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1 billion children live in poverty

Accurate and updated estimates of population demographics are vital in order 
to understand and respond to social and economic inequalities, and to achieve the SDGs
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Predicting poverty and wealth from
mobile phone metadata
Joshua Blumenstock,1* Gabriel Cadamuro,2 Robert On3

Accurate and timely estimates of population characteristics are a critical input to social
and economic research and policy. In industrialized economies, novel sources of data are
enabling new approaches to demographic profiling, but in developing countries, fewer
sources of big data exist.We show that an individual’s past history of mobile phone use can
be used to infer his or her socioeconomic status. Furthermore, we demonstrate that the
predicted attributes of millions of individuals can, in turn, accurately reconstruct the
distribution of wealth of an entire nation or to infer the asset distribution of microregions
composed of just a few households. In resource-constrained environments where censuses
and household surveys are rare, this approach creates an option for gathering localized
and timely information at a fraction of the cost of traditional methods.

R
eliable, quantitative data on the economic
characteristics of a country’s population are
essential for sound economic policy and
research. The geographic distribution of
poverty and wealth is used to make de-

cisions about resource allocation and provides
a foundation for the study of inequality and the
determinants of economic growth (1, 2). In devel-
oping countries, however, the scarcity of reliable
quantitative data represents a major challenge to
policy-makers and researchers. Inmuch of Africa,
for instance, national statistics on economic pro-
duction may be off by as much as 50% (3). Spa-
tially disaggregated data, which are necessary
for small-area statistics and which are used by
both the private and public sector, often do not
exist (4, 5).
In wealthy nations, novel sources of passively

collected data are enabling new approaches to
demographic modeling and measurement (6–8).
Data from social media and the “Internet of
Things,” for instance, have been used to measure

unemployment (9), electoral outcomes (10), and
economic development (8). Although most com-
parable sources of big data are scarce in the
world’s poorest nations, mobile phones are a no-
table exception: They are used by 3.4 billion
individualsworldwide and are becoming increas-
ingly ubiquitous in developing regions (11).
Hereweexaminetheextent towhichanonymized

data from mobile phone networks can be used to
predict the poverty and wealth of individual
subscribers, as well as to create high-resolution
maps of the geographic distribution of wealth.
That this may prove fruitful is motivated by the
fact that mobile phone data capture rich infor-
mation, not only on the frequency and timing of
communication events (12) but also reflecting
the intricate structure of an individual’s social
network (13, 14), patterns of travel and location
choice (15–17), and histories of consumption and
expenditure. Regionally aggregated measures of
phone penetration and use have also been shown
to correlate with regionally aggregated popula-
tion statistics from censuses and household sur-
veys (8, 18, 19).
Our approach is different from prior work that

has examined the relationbetween regionalwealth
and regional phone use, as we focus on under-
standing how the digital footprints of a single indi-
vidual can be used to accurately predict that same

individual’s socioeconomic characteristics. This
distinction is a scientific one, which also has sev-
eral important implications: First, it allows for
themethod to be used in contexts forwhich recent
census or household survey data are unavailable.
Second, when an authoritative source of data does
exist, it can be used tomore objectively validate or
refute the model’s predictions. This limits the
likelihood that themodel is overfit on data from
a single source, which is otherwise difficult to
control, even with careful cross-validation (20).
Third, our approach allows for a broad class of
potential applications that require inferences
about specific individuals instead of census tracts.
As we discuss in the supplementary materials
(section 6), future iterations of this approach could
help to improve the targeting of humanitarian
aid and social welfare, disseminate information
to vulnerable populations, and measure the ef-
fects of policy interventions.
For this study, we used an anonymized data-

base containing records of billions of interactions
on Rwanda’s largest mobile phone network and
supplemented this with follow-up phone surveys
of a geographically stratified random sample of
856 individual subscribers. Upon contacting and
surveying each of these individuals, we received
informed consent tomerge their survey responses
with the mobile phone transaction database. The
surveys solicited no personally identifying in-
formation but contained questions on asset owner-
ship, housing characteristics, and several other
basic welfare indicators. From these data, we
constructed a composite wealth index using the
first principal component of several survey re-
sponses related to wealth (21, 22) (supplemen-
tary materials section 1D). For each of the 856
respondents, we thus have ~75 survey responses,
as well as the historical records of thousands of
phone-based interactions such as calls and text
messages (Table 1).
We use the merged data from this sample of

856 phone survey respondents to show that a
mobile phone subscriber’s wealth can be pre-
dicted from his or her historical patterns of
phone use (Fig. 1A) (cross-validated correlation
coefficient r = 0.68). Our approach to modeling
combines feature engineering with feature selec-
tion by first transforming each person’s mobile
phone transaction logs into a large set of quan-
titative metrics and then winnowing out metrics
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Table 1. Summary statistics for primary data sets. Phone survey data were collected by the authors in Kigali, in collaboration with the Kigali Institute of
Science and Technology. Call detail records were collected by the primary mobile phone operator in Rwanda at the time of the phone survey. Demographic
and Health Survey (DHS) data were collected by the Rwandan National Institute of Statistics. N/A, not applicable.

Summary statistic Phone survey Call detail records
DHS

(2007)
DHS

(2010)

Number of unique individuals 856 1.5 million 7377 12,792
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Data collection period July 2009 May 2008–May 2009 Dec. 2007–Apr. 2008 Sept. 2010–Mar. 2011
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Number of questions in survey 75 N/A 1615 3396
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Primary geographic units 30 districts 30 districts 30 districts 30 districts
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Secondary geographic units 300 cell towers 300 cell towers 247 clusters 492 clusters
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .
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Combining satellite imagery and
machine learning to predict poverty
Neal Jean,1,2* Marshall Burke,3,4,5*† Michael Xie,1 W. Matthew Davis,4

David B. Lobell,3,4 Stefano Ermon1

Reliable data on economic livelihoods remain scarce in the developing world, hampering efforts
to study these outcomes and to design policies that improve them. Here we demonstrate an
accurate, inexpensive, and scalable method for estimating consumption expenditure and asset
wealth from high-resolution satellite imagery. Using survey and satellite data from five African
countries—Nigeria,Tanzania, Uganda, Malawi, and Rwanda—we show how a convolutional
neural network can be trained to identify image features that can explain up to 75% of the
variation in local-level economic outcomes. Our method, which requires only publicly available
data, could transform efforts to track and target poverty in developing countries. It also
demonstrates how powerful machine learning techniques can be applied in a setting with
limited training data, suggesting broad potential application across many scientific domains.

A
ccurate measurements of the economic
characteristics of populations critically
influence both research and policy. Such
measurements shape decisions by individ-
ual governments about how to allocate

scarce resources and provide the foundation
for global efforts to understand and track pro-
gress toward improving human livelihoods. Al-
though the quantity and quality of economic
data available in developing countries have im-
proved in recent years, data on key measures of
economic development are still lacking for much
of the developing world (1). This data gap is
hampering efforts to identify and understand
variation in these outcomes and to target inter-
vention effectively to areas of greatest need (2, 3).
Data gaps on the African continent are par-

ticularly constraining. According to World Bank
data, during the years 2000 to 2010, 39 of 59
African countries conducted fewer than two
surveys from which nationally representative
poverty measures could be constructed. Of these
countries, 14 conducted no such surveys during
this period (4) (Fig. 1A), and most of the data
from conducted surveys are not in the public
domain. Coverage is similarly limited for the Dem-
ographic and Health Surveys (DHS), the pri-
mary source for population-level health statistics
in most developing countries as well as for
internationally comparable data on household
assets—a common measure of wealth (Fig. 1B).
For the same 11-year period, 20 of the 59 coun-

tries had no DHS asset-based surveys taken, and
an additional 19 had only one. These short-
comings have prompted calls for a “data rev-
olution” to sharply scale up data collection efforts
within Africa and elsewhere (1). But closing these
data gaps with more frequent household surveys
is likely to be both prohibitively costly—perhaps
costing hundreds of billions of U.S. dollars to
measure every target of the United Nations Sus-
tainable Development Goals in every country over
a 15-year period (5)—and institutionally difficult,
as some governments see little benefit in having
their lackluster performance documented (2, 6).
Given the difficulties of scaling up traditional

data collection efforts, an alternative path to mea-
suring these outcomes might use novel sources of
passively collected data, such as data from social
media, mobile phone networks, or satellites. A
popular recent approach leverages satellite images
of luminosity at night (“nightlights”) to estimate
economic activity (7–10). While this particular
technique has shown promise in improving ex-
isting country-level economic production statistics
(7, 10), it appears less capable of distinguishing
differences in economic activity in areas with
populations living near and below the interna-
tional poverty line ($1.90 per capita per day). In
these impoverished areas, luminosity levels are
generally also very low and show little variation
(Fig. 1, C to F, and fig. S1), making nightlights
potentially less useful for studying and tracking
the livelihoods of the very poor. Other recent
approaches using mobile phone data to estimate
poverty (11, 12) show promise, but could be dif-
ficult to scale across countries given their re-
liance on disparate proprietary data sets.
Herewe demonstrate a novelmachine learning

approach for extracting socioeconomic data from
high-resolution daytime satellite imagery. We then
validate this approach in five African countries for
which recent georeferenced local-level data on

economic outcomes are available. In contrast to
existing methods, ours can produce fine-grained
poverty and wealth estimates using only data
available in the public domain.

Transfer learning

High-resolution satellite imagery is increasingly
available at the global scale and contains an
abundance of information about landscape fea-
tures that could be correlated with economic
activity. Unfortunately, such data are highly un-
structured and thus challenging to extract mean-
ingful insights from at scale, evenwith intensive
manual analysis. Recent applications of deep
learning techniques to large-scale image data
sets have led to marked improvements in funda-
mental computer vision tasks such as object de-
tection and classification, but these techniques
are generallymost effective in supervised learning
regimeswhere labeled training data are abundant
(13). In our setting, however, labeled data are scarce.
Even in the instances where detailed household
surveys do exist (Fig. 1, A andB), individual surveys
typically only contain information for hundreds
of locations, yielding data sets many orders of
magnitude smaller than those typically used in
deep learning applications. Thus, although deep
learningmodels such as convolutional neural net-
works could in principle be trained to directly
estimate economic outcomes from satellite imag-
ery, the scarcity of training data on these out-
comes makes the application of these techniques
challenging.
We overcome this challenge through a multi-

step “transfer learning” (14) approach (see sup-
plementary materials section 1), whereby a noisy
but easily obtained proxy for poverty is used to
train a deep learning model (15). The model is
then used to estimate either average household
expenditures or average household wealth at the
“cluster” level (roughly equivalent to villages in
rural areas or wards in urban areas), the lowest
level of geographic aggregation for which latitude
and longitude data are available in the public-
domain surveys that we use (see supplementary
materials 1.4). Household expenditures, where
available, are the standard basis from which na-
tional poverty statistics are calculated in poor
countries, and we use expenditure data from the
World Bank’s Living Standards Measurement
Study (LSMS) surveys. To measure wealth, we
use an asset index drawn from the DHS, com-
puted as the first principal component of survey
responses tomultiple questions about asset own-
ership. Although the asset index cannot be used
directly to construct benchmark measures of
poverty, asset-basedmeasures are thought to bet-
ter capturehouseholds’ longer-runeconomic status
(16, 17), with the added advantage that many of
the enumerated assets are directly observable to
the surveyor and therefore are measured with
relatively little error.
Toestimate theseoutcomes,our transfer learning

pipeline involves threemain steps. First, we start
with a convolutional neural network (CNN)model
thathasbeenpretrainedon ImageNet, a large image
classification data set that consists of labeled images
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Combining disparate data sources for improved
poverty prediction and mapping
Neeti Pokhriyala,1,2 and Damien Christophe Jacquesb,1
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More than 330 million people are still living in extreme poverty in
Africa. Timely, accurate, and spatially fine-grained baseline data
are essential to determining policy in favor of reducing poverty.
The potential of “Big Data” to estimate socioeconomic factors
in Africa has been proven. However, most current studies are
limited to using a single data source. We propose a computa-
tional framework to accurately predict the Global Multidimen-
sional Poverty Index (MPI) at a finest spatial granularity and cov-
erage of 552 communes in Senegal using environmental data
(related to food security, economic activity, and accessibility to
facilities) and call data records (capturing individualistic, spatial,
and temporal aspects of people). Our framework is based on
Gaussian Process regression, a Bayesian learning technique, pro-
viding uncertainty associated with predictions. We perform model
selection using elastic net regularization to prevent overfitting.
Our results empirically prove the superior accuracy when using
disparate data (Pearson correlation of 0.91). Our approach is used
to accurately predict important dimensions of poverty: health,
education, and standard of living (Pearson correlation of 0.84–
0.86). All predictions are validated using deprivations calculated
from census. Our approach can be used to generate poverty maps
frequently, and its diagnostic nature is, likely, to assist policy mak-
ers in designing better interventions for poverty eradication.

poverty mapping | Gaussian process | mobile phone | remote sensing

More than 330 million people are still living in extreme
poverty in Africa (1). Consequently, the goal to “eradicate

extreme poverty for all people everywhere by 2030” tops the list
of the 17 Sustainable Development Goals adopted by world lead-
ers at the United Nations summit in September 2015. The lack
of good-quality and fine-grained data to assess poverty regularly
features in discussions of the development agenda for Africa (2,
3). Timely measurement and availability of data are vital in end-
ing poverty.

Despite the nature of the strategies used to reduce poverty,
governments and development agencies need a baseline depic-
tion. Poverty maps provide such a spatial distribution of the
socioeconomic deprivations and help policy makers assess the
impact of interventions. For efficient targeting of policies at
microregions and specific demographics, poverty maps should
be made available at the finest administrative unit of planning.
Also, these values should be disaggregated into individual dimen-
sions of poverty, like deprivations in education, standard of liv-
ing, health, and so forth (4).

Currently, the most reliable way to estimate poverty is
through intensive socioeconomic household surveys. However,
this approach is costly and time consuming and can only be real-
istically carried out for a small sample of households. The extrap-
olation of the local poverty estimation to a larger scale is tra-
ditionally done by exploiting links between census (wide area)
and survey (smaller area coverage) data through small area esti-
mation methods (5, 6). These techniques depend on the timely
availability of census, which is typically collected every 10 y and
whose analysis is delayed for poorer economies by years, making
timely updates of poverty challenging.

Recently, there has been a growing interest in realizing the
potential of “Big Data” to understand societal development in
Africa. However, most current studies are limited to using sin-
gle source datasets, such as mobile phone data (7) or satellite
imagery (8). Since poverty is a complex phenomenon, under-
standing it using multiple lenses obtained from diverse datasets
will help to chart more accurate maps for poverty.

Several studies highlight that significant spatial variation of
poverty may be due to a variety of geographic factors, includ-
ing agrometeorological conditions, accessibility and proximity to
markets, access to land, and so forth (9, 10) (see Table S3). Earth
Observation Satellites collect data on metrics such as night-
time lights, vegetation cover, and meteorological conditions.
The unique features of such datasets are their global coverage,
high revisit capability, and free availability. A complementary
resource lies in Geographic Information Systems (GIS) analysis.
In particular, proximity to important services (schools, hospitals)
and density of infrastructure (such as roads) are all factors that
might contribute to alleviating poverty (11).

While satellite and GIS data are apt to observe and under-
stand the availability of and access to natural resources and
manmade structures, they lack information about population
structure, especially the socioeconomic ties, cultural interac-
tions, and micro- and macrobehavior that is essential to under-
standing poverty. One way to study societal interactions is pro-
vided by the widespread use of digital technologies (12). The
Internet is still finding ground in sub-Saharan Africa. However,
mobile phones are a prevalent technology, with adoption rates
of more than 70%, even with 43% of population living in abject
poverty (13). Such widespread use of mobile phones generates an

Significance

Spatially finest poverty maps are essential for improved diag-
nosis and policy planning, especially keeping in view the Sus-
tainable Development Goals. “Big Data” sources like call data
records and satellite imagery have shown promise in provid-
ing intercensal statistics. This study outlines a computational
framework to efficiently combine disparate data sources, like
environmental data, and mobile data, to provide more accu-
rate predictions of poverty and its individual dimensions for
finest spatial microregions in Senegal. These are validated
using the concurrent census data.
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binding pocket that would require a conforma-
tional change to accommodate ubiquitin (Fig.
4A). Because the b sheet of the Ubp8 fingers
region is in an open conformation even in the
absence of ubiquitin (Fig. 4A), it is possible that
interactions between Ubp8 and the other DUBm
subunits help to maintain a conformation that
favors ubiquitin binding. Interactions of the up-
per portion of the fingers domain with Sgf73
helix a2 and with Sus1 (Figs. 1A and 4C) form
extensive contacts that may favor the open con-
formation of Ubp8. Sgf73 may also play a gen-
eral role in stabilizing the conformation of the
Usp domain. Ubp8 forms the most extensive in-
terface with Sgf73, with a total area of 3075 Å2,
as compared with the other pairwise domain
interactions in the DUBm. Note that Sgf73 is
the “mortar” that holds together the two lobes of
the DUBm complex (Fig. 4C); it promotes in-
teractions between the two lobes and aligns
Sgf11 and Sus1, which also contact the Usp do-
main at the interface between the two lobes.
Although the structure of the Ubp8 Usp domain
on its own is not known, it is possible that these
extensive interactions with Sgf73 may also help
to stabilize the overall USP fold or to affect
protein dynamics in a way that favors the
catalytically competent structure.

The structure of the SAGA DUBm suggests
how this module interacts with its natural, in
vivo substrate, monoubiquitinated histone H2B
within a nucleosome. The electrostatic surface
potential of the DUBm (Fig. 4D) reveals a basic
region that could favor interactions with the
negatively charged DNA when the nucleosome
is positioned with ubiquitinated K123 of H2B in
the active site of Ubp8. This region of the DUBm
is positively charged because of the zinc finger
module of Sgf11, which contains four basic res-
idues (R78, R84, R91, and R95) (fig. S11) that
are conserved in ATXN7L3, the human homo-
log of Sgf11. Two additional C-terminal arginine
residues, R98 and R99, which are disordered in

the structure but are also conserved in the human
homolog, would further contribute to the strong
positive charge in this region. Figure S12 shows
a model for how a yeast nucleosome (31) mono-
ubiquitinated at K123 of H2B can dock on the
DUBm, with ubiquitin in the active site as seen
in the Ubal-bound structure (Fig. 1D). This ar-
rangement brings the basic patch on the DUBm
in close approach with the DNA, which favors
interactions with the sugar-phosphate backbone.
The interdependent structural and functional roles
of the four SAGA DUBm proteins in mediating
biochemical activity, substrate binding, and in-
corporation into the larger SAGA complex is
likely an example of how other subcomplexes
of SAGA, and other coactivator and corepressor
complexes, cooperate to regulate transcription.
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Network Diversity and
Economic Development
Nathan Eagle,1,2* Michael Macy,3,4 Rob Claxton1,5

Social networks form the backbone of social and economic life. Until recently, however, data
have not been available to study the social impact of a national network structure. To that end, we
combined the most complete record of a national communication network with national census
data on the socioeconomic well-being of communities. These data make possible a population-level
investigation of the relation between the structure of social networks and access to socioeconomic
opportunity. We find that the diversity of individuals’ relationships is strongly correlated with
the economic development of communities.

Theoretical work suggests that the structure
of social relations between individuals may
affect a community’s economic develop-

ment.More precisely, economic opportunities are

more likely to come from contacts outside a
tightly knit local friendship group. Hence, highly
clustered, or insular, social ties are predicted to
limit access to social and economic prospects

from outside the social group, whereas heteroge-
neous social ties may generate these opportu-
nities from a range of diverse contacts (1, 2). To
date, however, the correspondence between
network diversity and a population’s economic
well-being has not been quantified, largely be-
cause of the inability to obtain data that includes
measures of network structure and economic
development at the population level (3, 4). These
data limitations have constrained related research
to quantifying the effects of individual network-
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Can we use alternative data + methods 
to measure poverty?

Science (2010) 
Diversity of social network 
(careful crafting of features)

Science (2015) 
Throw ML at problem

Science (2016) 
Throw Deep Learning 
 at problem

🛰
☎

PNAS (2017) 
Combine datasets

🛰 +



We tried it…We have tested different approaches
across multiple contexts

🛰



We learned 3 things …



We learned 3 things …

1. Operationalizing models is hard



We learned 3 things …

1. Operationalizing models is hard 
2. Transferring models across countries is diff icult



We learned 3 things …

1. Operationalizing models is hard 
2. Transferring models across countries is diff icult 
3. Algorithmic bias disadvantages poorer communities

r  = ~0.82



What is the future of Big Data & AI for 
development?

We need broad collaborations between academia and international agencies

🤝

We need capacity in UN to absorb academic work and to 
understand limitations and caveats of AI models

🤖

Networks are vital!

Where is the talent?



Not everything that is important  
can be measured!

Different needs, experiences, and consequences
🚸 Child poverty is different from adult poverty

Children are invisible in household based measures
How to fix it? It should be measured for each individual child!

Poverty is not a single measure
Poverty is multidimensional and manifests in different ways for children 
(UNICEF is actively looking into this through a Data Collaborative with Uni. of Edinburgh)

🎒

⁉



Vedran Sekara 
Principal Researcher & Machine Learning Lead  
vsekara@unicef.org

Would you like to know more?

Check out our webpage 
https://www.unicef.org/innovation/magicbox

Or contact us on email

Viviana Canon 
Big Data Project Manager 
vcanon@unicef.org


