MOBILE DATA ANALYTICS:

High-Impact Analysis for Social Good (and for Profit)

Dr. Joshua Blumenstock  University of Washington
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THIS TALK: OUTLINE

 Mobile Data Overview

» Business Analytics
* Predicting customer churn

 Big Data for Social Good
» Detecting crises from call records
* Models of migration and mobility
» High-Resolution poverty maps



BACKGROUND AND MOTIVATION

* “Mobile Phone Revolution” in developing countries
4 billion subscribers in developing countries
* 1 new subscriber per second in Nigeria

 Mobile Money and Value Added Services
« 2 billion unbanked phone owners
 Mobile Money and Data rapidly expanding
. Airtel (Africa): $2B in mobile money in 2014 Q1 T o hmansesiopmen

Mapping mobile money services for the unbanked - October 2013 | | ' ‘ |
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Does your home have a cell phone - Gallup 2011
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MoBILE DATA OVERVIEW

 Transactional Data and Call Detail Records (CDR)
« Call and SMS: sender, receiver, tfime, duration
 Recharge and Voucher: time, denomination, location

* Mobile Money: deposits, withdrawals, transfers, payments, etc.
 Including: HLR, VOU, HLR, PPS, MM, INDUMP, MSC/RCP/SSP, etc.

 Example Call CDR:
mmu

979ae8gc’/d 979£339087 2014-01-04 22:00:11 2837

* Note: One month of CDR can be /1-100 terabytes
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Data Acquisition:
PHP, python, JSON, XML, bash
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Visualization
Processing, D3, Adobe
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ETL and Storage

Hadoop/Hive, SQL, Spark/Spark, GraphLab
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Java, MatLab, Stata

%<~ amazon

webservices™

P. Ll

Features
_/—F

Preprocessing
Java, Scala, php/python

‘Machine Learning  Statistical Analysis

R, MatLab, Stata
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THIS TALK: OUTLINE

» Business Analytics
* Predicting customer churn

 Big Data for Social Good
» Detecting crises from call records
* Models of migration and mobility
» High-Resolution poverty maps
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BUSINESS ANALYTICS

Sample Project: Machine Learning for Churn Prediction

 What are the “early warning signs” of churnge
 Which customers are most likely fo become inactivee

Input Data: Feature Extraction:
6 months of complete CDR IN >5,000 raw features
« Call CDR, SMS CDR, HLR, efc. Based on Combinatorics:
« Voucher activity (top up, transfer) Calls vs. SMS vs. MM
* Mobile Money records Outgoing vs. Incoming
Duration vs. Count

In-Network vs. Out-Network
Domestic vs. International

Target Data: Time of Day

“Churn" over 3 mon.l.hs SpeCiCII Numlbers

« “Total churn”: Complete inactivity
« “Relative churn”: % of inactivity
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BUSINESS ANALYTICS

Sample Project: Machine Learning for Churn Prediction
« What are the “early warning signs” of churn?

« Which customers are most likely to become inactive?

Machine Learning Models Predicting Churn
* Principal Component Analysis
» Support Vector Machines
* Random Forest Classifiers
» Regression and Logistic Regression
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BUSINESS ANALYTI
¢

Sample Project: Optimizing a Referral Incentive Program (D

« Referral bonuses if friends become active MM users . ! | .

« Product marketing optimization T Pesgl T
« What information makes people spread the worde . o g
 Where are the optimal “injection points” of new informatione -
« What incentives create sustained use? P ' -

- 12 Different “Treatments” (A-B Testing) L S S

Financial Q Product : Low ' 4 oo i
Incentives - Information ‘d’ Touch - -\ S -~

Social Veltt & Benefit

Incentives g Information
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BiG DATA FOR SociAL Goot

Sample Project: Detecting Crises from Call Detail Records
 How to identify the time, location, and severity of crisis events?
» Early Warning Systems N o
 Real-time assistance R ¢
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Number of calls per minute, V(t)
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BiG DATA FOR SociaL Goob

Sample Project: Measuring Migration and Mobility
 Where do people move after crisis eventse
« How does migration affect the economy?

2005-01-01
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BiG DATA FOR SociaL Goob

Sample Project: High-Resolution Development Indicators

* Problem: Unreliable data on key development indicators
« Household surveys require significant investment and infrastructure
« Angola’s last national census was in 1970

» Solution: Predict poverty and vulnerabillity directly from CDR
« At regional level (e.g. political district)
« At individual level
« Detect changes over time
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BiG DATA FOR SociaL Goob

Sample Project: High-Resolution Development Indicators

Data Assembly and Linkage Behavioral Machine Learning

Passive Data i siciss iy 0o S I

Call Records
SMS Records
Networks
Event Logs
News Articles

+

Survey Data
- Phone-based
- Face-to-face
- Census data
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BiG DATA FOR SociaL Goob

Sample Project: High-Resolution Development Indicators

High-Resolution Advanced Demographic Risk and Vulnerability
Poverty Maps Segmentation Assessment

.........

Kendall




—
SUMMARY

With Big Data comes Big Responsibility...

...and Big Opportunity!
 For profit

« Churn detection and customer profiling, marketing and pricing,
behavioral segmentation, product design and optimization

 For solving important societal problems

* Mapping poverty and vulnerabillity, crisis deftection and early
response, Impact evaluation, basic science research

* Many possible opportunities for partnership!
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Thanks for your attention
Comments, Questions, Feedback are welcomel

joshblum@uw.edu
hitp://www.|blumenstock.com
hitp://datalab.ischool.uw.edu




