR transactions in these months, including phone calls,
SMS messages, and airtime top-ups. From these CDR, we compute
hundreds of behavioral indicators capturing aggregate aspects of
each individual’s mobile phone use, including features relating to
an individual’s overall behavior (for example, average call dura-
tion and percent initiated conversations), their network of contacts,
their spatial patterns based on cell tower locations, and their top-
up patterns. We then train machine learning methods to predict
whether or not a household is ultra-poor based on their patterns
of mobile phone use, and evaluate our methods out-of-sample via
cross validation.

3 OVERVIEW OF RESULTS

Our core analysis compares the ability of three different methods
to identify ultra-poor households: an asset-based wealth index; con-
sumption expenditure; and a new machine learning approach based
on features extracted from phone data. We evaluate targeting on
ultra-poverty headcount using standard targeting metrics including
accuracy, coverage, and leakage. To evaluate the trade-off between
inclusion errors and exclusion errors resulting from selecting al-
ternative targeting thresholds, we also evaluate methods based on
receiver operating characteristic (ROC) curve.

Our key finding is that in our sample of 537 phone-owning house-
holds in a set of poor villages in one province of Afghanistan, ma-
chine learning methods leveraging behavioral indicators computed
from CDR are approximately as accurate as standard asset- and
consumption-based methods for identifying ultra-poor households.
We also evaluate a simple ensemble learning method to combine
information on assets and consumption with CDR, and find that
this combined method performs better than targeting based on any
single data source.

To evaluate a CDR-based method for identifying the ultra-poor
under conditions of incomplete phone ownership, we generate a
sample with phone ownership reflective of the demographics of
phone ownership in the overall TUP sample by adding synthetic
households in proportion to the size of the non-phone-owning
ultra-poor and non-ultra-poor. We consider methods that use CDR-
based targeting for those with phones and classify the remaining
households as either all ultra-poor or all non-ultra-poor. We find
that classifying all non-phone-owning households as ultra-poor
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maintains a similar standard of accuracy to our original benchmark,
while classifying all non-phone-owning households as non-ultra-
poor yields significantly worse targeting outcomes.

4 POLICY IMPLICATIONS

These results extend past work on wealth estimation from mo-
bile phone data to suggest that CDR and other digital trace data
could be used in practice to target anti-poverty programs or other
development interventions. Moreover, recent reviews of standard
field-based poverty targeting schemes find that targeting is limited
by low-quality ground truth data on poverty across programs and
regions [6, 7]. CDR-based methods like the one presented here could
provide a lower-cost complement to standard targeting methods
without sacrificing accuracy, and could be particularly useful in
times of conflict or humanitarian crisis when field-based targeting
is infeasible [4].

Of the many limitations of this approach, we highlight three.
First, CDR-based targeting applies only to households that own a
mobile phone, so other options are required to reach households
without phones. Second, important ethical and privacy considera-
tions arise when personal data is used for any purpose, including
humanitarian ones [12]. Finally, we worry that basing benefits on
phone use may lead to strategic gaming, particularly if the algo-
rithm is made transparent for legal or ethical reasons [2]. Given
these limitations and our promising results on combining CDR
data with standard survey measures for increased classification
accuracy, CDR-based methods may be best deployed in conjunc-
tion with standard targeting methods so that survey-based data on
poverty is complemented by digital trace data.
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