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Abstract

Machine Learning for the Developing World using Mobile Communication Metadata

by

Muhammad R. Khan

Doctor of Philosophy in Information Management and Systems

University of California, Berkeley

Professor Joshua Evan Blumenstock, Chair

Machine learning algorithms have started having an unprecedented impact on human society
due to their improved accuracy. The ability to collect and analyze information at a large
scale has enabled the researchers to develop novel algorithms that can beat the best of the
human experts in quite a few cases. The size of the data and the quality of the data has
been the primary factor behind the success of the machine learning algorithms. However,
when it comes to the data related to human behavior a digital divide still exists. An indirect
consequence of the popularity of the social networks and the proliferation of sensors in the
developed world is that the researchers in industry and academia have been able to fine tune
their findings and algorithms using these huge behavioral datasets providing accurate and
deep insights about human behavior in the developed world. However, the same is not true
about the developing world where until recently the surveys have been the primary way of
collecting information about individuals in the society.

Social networks and digital sensors have not been that common in the developing world
as compared to the developed world with one big exception, i.e., the mobile phones. More
than 95% of the world population today has mobile phone coverage and event in some of the
most under-developed places of the earth the penetration of mobile phones is much higher
as compared to other measures of human development like literacy or access to the financial
infrastructure. As a result, researchers have been using the meta-data collected by the mobile
phone companies in these developing countries as an alternative to the more conventional
data sources. However, the raw mobile phone data may not be very well suited for the
machine learning algorithms. In other words, there is a need for algorithms to convert the raw
mobile communication meta-data into features suited for the machine learning algorithms.
Developing novel ways to extract features from the mobile phone meta-data has been the
central question of my research.

In this dissertation, I am going to describe my work on extracting features from mobile
communication logs using techniques like Deterministic Finite Automata (DFA). I will also
show that how this approach outperforms other methods for problems like product adoption
and churn prediction. I further show that by using DFA based features and spectral anal-
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ysis of the multi-view nature of mobile communication networks, advanced neural network
training algorithms can be developed that beat the current state of the art methods for
the problems like poverty prediction and gender prediction. Last part of this dissertation
describes the value of communication networks data for research questions related to social
networks analysis like what are the salient differences between the behavioral patterns of
men and women in the developing world as exhibited in the communication networks data.
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Chapter 1

Introduction

”At the end of the day, some machine learning projects succeed and some
fail. What makes the difference? Easily the most important factor is the features
used. . . . . Often, the raw data is not in a form that is amenable to learning, but
you can construct features from it that are. This is typically where most of the
effort in a machine learning project goes”. (Domingos, 2012).

Over the last decade, machine learning has transformed human society. From health care to
object recognition, machine learning algorithms have started to outperform human experts
(Rajpurkar et al., 2017; He et al., 2015; Assael et al., 2016; Gatys et al., 2015; Gebru et al.,
2017; Kelly, 2017). However, most of the machine learning algorithms perform well in the
presence of huge structured datasets. As a result, one of the first problem that machine
learning researchers have to resolve is the availability of data. Though a sub-domain of
machine learning is emerging, that intends to design strategies and algorithms to handle
shortage of labeled training data but this sub-domain is still in the early stages of research.

The lack of comprehensive datasets for the analysis of human behavior is a much bigger
problem in developing countries than in developed countries. Thus, researchers have been
exploring non-conventional data sources in their research. One such non-conventional data
source is mobile phone communication meta-data (or Call Detail Records (CDR) data). CDR
datasets are a good alternative to traditional behavioral datasets in developing countries as
the penetration of mobile phones in developing countries is quite high. CDR datasets have
been used to model problems like poverty mapping (J. Blumenstock, Cadamuro, et al., 2015;
Smith-Clarke et al., 2014) and spread of diseases (Buckee et al., 2013), in developing world
with varying success. CDR datasets provide a good alternative to traditional data sources
in developing countries but these raw datasets have to be converted into useful metrics and
features to more accurately model the underlying machine learning problems.

Feature engineering, defined as “the process of converting raw data into a form that
can support accurate machine learning” is a critical phase of every data science project.
The focus of my research has been to show that the process of feature engineering can be
automated in a way that the human expert involvement is minimum without compromising
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on the accuracy of the results. This research has many different underlying questions: How
can one reduce the role of human experts in feature engineering? How can one make sure
that the generated feature set is comprehensive and highly predictive? How can the feature
generation process be made scalable? And last but not the least, how to make the extracted
features more interpretable for nontechnical audience? The success of a machine learning
project is heavily dependent on the quality of features used. Pedro Domingos (one of the
experts in the field) notes on feature engineering, “it is also one of the most interesting
parts where intuition, creativity and “black art” are as important as the technical stuff”
(Domingos, 2012). The automation of feature engineering process is one of the holy grails
of machine learning and even with all the progress made in the field of machine learning
the issues of feature representation, interpretation and scalability are open issues. Machine
learning researchers have focused mostly on developing or fine tuning learning algorithms,
but in many cases, data preprocessing and features learning ends up taking more time than
actual machine learning. All of this emphasizes the importance of feature engineering, and
automated methods of feature engineering would be helpful in almost all machine learning
projects. This is precisely the motivation of my research.
The main topics of research that I have described in this thesis are as follows:

• Semi-automated feature engineering:
This part of my study (Chapters 2, 3 and 4) corresponds to the automation of feature
design using techniques likes Deterministic Finite Automaton (DFA) (McCulloch and
Pitts, 1943). The semi-automatic nature of the process implies that some human
involvement is required, but such participation is minimal and does not go beyond
specifying the aggregate operations to summarize the raw data.
My research papers related to semi-automated feature engineering are as follows:

– Khan, Muhammad R. and Joshua E. Blumenstock (2016). “Predictors With-
out Borders: Behavioral Modeling of Product Adoption in Three Developing
Countries”. Proceedings of the 22Nd ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining. KDD ’16. San Francisco, California,
USA: ACM, 2016 (Chapter 2)

– Khan, Muhammad Raza, Joshua Manoj, et al. (2015). “Behavioral modeling for
churn prediction: Early indicators and accurate predictors of custom defection
and loyalty”. Big Data (BigData Congress), 2015 IEEE International Congress
on. IEEE. 2015, 677–680 (Chapter 4)

– Khan, Muhammad Raza and Joshua E Blumenstock (2016). “Machine Learning
Across Cultures: Modeling the Adoption of Financial Services for the Poor”.
Proceedings of the 2016 ICML Workshop on Data4Good: Machine Learning in
Social Good Applications. 2016 (Chapter 2)

– Khan, Muhammad R. and Joshua E. Blumenstock (2017). “Determinants of
Mobile Money Adoption in Pakistan”. 31st Annual Conference on Neural Infor-
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mation Processing Systems, Workshop on Machine Learning for the Developing
World. 2017 (Chapter 3)

• Unsupervised feature engineering:.
The second half of my research corresponds to unsupervised feature learning over CDR
data. Only recently, convolutional neural networks have been applied to the graph
structured data or the network data but most of the work in this area does not handle
the multi-view nature of the social networks.

As I describe in Chapter 5, my approach of merging multi-view networks over CDR
data outperforms many state of the art network embedding algorithms on problems
like product adoption, gender prediction and poverty level prediction. However, my
approach is not limited to the CDR data and as it is shown in Chapter 5, this approach
can be applied to other type of network datasets (e.g. citation network datasets) as
well.
My research on unsupervised feature engineering is described in the following paper:

– Khan, Muhammad R. and Joshua E. Blumenstock (2018b). “Multi-GCN: Graph
Convolutional Networks for Multi-View Networks with Applications to Global
Poverty”. Forthcoming in AAAI 2019. 2018 (Chapter 5)

• Social networks analysis using CDR data.
The CDR datasets that I have been using in my research on feature engineering can be
used for social network analysis as well. One interesting question that I have explored
is how the social networks of men and women as extracted from the CDR data differ
in developing countries. Chapter 6 describes my work on the differences between the
social networks of men and women in a developing country in detail.
My research papers related to social network analysis are as follows

– Reed, Philip J et al. (2016). “Observing gender dynamics and disparities with
mobile phone metadata”. Proceedings of the Eighth International Conference on
Information and Communication Technologies and Development. ACM. 2016, 48
(Chapter 6)

– Khan, Muhammad R. and Joshua E. Blumenstock (2018a). “Gender Disparity
Signals. Analyzing gender disparities with mobile phone metadata”. To be sub-
mitted to ICWSM 2019. 2018 (Chapter 6)

The remainder of this document is organized as follows: Chapter 2 describes the deter-
ministic finite automata (DFA) based approach for feature engineering and its application on
the problem of product adoption in three different developing countries. Chapter 3 attempts
a deeper analysis of the features generated by the DFA based approach to see how different
determinants play different roles across different sections of the society. Chapter 4 applies
features generated through DFA for modeling the churn of subscribers of a mobile phone
operator in a developing country.
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Chapter 5 incorporates latest trends of deep learning and spectral graph theory to develop
a novel method of merging multiple views of an underlying network and applying graph
convolution networks over the merged network.

Chapter 6 analyzes the gender disparities and dynamic using social network features
extracted from mobile phone metadata.



5

Chapter 2

Adoption of Mobile Money

Abstract

Billions of people around the world live without access to banks or other formal financial in-
stitutions. In the past several years, many mobile operators have launched “Mobile Money”
platforms that deliver basic financial services over the mobile phone network. While many
believe that these services can improve the lives of the poor, in many countries adoption of
Mobile Money still remains anemic. In this chapter, we develop a predictive model of Mobile
Money adoption that uses billions of mobile phone communications records to understand
the behavioral determinants of adoption. We describe a novel approach to feature engineer-
ing that uses a Deterministic Finite Automaton to construct thousands of behavioral metrics
of phone use from a concise set of recursive rules. These features provide the foundation
for a predictive model that is tested on mobile phone operators logs from Ghana, Pakistan,
and Zambia, three very different developing-country contexts. The results highlight the key
correlates of Mobile Money use in each country, as well as the potential for such methods
to predict and drive adoption. More generally, our analysis provides insight into the extent
to which homogenized supervised learning methods can generalize across geographic con-
texts. We find that without careful tuning, a model that performs very well in one country
frequently does not generalize to another1.

1The content presented in this chapter is based on joint work with Joshua Blumenstock originally pub-
lished in 2016. See (Muhammad R. Khan and Joshua E. Blumenstock, 2016) for more details
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Figure 2.1: Worldwide access to formal financial services constructed using data from the
Global Financial Inclusion Database Demirguc-Kunt et al., 2015. Study locations are iden-
tified by pins.

2.1 Introduction

The rapid penetration of mobile phones in developing countries is creating new opportuni-
ties to provide basic financial services to billions of individuals who have never before had
access to banks or other formal financial institutions (Figure 2.1). In particular, over the
last several years, mobile phone operators across the globe have launched “Mobile Money”
platforms, which make it possible for mobile phone subscribers to conduct basic financial
transactions from inexpensive feature phones. In several countries, these platforms have been
wildly successful: two thirds of all Kenyan adults are active subscribers on the dominant
Kenyan Mobile Money system Safaricom, 2014; in Bangladesh and Tanzania the correspond-
ing usage rates are 40% and 50% Chen and Rasmussen, 2014; Di Castri and Gidvani, 2014.
Globally, there are 255 live Mobile Money deployments in 89 countries, with an additional
102 planned deployments in the near future. With industry group GSMA estimating that 1
billion individuals currently own a phone but do not have a bank account Scharwatt et al.,
2014, this presents massive potential to provide useful services to poor customers.

However, outside of the countries mentioned above and a few others, worldwide adoption
of Mobile Money has been extremely anemic. The vast majority of deployments have strug-
gled to promote sustained product adoption, and an industry report from 2014 estimates
that 66% of registered customers were inactive Scharwatt et al., 2014. An open and impor-
tant question thus revolves around understanding what drives customers to adopt and use
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Figure 2.2: Geographic distribution of registered Mobile Money users in Ghana, Pakistan,
and Zambia. Cells are colored according to the fraction of Mobile Money users in each region

Mobile Money, and whether patterns observed in one country will generalize to another.
In this chapter, we use spatio-temporal transactions data on mobile phone activity to

model Mobile Money adoption in three developing countries. Our focus is on mining the
Call Detail Records (CDR) collected by mobile phone operators, which contain detailed
metadata on all events that transpire on the mobile phone network, including phone calls,
text messages, and Mobile Money transactions. For thousands of unique individuals in each
country, we can thus infer a wealth of information about the structure of their social net-
works, their daily movements about the country, patterns of communication, and several
other behaviors that we discuss in greater detail below. We also know whether each sub-
scribers eventually signs up for Mobile Money, and if so, whether he or she remains an active
user on the system. In the three countries we study - Ghana, Pakistan, and Zambia - each
Mobile Money platform is owned and operated by a separate, independent mobile phone op-
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erator, and the subscriber population in each country has very different social and economic
characteristics.

There are three substantive and one methodological contributions of this study. Substan-
tively, we (1) develop a richer understanding of what drives the adoption of Mobile Money,
by mining several large databases of transactions data; (2) construct a supervised learner
that can predict, to varying degrees of accuracy depending on the prediction task and coun-
try context, the likelihood than an individual subscriber will use Mobile Money; and (3)
explore the possibility that transfer learning could be used to train models in one country
or context and apply them in another. To our knowledge, this is the first study to train and
evaluate models of product adoption in three very different contexts. Since Mobile Money
adoption is notoriously idiosyncratic, we hope this “cross-cultural” comparison can provide
insight into the generalizability of our results, and increase their broader relevance to the
policy and business communities working in developing countries.

Methodologically, we develop a novel framework for extracting behavioral metrics from
transaction logs, which produces interpretable features that can provide the input data into
standard supervised learning algorithms. This framework extends previous efforts described
in J. Blumenstock, Cadamuro, et al., 2015, which used a simplified approach to predict
poverty and wealth from mobile phone data. The core of this approach is formalized as a
Deterministic Finite Automaton, which provides a structured, recursive grammar that relies
on relatively few degrees of freedom to generate a comprehensive and interpretable set of
“dense” features from sparse log data. This approach is sufficiently generalizable that we
hope it can be further extended to a much broader range of contexts where researchers and
data scientists wish to extract interpretable knowledge from transaction log data.

Related Work

Our work builds on several distinct strands in the academic literature. The first is concerned
with understanding the determinants of mobile money adoption. This literature has histor-
ically been the domain of development researchers, and includes both macroeconomic and
ethnographic work. The macro-scale work is concerned with the national and regulatory
forces that can promote and hinder the spread of mobile money, such as interoperability
regulations, barriers to customer registration, and the need for a robust network of mo-
bile money agents Mas and Radcliffe, 2011; Dermish et al., 2011; Donovan, 2012. The
ethnographic work has focused primarily on qualitative studies of how mobile money can
be integrated into the daily lives of the poor Morawczynski, 2009; Medhi et al., 2009; Etim,
2014.2

A second strand of literature seeks to derive general insights from patterns revealed in
mobile phone transactions logs. This encompasses a wide array of applications, including

2A closely related body of work explores the welfare consequences of the spread of Mobile Money Aker
et al., 2014; Jack and Suri, 2014; Joshua E Blumenstock, Callen, et al., 2015; Joshua E Blumenstock, Eagle,
et al., 2016, though relatively few studies provide rigorous evidence that mobile money has a positive impact
on the lives of the poor.
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Country Ghana Pakistan Zambia

Panel A: National statistics (Source: World Bank)

Population 25.90 Million 185.00 Million 15.72 Million

Percent with bank accounts 40.51 13.02 45.64

GDP per capita (PPP adjusted) $4081.70 $4811.4 $3904.00

Mobile phone subscriptions (per 100 people) 115 73 67

Mobile phone operators 6 6 3

Panel B: Mobile phone use (Source: Call Detail Records)

Calls per subscriber per day 6.53 (6.99) 7.76 (10.25) 10.26 (102.86)

SMS per subscriber per day 3.10 (100.36) 38.71 (80.83) 10.88 (262.81)

Number of unique contacts 21.66 (24.91) 46.93 (139.67) 17.63 (328.63)

Number of unique Towers 12.98 (16.07) 24.15 (57.30) 7.35 (17.56)

Notes: Standard deviations reported in parenthesis.

Table 2.1: Summary statistics by country: national indicators and sample CDR
metrics

predicting the socioeconomic status J. Blumenstock, Cadamuro, et al., 2015, gender V. Frias-
Martinez, E. Frias-Martinez, et al., 2010b, and age Y. Dong et al., 2014 of individual mobile
phone subscribers. These studies illustrate the rich signal latent in mobile operator data,
which reflects social phenomena including the structure of social networks, patterns of mo-
bility and migration, diurnal rhythms of daily activity, and expenditures on communication
and airtime.

A third area of prior work, and the one most relevant to our study, contains several papers
that use transactions data from mobile operators to study product adoption.3 For instance,
Khan et al. Muhammad Raza Khan, Manoj, et al., 2015 use billing data to predict customer
churn in an Afghan telecom, using a brute-force approach to feature generation. Sundsoy
et al. Sundsøy et al., 2014 construct 350 features from call detail records and compare the
performance of basic machine learning algorithms to that of a marketing department in pre-
dicting uptake of data plans. Finally, an industry report by CGAP compares the relative
influence of different types of mobile phone metrics on the adoption of Mobile Money in
Africa, using 180 metrics derived from call data CGAP, 2013. Relative to these studies,
our study moves this literature forward by (a) innovating in the method used to generate
features, thereby providing a systematic and comprehensive approach to feature engineer-
ing; (b) leveraging data from three different contexts to calibrate the external validity and
generalizability of our results; and (c) carefully articulating the experimental protocols and
algorithms in a way that will enable other researchers to replicate and extend these methods.

3A much broader literature, which we do not review here, studies the role of social networks in the
adoption of new technologies Ugander et al., 2012; Leskovec et al., 2007.
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2.2 Data and Context

For this study, we worked in collaboration with three mobile phone operators in Ghana,
Pakistan, and Zambia. All three countries rank in the bottom third of the Human Develop-
ment Index, a metric developed by the United Nations to capture a broad range of welfare
outcomes such as income, education, inequality, and life expectancy. As can be seen in Fig-
ure 2.1, penetration of financial services is very low in each country. Geographic patterns of
Mobile Money adoption also vary greatly within each country, as shown in Figure 2.2. Ad-
ditional information on each country is provided in Table 2.1. Of course, these country-level
statistics mask enormous diversity between and within nations in social and demographic
characteristics, religious and political attitudes, and general ways of living.

From each mobile phone operator, we obtained the anonymized Call Detail Records
(CDR) and Mobile Money Transaction Records (MMTR) of every subscriber on the network.
The CDR and MMTR contain basic metadata on every event that occurs on the mobile phone
network, including phone calls, text messages, and any form of Mobile Money activity. CDR
typically consists of tuples containing {callerID, recipientID, date, time, duration,

callerLocation}, where the two ID’s are anonymized phone numbers, the date and time
indicate when the event transpired, the duration of the call is recorded in seconds, and the
location field indicates the cellular tower through which the call was routed, which can be
used to pinpoint the approximate location of the individual at the time of the call.4 For the
mobile money platforms we study, the MMTR contain similar metadata for basic financial
transactions, such as deposits, withdrawals, purchases, balance checks, and so forth.

Figure 2.3: Training and evaluation periods

4In practice, the cell tower is accurate within several hundred meters in urban areas, and tens of kilometers
in rural regions. We do not observe the contents of text messages. CDR are only generated when an individual
initiates a transaction on the network, so we do not observe, for instance, the individual’s location when she
is not using her phone.
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In total, the original data contains billions of transactions conducted by tens of millions
of unique individuals. Each dataset spans several months of activity, which we divide into a
“training” period and an “evaluation” period. CDR from a 10-day training period was used
to engineer features and fit a predictive model, where the target variables (based on Mobile
Money activity) were measured in a subsequent 3-month evaluation period. The timing of
these periods is depicted in Figure 2.3.5

Using data from the evaluation period, each subscriber in each sample was labelled as
either a “Voice Only” User or a “Registered Mobile Money” user, where Registered Mobile
Money users could also be labelled as “Active Mobile Money” users according to the following
criteria:

• Voice Only Users: If the user did not make any Mobile Money transactions during
the evaluation period.

• Registered Mobile Money User: If the user made one or more Mobile Money
transactions during the evaluation period.

• Active Mobile Money User: If the user made at least one Mobile Money transaction
in each month of the evaluation period. Note that all Active Mobile Money users are
also Registered Mobile Money Users.

2.3 Feature Engineering with Deterministic Finite

Automata

Approach

As highlighted in the introduction, the CDR contain a wealth of latent information about
how people communicate, with whom they interact, the locations they visit, and many other
social and behavioral characteristics. Our eventual goal is to leverage this information to
better understand why people use Mobile Money, and to develop a predictive model of Mobile
Money adoption. However, the raw CDR are not natural inputs to most machine learning
algorithms, and interpretable metrics must first be derived from the CDR before inferences
can be made.

In the prior literature, the vast majority of studies take a rather ad hoc approach to
constructing interpretable metrics (“features”) from the phone data. The most common
approach is to hand-craft a small number of features that correspond to some intuition of the
researcher. For instance, Y. Dong et al., 2014 focus on 5 topological properties of the static
social network; Gutierrez et al., 2013 use two metrics that quantify airtime purchases; and V.
Frias-Martinez, Virseda, et al., 2012 construct 6 measures of physical mobility. Even the more
ambitious approaches, such as Sundsøy et al., 2014 and CGAP, 2013, which respectively use

5Our intent was to exactly align the training and evaluation periods across countries, but implementation
constraints made this impossible.
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Figure 2.4: Deterministic Finite Automaton

350 and 180 CDR-based metrics, employ a large number of idiosyncratic rules to determine
which features should be considered by the learning algorithm. These approaches have the
advantage of producing metrics that are convenient to interpret, but they may systematically
overlook non-intuitive features, mis-attribute relationships (if, for instance, feature A is
weakly correlated with the target variable only because an omitted feature B is strongly
correlated with both A and the target variable), or fail to maximize the predictive power of
a classifier that would perform better with a more comprehensive set of features.

Our approach is different. We develop a method for feature engineering from transac-
tional data that is designed to construct a large and comprehensive set of features from
a small number of recursive operations. While the application is to CDR, we believe this
method could be used to engineer features from a more diverse class of data including IP
logs, social media data, and financial transaction records.

Deterministic Finite Automaton

We employ a deterministic finite automaton (DFA), a model of computation from automata
theory also referred to as a deterministic finite state machine, to formalize the feature gener-
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Figure 2.5: Tree-based feature classification

ation process McCulloch and Pitts, 1943. DFA’s are typically used in more formal settings
to determine whether an expression can be computed, to design circuits, or to operate simple
devices. In the abstract, however, DFA’s simply define a sequence of legal operations. We
appropriate this concept to specify a set of legal operations that can be recursively applied
to raw transactional data in order to produce valid features.

Example

As an example, say we are interested in constructing a feature for each individual i that
corresponds to, “the variance in the average duration of outgoing calls made by i on different
days of the week.” We allow for the construction of this feature through the following set of
recursive rules:

1. filter outgoing calls

2. filter transactions initiated by i
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3. group by day of week

4. focus on call duration

5. aggregate by average (duration per day of week)

6. aggregate using variance (over average daily durations)

By using different filter criteria (or difference group-by and aggregation operations), by
adding and removing rules, or by applying the rules in a different order, we produce different
features. It is important to note, however, that not all combinations of operations are valid.
For instance, it does not make sense to take the variance of a categorical variable (such as
recipientID), nor does it make sense to group by day of week if a day of week filter has
already been applied. The power of the DFA is that it allows us to formalize the set of valid
features using a relatively parsimonious specification.

Formalization

The DFA we use to generate features from CDR is shown in Figure 2.4. In the figure,
each circle represents a state, and for convenience we note the data structure expected for
each state inside the circle. Valid features are constructed through traversals of the state
machine, which start at the start state (q0) and end at the end state (q3) and follow only legal
transitions between states (denoted by arrows). For instance, the feature described above
would begin with the full CDR in q0, filter outgoing calls and return to q0, map (group by)
“ego” i and proceed to q1, map by day of week to q4, select duration and proceed to q5,
reduce (aggregate) by average - this produces average call duration for each day of week for
each i - and proceed to q2, aggregate by variance and exit at q3.

Formally, the DFA is specified by:

• Legal states: Q = {q0,q1,q2,q3,q4,q5,q6,q7}
• Start State: q0 ∈ Q

• End State: q3 ∈ Q

• Alphabet: Σ = {CDRs, Ego-CDRs, Ego-f-CDRs, Ego-Values, Ego-value}
• Transition Functions (δ : Q × Σ → Q): filter, map, select, reduce. The set

of legal transitions is described in greater detail in Appendix 2.3

In total, there are several thousand valid traversals of the DFA, each of which produces a
different feature. Together, the resulting set of features covers almost all of the hand-crafted
metrics used in prior work, as well as many, many more.

An additional advantage of the DFA is that it can be efficiently and elegantly imple-
mented.

Feature classification and tree structure

The DFA is a convenient abstraction for generating a very large number of features from a
small set of rules. To interpret the set of features produced by the DFA, we label each gener-
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ated feature with interpretable tags. These tags are determined by the path taken through
the automaton, and indicate whether each feature captures information on, for example,
incoming vs. outgoing communications, calls vs. text messages, variance vs. volume, and
so on. Specifically, we map each feature onto the tree structure shown in Figure 2.5, which
is designed to encapsulate the substantive behavior captured by each feature. Each level of
the tree corresponds to a different partition of the feature space:

1. Actor: Whether the feature relates to activity of the individual i (the “ego”), or the
activity of i’s first degree network of connections (the “alters”). We separately look at
i’s full set of alters, the set who have previously used Mobile Money, and the set that
have never used Mobile Money. A simple aggregation operation (such as mean or SD)
is applied to the alter network to produce a feature for i.

2. Type: Whether the feature relates to phone calls or text messages (SMS).

3. Direction: Whether the feature relates to incoming (e.g., call received) or outgoing
(e.g., call placed) activity.

4. Behavior: Whether the feature relates to movement (e.g., number of unique cell tow-
ers used), network structure (e.g., number of unique contacts in network), phone usage
(e.g., number of calls made), or Diversity (e.g., geographic spread of social network).
This tag is determined by the data type of the field over which aggregated is performed
(e.g., continuous vs. discrete data) and the actual statistical function used in ag-
gregation (count, unique, min, max, mean, median, SD, variance, radius of

gyration)

Figure 2.5 is simplified to show only a single expansion along the ego-voice-incoming
path. In practice, all nodes on a given level can be expanded analagously to the path shown
in Figure 2.5. For instance, the example feature described in Section 2.3 would be a leaf on
the branch of ego-voice-outgoing-usage.

2.4 Models and Methods

The DFA-based process of feature engineering described above generates thousands of fea-
tures that quantify patterns of mobile phone use. Armed with these features, our goals are
to (a) use these features to understand the determinants of Mobile Money use, (b) build a
predictive model that can be used to identify likely adopters, and (c) determine the extent
to which models and features from one context can generalize to another.

Experimental Design

To facilitate our supervised learning experiments, we drew a stratified random sample of
10,000 subscribers from each of the three categories (Voice Only, Registered Mobile Money,
Active Mobile Money) from each country. We elected to draw a balanced sample since, as
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Algorithm 1: Feature Generation Algorithm

Data: cdr,Call Detail Records of all users
Data: opmap,Dictionary of possible operations
cdrtypes← [Voice, SMS, Voice and SMS]
direction← [In, Out , In plus Out]
featuresArray ← []

Result: Features

Step 1: Perform reduce by grouping only on ego

foreach type, dir1 in cdrtypes,direction do
filteredCDR← cdr.filter(type,dir1)
foreach field in cdr do

groupeddata← filteredCDR.map([ego]+[combinations(field]))
foreach op in opmap[field] do

reduceddata← groupeddata.reduce(op) insert reduceddata in
featuresArray
reducedata2← reduceddata.map(ego,alters).reduce(op) insert
reduceddata2 in featuresArray

end

end

end

can be seen in Figure 2.6, the vast majority of subscribers in each country fall into the “Voice
Only” category.6

Classification and Model Selection

We then use a variety of supervised learning algorithms to tackle two classification tasks.
First, we seek to differentiate between Voice Only subscribers and Registered Mobile Money
Users (one or more Mobile Money transactions); second, we attempt to differentiate between
Voice Only and Active Mobile Money users (at least one transaction per month). In all cases,
we report the average accuracy across testing sets from 10-fold cross validation.

Since our data has a large number of features relative to observations, we focus on learners
that are robust to overfitting, such as regularized and elastic net logistic regression Zou and
Hastie, 2005, gradient boosting Friedman, 2001, and Extremely Randomized Trees Geurts

6To protect the commercial interests of the operators, we show only the fraction of users of each type,
rather than the raw numbers, which are in the millions.
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Figure 2.6: Distribution of user types by country

Figure 2.7: Distribution of calls per subscriber, Ghana

et al., 2006. Performance was comparable across these classifiers, although as expected
these methods generally performed better than unregularized alternatives. To streamline the
analysis that follows, we report only the results from gradient boosting, which outperformed
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the other classifiers by a small margin.

Figure 2.8: Distribution of AUC values for each feature category. Top figure shows all
features in Ghana; Bottom figure shows the subset of features in Ghana where Actor=‘Voice
Alters’ and Type=‘All’



CHAPTER 2. ADOPTION OF MOBILE MONEY 19

Figure 2.9: Normalized feature importance for Ghana

Figure 2.10: Normalized feature importance for Pakistan



CHAPTER 2. ADOPTION OF MOBILE MONEY 20

Figure 2.11: Normalized feature importance for Zambia

Feature selection and importance

To understand which CDR-based features are related to Mobile Money use, we calculate two
metrics:

1. (Unconditional) AUC: We run a (cross-validated) bivariate logistic regression of the
response variable (one of the above definitions of Mobile Money use) on each feature
separately. The provides an indication of the unconditional correlation between each
feature and the response variable.

2. (Conditional) Normalized feature importance: We calculate the importance of
each feature to the final gradient boosting classifier. As we are primarily interested in
the relative importance, the set of feature importances is standardized to be comparable
across countries and classification tasks. Following Friedman, 2001, we denote the
relative influence of feature xj in tree T as

Î2j (T ) =
J−1∑
t=1

î2t1(vt = j)

where î2 is the improvement in (squared) error achieved by splitting feature vt at node
t, summed over all non-terminal nodes J ∈ T . In a collection of gradient-boosted trees,
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the average feature importance Īj is the arithmetic mean of Î2j (T ) across all trees, and
the normalized feature importance is the z-score obtained by subtracting the mean (of
all Īj) and dividing by the standard deviation (of all Īj) for each Īj.

2.5 Results

Determinants of Mobile Money Adoption

The DFA described in Section 2.3 produces roughly 3,000 unique features. As one example,
Figure 2.7 shows the distribution of total calls made per subscriber in Ghana, for each of
the three subscriber types. There are clear differences between the three user types in this
distribution, with Voice Only users making the fewest calls, Registered Mobile Money users
concentrated in the range from 100-300 calls (in the 10-day training period), and Active
Mobile Money users more evenly distributed across the full range from 100-700 calls.

The distribution of unconditional AUC values for each of the 3,000 features is shown in
Figure 2.8 (left panel), using Ghana as a test case. To construct this figure, we use the feature
classification schema from Figure 2.5 to label each feature with four tags corresponding to
the Actor, Type, Direction, and Behavior of the feature. Each violin plot then shows the
distribution of AUC values for all features of a given type - such as all “ego” features, or
all “movement” features. The left (blue) half of each violin plot indicates the distribution
of AUC values for features when discriminating between Voice Only and Registered Mobile
Money; the right (red) half shows the distribution when discriminating between Voice Only
and Active Mobile Money.

While a large number of features have AUC values near 0.5, indicating they contain
little information about the distinction between Voice Only and Mobile Money users, several
noteworthy patterns emerge. First, when feature types are defined by the coarse classification
tree in Figure 2.5, no single type dominates; rather, most types of features have a large
number of uninformative features and a small number of highly predictive features with
AUC≥0.75. At the same time, feature classes do matter. The right panel of Figure 2.5
shows the distribution of AUC values for the subset of features where Actor=“Voice Alters”
and Type=“All”, a subset that are generally more predictive of Mobile Money use in Ghana.
Here, the range of AUC values is significantly higher than in the full set of features, and some
sub-classes such as “Network” have uniformly high predictive power.7 Finally, the usefulness
of each class of features depends on whether the goal is to identify Registered or Active
Mobile Money users. For instance, the “MM Alter” features, which capture information
about the characteristics of i’s network who have previously adopted Mobile Money, are
bimodally distributed and on average more useful in predicting Registered users than Active

7This particular class, where Actor=“Voice Alters,” Type=“All,” and Behavior=“Network”, corresponds
to information about the network structure of i’s network; in other words, 2nd degree properties of i’s
network.
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users. However, that same class contains a small number of features that are extremely good
predictors of Active Mobile Money use.

A similar approach is taken to construct Figures Figures 2.9, 2.10 and 2.11, except here
we show the distribution of normalized feature importance values obtained through gradient
boosting. The difference between the values in Figure 2.9 and Figure 2.8 is that the former
are conditional on all features present in the final classification model, which includes several
hundred features, whereas the latter are unconditional, i.e., they indicate performance in a
univariate model with no other features. As in the unconditional ranking, each class of
features in the conditional ranking contains a mass of features with low predictive power,
but closer inspection reveals interpretable patterns.

Perhaps most striking in Figures 2.9, 2.10 and 2.11 are the differences between countries
in the relative importance of each class of features. For instance, we see that in Ghana and
Pakistan the “Network” features are in general more important to the classification model
than the other types of Behavior, whereas in Zambia “Diversity” is most important. Zambia
is also unique in the higher importance placed on voice calls relative to SMS activity, and in
the fact that more signal exists in incoming calls than in outgoing calls. As we discuss below,
these cross-country differences imply that models trained in one context may not generalize
well to others.

Figure 2.12: Accuracy in identifying Mobile Money users within each country, using gradient
boosting
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Predicting Mobile Money Use

As discussed in Section 2.4, we test the ability of several supervised classification models
to discriminate between Voice Only and Mobile Money users, using the CDR-based fea-
tures constructed from the DFA. Cross-validated results from gradient boosting are reported
separately for each country in Figure 2.12. The best-performing models included several
hundred features, but in practice there was little difference in performance between models
in the range of 50-1000 features. We also include results from a baseline classifier, which
uses the same model trained on a single “intuitive” feature – the total number of outgoing
calls made by the subscriber, which is the feature shown in Figure 2.7.

In each country, the DFA-based classifier significantly outperforms the naive baseline,
and in all countries, we achieve marginally better success in identifying Active Mobile Money
users than Registered Mobile Money users. Across countries, however, there is a great degree
of variability in classifier performance, with classification accuracy between 71% and 78% in
Ghana and Zambia, but only 58%-59% in Pakistan. We discuss several possible explanations
for these results in Section 2.6.

“Transfer Learning”

In the proceeding analysis, we have been careful to standardize the methods and analysis
performed across all three countries. In each instance, we use the exact same source data,
DFA specification, classification algorithm, experimental sample size, and so forth. In some
cases, this meant that we knowingly discarded data that might have improved the perfor-
mance of the classifier in a single country. For example, in some countries we had several
months of CDR that could be used for training, additional fields in the CDR metadata,
or much larger samples of Mobile Money users available for training and cross-validation.
However, our approach reduced everything to the lowest common denominator in order to
maintain comparability across contexts.

A key advantage of this approach is that it makes it possible to answer a question that
has been elusive in prior studies of the adoption of new technologies in developing countries:
Do the behavioral determinants of adoption identified in one context generalize to another?
Based on the analysis we have performed, our short answer to this question appears to be,
“No.”

Figure 2.13 shows the performance of a classifier trained in one country and evaluated in
another. Thus, the first set of six bars shows that the classifiers trained in Ghana perform
well in Ghana (the first two grey bars), essentially replicating the results in Figure 2.12.
However, that same Ghana model does quite poorly when it is evaluated in Zambia (the
next two blue bars) and Pakistan (the final two green bars). While it is almost certain that
a more sophisticated approach to transductive transfer learning would perform better Pan
et al., 2011, the naive application of a model out of context is quite ineffective. We return
to these ideas in the discussion that follows.
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Figure 2.13: Accuracy when model is trained in one country and evaluated in another

2.6 Interpretation and Discussion

Taken in the broader context of research into the determinants of Mobile Money adoption
and use, the preceding results uncover several unexpected patterns. Superficially, it is not
surprising that CDR-based metrics can be used to construct classifiers that predict Mobile
Money use, though to our knowledge this is the first study to publish performance metrics
that can serve as benchmarks in future work in this area. However, in our analysis we
were surprised to find that in a given country, the supervised model was only marginally
better able to identify Active Mobile Money users (who make at least one transaction per
month) than Registered Mobile Money users (who make at least one transaction ever). By
contrast, our expectation was that active users, who are quite rare in all three countries,
would have distinct patterns of phone use that would make them easier to detect. Since
most policymakers agree that true financial inclusion requires active use, this remains an
open topic for future work.

Also interesting are the differences in performance of the same modeling approach applied
in different contexts (Figure 2.12). Most striking here is the relatively poor performance in
Pakistan, where the 18% improvement over the baseline is dwarfed by the 55% improvement
over the baseline achieved in Ghana.8 At face value, this finding implies that Mobile Money

8This result is also unexpected, given the evidence in Figures 2.9, 2.10 and 2.11, which indicates that
Ghana and Pakistan have very similar profiles in terms of relative feature importance. If anything, this figure
might lead one to suspect that Zambia would be an outlier in the analysis, since Zambia’s feature profile is
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users in Pakistan are very similar to non-Mobile Money users, or at least that the two groups
have similar patterns of mobile phone user. However, looking more carefully at the data, we
believe this may also in part be an artifact of the “one size fits all” approach we have taken
to standardizing definitions and methods across countries. In particular, there is one type of
Mobile Money transaction that is extremely common in Pakistan, which allows a subscriber
to add prepaid phone credit to her phone account using Mobile Money. Anecdotally, it is
common practice in Pakistan for the retailers of phone credit to perform this Mobile Money
transaction on behalf of the subscriber. Thus, a subscriber might appear to be using Mobile
Money, though in practice she was not responsible for the transaction. This potential source
of bias highlights the brittle nature of the cross-country analysis, which in its current form
does not allow for country-specific adaptation.

Perhaps most importantly, our results suggest that across different countries and cultures
in developing world, no single set of behavioral features is likely to consistently predict Mobile
Money adoption and use. This is most clearly evident in Figure 2.13, which shows that a
classifier trained in one country performs very poorly when tested in another country. But
the same conclusion may also be drawn from Figures 2.9, 2.10 and 2.11, where we see that
the same model, when trained in different countries, selects different features and attaches
different weights to to those selected features. In results not shown, we further inspect the list
of top-ranked features for each country, using both (unconditional) AUC and (conditional)
normalized feature importance, and note very few features that appear consistently across
countries. However, even though there may not be a “golden” list of features that always
predict Mobile Money use, we are optimistic that more generalized insights can be extracted
from one context and applied in another. In ongoing work, we are exploring methods for
transfer learning that may strike this balance.

More concretely, over the past several months our partner in Ghana has been using the
methods we describe to generate “Adoption Scores” that indicate the likelihood that any
given mobile subscriber will adopt and use Mobile Money. They recently reported that
when using these scores to target promotions, response rates were roughly 30% higher than
promotions targeted with traditional methods. Such estimates are notoriously unreliable
and subject to many possible sources of bias, but their optimism provides an indication of
the potential for this line of research. At the same time, it should be noted that if the
end goal is to increase financial inclusion of the poor, further methodological innovation is
needed beyond what identifies the “low hanging fruit” subscribers whose behavior indicates
that they are likely to adopt of their own volition.

2.7 Conclusion

In this chapter, we present a new approach to feature engineering that uses deterministic
finite automata to construct a very large number of features from a concise set of rules. In
applying this technique to mobile phone data from Ghana, Pakistan, and Zambia, we show

distinct from the other two countries.
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that the resultant metrics correlate with, and can be used to predict, both active and passive
Mobile Money use in three very different contexts. In so doing, we discover several previously
undocumented patterns related to the adoption and use of Mobile Money. Superficially, the
analysis makes it possible to highlight specific correlates of Mobile Money use, such as the
relative importance of network structure in Ghana and Pakistan, and the relative importance
of geographic diversity in Zambia. More fundamentally, the results provide insight into the
extent to which standard predictive models can generalize across contexts. Here, it is clear
that each population has a unique signature in terms of what metrics are good predictors
of adoption, and as a result, models trained in one location do not perform well in another.
Retraining the model helps, but does not solve, the underlying issue. Despite the fact that
the data structures, experimental design, and Mobile Money products are nearly identical
in the three countries, the performance of each country-specific model varies greatly.
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Chapter 3

Determinants of Mobile Money
Adoption

Abstract

A better understanding of the consumer behavior when it comes to adopting a new product is
a key research problem for researchers working in the social sciences and behavioral economics
domain. However, this problem is quite complex in nature. Part of the complexity is due
to the fact that comprehensive data about the consumer performances may not be available
while part of it is due to the lack of models that can accurately analyze the behavior of
individuals. The promotion of products in developing countries is even more complex as
the socio-economic disparity, social and traditional norms towards different genders may
all play a role in determining the behavior of individuals. In this work, we analyze the
problem of adoption of mobile money or digital financial services in Pakistan. We use
the Call Detail Records of a major mobile communication company as our input and the
social demographics data to see that how the trends of adoption of mobile money vary
across different demographics. Our results show that machine learning and social network
analysis can help in better understanding of the individuals’ propensity to adopt mobile
money services. At the same time, our results highlight the fact that different sections of the
society have different determinants of adoption of digital financial services. More generally,
the knowledge of determinants of mobile money adoption in developing countries can help
the development agencies to align their marketing and user engagement schemes in a better
way, hence resulting in improved financial inclusion. Our findings show that for most of the
sections of the Pakistani society, the user mobility related features are the most important
one when it comes to adopting and using mobile money services. Though our current findings
are based on the data in Pakistan but our models and frameworks are generic and can be
easily applied to other countries as well1.

1This chapter is based on the joint work with Joshua Blumenstock published originally in 2017 (Muham-
mad R. Khan and Joshua E. Blumenstock, 2017).
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3.1 Introduction

Figure 3.1: Geographic distribution of registered mobile money users in Pakistan.

There are many countries in developing world where the majority of the population does
not have access to financial services like banks and credit institutes. One of the primary
reason behind the lack of the financial institutes and services in these countries is the lack of
infrastructure and resources. However, even in the poorest of the countries, mobile commu-
nication services have seen broad adoption. According to estimates by the industry group
GSMA, more than 1 billion individuals owned a mobile phone but did not have a bank
account in 2014Scharwatt et al., 2014. The penetration of the mobile phone services in
these countries is providing alternate ways to provide services related to health, education,
and finance in these countries. Use of mobile phone to provide financial services or “Mo-
bile money” services enable mobile phone users to perform basic financial transactions using
even the low-end mobile phones. These services have seen good penetration in countries like
Kenya, Bangladesh and Tanzania Safaricom, 2014; Chen and Rasmussen, 2014; Di Castri
and Gidvani, 2014.
Considering the lower cost of additional infrastructure and massive popularity of mobile
money services in countries like Kenya, government, mobile operators and development
agencies all around the world have been trying to promote mobile money services. As a
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result, almost all of developing countries today have one or more mobile money services.
However, except for a few handful of countries, only a few have seen widespread adoption of
mobile money. Most of the services around the world have been unable to achieve a critical
user mass, and as many as 66% of the registered customers worldwide were determined to
be inactive customers Scharwatt et al., 2014.

Country Pakistan

Panel A: National statistics

Population 185.00 Million

Percent with bank accounts 13.02

GDP per capita (PPP adjusted) $4811.4

Mobile phone subscriptions (per 100 people) 73

Mobile phone operators 6

Panel B: Mobile phone use

Calls per subscriber per day 16.58 (21.44)

SMS per subscriber per day 23.23 (113.29)

Number of unique contacts 7.8 (62.73)

Number of unique Towers 6.15 (13.14)

Notes: Standard deviations reported in parenthesis.

Table 3.1: Summary statistics: national indica-
tors(Source: World Bank) and CDR metrics

An important question thus revolves around understanding what drives customers to
adopt and use mobile money. In other words, how do the patterns of adoption of mobile
money differ for different sections of society like people belonging to different genders and
different socio-economic conditions? This paper is focused on the following questions.

• How do patterns of adoption of mobile money vary across different genders?

• How do patterns of adoption of mobile money vary across urban and rural
areas; rich and poor areas?

• How accurately can we predict adoption of mobile money for different sec-
tions of the society mentioned in the last two questions?

In this chapter, we use the mobile communication meta-data to model the adoption of
mobile money services in Pakistan. Our input data contains all the events that transpire the
network of a major telecom operator for a span of two weeks. This data in total contains
millions of users and billions of voice and SMS transactions. By augmenting this data with
the ground truth information (like the gender of the users and the urban density & poverty
index of the districts) and using comprehensive feature generation and machine learning
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algorithms, we have explored that how does the adoption of mobile money vary across
different sections of the society.

3.2 Related Work

Our work builds on previous work in different strands of literature involving adoption of
digital financial services, mining of call detail records, analysis of adoption of products and
behaviors using social networks, and analysis of digital divide
The work on the adoption of digital financial services has been dominated by macroeconomic
and ethnographic work. The focus of macro-scale work has been on the regulatory issues
around interoperability, barriers to customer registration and the logistics of mobile money
agents Mas and Radcliffe, 2011; Dermish et al., 2011; Donovan, 2012. The ethnographic
work consists of qualitative studies on incorporating the digital financial services into the
lives of the poor Morawczynski, 2009; Medhi et al., 2009; Etim, 2014.

Our research methodology is quite similar to some other research works related to the
mining of insights from mobile communication meta-data. This has been a popular area
of research and examples of work in this area include predicting the socioeconomic status
Blondel et al., 2015, gender V. Frias-Martinez, E. Frias-Martinez, et al., 2010b, age Y. Dong
et al., 2014 of individual mobile phone subscribers, customer churn behavior Muhammad
Raza Khan, Manoj, et al., 2015 and analysis of gender disparities using social networks
extracted from mobile communication logs Philip J. Reed et al., 2016.

The third area of prior work, and the one most relevant to this chapter studies the role
of social networks in the adoption of new technologies Ugander et al., 2012; Leskovec et al.,
2007.There have been some studies that have analyzed the social networks of mobile money
users like Kusimba et al., 2013 and Murendo et al., 2017, however, most of these studies use
limited data sets while our focus in this study is to use big data sets to determine prominent
determinants of adoption of mobile money.

We have used deterministic finite automata (DFA) based feature engineering over CDR
data which is quite similar to the approach used in Muhammad R. Khan and Joshua E.
Blumenstock, 2016 and J. Blumenstock, Cadamuro, et al., 2015. The DFA based approach
incorporates many simple and complex transactional and social network features. One impor-
tant feature that we use in our analysis is the diversity of users’ communication as described
by Eagle et al. Eagle et al., 2010a.

Lastly, the differences in the usage of technology across men and women, poor & rich,
and the urban & rural population has been a popular theme of research in the ICTD domain
Jackson et al., 2008, J. Blumenstock and Eagle, 2010,V. Frias-Martinez, E. Frias-Martinez,
et al., 2010b,etc. However, the analysis of adoption of mobile money on such lines has been
limited to some blog posts and case studies in most of the cases McKay and Kaffenberger,
2013; Intermedia, n.d.; Minischetti, 2017; Minischetti, 2016.
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In comparison to these studies, our work is unique as we build on the DFA based feature
engineering over big country level CDR dataset to evaluate the role of the different type of
features in the adoption of mobile money for people with different demographic backgrounds.
To the best of our knowledge, this work is the first one to analyze the adoption of mobile
money across different genders, urban/rural regions and socio-economic conditions using
country level datasets.

3.3 Data and Context

For this study, we have used the mobile money adoption data from a major telecom operator
in Pakistan. The data that we have can cover around 100 of Pakistan. When it comes to
the human development, quite a significant population of Pakistan lives below the poverty
line. Furthermore, more than 80% of the adult population of Pakistan does not have access
to financial services, hence increasing the adoption of these services can have a real impact
on the life of poor people in Pakistan. Some of the statistics about Pakistan are mentioned
in the Table 3.1

Our input data consists of anonymized call detail records (CDR) and mobile money
transaction information (MMTR) from the mobile operator. Each row of the CDR typi-
cally consists of the tuple containing {callerID, recipientID, date, time, duration,

callerLocation, receiverLocation}, where the two ID’s are anonymized phone numbers,
the date and time indicate when the event transpired, the duration of the call is recorded in
seconds. The callerLocation and receiverLocation specify the location of the cellular tower
from which the call was made and location of the tower in which the receiver was present
respectively. The MMTR contain similar metadata for basic financial transactions, such as
deposits, withdrawals balance checks, and so forth.

In total, the original data contains billions of transactions conducted by tens of millions
of unique individuals. We use this data as input to our feature generation framework, and
the generated features are used to classify users into different types. We categorize each user
either as a “Voice only user”,“Registered mobile money user” or “P2P mobile money user”
depending on the usage of mobile money services as explained below.

• Voice only users: Voice only users are the ones who do not use mobile money services
at all.

• Registered mobile money users: The users who have registered for the mobile
money services.

• P2P mobile money users: The users who have signed up for mobile money and
have either sent or received money to another mobile money users.

P2P mobile money users can be considered to be more advanced users of mobile money
as they are using the mobile money services to full potential.
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Feature
Voice Only vs Registered
Mobile Money

Voice Only vs P2P

Panel A: Gender: Female
Number of registered mobile money users 6570 3325
Outgoing calls per user 58.59 (215.55) 62.12 (213.76)
Outgoing calls’ network size per user 30.8 (41.09) 9.2 (22.25)
Distinct outgoing calls locations per user 32.8 (46.73) 12.0 (27.94)

Panel A: Gender: Male
Number of registered mobile money users 60050 28585
Outgoing calls per user 111.26 (294.04) 117.07 (300.92)
Outgoing calls’ network size per user 16 (48) 11.6 (24.86)
Distinct outgoing calls locations per user 11.2 (33.6) 13.8 (27.63)

Panel C: Rural
Number of registered mobile money users 17393 7512
Outgoing calls per user 128.23 (313.78) 139.04 (328.99)
Outgoing calls’ network size per user 20.4 (33.83) 27.4 (41.59)
Distinct outgoing calls locations per user 17.0 (23.56) 24.2 (37.9)

Panel D: Urban
Number of registered mobile money users 45960 22230
Outgoing calls per user 97.16 (275.80) 102.28 (280.14)
Outgoing calls’ network size per user 20.0 (43.46) 7.8 (23.4)
Distinct outgoing calls locations per user 17.4 (35.62) 7.2 (21.6)

Panel E: Poor
Number of registered mobile money users 9657 4086
Outgoing calls per user 125.49 (315.09) 138.36 (326.77)
Outgoing calls’ network size per user 34.2 (46.09) 19.2 (38.66)
Distinct outgoing calls locations per user 42.8 (55.03) 21.0 (37.79)

Panel F: Rich
Number of registered mobile money users 54664 26273
Outgoing calls per user 101.65 (280.75) 107.03 (286.06)
Outgoing calls’ network size per user 36.0 (59.60) 7.8 (23.4)
Distinct outgoing calls locations per user 28.6 (44.81) 7.2 (21.6)

Notes: Standard deviation is shown in parenthesis.

Table 3.2: Sample statistics for Voice Only Users vs Registered Mobile Money Users
(Column 2) and Voice Only Users vs Peer-to-peer Mobile Money Users

In addition to the CDR and mobile money usage related information explained earlier,
we have also used three additional datasets as the ground truth. To analyze the patterns
of adoption for men and women, we have used the gender information for each of the users
as provided by the mobile operator. To explore that how the patterns of adoption vary for
urban and rural population, we have specified each of the districts either as urban or rural
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based on the urban density according to the last census of Pakistan 2. To analyze differences
in adoption and usage of mobile money services for districts with different socio-economic
conditions we have used Multidimensional Poverty Index (MPI) estimates of 2016. MPI
measures poverty for each individual as a composite of educational health and living related
deprivations. A person is categorized as poor if he or she is facing deprivations in three or
more of the ten different indicators.3.
We have used the district level MPI measurements to specify the districts as rich or poor
depends on whether the MPI is lower than the mean value (richer districts) or higher than
the mean value (poor districts). We assign each of the users to either urban/rural district or
rich/poor districts based on the tower location to which they are most frequently associated.

Figure 3.2: Deterministic Finite AutomatonMuhammad R. Khan and Joshua E. Blumen-
stock, 2016

3.4 Methods

Feature Engineering

Most of the prior work related to the mining of CDR data uses an ad-hoc approach of feature
generation where a few hand-picked features are used to analyze the user behavior. Examples
of such works include the work by Dong et al. Y. Dong et al., 2014, where the authors
have focused on five topological properties of the static social network. Similarly, Gutierrez
et al. use two metrics that quantify airtime purchases Gutierrez et al., 2013. Even the
more aggressive approaches, like Sundsøy et al., 2014 and CGAP, 2013, which respectively
use 350 and 180 CDR-based metrics, do not follow a systematic approach towards feature

2Last census was held in Pakistan in 1998 and the updated information about urban, rural mapping is
not available

3http://www.ophi.org.uk/wp-content/uploads/Multidimensional-Poverty-in-Pakistan.pdf
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generation.These approaches though accurate in some cases and interpretable in most of the
cases may not be able to handle the complexity of human behavior in many cases. Instead
of relying on a few handpicked features, we wanted to use a comprehensive set of features for
which we have used the DFA based feature generation algorithm as described in Muhammad
R. Khan and Joshua E. Blumenstock, 2016. The DFA-based process of feature engineering
(explained briefly in the following section) generates thousands of features that quantify
patterns of mobile phone use. Using the features generated through the DFA, our goals were
to (a) use these features to understand the determinants of Mobile Money use and (b) build
a predictive model that can be used to identify likely adopters

Deterministic Finite Automaton

The DFA we use to generate features from CDR is shown in Figure 3.2. The details of
DFA based feature engineering over CDR data is beyond the scope of this chapter, and
interested users are referred to Muhammad R. Khan and Joshua E. Blumenstock, 2016 and
J. Blumenstock, Cadamuro, et al., 2015 for more details. DFA, in essence, provides a useful
grammar for generating the different type of features related to different dimensions of user
behavior. For the purpose of better understanding of our approach, some brief examples of
DFA based feature engineering are provided here.
As an example, say we are interested in constructing a feature for each individual i that
corresponds to, “the variance in the average duration of outgoing calls made by i on different
days of the week”. We allow for the construction of this feature through the following set of
recursive rules:

1. filter outgoing calls

2. filter transactions initiated by i

3. group by day of week

4. focus on call duration

5. aggregate by average (duration per day of week)

6. aggregate using variance (over average daily durations)

Similarly, “the number of unique locations for outgoing calls” can be generated through
filter operation to select our calls made by the user; focusing on the cell tower field in the
raw data and using count as the aggregate operation. The comprehensiveness of the DFA
based feature generation algorithms enables the researcher to compute the network related
features as well. For instance, the “size of the incoming SMS network” can be generated by
first filtering the incoming SMS messages, focusing on the sender id and then applying the
unique count as the aggregate operation.

Features Categorization

Another advantage of DFA based feature engineering is that each feature can be mapped to
a particular type or dimension of user behavior. For the purpose of this work, we categorize
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the features either as usage related features, mobility related features or network related
features,

1. Usage: All the features related to the usage of the mobile services (e.g. number of
calls made, number of messages sent, number of active days etc). are categorized as
the usage related features.“Variance in the average duration of outgoing calls made by
i on different days of the week” as explained in the last section is also a usage related
feature.

2. Mobility: The features related to the movement patterns of the users( e.g. the number
of different cell towers visited and geographic spread of the network etc.) correspond
to mobility related features. “The number of unique locations for outgoing calls” as
explained in the last section is an example of mobility features.

3. Network: The features corresponding to the structural properties of the network of
each of the ego node (e.g. Size of the incoming call network, diversity of network, etc.)

Some of the features can be categorized under more than one category. For example, diversity
of communication is dependent both on usage and the network-related features and hence is
categorized under both usage and network types.

Experimental Design

We have performed two different type of supervised learning experiments:

• Voice Only Users vs. Registered Mobile Money Users

• Voice Only Users vs. Peer-to-peer Mobile Money Users

For each of these experiments, we further drew a stratified random balanced sample of
adopters/peer-to-peer users and non-adopters for each of the six categories (Males, Females;
Urban, Rural; and Rich, Poor ). The decision of balanced sample selection is made as most
of the users are nonadopters. Summary statistics for each of the samples are shown in the
Table 3.2. For each of these experiments, we use gradient boosting algorithm Friedman,
2001 to train the models to classify the users either as voice only or registered mobile money
user, and voice only users or peer-to-peer mobile money users.
To understand which CDR-based features are related to Mobile Money use, we calculate the
importance of each feature using gradient boosting classifier. The importance of features
is the average of importance in each of the individual trees in the gradient boosting. Each
of the trees calculates the importance of features using the information gain with intent to
favor pure subtrees at each level of the tree.
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Figure 3.3: Feature importance for differ-
ent genders

Figure 3.4: Feature importance for urban
and rural districts

Figure 3.5: Feature importance for rich
and poor districts (determined through
MPI)

3.5 Results

Determinants of Mobile Money Adoption

Voice only users vs. Registered mobile money users

The DFA described in Section 3.4 produces roughly 16,000 unique features for each of the
experiments. However, many of the features can have a strong correlation with each other.
The distribution of conditional feature importance values for each of the 16,000 features
for different cases is shown in the Figures 3.3, 3.4, 3.5. To construct these figure, we use
the feature categorization scheme as explained in the section 3.4 to label each feature as
Network, Usage or Mobility related feature. Each violin plot then shows the distribution
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of feature importance values for all features of a given type - such as all “usage” features,
or all “movement or mobility” features. The usage-related features are simple to map and
understand as they mostly correspond to either strength of ties or the differences in usage of
the network across different days. Mobility related features include metrics like the number
of unique locations visited, the radius of gyration and diversity of places as well. The network
related measures correspond more to the structural properties of the network like the size of
the network etc. It must be noted that there can be some overlap in features mapping as the
strength of ties calculated through number of communication between two individuals can
be considered as a network feature as well but in this work I have mapped the tie strength to
the usage of the network as many of the existing theories suggest that the more active users
are more likely to adopt new services. First thing to note in the Figures 3.3, 3.4, 3.5 is that
most of the features are not important, however, different category of features have different
aggregate feature importance for different cases. The analysis of features importance for
different genders reveals some interesting patterns. Both network and usage related features
are a more likely indicator of adoption for females while mobility related features have more
predictive power for male users. Usage related features are the most important category for
the female users while the mobility related features are the most important one for male
users.

Similarly, the analysis of urban and rural districts shows that mobility is the most im-
portant category of features for both urban and rural districts. However, compared to rural
districts, the network, and usage related features of the users in the urban districts are not
that important. Network related features contain features like the size of the network as
well as the number of users already using the mobile money services. The importance of
the network related features for the rural users indicates that the awareness of the mobile
money services, endorsement effects from other mobile money users and the size of the social
network all play an important role in the adoption of mobile money services. The trends for
the rich vs. poor districts are quite similar to the urban and rural districts with the only
difference being that the importance of mobility related features is further pronounced in
this case.

Voice only users vs Peer-to-peer mobile money users

The number of registered mobile money users who make peer-to-peer transactions is almost
half of the registered mobile money users as shown in the Table 3.2. The features importance
for each of the experiments for voice only users vs peer to peer mobile money users is shown
in the figures 3.6, 3.7 and 3.8.

Usage related features are the top determinants of peer-to-peer transactions for the female
users, while the mobility related features are the top determinant for the male users as shown
in the Figure 3.6. Mobility related features are still the top features for the urban and rural
districts (3.7) while in comparison to the Figure 3.7 the importance of network related
features is lower while the importance of the usage related is higher for the rural district’s
users. In comparison to the Figure 3.5, Figure 3.8 shows that the mobility related features
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are the most important one for the users in the rich districts while the usage related features
are the most important determinant for peer to peer transactions in the poor districts. Top
features for each of the experiment conducted to analyze the determinants of adoption of
mobile money are shown in the Table 3.3.

Figure 3.6: Feature importance for differ-
ent genders

Figure 3.7: Feature importance for urban
and rural districts

Figure 3.8: Feature importance for rich
and poor districts (determined through
MPI)

Top features across different experiments are shown in the Table 3.3.

Predicting Mobile Money Use

As discussed in Section 4.4, we used Gradient Boosting based supervised classification models
to discriminate between Voice Only and Mobile Money users, using the CDR-based features
constructed from the DFA. Cross-validated results from gradient boosting are reported sep-
arately for each case in Figure 3.9. The best-performing models included several hundred
features, but in practice, there was little difference in performance between models in the
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Figure 3.9: Predictive accuracy for mobile money adop-
tion

Figure 3.10: Predictive accuracy for peer-to-peer usage

range of 50-1000 features. Figure 3.9 also shows some interesting trends as the performance
of our model is higher for males as compared to females. However, the performance of our
model to predict the adoption for the rural population and poor districts is higher as com-
pared to the urban population and rich districts respectively. While the trends for the males
& female users, urban & rural districts are the same for the peer-to-peer users, the predictive
accuracy for the usage of peer-to-peer financial transactions in contrast to the mobile money
adoption case is higher in rich districts as compared to the poor districts. As we are using a
balanced sample, the improvement of 7-8% over the baseline may seem to be a bit low but
first of all it is consistent with the trends found in the earlier work Muhammad R. Khan



CHAPTER 3. DETERMINANTS OF MOBILE MONEY ADOPTION 40

Index Feature Category

Panel A: Gender: Female
1 Variance in the number of active days with incoming SMS Usage
2 Rank Percentile of the Size of the incoming SMS contact network Network
3 Rank Percentile of the active days with incoming SMS Usage

Panel A: Gender: Male
1 Number of unique contact locations on weekdays Mobility
2 Variance in the contact locations per day Mobility
3 Number of unique contact locations on weekend Mobility

Panel C: Rural
1 Number of unique contact locations on weekend Mobility
2 Percentile of the network size on weekend sms Network
3 Variance in the number of sms per active day Usage

Panel D: Urban
1 Number of unique contact locations on weekdays Mobility
2 Variance in the duration of the weekend calls to each contact locations Usage
3 Size of the outgoing calls network on the weekdays Network

Panel E: Poor
1 Number of unique contact locations on week days Mobility
2 Size of the network per contact locations per day Network
3 Variance in the number of contact locations per active day Mobility

Panel F: Rich
1 Number of unique contact locations on the weekdays Mobility
2 Number of unique contact locations on the weekend Mobility
3 Number of SMS on the weekdays Usage

Notes: Rank percentile for a feature indicate the percentile of the
feature value for the subscriber as compared to all the contacts.

Table 3.3: Top features for mobile money adoption

and Joshua E. Blumenstock, 2016 and secondly, even this margin of improvement in target-
ing customers likely to use mobile money can result in improvement of lives of hundreds of
thousands of users.

3.6 Discussion

Taken in the broader context of research into the determinants of Mobile Money adoption
and use, the preceding results uncover several unexpected patterns. Superficially, it is not
surprising that CDR-based metrics can be used to construct classifiers that predict Mobile
Money use, though to our knowledge this is the first study to explore the dynamics of
adoption across different demographics in a developing country. The baseline or random
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prediction accuracy would have been 50 % as we are using a balanced sample so at first
glance at the Figures 3.9 and 3.10 may indicate that we do not have a lot more improvement
from the baseline. But as the ultimate aim is to use this model to predict adoption of
mobile money for all the customers for the telecom operators which has the subscriber base
of around 30 million users, even a 10% increase in modeling the likelihood of adoption can
result in hundred of thousands of users adopting financial services ( and in turn having better
life).

Also interesting are the differences in performance of the different type of features. The
importance of features casts some light on the social norms especially in the case of female
users. For example, the usage category was the top one for the female users but not for the
male users. This indicates that male who may be working remotely or have to commute to
work are more likely to use the mobile money like services, whereas the women who are more
active or have higher technology literacy are more likely to user mobile money. Similarly,
the tendency of more mobile users in both urban & rural and rich & poor districts indicates
that mobility of the users is the prime determinant when it comes to the adoption of mobile
money. However, the people in rural districts with a bigger network are also more likely to
use mobile money. This indicates that network effects can be much more important in the
rural areas.

The decrease in predictive accuracy for female users from 57.19% for mobile money
adoption to 53.67% for peer-to-peer usage shows that there can be much more complex
patterns of peer to peer usage. Same is true for other segments of the society. Table 3.2
shows that the number of registered mobile money users who make peer to peer transactions
is roughly half the number of registered mobile money users. This indicates that even the
users who are using mobile money may not be using it to its full potential and this highlights
the required improvement in the marketing strategies of the operator as well.

There is a general tendency in the marketing section of the telecom operators to target
more active users for more innovative services. However, our results show that across different
sections of the society different trends may have more explanatory power when it comes to
predicting adoption and usage of mobile money. This also highlights the fact that these
telecom companies need to user intelligent marketing solutions aligned with the needs and
behaviors of people of different demographic backgrounds. The dominance of mobility related
features for male users as compared to usage related features for female users indicates the
prevalent social norms of the society as well.

3.7 Conclusion

To our knowledge, this is the first attempt at analyzing the determinants of adoption of mo-
bile money across different sections of the society using large data sets. And there are some
interesting things that can be concluded from this work. First of all, the machine learning
based approaches are becoming ever more important for promoting the adoption of different
products in both the developed and undeveloped countries. The difference in relative impor-
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tance of the different type of features highlights the fact that integrating the demographic
profiles of the users in the predictive model can further increase the performance of the
model. Furthermore, this work also shows that digital financial services need to take care
of the requirement of different segments of the society and align their marketing schemes
according to these requirements as well. This work also opens up many interesting questions
for future research as why mobility related features are the most important determinant of
mobile money adoption for the male users, etc.
Looking forward, it would be interesting to see that how do patterns of adoption and usage of
mobile money services vary for people of different age groups and working status. Addition-
ally, people in different countries may have different requirements and patterns of adoption
and we intend to apply our current methods on data from other developing countries to see
how much of the patterns of adoption are similar to those in Pakistan.
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Chapter 4

Churn Prediction

Abstract

Churn prediction, or the task of identifying customers who are likely to discontinue use of a
service, is an important and lucrative concern of firms in many different industries. As these
firms collect an increasing amount of large-scale, heterogeneous data on the characteristics
and behaviors of customers, new methods become possible for predicting churn. In this
chapter, we present a unified analytic framework for detecting the early warning signs of
churn, and assigning a “Churn Score” to each customer that indicates the likelihood that
the particular individual will churn within a predefined amount of time. This framework
employs a brute force approach to feature engineering, then winnows the set of relevant
attributes via feature selection, before feeding the final feature-set into a suite of supervised
learning algorithms. Using several terabytes of data from a large mobile phone network, our
method identifies several intuitive - and a few surprising - early warning signs of churn, and
our best model predicts whether a subscriber will churn with 89.4% accuracy1.

1The material in this chapter is based on the joint work with Anikate Singh, Joshua Cherian Manoj and
Joshua Evan Blumenstock. See (Muhammad Raza Khan, Manoj, et al., 2015) for more details
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4.1 Introduction

A common expression in industry is that it costs five times more to acquire a new customer
than it does to retain an existing one Hart et al., 1990. In sectors ranging from finance
and insurance to cable service and internet dating, significant sums of money are spent in
reducing customer attrition and retaining hard-won customers. To prevent such attrition –
also commonly referred to as churn – it is critical to be able to identify the early warning
signs of churn, and to accurately target those customers who are most likely to attrite.

In this chapter, we describe a quantitative and computational framework that can be
used to find leading indicators of churn, and identify individuals with a high likelihood of
churning. Our approach is data-centric, in the sense that the intent is to “let the data speak
for themselves.” By using simple machine learning algorithms to mine historical transaction
records, this method discovers behavioral patterns that are empirically correlated with the
propensity to churn. This is in contrast to the more traditional approach taken by many
companies, where churn strategies are determined by the intuition of key individuals, or
through direct feedback from customers.

The framework has two primary components. The first is designed to identify early
warning signs of churn by isolating specific and easily-measured behavioral patterns that are
highly correlated with churn. One such pattern we find, which is indeed highly correlated
with churn, is the total amount of observed activity of a customer. It should come as no
surprise that customers with low levels of activity are more likely to churn than customers
with high levels of activity. However, this particular metric is one among thousands of
other metrics that are correlated with churn, and the aim of the framework is to zero in
on the most predictive metrics. The method we develop is a semi-supervised, brute force
approach to feature engineering, in which our algorithm first constructs tens of thousands
of features through combinatoric feature generation, then uses established techniques for
feature selection to prune the long list down to a manageable and interpretable subset of the
most predictive behavioral traits.

The second component in our framework is designed to construct a “Churn Score” that
assigns a probability to each customer indicating the predicted likelihood that the particular
subscriber will churn within a predefined period of time. Whereas the focus of the first stage
is interpretability, in the sense that the behavioral traits identified can be easily understood,
the focus of this second stage is on predictive accuracy. The goal is to create a metric that
could, for instance, be used by a marketing department to target promotions to customers
who are on the brink of defecting to a competitor. To accomplish this task, we utilize a
“kitchen-sink” approach to supervised learning in which the full set of thousands of features
are passed through basic classifiers, with parameters selected through cross-validation, in
order to optimize standard metrics of predictive performance. While the models themselves
are difficult to interpret, the Churn Scores they produce are highly accurate, and as we show
they are remarkably robust to the set of features used and the machine learning algorithms
implemented.

We test and calibrate this framework on a large dataset from a mobile phone operator
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in South Asia. Starting with a raw dataset of several billion transactions, spanning roughly
ten million prepaid mobile phone subscribers over a period of multiple years, we extract a
calibration dataset consisting of all network-based communication for roughly 100,000 sub-
scribers over 6 months. On this dataset, where the natural churn rate during our evaluation
period is roughly 24 percent, our method is able to predict customer churn with just under
90 percent accuracy.

The remainder of the paper is organized as follows: in the following section, we discuss
related research on churn prediction. Section 4.3 describes the data, and section 4.4 describes
the methods in greater detail. Results are presented in section 4.5, and we conclude with a
discussion of the strengths and weaknesses of our approach in section 4.6.

4.2 Related work

Understanding why customers terminate relationships has been a focus of marketing research
for several decades Jain and Singh, 2002. In recent years, as data on customer activities and
characteristics becomes increasingly available to companies, more sophisticated metrics have
evolved to describe customer behavior and better understand how behavioral traits can be
linked to customer retention and firm performance Gupta and Zeithaml, 2006. Spurred
in part by a competition associated with the ACM SIGKDD Conference on Knowledge
Discovery and Data Mining, churn prediction has received recent attention from the applied
machine learning community. These approaches have tested a battery of models including
expert systems Wei and Chiu, 2002, support vector machines Archaux et al., 2004, and
bagging and boosting Lemmens and Croux, 2006, to name just a few. They further vary
in terms of the approach to the data, with some focusing on customer profiles and features
Qian et al., 2006, and others concerned primarily with the importance of social ties and
social structure Dasgupta et al., 2008; Bonchi et al., 2011; Karnstedt et al., 2011.

Zhang et al., 2012 provide a recent overview of the different types of subscriber attributes
used to model and predict customer churn in prior work, and Verbeke et al., 2012 benchmark
several classification techniques for prediction. Neslin et al., 2006 discuss the importance of
different methods for predicting churn in the context of a public tournament between 33 dif-
ferent competitors. In these and related studies, the behavioral traits are pre-computed – for
instance in the contest described by Neslin et al., 2006, each contestant was given a curated
dataset with 171 predictor variables. By contrast, a focal point of our study is on the process
of generating these predictor variables from the raw transactional records. Specifically, as
discussed in Section 4.4, we describe an “accordian” method for first engineering a large set
of features and then collapsing this large feature spaces into a smaller set of relevant and
predictive metrics.

The empirical setting for our study – a prepaid mobile network in South Asia – is further
distinct from almost all previous work on churn prediction in two ways. First, in the network
we study, churn is a relatively common event. As we discuss in greater detail, we observe
an approximate churn rate of 25 percent every two months, which is an order of magnitude
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higher than the “rare-event” churn discussed by most previous research.2 This necessitates a
slightly different empirical framework, and one where neither precision nor recall is of higher
priority ex ante. Second, the vast majority of studies of churn in telecommunications focus
on a more canonical formulation of the problem in the context of a post-paid network. In
this traditional post-paid setting, churn is equivalent to the cancellation of a contract, and
requires that the customer take action. By contrast, our empirical setting is one of pre-paid
accounts, where churn simply means that the subscriber discontinues use of the network,
and must be inferred by a prolonged period of (passive) inactivity. This distinction has
important implications for how we quantify churn and measure the accuracy of our Churn
Score.3 These subtleties are discussed in greater detail in Section 4.4.

4.3 Data and Preprocessing

We study customer churn in the context of a mobile phone use in South Asia, using data
from one of the largest mobile network operators in the country.4 The operator has roughly
ten million active subscribers, and has provided us with access to an anonymized database
containing several years of transactional communication histories. The transactions on which
we focus are the Call Detail Records (CDR), simple metadata logs that record entries for
every event that transpires on the network. Thus, for every call or text message (SMS)
received, we observe the anonymized identity of the initiating and receiving party, a date
and timestamp, information on the approximate physical location of the two parties, and
additional metatdata describing the communication event.

The unprocessed CDR that we receive capture hundreds of billions of transactions, and is
several terabytes in size. It is worth noting, however, that while the CDR contain a very large
number of observations, each individual observation contains very limited information. Thus,
a critical portion of the analyiss, which we describe in detail below, involves transforming
the original transactional histories into a set of interpretable metrics that can be used to
understand and predict customer behavior. To perform such transformations, we use a Map-
Reduce framework that leverages open source distributed computing environments including
Apache Hadoop, Apache Spark, and Hive.5

2For instance, Lemmens and Croux, 2006 report a churn rate of 1.8% per month for a major U.S. wireless
telecommunications carrier. Verbeke et al., 2012 provide an excellent summary of 11 other datasets used in
churn prediction research, all but one of which have churn rates of less than 7 percent.

3Dasgupta et al., 2008 provide a noteworthy exception, focusing on a prepaid operator with annual churn
rates between 50 and 70 percent.

4To protect the competitive interests of our data partner, specific information on the context and sub-
scriber base is kept confidential.

5Available at http://hadoop.apache.org/, https://spark.apache.org/, and https://hive.

apache.org/.
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Property Value

Number of Unique Subscribers 98,514

Total Number of Days 183

Date Range Jan. 2011 - Apr. 2012

Total Number of Calls 69,804,577

Total Number of SMS 137,174,182

Average (Standard Deviation) of calls per subscriber 20.3 (317.2)

Average (Standard Deviation) of SMS per subscriber 386.5 (1729.12)

Table 4.1: Summary Statistics. Values in table are calculated for the subset of Call Detail
Records used for training and testing as described in Figure 4.1.

4.4 Methods

An overview of the framework we develop, which allows us transform the raw transactional
records into a set of early warning signs of churn, as well as a subscriber-specific Churn
Score, is shown in Figure 4.1. We begin by randomly selecting a subsample of roughly
100,000 subscribers from the full mobile phone subscriber base, and extract all transactions
in which they are involved. This sample is the primary dataset we use for development and
benchmarking (labeled as Random Sample Selection in the figure). Basic summary statistics
for this subset of the data are given in Table 4.1. For this subset of subscribers, we then
generate a large number of aggregated metrics that describe a wide range of inferred behav-
ioral characteristics (Feature Engineering). The resultant dataset, which we use for training
and testing the core algorithms, is a balanced rectangular matrix containing approximately
10,000 features for approximately 100,000 individuals. With this matrix, we then separately
isolate the handful of metrics that are most predictive of churn (Feature Selection), and de-
velop a Churn Score that indicates the likelihood that a subscriber will churn in a 3-month
period (Machine Learning). We describe each of these steps in detail below.

Feature Engineering

In constructing a set of behavioral metrics from the raw transactional data, we employ a
data-centric approach that is intended to minimize the role of the analyst in determining
which features are relevant to the task of modeling customer churn. To this end, we use a
combinatoric “brute force” technique that defines a feature along K different axes (where
the ith axis is of dimension Di), then creates all possible combinations of such dimensions.
This results in a total of

∏K
i=1Di unique features.

In our case, we use eight different axes, each of which has between two and seven dimen-
sions. A schematic of the feature space covered by these axes is given in Figure 4.2. Most of
these axes are intuitive: we divide communication by total activity, which captures the total
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Figure 4.1: Overview of approach. Full details of each step in the processing pipeline are
provided in Section 4.4.

number of communication events of a certain type, and by the ‘degree’, which indicates the
number of unique alters with which a given ego communicates. We further divide by the
type of communication (call vs. SMS), the time of day, the direction of communication, the
status of the alter (for instance whether they are an international number, a local number, a
special number such as the operator, a number on a different operator’s network, etc.), and
the duration of the event (only relevant for calls). Additionally, we segment features based
on the total amount of activity over the entire observation window, as well as by the trend
in activity from month to month, looking at the average monthly change in activity, as well
as the maximum and minimum monthly change. Finally, we allow for each feature to be
normalized with different denominator: “1” indicates an un-normalized feature, while the
other dimensions of the “Denominator” axis indicate that the metric is normalized by the
total number of unique days on which the subscriber is active on the network, by the total
number of calls made, etc.

This brute force approach is, of course, not entirely unsupervised, as it is still the respon-
sibility of the analyst to define the axes of importance and the dimensions of each axis. In
our case, we chose a set of axes that were both easy to compute and which we felt provided
reasonable coverage of the space of features relevant to churn. There is, however, a much
larger feature space that one could cover, time permitting, which would capture a much
richer set of metrics including measures of social network structure, mobility and migration
patterns, and more subtle temporal dynamics.
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Figure 4.2: Tree used for combinatoric feature generation. A total of 12,914 features
are generated following the method described in Section 4.4. Here, we show an example
expansion of one path in the tree. Each node can be expanded downward in a manner
analagous to the way the sample node at the same level is expanded.

Feature Selection

Given the large number of features generated through the process describe above, we then
employ standard methods of feature selection that determine which features are most corre-
lated with customer churn. We do this in two ways: We first use compute a t-test separately
for each individual feature, which indicates the extent to which that single feature can accu-
rately differentiate between people who churn and people remain active. Separately, we use
a tree-based method for feature selection that allows us to estimate the conditional ability
of each additional feature to improve the overall accuracy of a joint classifier Geurts et al.,
2006; Hastie et al., 2009. In Section 4.5, we will compare and contrast the results, as well as
the advantages and disadvantages of these two methods for feature selection.
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Churn Prediction and Churn Scoring

The process of feature selection describe above is useful in producing an interpretable list of
metrics that are correlated with customer churn. Our second goal is to use these features
to predict churn. Specifically, we seek to assign each subscriber a Churn Score between zero
and one that indicates the likelihood that the subscriber will churn. To this end, we set
up a simple supervised learning experiment where we divide our data into a training period
and an evaluation period, derive features using the above process during the training period,
and use these features to predict churn during the evaluation period. Using k-fold cross-
validation, we then train several different supervised learning algorithms on randomized
subsets of individuals. The specific algorithms we test are linear and logistic regression,
Support Vector Machines, K-Nearest Neighbors, Random Forests, and AdaBoost (with a
decision tree classifier);6 as we will see below, the choice of learning algorithm has only a
marginal impact on the accuracy of the Churn Score.

This experimental setup raises one empirical subtlety: How do we define “churn” when
no cancellation events are directly observed? In other contexts, churn is defined by an action
taken by a customer, such as the cancellation of a membership or the failure to renew by an
established deadline. In our case, however, all of the mobile phone subscribers use prepaid
accounts, so “churn” simply means that the subscriber has stopped using the network. A
common assumption made in industry is that a customer is considered lost after 2-3 months
of continuous inactivity; thus, in some of the experiments described below we construct a
binary measure of churn that approximates this condition. Alternative formulations of churn
(sometimes reffered to as the “always a share” retention model Dwyer, 1997) consider the
inactivity as transient; to capture this we will separately create a continuous measure of
inactivity that reflects relative likelihood of churn.

4.5 Results

We now present the results from testing the churn analysis framework on the training dataset
of 98,514 unique prepaid mobile phone subscribers. We set up our experiment using a 6-
month period of data, where we treat the first 4 months as a training period used to construct
features, and use the final 2 months as an evaluation period. We quantify churn in two ways:
first, as a binary condition that is true if the subscriber is completely inactive for the entire
2-month window. In total, 26 percent of our subscribers fit this stringent definition of churn.
Second, we define a more flexible version of churn as the percentage of days on which no
activity is observed. The distribution of inactivity for our sample can be seen in Figure 4.3.
While there are a large number of individuals who are completely inactive, and roughly 13
percent are active on every day, the majority of subscribers fall in between the two extremes.

6See Verbeke et al., 2012 for a more thorough exposition of the impact of different learning algorithms
on churn prediction accuracy. Additional details on the algorithms and their implementation can be found
in Hastie et al., 2009.
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Figure 4.3: Distribution of Inactivity. In the evaluation period, there are a large number
of individuals who are completely inactive, a mass of people with very high levels of activity,
and an even distribution between the two peaks.

Results: Early predictors of mobile subscriber churn

Using the combinatoric approach described in Section 4.4, we generate 12,914 unique fea-
tures, each of which quantifies a different type of mobile phone-based behavior. In Panel A
of Table 4.3, we list the 10 features that, taken in isolation, are most predictive of churn. For
the ease of exposition, we focus initially on the continuous definition of churn, and indicate
in the right column the R2 that results from separately regressing the proportion of days
with no activity on each feature. Unsurprisingly, we find that “Percent of inactive days”
– a feature indicating the fraction of days during the training period when the subscriber
had zero transactions – is highly predictive of future churn. People who are inactive in
one period are likely to be inactive in the next period. The next highest ranked feature is
perhaps less obvious: we find that high variance in call activity (measured as the maximum
month-to-month change in the ratio of incoming to outgoing calls), is strongly predictive of
churn.

While the set of features listed in Table 4.3 are all unconditionally highly correlated
with churn, these features are also correlated with one another. Thus, while the “Percent
of inactive days” feature may be the best single linear discriminant between churners and
non-churners, it is not necessarily the case that the ensemble of 10 features in Panel A will be
the best joint predictor of churn. Thus, in Panel B of Table 4.3, we provide the 10 features
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Model Accuracy Precision Recall F-Score AUC

SVM 89.4 0.89 0.89 0.89 0.91

Random Forest 88.4 0.88 0.88 0.88 0.92

KNN 88.2 0.88 0.88 0.89 0.89

AdaBoost 89.2 0.89 0.89 0.89 0.94

Logistic Regression 89.3 0.89 0.89 0.89 0.93

Baseline Model 83.9 0.83 0.84 0.83 0.89

Table 4.2: Performance. Different metrics of performance in predicting binary churn for
the baseline model and five learning algorithms.

that are, taken together, the best joint predictors of subscriber churn. For comparison with
Panel A, we also list the R2 from the unconditional (univariate) regression for each of the
features, though it is important to note that this is the unconditional R2 and is different
from the criteria used to rank-order features in Panel B. The full distribution of R2 values
for all 12,914 features is shown in Figure 4.4.

While it is perhaps perilous to read too much into the list of the top ranked features
in Table 4.3, as these are sampled from a full list of over 10,000 features, we make two
observations. First, the unconditionally predictive features (Panel A) seem quite similar and
generally reflect aggregate metrics of activity. On the other hand, the conditionally predictive
features (Panel B) tend to be micro-aggregates; the final set is thus less redundant and less
mechanically correlated. Second, several of the most predictive features are non-obvious.
For instance, the 9th feature in Panel B is not one we would have expected ex ante; it is
not immediately obvious why the ratio of incoming international text messages on weekends
should be a better joint predictor than any other feature on the list, let alone the same
metric normalized by the total incoming network degree of the individual. Ex post, it may
be possible to concoct a story that explains the predictive power of this statistic, but it is
sufficiently idiosyncratic to likely elude even the sharpest marketing director.

Results: Predicting churn

In order to evaluate the performance of our predictive framework, we first construct a sim-
ple and intuitive baseline that builds on the results of Section 4.5. Namely, we select the
single best unconditional predictor of churn, “Percent of inactive days”, and build a linear
discriminant model based on that feature. Namely, we first calculate this metric for each
of 98,514 unique mobile subscribers during the 4-month training period. We then test all
possible threshold values of this metric to determine the value that most accurately separates
churners from non-churners, where we now define churn as a binary indicator that takes the
value one for churners and zero for non-churners. As can be seen in Figure 4.5, a maximum



CHAPTER 4. CHURN PREDICTION 53

accuracy of 83.9% for this metric is obtained at a threshold of 76. In other words, when we
classify as churners all subscribers who were inactive on more than 76 percent of days during
the training period, our prediction is correct in 83.9% percent of cases. As a relatively naive
baseline, this simple linear discriminant actually performs quite well. This is in part due to
the fact that we have an unbalanced sample, in the sense that 76.6 percent of our sample do
not churn, and a very simple model that just predicted the majority class (i.e. “not churn”)
for all subscribers would achieve 76.6 percent accuracy.

Figure 4.4: figure
Histogram of R2 values. Distribution of R2 values resulting from univariate regression of

continuous churn metric (percent of inactive days) on each of 12,914 different features.

Depending on the algorithm used to predict churn, we achieve accuracy rates of roughly
88.5-89.5 percent. This represents a modest improvement of roughly 6 percent over the single-
feature baseline, or approximately 14 percent over the majority-class baseline. A variety of
performance characteristics of each model, as well as the linear discriminant baseline, are
given in Table 4.2; the ROC curves for these models is presented in Figure 4.6. Area under
the curve is consistently high, and the ROC curves show improvements over the baseline,
particularly at low thresholds where the baseline has trouble identifying true positives. For
each model, we use the set of 100 features selected via the bagging approach described in
Section 4.4 (including the 10 features listed in Panel B of Table 4.3). We experimented
with using a different number of features, but as can be seen in Figure 4.9, performance
was actually quite robust to the number of features used. While modest improvements in
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Figure 4.5: Churn prediction with a single linear discriminant. Predictive accuracy
depends on the threshold used to classify subscribers. For the “Percent of inactive days”
feature, maximum accuracy of 83.9% is obtained at a threshold of 76%.

accuracy result until roughly 50 features are incorporated into the model, no additional
improvements result from adding additional features.

Similar results obtain when considering churn as a continuous measure of inactivity. This
metric, which we denote as the “Churn Score”, indicates the percentage of days in which
the subscriber is predicted to be inactive. Individuals with high Churn Scores are the likely
churners. Figures 4.7 and 4.8 show prediction accuracy, measured as the absolute difference
between the predicted percentage of inactive days and the actual percentage of inactive
days, measured for each subscriber during the evaluation period. Across all five learning
algorithms, the Churn Score based on 100 features is highly predictive of actual subscriber
churn.

4.6 Discussion and Conclusion

In this chapter, we have presented a simple framework for detecting the early warning signs
of churn, and for developing a Churn Score to identify subscribers who are likely to end
their relationship with the company. The approach uses a brute force approach to feature
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Figure 4.6: ROC curves. Performance of five different binary classifiers and one baseline
at predicting churn.

engineering that generates a large number of overlapping features from customer transaction
logs, then uses two related techniques to identify the features and metrics that are most
predictive of customer churn. These features are then fed into a series of supervised learning
algorithms that can accurately predict subscriber churn. Testing this approach on several
terabytes of data from a South Asian mobile phone operator, we highlight a few of the early
predictors of churn, and show that relatively simple models predict churn with close to 90
percent accuracy.

While these initial empirical results are promising, we see the primary contribution of
this chapter being the description of a systematic framework that can be used to generate
interpretable features and predict customer outcomes. Several of the modeling assumptions
we have made, such as the axes and dimensions used to generate features, are quite arbitrary
and it is likely that more careful design of these behavioral metrics could yield more intuitive
predictors and more accurate predictions. Additionally, the two methods for feature selection
which we employed, while effective, leave considerable room for improvement. For instance,
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Figure 4.7: Actual vs. Predicted percentage of inactive days. For each decile of
subscriber activity, we show the distribution of predicted inactivity – the Churn Score – as
predicted by Random Forest algorithm.

there could be profitable gains from constraining the search of the feature space to predictors
that might more easily be recognized or utilized by a marketing department for targeting
and segmentation.

In future work, we are most actively interested in methods that more systematically ex-
plore the possible feature space, and which require even less guidance from the analyst to
generate a set of relevant and intuitive features. Because the large set of features gener-
ated by our brute force approach were somewhat contrived to show the predictive power of
the combinatoric algorithm, and also because of confidentiality agreements with the data
provider, we have largely refrained from interpreting the set of top-ranked features. How-
ever, as these early warning signs have the potential to provide considerable insight into the
nuances of customer behavior that are fundamentally related to churn, we believe a more
systematic exploration of these results would provide fertile ground for future research.
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Figure 4.8: Distribution of prediction errors. Distribution of errors (absolute value of
Actual inactivity minus Predicted inactivity) using the Random Forest algorithm.

Figure 4.9: Sensitivity to size of feature set. While additional features generally improve
the accuracy of predictions, diminishing returns are achieved after roughly 50 features are
used.
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Rank Feature R2

Panel A: Tested individually

1. Percent of inactive days (during training period) 0.66

2. Maximum monthly ∆ in incoming calls / Total incoming calls 0.44

3. Maximum monthly ∆ in incoming calls / Total outgoing calls 0.42

4. Outbound network degree (most recent month) 0.35

5. Incoming text messages received from competitor’s network 0.33

6. Average number of calls to Information Portal per active day 0.33

7. Unique weekend contacts per active day 0.33

8. Average daily text messages received from competitor’s network 0.33

9. Number of Inactive Days in the First Month of the Training Period 0.31

10. Daytime degree (voice calls) 0.25

Panel B: Tested jointly

1. Outgoing degree (most recent month) 0.35

2. Outgoing degree (first month) / SMS Degree 0.09

3. Incoming degree (second month) / Total incoming calls 0.14

4. SMS to Mobile Money Service / Total days of inactivity 0.01

5. Short-duration calls (first month) / Total incoming calls 0.24

6. Incoming calls / Incoming events 0.12

7. Calls to Mobile Money servce (first month) / Total days of inactivity 0.32

8. Outgoing events (first month) / Call degree 0.22

9. Total incoming int’l SMS (weekends) / Incoming degree 0.18

10. Total outgoing degree (first month) / Call degree 0.22

Table 4.3: Top predictors of churn. Panel A: Individual features that are most predictive
of churn. The ranked list of features is determined by individually assessing the ability of
each feature to predict churn, absent other features. Panel B: The ranked list of features is
determined through a joint feature selection process that computes the attribute importance
from a set of decision trees, using the algorithm describe by Hastie et al (2009).
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Chapter 5

Multi-view Graph Convolution
Networks

Abstract

With the rapid expansion of mobile phone networks in developing countries, large-scale
graph machine learning has gained sudden relevance in the study of global poverty. Recent
applications range from humanitarian response and poverty estimation to urban planning
and epidemic containment. Yet the vast majority of computational tools and algorithms used
in these applications do not account for the multi-view nature of social networks: people are
related in myriad ways, but most graph learning models treat relations as binary. In this
chapter, we develop a graph-based convolutional network for sparse multi-view networks. We
show that this method outperforms state-of-the-art semi-supervised learning algorithms on
three different prediction tasks using mobile phone datasets from three different developing
countries. We also show that, while designed specifically for use in poverty research, the
algorithm also outperforms existing benchmarks on more traditional node labelling tasks 1 .

1The content presented in this chapter is based on joint work with Joshua E. Blumenstock (forthcoming
in AAAI2019)
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5.1 Introduction

Over the past several years, large-scale graph machine learning has gained increasing rele-
vance in the domain of international poverty research. Driven largely by the expansion of
mobile phone networks throughout developing countries – roughly 95% of the world pop-
ulation now has mobile phone coverageGSMA, 2016 – vast quantities of network data are
constantly being generated by people living in even extremely poor and marginalized commu-
nities. Recent work has shown how such data can be used to inform critical policy decisions,
including the measurement of living conditions J. Blumenstock, Cadamuro, et al., 2015, the
spread of infectious diseases Wesolowski et al., 2015, and the management of humanitar-
ian crises Lu et al., 2012. Private companies are also taking advantage of this new source
of data, for instance by using data from mobile phones to generate credit scores that can
expand credit to millions of people historically shut out of the formal banking ecosystem
Francis et al., 2017.

However, a critical constraint to the use of these data in settings related to economic
development is the lack of scalable algorithms for performing prediction tasks on sparse
multi-view networks. Multi-view networks (also referred to as multiplex and multi-modal
networks), are networks in which nodes can be related in multiple ways, and are the natural
abstraction for mobile phone networks, where different individuals have different types of
relationships and can interact using different modalities (such as phone calls, text messages,
money transfers, and app-based activity). Yet, the vast majority of applied research using
mobile phone data — in developing and developed countries alike — ignores the multi-view
nature of phone networks (see Blondel et al., 2015 for a survey).

This paper develops a novel approach for learning on multi-view networks, which bridges
two different strands in the research literature. The first strand involves methods for ef-
ficient analysis of multi-view networks; the second explores algorithms for semi-supervised
graph learning (see Related Work, below). The method we develop provides an efficient ap-
proach for applying convolutional neural networks to multi-view graph-structured data. We
benchmark this new method, which we call Multi-GCN (short for Multi-View Graph Convo-
lutional Networks), on three different mobile network datasets, on three different prediction
tasks relevant to the international development community: (1) predicting the adoption of
a new “financial inclusion” technology in a West African country; (2) predicting whether
an individual is living below the poverty line in an East African country; (3) predicting the
gender of mobile phone subscribers in a South Asian country. In all cases, we find that
Multi-GCN outperforms state-of-the-art benchmarks, including standard Graph Convolu-
tional Networks Kipf and Welling, 2017, Node2Vec Grover and Leskovec, 2016, Deepwalk
Perozzi et al., 2014, and Line Tang et al., 2015.

We find that Multi-GCN works well when networks are relatively densely connected, as
well as when they are extremely sparse. While designed specifically with the developing-
country context in mind (where the sparsity and multi-view properties of networks are very
salient), we further show that Multi-GCN performs remarkably well on more traditional
node label prediction tasks. In particular, we replicate the experimental design of two recent
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papers that provide state-of-the-art performance baselines for predicting class labels on two
citation network datasets from Citeseer and Cora Z. Yang et al., 2016; Kipf and Welling,
2017, and find that Multi-GCN outperforms both baselines on both tasks.

5.2 Related Work

(a) Multiview
graph

G=((V,E1),(V,E2),(V,E3))

Multiview
=====⇒

Fusion

(b) Merged graph
Centroid: black;

salient edges: blue,
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=====⇒
Ranking

(c) Rank aug-
mented graph
(after adding
salient edges and
pruning non-salient
edges) and node
features

Input
====⇒
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(d) Graph Convolution
Network
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Figure 5.1: Overview of our Multi-view GCN approach

Technical Related Work

Our goal is to develop an efficient method for node-level transductive semi-supervised learn-
ing over multi-view (or multi-modal) graphs. Here, we begin with a general overview of
semi-supervised learning, then focus on various approaches to graph-based semi-supervised
learning, and finally discuss related work on multi-view networks.
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Graph-Based Semi-Supervised Learning

One of the biggest issue with applying supervised learning algorithms in a developing country
environment is that it is often costly to collect labels for training. For instance, when using
mobile phone data to predict the wealth of subscribers, J. Blumenstock, Cadamuro, et al.,
2015 manually conducted a survey of roughly 1,000 subscribers. Semi-supervised learning
tries to solve this problem by using unlabeled data along with the labeled data to train better
classifiers (see X. Zhu, 2005 for a survey). Our focus is on transductive semi-supervised
learning, which assumes that all the unlabeled data is available at the training time and
does not attempt to generalize to data unseen during training.

Graph-based semi-supervised learning (GSSL) is a popular approach for semi-supervised
learning that treats labeled and unlabeled instances as graph vertices, and relationships be-
tween instances as edges Liu et al., 2012. GSSL algorithms try to learn a classifier that is
consistent with the labeled data while making sure that the prediction for similar nodes is also
similar. This is achieved by minimizing a loss function with two factors: a) supervised loss
over the labeled instances, and b) a graph-based regularization term. Different GSSL algo-
rithms use different functions for graph regularization. Label propagation-based approaches,
for instance, use a constrained label lookup function (e.g., Zhou, Bousquet, et al., 2004). Re-
lated, kernel-based approaches parameterize regularization term in the Reproducing Kernel
Hilbert Space (RKHS).

Learning Over Graphs

The success of word embedding algorithms like Word2Vec Mikolov et al., 2013 has inspired
similar algorithms for graphs. For instance, DeepWalk Perozzi et al., 2014 learns embeddings
by predicting the neighborhood of nodes based on random walks over the graphs, while
LINE Tang et al., 2015 and Node2vec Grover and Leskovec, 2016 improve DeepWalk using
advanced sampling schemes. Such models first use a random walk to generate embeddings,
then separately use such embeddings to train classifiers. More recently, neural network-based
approaches have been proposed to perform learning over graphs. These have been extended
to the task of semi-supervised learning Bruna et al., 2013; Defferrard et al., 2016, including
recent work by Kipf and Welling, 2017 that proposes a Graph Convolutional Network (GCN),
which we take as a starting point for our approach.

Learning Over Multi-View Graphs

The key distinction between our approach and prior work is our desire to handle graphs
with multiple views, i.e., graphs where vertices can be connected in more than one way.
In recent years, many different algorithms have been proposed for learning on multi-view
graphs. These algorithms can be broadly divided into three main categories: 1) co-training
algorithms, 2) learning with multiple kernels, and 3) subspace learning (See Xu et al., 2013
for a survey). Recent work by X. Dong et al., 2014 show that subspace approaches — which
find a latent subspace shared by multiple views — perform well relative to co-training and
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kernelized approaches on a range of tasks. We therefore focus our attention on integrating
subspace learning approaches with recent innovations in graph convolutional networks.

Comparison with existing work

Our main contribution is to propose an efficient method for adapting GSSL to multi-view
contexts. Existing approaches to GSSL cannot be readily implemented on such data; those
algorithms that do handle multiple views generally treat views and vertices equally. We show
that the current “state of the art” methods like Graph Convolutional Networks Kipf and
Welling, 2017 can be enhanced by augmenting the input graph using subspace analysis over
Grassman manifolds. Efficiency comes from ranking edges in the merged graph to enable
edge pruning and induction.

Empirical Related Work

Our experimental results focus on three prediction tasks of relevance to the international
development community:

Predicting poverty.

A large number of humanitarian applications — from poverty targeting to program monitor-
ing — require accurate estimates of the welfare for beneficiary populations. Recently, several
paper have shown how digital trace data can be used to estimate the socioeconomic status
of individuals, households, and villages. For instance, Jean et al., 2016 show that daytime
satellite imagery can be used to estimate village wealth; Quercia et al., 2012 find that Twit-
ter data can be used to estimate levels of deprivation, and J. Blumenstock, Cadamuro, et al.
(2015) shows that mobile phone metadata can be used to estimate the welfare of individuals
and regions, respectively.

Product adoption.

We focus is on the adoption of “mobile money”, a suite of phone-based financial services
that are designed to promote financial inclusion among those traditionally shut out of the
formal banking ecosystem Suri, 2017. Within this literature, our work relates most closely
to Muhammad R. Khan and Joshua E. Blumenstock (2016), who analyze the predictors of
mobile money adoption in three different developing countries. More broadly, our approach
adapts insights from models designed for more generic network adoption prediction tasks —
these are discussed in Section 5.2 below.

Gender prediction.

Gender equality and women’s empowerment one of the Sustainable Development Goals, and
recent work explores how digital trace data can be used to assess progress toward this goal
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Fatehkia et al., 2018. Prior work has shown that both social media data Mislove et al., 2011
and phone data V. Frias-Martinez, E. Frias-Martinez, et al., 2010b can be used to predict
the gender of users.

Broadly, these prior studies demonstrate a proof of concept: that digital trace data can be
used to predict the characteristics and outcomes of individuals. But the analyses rely heavily
on off-the-shelf machine learning algorithms, and rarely, if ever, account for the multi-view
nature of real-world social networks. Our study is focused on technical innovation, and we
show that a novel approach yields significant improvements on these real-world prediction
tasks.

5.3 Multi-GCN : Multi-View Graph Convolutional

Networks

Our approach to semi-supervised learning on multi-view graphs integrates three steps, de-
picted in Figure 5.1. First, we use methods from subspace analysis on a Grassmann manifold
to efficiently merge multiple views (or layers) of the same graph. Second, we use a manifold
ranking procedure to identify the most informative sub-components of the graph and to prune
the graph upon which learning is performed. Finally, we apply a convolutional neural net-
work, adapted to graph-structured data, to allow for node classification in a semi-supervised
setting.

Merging Subspace Representations

Given an undirected multilayer graph with M layers G = Gi
M
i=1 such that each layer Gi

has the same vertex set V but same or different edges set Ei, we first calculate the graph
Laplacian for each of the individual layers. If Di and Wi represent the degree matrix and
the adjacency matrix respectively for the ith view of the graph, then the normalized graph
Laplacian is defined as

Li = D
−1/2
i (Di −Wi)D

−1/2
i (5.1)

Given the graph Laplacian Li for each layer of the graph, we next calculate the spectral
embedding matrix Ui through the trace minimization problem:

min
Ui∈Rn∗k

tr(U ′iLiUi), s.t. U ′iUi = 1 (5.2)

This trace minimization problem can be solved by the Rayleigh-Ritz theorem Von Luxburg,
2007. The solution Ui contains the first k eigenvectors corresponding to the k smallest eigen-
values of Li.

A Grassman manifold G(k, n) can be considered as a set of k-dimensional linear subspaces
in Rn where each unique subspace is mapped to a unique point on the manifold. Each point
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on the manifold can be represented by an orthonormal matrix Y ∈ Rn∗k whose columns span
the corresponding k-dimensional subspace in Rn∗k and the distance between the subspaces
can be calculated as a set of principal angles {θi}ki=1 between these subspaces. X. Dong et al.,
2014 show that the projection distance between two subspaces Y1 and Y2 can be represented
as a separate trace minimization problem:

d2proj(Y1, Y2) =
k∑
i=1

sin2 θi = k − tr(Y1Y ′1Y2Y ′2) (5.3)

where, based on Eq. 5.3, the projection distance between the target representative subspace
U and the individual subspaces Ui

M
i=1 can be calculated as:

d2proj(U, {Ui}Mi=1) =
M∑
i=1

d2proj(U,Ui)

= kM −
M∑
i=1

tr(UU ′UiU
′
i)

(5.4)

Minimization of Eq. 5.4 ensures that individual subspaces are close to the final representative
subspace U .

Finally, to make sure that the original vertex connectivity in each graph layer is preserved,
we include a separate term that minimizes the quadratic-form Laplacian (evaluated on the
columns of U):

min
U∈Rn∗k

M∑
i=1

tr(U ′LiU) + αi[kM − tr(UU ′UiU ′i)],

s.t. U ′iU = 1

(5.5)

In Eq 5.5, α is the regularization parameter that balances the trade-off between the two
terms in the objective function. Rearranging Eq. 5.5 and ignoring the constant terms yields

min
U∈Rn∗k

tr[U ′(
M∑
i=1

Li −
M∑
i=1

αiUiU
′
i)U ], (5.6)

As before, the Rayleigh-Ritz theorem can be used to solve Eq 5.5. The solution is given by
the fist k eigenvectors of the modified Laplacian:

Lmod =
M∑
i=1

Li −
M∑
i=1

αiUiU
′
i (5.7)



CHAPTER 5. MULTI-VIEW GRAPH CONVOLUTION NETWORKS 66

Graph-Based Manifold Ranking

Though the modified Laplacian calculated in the last section can be fed directly to the down-
stream graph convolutional networks, the accuracy of the models can be further increased
by ranking the nodes in the manifold based on their saliency with respect to some critical
nodes Zhou, Weston, et al., 2004. To rank points on the manifold, we use the closed form
function,

f ∗ = (I − β ∗ Lmod)−1q (5.8)

Here, I represents the identity matrix, Lmod is the normalized Laplacian as calculated in Eq.
5.7, and β is the regularization parameter. Given a vector q containing the indices of the
query nodes, Eq. 5.8 calculates the saliency of the other nodes with respect to the query
nodes and saliency of these nodes can be used to induce or prune edges in the underlying
graph. The use of manifold based ranking suits our approach as the modified Laplacian
representing merged subspaces can be used directly for saliency detection. The query nodes
can be selected as the centroids determined by any clustering algorithm over the manifold.

The algorithm for the subspace merging and subsequent manifold ranking is shown in
Algorithm 1.

Dataset Nodes Edges Edges Classes Features

(view 1) (view 2)

Panel A: CDR Datasets

Product Adoption 17,000 23,032 18,371 2 132

Poverty Prediction 422 544 1,799 2 1,709

Gender Prediction 958 992 978 2 821

Panel B: Citation Datasets

Citeseer 3,327 4,732 3,492 6 3,703

Cora 2,708 5,429 2,846 7 1,433

Table 5.1: Summary statistics. The Label Rate indicates the ratio of the number of
labeled instances used for training and overall number of instances in a dataset.

Graph Convolution Networks

The application of convolutional neural networks to irregular or non-Euclidean grids, such
as graphs, is based on the fact that convolutions are multiplications in the Fourier domain,
which implies that graph convolutions can be expressed as the multiplication of a signal
x ∈ RN with a filter g(θ) (see Bruna et al., 2013):

gθ ∗ x = gθ(L)x = UgθU
Tx (5.9)
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Algorithm 2: Fusion of multiple views of a graph

Input: {Ai}Mi=1: n× n adjacency matrices of individual graph layers {Gi}Mi=1, with
G1 being the most informative layer

Input: {αi}Mi=1,regularization parameters per subspace to be merged
Input: K, salient query points
Input: Y , number of salient edges per centroid to add
Input: Z, number of non-salient edges per centroid to prune
Input: β, manifold ranking regularizer

Output: Lmod:Merged Laplacian,Amod: Merged Adjacency matrix, Es:Salient
Edges, Ens: Non salient edges

Step 1: Compute normalized Laplacian matrix Li for each layer of the graph
Step 2: Compute subspace representation Ui for each layer of the graph
Step 3: Compute the modified Laplacian matrix Lmod =

∑M
i=1 Li −

∑M
i=1 αiUiU

′
i

Step 4: Perform clustering on the modified Laplacian to identify K salient points
i.e. centroids {qi}Ki=1

Step 5: For each of the centroid rank other edges on the manifold
f ∗ = (I − β ∗ Lmod)−1q

Step 6: For each centroid qi add Y salient edges to the Es and Z non-salient edges
to the Ens

Step 7: Add Es to A1 to form Amod
Step 8: Remove Ens from Amod

Here, U represents the eigen decomposition of the normalized graph Laplacian L = I −
D−1/2AD−1/2 and I, D, A represent the identity, degree and the adjacency matrix, respec-
tively. Graph convolutions can be further expressed in terms of Chebyshev polynomials
as

gθ′ ∗ x =
K∑
k=0

θ′kTk(L̃)x (5.10)

where L̃ is the rescaled Laplacian, Tk represents the Chebyshev polynomials, and θ′ represents
the vector of Chebyshev coefficients. Following Kipf and Welling, 2017, by approximating
the maximum value of the largest eigenvalue and constraining the number of free parameters,
the convolution operation can be represented as

gθ ∗ x = θ(I + D̃−1/2ÃD̃−1/2)x (5.11)

where Ã = A+I and D̃ =
∑
Ã are the renormalized versions of A and D. This renormaliza-

tion avoids numerical instabilities resulting from exploding/vanishing gradients Defferrard
et al., 2016; Kipf and Welling, 2017.
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The modified graph (Amod in Algorithm 2) resulting from the merger of Laplacians using
the subspace analysis and manifold ranking can be fed directly into the graph convolution
networks defined above. The forward propagation model for a two layer network can then
be represented as

Z = F (X,A) = softmax(Â ReLU(ÂXW 0)W 1) (5.12)

Here, Â = D̃−1/2ÃD̃−1/2 is calculated as a preprocessing step before giving the input to the
neural network. W 0 and W 1 represent the input-to-hidden-layer and hidden-layer-to-output
weight matrices for a two layer neural network, and can be trained using gradient descent.

5.4 Experiments and Data

Datasets

Our first set of experiments test Multi-GCN on three three prediction tasks relevant to
international development. Each one uses a different dataset of mobile phone Call Detail
Records (CDR), obtained from three different developing countries with GDP per capita
less than $1,600 USD. These data contain meta-data on all communication events that are
mediated by the mobile phone network, such as phone calls and text messages. Each CDR
dataset contains multiple possible relationships between nodes (views); we extract one view
corresponding to phone calls between users, and another corresponding to text messages.
We separately construct a large set of features of each user (such as total call volume and
degree centrality), using the combinatoric approach described in J. Blumenstock, Cadamuro,
et al., 2015.

Table 4.1 presents summary statistics for each of these datasets. The spy plots, which
provide an indication of the sparsity of the graph structure in the three mobile phone net-
works, are shown in Figures 5.2-5.3.

Product adoption dataset

The first dataset that we use is a sample of a dataset of mobile phone activity from a West
African country. Here, the classification of interest is whether or not the user eventually
adopts a new financial inclusion product. There are two possible classifications: (1) Did not
adopt; (2) Adopted and used the product. Following the experimental setup described in
Kipf and Welling, 2017, we randomly 20 users from each category (40 total) for the training
dataset; the validation and the testing dataset consist of 500 and 1000 randomly selected
users, respectively.
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Figure 5.2: Product Adoption

Poverty prediction dataset

The wealth prediction dataset consists of several thousand transactions of different mobile
phone users from an East African country. We attempt to classify users as poor or non-poor,
where labels were obtained by J. Blumenstock, Cadamuro, et al., 2015 through a small set
of phone surveys that were conducted with mobile phone subscribers.

Again, we randomly selected 20 users from each category as the training dataset, while
the size of the validation dataset and the testing dataset is 100 and 200 respectively.

Gender prediction dataset

The gender prediction dataset originates from a developing country in South Asia. Here, the
classification task is to predict the gender of the mobile phone users, where gender labels are
provided by the operator for a small number of labeled instances.

We randomly select 20 users from each category for training; the size of the validation
and the testing datasets are 100 and 800, respectively.

Citation classification datasets

A final set of experiments tests Multi-GCN on more standard node labelling tasks. Specif-
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Figure 5.3: Wealth Prediction

Figure 5.4: Gender Prediction

ically, we replicate the experimental design of recent work by Kipf and Welling, 2017, who
benchmark a large number of algorithms’ ability to correctly classify academic articles on
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the Cora and Citeseer citation networks. In these datasets, nodes are documents and the
first view corresponds to the citation links between the research papers. We construct the
second view from the textual similarity of the research papers. Specifically, we use the bag of
word vector representation of the document, and if the normalized cosine similarity between
documents is greater than 0.8, say that an edge exists between the documents.

Experimental setup

In general, our goal is to correctly classify nodes in a network, where only a very small
fraction of nodes are labeled. In the experiments, we start from a small sample of labeled
nodes and test the ability of Multi-GCN, as well as several state-of-the-art algorithms from
the literature, to correctly classify unlabeled nodes in the validation and testing sets. We
use three popular node embedding algorithms (Node2vec, Deepwalk and LINE) as a first set
of baselines. In addition, we provide three baselines based on graph convolutional networks
Kipf and Welling, 2017. The first two, GCN (first view) and GCN (second view), apply
GCN over the two respective adjacency matrices from phone and text message activity. The
third, GCN (view union), operates on the union of the adjacency matrices of the first view
and the second view. In each GCN baseline, the node features are constructed from the first
view adjacency matrix.

After merging different views, we rank the interaction between nodes using Eq. 5.8
based on their salience with respect to the query points. The value of parameter α used as
a regularizer for subspace merging (Eq. 5.7) is selected through 10-fold cross-validation. We
similarly tune the hyper-parameters β to 0.99 and set the number of query points to ten
times the number of unique ground truth labels.

After adding salient edges and eliminating non-salient edges through the ranking process,
both the adjacency matrix of the modified graph and the node features are passed as input to
a two-layer graph convolutional network as described in Section 5.3. All of the GCN-based
baseline models (GCN(first view), GCN(second view), GCN(view union)) and our model are
trained for a maximum of 200 training iterations, using Adam (Adaptive moment estimation
extension to stochastic gradient descent, see Kingma and Ba, 2014) and a learning rate of
0.01. Other GCN hyper-parameters are the same as in Kipf and Welling, 2017: Dropout
rate: 0.5; No. of neurons in the hidden layer: 16; L2 Regularization: 5.10−4.

5.5 Results

Experimental results for the three developing-country datasets are shown in Table 5.2. Each
row in this table indicates the average and standard error of the classification accuracy
over 10 randomly drawn train-test splits of the same size for each dataset, constructed as
described in Section 5.4. The last row in Table 5.2 shows the performance of Multi-GCN.
In all four datasets, Multi-GCN outperforms existing state-of-the-art benchmarks, with the
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Method Product
Adoption

Poverty
Prediction

Gender
Prediction

DeepWalk (first view) 56.43±0.187 51.91±0.62 53.18± 0.55
DeepWalk (second view) 51.97±0.112 50.34±0.36 50.84±0.64
DeepWalk (view union) 56.81± 0.114 50.87±0.95 52.34±0.5

Node2vec (first view) 53.87±0.2 52.26±0.58 50.12± 0.4
Node2vec (second view) 50.5±0.11 49.7±0.23 51.68±0.4
Node2vec (view union) 54.5±0.11 50.52±0.63 51.64±0.53

LINE (first view) 51.11±0.01 50.15±0.02 51.56± 0.001
LINE (second view) 50.83±0.01 52.29±0.001 50.00±0.001
LINE (view union) 56.26±0.003 50.18±0.001 51.33±0.002

GCN (first view) 70.74±2.2 55.19±2.33 63.97± 1.29
GCN (second view) 71.4±1.81 50.06±0.81 63.01±0.013
GCN (view union) 71.9±0.9 50.22±0.56 63.9±1.32

Multi-GCN (this paper) 73.47±0.91 59.23±0.2 66.34± 1.03

Table 5.2: Classification accuracy (percentage). Each entry of the table specifies mean
classification accuracy and standard error over 10 randomly selected dataset splits of
equal size.

margin of improvement greatest in the poverty prediction task and smallest in the gender
prediction task.

The second set of experimental results, which test Multi-GCN against recent bench-
marks on a more standard node classification task, are shown in Table 5.3. Since Kipf and
Welling, 2017 previously showed GCN (first view) to outperform a large number of compet-
ing algorithms (including DeepWalk and Planetoid) on this exact prediction task, we omit
those results from the table. In addition to performing a comparison over randomly drawn
train-test splits (as in Table 5.2), we also compare the performance of Multi-GCN against a
different set of randomized test-train splits, as used in the original tests by Kipf and Welling,
2017, with an additional validation set of 500 instances used for hyper-parameter tuning. In
all cases, we observe modest improvements in predictive accuracy of Multi-GCN relative to
existing approaches.

5.6 Discussion

Above, we have proposed an approach to semi-supervised learning on multi-view graphs.
Through a series of experiments, we show that this approach improves upon state-of-the-
art GCN- and embedding-based algorithms on a variety of prediction tasks, both related
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Predefined train-test
splits

Randomized train-test splits

Method Citeseer Cora Citeseer Cora

GCN (first view) 70.3 81.5 67.9± 0.5 80.1±0.5
GCN (second view) 50.7 53.6 53.56±0.1 56.93±0.32
GCN (view union) 70.7 80.38 67.98±0.32 78.49±0.1

Multi-GCN (this paper) 71.28 82.5 70.5± 0.15 81.07±0.15

Table 5.3: Classification accuracy for the non-CDR datasets. Left panel shows the
average classification accuracy (percentage) for the pre-defined test-train splits Z. Yang et al.,
2016. Right panel shows the classification accuracy (percentage) and standard error over 10
randomly selected dataset splits of equal size.

to poverty research and node labelling in general. Intuitively, this does not come as a
surprise. In instances where graph structure is informative for node classification, it makes
sense that allowing for heterogeneity in that structure might improve classification accuracy.
Concretely, we might expect the social network induced by text messages to contain non-
redundant information to the social network induced by phone calls; if both networks are
informative in predicting the characteristics of an individual, we should expect to see gains
from algorithms that account for both.

This intuition is also supported by a closer look at the results in Table 5.2. Here, we
observe that while Multi-GCN provides the biggest gain relative to Deepwalk, Node2vec and
LINE in the case of product adoption, but the gains relative to single-view GCN are more
modest. By contrast, the performance gain on the poverty and gender prediction tasks is
significantly higher for Multi-GCN, even relative to the other single-view GCN benchmarks.
A closer inspection of the spy plots in Figures 5.2-5.4 provide additional insight. For instance,
we can see that different views in the product adoption setting appear somewhat redundant,
whereas for poverty and gender prediction the views appear more independent. However,
it may be difficult ex-ante to identify which views are complementary in the context of the
downstream learning task. Moreover, the extent to which the fusion of multiple views of the
network can help increase classification performance depends on many different factors like
sparsity of the views, mutual information contained in the views, etc.

5.7 Conclusion

Graph convolutional networks have recently achieved considerable success in a variety of
learning tasks on irregular, graph-structured data. Leveraging insights from spectral graph
theory, GCN’s are beginning to replicate the success that CNN’s have seen on more regular
image and text data. For a wide variety of learning tasks relevant to graph-structured data—
in contexts ranging from advertising in online networks to intervening in the spread of a



CHAPTER 5. MULTI-VIEW GRAPH CONVOLUTION NETWORKS 74

contagious disease—this is a promising recent development. In this chapter, we have shown
that state-of-the-art GCNs can achieve even higher performance on a variety of classification
tasks related to poverty research when the multi-view nature of the underlying network is
incorporated into the learning process. We see Multi-GCN as an important first step in
adapting neural network-based approaches to multi-view network data and hope that it can
provide a foundation for future work in this space.
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Chapter 6

Gender Disparity Analysis

Abstract

Ending gender discrimination in all its forms has long been a sustainable development goal of
the United Nations. Despite initiatives and efforts of different governments across the world,
however, gender discrimination still exists. One of the biggest problems has been the lack
of accurate information about gender disparity. This project aims at modeling educational
gender disparity at the district level in Pakistan using network data extracted from call
detail records. Using survey-based educational gender disparity as ground truth data, we
first explore the prominent network metrics and patterns that help in better understanding of
gender disparities in the population. In the second half of this project, we use these network
metrics to predict educational gender disparity at the district level. Our model uses a dataset
of more than 30 million customers, advanced network features and prediction algorithms to
model educational gender disparities accurately. Our findings show that call detail records
can be effectively used to analyze social networks of men and women in developing world
as an alternative data source to more expensive forms of data collection. Secondly, our
analysis shows that the men and women of developing countries like Pakistan manifest
significant differences in their social network activities and patterns. Lastly, the predictive
model that we have developed enables a relatively accurate and cheaper way of estimating
gender disparities. Our proposed model can be easily applied to other countries, provided
gender-annotated call detail records are present 1.

1This work is based on yet to be published joint work with Joshua E. Blumenstock
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6.1 Problem Statement

Getting accurate data about gender disparities can be a challenging task in many coun-
tries. There exist countries in developing world where there has been a gap of more than a
decade between consecutive censuses. As a result, getting accurate demographic information
about women and gender disparities can be the first hurdle for the researchers working on
gender-related issues. Researchers working on gender disparities have primarily relied on the
data collected through surveys. Survey data may fit the requirements in many cases, but
population-level surveys can be expensive and hard to manage, and thus researchers have
been actively using alternative data sources in their research. Internet-based social networks
like Facebook, Twitter and Google+ can go a long way toward solving this problem in de-
veloped world, but in many developing countries the penetration of these social networks
remains low. For instance, Magno and Weber Magno and Weber, 2014 have tried to analyze
gender disparity using Twitter and Google+ datasets, but they found that in some countries
like Pakistan there can be quite some disparity between the ratio of male and female users
on the social network as compared to the ratio of males and females in the actual population
Magno and Weber, 2014. Because of this issue, research based on these sources can result
in analytic discrepancies, as women in developing countries having regular access to these
social networks may already be more privileged than the random male counterparts of the
society (Jackie Robinson effect Magno and Weber, 2014). Thus, there is a need for extensive
research on gender issues at the population level using more comprehensive (conventional or
non-conventional) data sources.

Mobile phones have seen good penetration in developing world. As a matter of fact, in
many developing countries, mobile phone networks have higher penetration than financial
institutes like banks and Internet-based social networks Muhammad R. Khan and Joshua
E. Blumenstock, 2016. High penetration of mobile phones in developing countries makes
them an ideal source to passively collect information about the mobility and behavioral
patterns of individuals. These patterns have been used by researchers to analyze poverty J.
Blumenstock, Cadamuro, et al., 2015; Smith-Clarke et al., 2014, unemployment Toole et al.,
2015, and migration Joshua E Blumenstock, 2012. However, even with the popularity of the
mobile phones in developing world, the analysis of gender disparities is complicated by two
factors: 1) lack of gender information for each of the subscribers; and 2) lack of ground-truth
gender disparities data at fine resolution.

In this research, we use gender-annotated call detail records (CDRs) data from a major
operator in Pakistan to analyze how gender disparities manifest themselves in social net-
works. Furthermore, the mobility information present in the CDRs enables us to associate
these social networks with district boundaries. We use educational gender parity data, avail-
able at the district level, to ground truth the CDR-derived conclusions. The overall goal is
to ascertain how much of the educational gender disparity can be accurately inferred from
the different type of features learned through the CDR data. This research builds on our
exploratory work presented in the ICTD 2016 (Philip J. Reed et al., 2016).
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6.2 Research Questions

The main questions that we intend to address in this research include:

• Research Question1 (RQ1): To what extent are gender disparities reflected in the
social networks extracted from the call records?

In other words, do special social network features exist which can tell us about the
gender disparities in a district? A lot of research work has been done on the analysis
of social networks of less privileged populations. Examples of this work include the
analysis of social networks of migrants Ryan et al., 2008 and the impact of collaboration
on the success of individuals Uzzi and Spiro, 2005, but similar analysis has not been
done to compare the social networks of women and men. We explore through this
question whether prevailing concepts in the literature on social network analysis are
valid for gender-annotated networks extracted from the call detail records of developing
countries.

• Research Question2 (RQ2): How accurately can educational gender parity be mod-
eled using the features extracted from the call detail records?

Our second goal in this research is to accurately model gender educational parity
through the social network metrics extracted during the analysis for Research Ques-
tion 1. The first research question is our attempt to better understand the correlations
between the social network-related metrics (or features) and gender disparities in so-
ciety. The second research question aims to develop an accurate predictive model that
can help in predicting educational gender disparity in different districts of Pakistan.
Both research questions are related in the sense that training the predictive model
on high-quality features is a key to the high performance of the model. The predic-
tive quality of the features can be measured in different ways, but simply the features
for which males and females have significantly different patterns are expected to have
higher predictive power as compared to other features.

6.3 Data Description

We used two main data sources for this research:

1. Communication metadata

We extract social networks from the Call Detail Records (CDRs) of a major telecom
provider in Pakistan. The data consists of more than 1 billion transactions (voice and
text messages) around 30 million users and. In addition to the anonymized caller and
recipient ids, CDRs also contain the timing of the activity and the location of the cell
tower through which the call was made. Furthermore, gender and age of each of the
subscribers are also provided by the telecom operator. The CDR data is quite rich in
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information, as it can be used to collect metrics related to the usage of the network,
mobility of individuals and temporal characteristics of the user’s network. Summary
statistics of the CDR data used in this project are shown in the Table 6.1

Property Value

Panel A: CDR Data Characteristics

Male Users 5.51 Million

Female Users 0.57 Million

Number of days 7

Total Calls + SMS 1.07 Billion

Total Districts Covered 93

Panel B: Pakistan’s Demographic Indicators

Population 185.00 Million

GDP per capita (PPP adjusted) $4811.4

Human Development Index 0.58

Gender Gap Index 0.559

Mobile Subscribers 130 Million

Mobile phone subscriptions (per 100 people) 73

Mobile phone operators 6

Table 6.1: Summary statistics.

National indicators(Source: World Bank) and CDR metrics

The CDR data that we have is quite rich as, in addition to the information about the
caller and the recipient IDs, it also contains information about the cell tower used by
the individuals. This information can be used to calculate different mobility related
metrics. Though the CDR data used in this research only spans seven days, it covers 93
out of 128 districts, capturing variation in population density and human development
index 6.1. The time span of the CDR data does not coincide with any of the major
national holidays or any weather-related catastrophe.

2. Educational Gender Disparity Data

To augment the CDR data with the ground truth data about educational gender parity,
we use the data collected by the gender advocacy group Alif Ailaan . This dataset
contains statistics about the district wise educational gender parity score calculated as
a ratio of the net primary enrollment rate of girls to the net primary enrolment rate
of boys. Net primary enrollment rate in primary education is the number of pupils of
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Figure 6.1: Mobile network penetration

official primary school age who are enrolled in primary education as a percentage of the
total children of the official school-age population . Distribution of educational gender
parity across different districts of the country is shown in 6.2. It is clear from 6.2 that
most of the districts with higher gender parity scores are in the northwestern part of
the country. The distribution of educational gender parity is positively correlated with
the population density of the districts, as shown in 6.3.

Figure 6.2: Educational Gender Disparity

Data Preprocessing

The CDR dataset contains the details of calls and SMS of millions of customers from a
major telecom operator in Pakistan. The networks corresponding to calls and messages can
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Figure 6.3: Urban Density

be analyzed separately or jointly; the rest of the analysis in this report corresponds to the
joint network, such that the edge between two nodes or subscribers can either represent a
call or a message. Furthermore, all the edges are considered undirected. We did explore
the call and SMS networks separately with directed edges, but the results were inferior
as compared to the network corresponding to the undirected calls and SMS. One possible
reason for the better performance of the merged (calls + SMS) undirected network is that
such a network is denser as compared to the calls only or the SMS only network. The
location information present in the CDRS (Caller Cell and the Recipient Cell) is useful for
calculating different mobility related features as described in the next section. In addition
to the CDR transactions, we also had information about the gender and age of each of the
subscriber. This information, coupled with movement patterns, helped us to analyze the
social networks along different patterns related to the age, gender and mobility of the ego
node (the user whose properties are being analyzed) and the alter (the set of users connected
to the ego node).

6.4 Social Network Analysis

The popularity of social networks like Twitter and Facebook has resulted in an increased
research focus on social network analysis, but there is no consensus around ways to generate
features, or which features are most important. Many times, the choice of the features used
in analysis depends on the personal preferences of the researchers. Instead of relying on a
few hand-selected features, we have tried to analyze the social networks of men and women
in Pakistan through the lens of as many features as possible, as explained in the following
subsections.



CHAPTER 6. GENDER DISPARITY ANALYSIS 81

Network Activity

Number of Calls and SMS

It is a general perception that underprivileged communities and individuals may be less
active in call and SMS networks. However, different researchers have found evidence to
support or contradict this assumption. Friaz-Martinez et al. (2010) found that women in
developing country of their study were more active than men on mobile phone networks V.
Frias-Martinez, E. Frias-Martinez, et al., 2010a. Our analysis also confirms this trend, as
shown in Figure 6.4. In Figure 6.4, the y-axis shows the number of subscribers (men (green)
or women (red)) making a given number of calls or SMS over the 7-day period, as shown
by the x-axis. The average number of network transactions made by men and women is
also shown through dotted green and red lines respectively. Figure 6.4 also shows that the
percentage of women making a higher number of calls is greater than the percentage of men.

Figure 6.4: Number of Calls and SMS

Network Status

In addition to network activity, the status of the node in the network can be approximated
through measures like network size, embeddedness and centrality.

Network Size (Degree Centrality)

The comparison of the network size for women and men is shown in Figure 6.5. Dotted
lines in this figure showing the averages indicate that males in Pakistan have higher degrees
on the average as compared to females. This observation is a contrast with the findings
of Friaz-Martinez et al. (2010) Magno and Weber, 2014. This trend shows that women in
Pakistan, in general, have a smaller number of contacts, but as shown in Figure 6.4 the
average number of calls and messages for women is higher. Larger network size of males is
consistent with social trends in Pakistan, as the number of working men is much higher as
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compared to working women, and working individuals are expected to have a higher number
of contacts.

Figure 6.5: Degree Centrality

Network Embeddedness

Embeddedness describes the degree to which the ego nodes are enmeshed in their networks
Y. Dong et al., 2014. In other words, embeddedness is the measure of the extent to which the
contacts of a node i and the friend of the node i are connected to each other. Embeddedness
of the ego node i can be defined as follows Y. Dong et al., 2014∑

v ∈V (i) |(V (i) ∩ V (v))|/|(V (i) ∪ V (v))|
V (i)

Here, V (i) represents the list of the neighboring nodes of the ego node i. Women in Pakistan
have higher average embeddedness as compared to men as shown by the dotted lines in
Figure 6.6. One possible explanation for this trend can be the fact that women have more
responsibilities within the house and the family while the men have more responsibilities
out of the home. In other words, a woman’s network may be largely comprised of relatives,
friends or acquaintances, many of whom are connected in ways independent of the woman.
Men, however, many have commercial contacts that are not linked in ways independent of
the man.

Network Constraints

The concept of structural holes [3] is a popular instrument in social network analysis research
and has been used to assess the status of nodes in a network, diffusion of information and
many other problems. Network constraints measure the extent to which the network does not
span structural holes. If most of the neighbors of a node are connected to each other, then
the node has higher constraints and vice versa. Disenfranchised communities like women
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Figure 6.6: Embeddedness

in developing world are expected to have higher constraints or lower number of structural
holes.

The constraint of a node i denoted as C (i) is defined as follows

C (i) =
∑

j ∈V (i)

(pij +
∑

q ∈V (i)

piq + pqj)
2

V (i) represents the list of neighboring nodes of the node i, while the proportional tie
strengths pij is based on the adjacency matrix A and is defined as follows

pij =
aij + aji∑

k ∈V (i) ( aik + aki)

Average constraints for women in our network is slightly higher as compared to the con-
straints for men (0.67 and 0.64 respectively) as shown in Figure 6.7.

Figure 6.7: Network Constraints



CHAPTER 6. GENDER DISPARITY ANALYSIS 84

Betweenness Centrality

Importance of a node in a network can also be quantified by calculating the betweenness
centrality of the node, i.e., the number of shortest paths that go through the node.

More formally, the betweenness centrality of a node i is given by the following equation

g (i) =
∑

s 6=i 6=t

σst(i)

σst

Where σst is the total number of shortest paths from node s to node t, while σst(i) is the
number of those paths that pass through i.
Comparison of betweenness centrality of males and females is shown in Figure 6.8. Figure
6.8 shows that the betweenness centrality of the men is consistently higher as compared to
the betweenness centrality of women in Pakistan, which is a trend that we expected given
that the number of men in the network is much higher than the number of women.

Figure 6.8: Betweenness Centrality

Network Formation

Gender Homophily

People belonging to different categories and communities can have different preferences for
network formation, and these preferences can result in patterns of homophily regarding
gender, age, and other characteristics. Figure 6.9 shows that male to male edges in the
network are much more frequent as compared to female to female edges.
Homophily in a network tells us about the tendency of a node to form connections with similar
nodes. However, plain homophily cannot accommodate the frequency of communication
between the edges. Diversity-related measures can be used to measure the extent to which
a node interacts with a particular type of node. Network diversity has been shown to be an
important feature for predicting the socio-economic status of individuals Eagle et al., 2010a.
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Network diversity is defined as a function of Shannon entropy, as shown in the following
equation.

Diversity =

∑N
i=1−p (i) ∗ log(p(i))

logN

Here N indicates the total number of possible groups across which the diversity is to be
calculated while p(i) indicates the proportion of calls being made to the ith group. Based on
this equation, we calculate different diversity related metrics, as explained in the following
subsections.

Figure 6.9: Gender Homophily

Gender Diversity

Gender Diversity calculates the proportion of calls being made by an individual to each
gender. Women have higher gender diversity compared to males in our dataset, as shown in
Figure 6.10. This trend seems to be a contradiction of the trend seen in Figure 6.9 at first,
but the concept of gender homophily does not incorporate the volume of calls made to each
of the group.

Figure 6.10: Gender Diversity
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Age Diversity

Just like gender diversity, age diversity calculates what proportion of calls are being made
by the individual to each age group. Based on the age distribution of the subscribers in our
dataset, we have defined four different age groups as follows: Group 1 (25-24 years), Group
2 (25-39 years), Group 3 (40 – 54 years), Group 4 (55 and beyond).
The comparison of the age diversity of males and females in our dataset is shown in Figure
6.11. Males have slightly higher age diversity as compared to females on the average (0.057
vs. 0.049). Once again, the larger network size of the males on the average is one possible
reason for the higher age diversity in the network.

Figure 6.11: Age Diversity

Topological Diversity

Topological diversity analyzes the proportion of calls being made to each of the persons in an
individual’s network. The distribution of topological diversity for males and females in the
dataset is shown in Figure 6.12. The topological diversity of men on the average is slightly
higher as compared to the topological diversity of women (0.25 vs. 0.22).

As most of the working class in Pakistan constitutes men, the men are expected to be
calling to different contacts in their network, and these contacts may have higher variation
in their location as compared to the contacts of the women in general which explains the
higher topological diversity of men on the average. But the difference between the average
topological diversities between females and males is not very high which may be because
of the fact that females are more active in communication with other family members in
different locations.

Mobility Related Measures

The location information in the CDR data (Caller Cell Id and Recipient Cell Id) enables
us to calculate many location-related or mobility- related features as well. These mobility
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Figure 6.12: Topological Diversity

related features can be really important as it has been shown in different research papers
that many of these diversity-related measures may be correlated with the socio-economic
status of individuals at the micro level and different regions at the macro level (For example,
see Eagle et al., 2010b and Guyon et al., 2002). Amongst these features, the distribution
of two, namely location diversity and average geographical reach, of males and females is
shown in Figure 6.13 and 6.14, respectively.

Location Diversity calculates the proportion of calls being made to each of the locations
to which the user has been communicating. Location diversity of males is higher than the
location diversity of females on the average, as shown in Figure 6.13.
Average geographical reach calculates the average geographical distance between the caller
and the recipient. The average geographical reach of males is higher as compared to the
average geographical reach of women, as shown in Figure 6.14.

Figure 6.13: Location Diversity

From the distributions of different features highlighted in these sections, we can see three
prominent trends.

• Women have a higher average value for the features, for example, network constraints
and network embeddedness, which depend on the interconnections of the nodes in the
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Figure 6.14: Average Geographical Reach

ego’s network.

• Men have higher average values for the features which depend on the number of males
in the network. Some of the examples of these features include gender homophily and
betweenness centrality.

• Lastly, in Pakistan’s culture, most of the men work outside of the home whereas women
are expected to be the homemakers. This cultural norm implies that the network of the
men is bigger on average as compared to the network of women. The higher average
network size of men also results in higher topological diversity. The average value of
the mobility-related features for the men is also higher as compared to that of women,
as men’s networks may contain many geographically scattered professional contacts.

Statistical Significance of Features

The statistical significance of different features used in our analysis is shown in Table 6.3.
Avg(M) and Avg(F) indicate the average values of the feature for male and female subscribers
in the dataset. The last column shows the difference between the average value of males and
females along with the p-value calculated through a t-test. The distribution of each of these
features has already been described in the last section; however, this table shows that age
diversity and topological diversity are not as significant as compared to the other features.
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Feature Avg(M) Avg(F) Diff(F-M)

Number of Calls and SMS 10.54933 18.08716 7.54***

Degree Centrality 2.143208 1.990399 -0.15***

Network Embeddedness 0.051923 0.07631 0.025***

Betweenness Centrality 2035.78 544.2583 -1491.52***

Gender Diversity 0.075737 0.114932 0.04***

Age Diversity 0.066672 0.055562 -0.01*

Topological Diversity 0.310245 0.266003 -0.04*

Gender Homophily 0.843515 0.318313 -0.53***

Average Geographical Reach 92.50838 80.0252 -12.48***

Location Diversity 0.371363 0.358917 -0.012***

Table 6.3: Statistical significance of different features used for ana-
lyzing social networks of males and females.

Avg(M) and Avg(F) indicate the average of the feature values for the males
and females respectively. The last column shows the difference between the
averages. ***: P-value <=0.001, **: 0.001<P-value<=0.01, *0.01<P-
value<=0.1

6.5 Predicting Educational Gender Disparity at the

District Level

Our second goal in this project was to see how accurately we can predict the educational
gender disparity at the district level given the CDR based features described in the last
section. Given the individual level features, this is accomplished in three main steps.

Converting individual features to district level features

We first convert the individual level features calculated in the last step to district level
features. Given the subscriber level features, we apply the mean, median and standard
deviation operations to each of the features to get the district-level features. We further
calculate the ratio features as the ratio of the district level average feature value of females
to the same for males. Furthermore, we also calculate the proportion features as the ratio
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of the district level average feature value of females to the same value for all subscribers in
that district.

Top Feature Selection

Given the high number of district-level features that we have, it is important to eliminate
redundant or useless features from the final model so that the accuracy of the model can be
improved. Elimination of redundant features also helps in improving the interpretability of
the model. We used a cross-validated Random Forest Classifier to rank features based on
the value of R-squared, and the most optimal set consisting of 30 features was selected using
Recursive Feature Elimination (RFE) (Guyon et al., 2002).

Figure 6.15: Top features selected through RFE. Left: Gender parity score vs Average gender
disparity and Right: Average gender homophily of the males in a district

The top 4 features selected through RFE are listed below.

• Average gender diversity of males in a district

• Average gender homophily of males in a district

• Average embeddedness of all the users in a district

• Average geographical reach of all the users in a district

Figure 6.15 shows the relationship between the top 2 features selected through RFE and
the gender parity score. The subfigure on the left shows the predictive performance of a linear
least square regression model weighted by the district population and trained on the average
gender diversity of males in a district. The subfigure on the right shows the predictive
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performance of a linear least square regression model weighted by the district population
and trained on the average gender homophily of males in a district. The R-squared of these
models on the training dataset is 0.46 and 0.47 respectively.

Final Prediction Models

In the final prediction models, we use the top 30 features selected through the feature
selection process described in the last step and build different machine learning models
using these features. Gender disparity at the district level has not been a widely researched
problem, so there is no consensus or existing baselines to serve as comparisons. We thus use
network activity (Baseline Model 1), network size of the users (Baseline Model 2) and the
ratio of female to male users in a district (Baseline Model 3) as the models against which to
compare our models.

Given the top features selected through the feature selection process, we set up three
different type of experiments. Detail of these experiments are as follows:

• Experiment A: Prediction of district-level gender parity score
In this experiment, we use different regression models like Weighted Least Squares and
Random Forest Regression to predict the gender parity score of each of the districts.
In this experiment, the least square regression model weighted by the population of the
districts outperformed other regression models. The R-squared for our best performing
model in comparison to the baseline models is shown in Figure 6.16.

Figure 6.16: Results for Experiment A
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• Experiment B: Classifying districts into fine-grained categories based on
the gender parity score
In this experiment, we have tried to classify the districts based on the gender parity
score binned into seven different categories, based on the minimum and maximum
value of the gender parity score. The intervals defining these categories are 30-39, 40-
49, 50-59, 60-69, 70-79, 80-89 and 90-99. The random forest classifier with top features
selected through RFE outperforms other models for this experiment. The performance
of random forest classifier and baseline models for this experiment is shown in Figure
6.17.

Figure 6.17: Results for Experiment B

• Experiment C: Classifying districts as having low, medium or high gender
parity score
Some of the categories in experiment B have very few districts. For instance, only two
districts have the gender parity score between 30-40. In experiment C, the gender parity
score is binned into three different categories: Low, Med and High such that each of
these categories has an almost equal number of districts. In this experimental setting,
the districts having gender parity score less than 75 are classified as low, the interval
75-89 corresponds to a medium gender parity score, and greater than 89 corresponds
to the high category. Just like the case of experiment C, the random forest classifier
with top features outperforms other models for this experiment. The performance of
random forest classifier and baseline models for this experiment is shown in Figure
6.18.
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Figure 6.18: Results for Experiment C

For each of experiments A, B and C we have evaluated different machine learning models
using 10-fold cross-validation with a train/test ratio of 80:20. It is clear from Figure 15 that
our approach beats the baseline models by a significant margin. The weighted least squares
regression model used in experiment A and trained on the top features selected through RFE
beats the weighted least squares model trained on individual top features as well. Similarly,
the Random Forest classifier with top 30 features selected using RFE outperforms baseline
models for both experiments B and C (Figure 16 and 17). Performance of the Random Forest
classifier with top features is much better for experiment C as compared to experiment B as
the class distribution is balanced.

Discussion

In this project, we have analyzed the differences in social networks of men and women in a
developing country using call detail records, with the aim of developing a predictive model
to predict gender disparity at the district level. Our first contribution in this project is to
demonstrate the suitability of CDR-based social networks for research on gender dispari-
ties. For large-scale studies like the one discussed here, CDR-based data can provide many
advantages. Collecting CDR data does not require a great deal of additional investment;
even the poorest of countries have seen a good penetration of mobile phones. Secondly,
in comparison to other online social networks like Facebook and Twitter, mobile phones
have seen wider adoption across all segments of the society, whereas networks like Facebook
and Twitter are relatively more popular among youth, urban residents, and higher income
classes. Many notable differentiating patterns can be seen between the social networks of
men and women in Pakistan. The rich information contained in the call detail records en-
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ables us to compare the social networks of men and women not only according to simpler
features like size of the network and the activity on the network. We also have advanced
measures related to network formation and network status, which can provide much more
interesting information about the salient differences between the social networks of men and
women in developing world. As explained in Section 4, the social network of men and women
have statistically significant differences in terms of call volume, network size, embeddedness,
gender homophily, and average geographical reach. Interestingly, women in Pakistan use
the mobile phone network more actively but consistently have a smaller network size. This
pattern indicates that women either prefer relatively stronger ties with fewer nodes in their
network, as compared to men or are constrained to do so. However, as the percentage of
women with higher embeddedness is greater than the corresponding percentage of men, this
shows that women may have a more central position in the networks. Females show higher
gender homophily in accordance with the prevalent social norms of the Pakistani society.
Furthermore, the trends of gender and diversity are also in accordance with the prevalent
social norms of the Pakistani society, wherein the females have more central roles in the fam-
ilies while the men are the breadwinners. As most of the professional workforce in Pakistani
society consists of men, therefore, men, as expected, have higher network size and topological
diversity. Furthermore, the network of the men is geographically more spread. Each of the
behavioral features discussed in this report casts a different light on the social networks of
men and women in developing countries. On the one hand, these differences highlight how
men and women organize their social networks, while on the other hand, these differences
highlight how the men and women can be susceptible to diffusion of information and oppor-
tunities through their networks. As machine learning models can play a helpful role in the
spread of different initiatives (e.g., digital financial services, health services), the knowledge
of the factors influencing the diffusion of information can help immensely in the success of
these initiatives. A critical question that requires further exploration is whether the features
selected by the feature selection process represent trends in the society or not. We intend to
handle this question in our future research as our focus in this project has been on selecting
the features which result in the best performance for the machine learning models. Some of
the top features selected by the RFE algorithm are easier to interpret in the social context
while some others are not easy to interpret. For example, among the top features, gender
diversity is positively correlated with gender parity while gender homophily is negatively
correlated with the gender parity. Higher gender diversity of males in a district indicates a
relatively higher activity of females in the district which can show the better social status of
the females in the district. On the contrary, higher gender homophily of males may be an in-
dicator of lower network activity of females in the district. Similarly, the higher geographical
reach of the individuals of a district on the average may also be positively correlated with
higher HDI of the district. However, the relationship of higher average embeddedness of the
users in a district with the gender parity may not be that obvious. Many of the features
selected by the RFE algorithm have positive correlations with the network activity, but it is
not obvious why these features are more important as compared to the network activity in
general. The correlation of these features with the actual social trends is a research topic on
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its own and needs much more attention, but it was not the focus of this project. Lastly, the
predictive model we have developed beats the performance of other baseline models by quite
some margin. Not only we can predict the raw gender parity score, but we are also able
to relatively accurately classify the districts as having low, medium or high gender parity
scores. From the perspective of the government and social work organizations, we think that
this classification model will be useful for these organizations to align their resources and
initiatives in the districts with lower gender disparity. In the absence of such classification
models, organizations are either dependent on the statistics collected by the government or-
ganizations or the surveys conducted by the social welfare organizations. Government level
data collection and analysis can demand a great deal of time and resources, while the sur-
veys collected by the social welfare organizations are usually not comprehensive. Our study
opens some other interesting questions for future exploration as well. For example, do the
country-level social network findings correlate with the provincial-level social networks, or
do the more progressive provinces have different patterns? Furthermore, to what extent do
the patterns found in this society hold for countries with similar cultural and socio-economic
background as Pakistan? We intend to handle these questions in future work. Similarly,
the application of deep neural networks based models on the population level CDR data is
another interesting area for future research.
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Chapter 7

Discussion

In this dissertation, I have shown that how machine learning over mobile communication
metadata can be used to accurately model different problems related to poverty research
in the developing world. My main contribution to the field of machine learning is the
development of two algorithms for feature engineering or feature learning that are able to
beat the existing state of the art for different problems related to poverty research in terms
of prediction accuracy.

DFA based approach (an example of semi-automatic feature engineering) for feature
engineering is able to combine domain expertise and general practices for feature engineer-
ing resulting in an extensible and scalable method for feature engineering. This method
can be easily used by the researchers and the industry practitioners. I have used DFA
based approach for feature engineering over CDR datasets from Ghana, Pakistan, Zambia,
Afghanistan, and results have been quite impressive. International Finance Corporation, a
subsidiary of World Bank, has used this approach for feature engineering over multiple CDR
datasets from different years for modeling product adoption. In one trial of such methods
for feature engineering, the reported improvement in product adoption was 30% more than
the existing methods.

It is worth noting that the DFA based approach can be used on network datasets other
than the CDR dataset as well. An additional advantage of DFA based approach is that the
features it generates are highly interpretable.

Methods for feature engineering can improve the performance of machine learning models
in almost every cases. In the second phase of my research I have shown that Multi-GCN
(a neural network models that can incorporate the multi-layer nature of the CDR datasets)
can beat the performance of the current state of the art models like Node2vec (Grover and
Leskovec, 2016), Deepwalk (Perozzi et al., 2014), etc. not only for the problems related to
poverty research but more traditional computer science problems like node classification in
citation networks as well.

There are quite a few avenues for future research based on the content presented in this
dissertation. DFA based approach though generally accurate and extensible can be made
more efficient by combining feature evaluation with the feature generation process. In other
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words, it would be better to prune those paths of DFA that lead to non-informative features.
Multi-GCN based approach for machine learning over CDR networks requires extensive

hyper-parameter tuning. An end-to-end method approach for machine learning over CDR
networks is the logical next step for research in this area.

Lastly, there are quite a few research questions related to the analysis of social networks
in the developing world that we could not address due to time constraints. Identification and
modeling of cascades in the CDR networks, structural characteristics of different types of
events in the networks are some of the questions that can benefit from the content described
in the Chapter 6 of this dissertation.

To conclude, this dissertation shows that machine learning over CDR networks can help
the researchers to better model different phenomenon in the developing world. Commercial
applications and research studies both can benefit from the methods of feature extraction
presented in this thesis.
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