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Churn, Baby, Churn!
 Fast Scoring on a
 Large Telecom Dataset
 Predictive Analytics World 2009
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Motivation
 Age Location Contract Period ……
 John
 Christine
 Adam
 Mike
 :::
 Change Service ?
 -1
 -1
 1
 -1
 :::
 Attributes / Features
 (Many irrelevant to the task)
 Observed Customer
 Behavior
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Objectives
 • Parallel Data Mining to predict customer
 behavior
 • Key Task: “Winnow” out irrelevant features• 15,000 features
 • Heterogeneous and noisy, many irrelevant
 • Fast scoring for timely decisions
 • Good scoring accuracy
 • Business Objective:
 Increase profit by improving customer
 experience.
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Outline
 • Background
 – Parallelism in Data Mining
 – Dataflow Parallelism
 • Marketing Optimization
 – Large Telecom CRM dataset
 – Preprocessing & Feature Selection
 – Customer Behavior Prediction
 • Dataflow Solution for Marketing Optimization
 • Results
 • Conclusions
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Parallel Data Mining
 Case for Parallelism
 • Data Intensive
 • Computationally expensive
 • Dynamic Models
 – Scaling for size of data (number of rows/records)
 – Scaling for dimensionality (number of variables)
 • Commodity multi-core, Amazon EC2, Clusters
 • Parallel Applications without Parallel
 Programming
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Dataflow
 • Shared Memory Architecture
 – Synchronization and Concurrency issues
 – Consistent memory models
 • Dataflow
 – Parallel computational model
 – Computation by flow of data through a graph of
 operators
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Parallelism: Dataflow
 Age Location ……
 John
 Christine
 Adam
 Mike
 Age Location Sex
 John
 Christine
 :::
 Horizontal Partitioning Vertical Partitioning
 Pipeline parallelism: Partitioning a
 task into steps performed by different
 units, with inputs streaming through,
 much like an assembly line.
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PipeliningStart Finish
 Non-pipelined tasks
 Same tasks pipelined
 Reduced Runtime
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Dataflow Graph Example
 1) Assign Cluster:
 Calculate distances,
 Assign to the nearest
 Cluster
 2) Calculate Centroids:
 Sum Coordinates, Merge
 Centroids, Normalize
 2-cores
 16-cores
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Parallel Programming is hard!• Approach:
 • Write the sequential program
 • Find independent tasks
 • Map tasks to threads
 • Contend with:• Synchronization
 • Race conditions & deadlocks
 • Debugging & scalable performance
 • Parallel programming gap:• Bridged by dataflow
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Outline
 • Background
 – Parallelism in Data Mining
 – Dataflow Parallelism
 • Marketing Optimization
 – Use Case: Large Telecom CRM dataset
 – Preprocessing & Feature Selection
 – Customer Behavior Prediction
 • Dataflow Solution for Marketing Optimization
 • Results
 • Conclusions
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Telecom Dataset (KDD Cup‘09)• Training data
 – 50,000 customers
 – 15,000 variables
 – Three labels: churn, appetency and upselling
 • Test data
 – 50,000 customers
 – 15,000 variables
 – Predict three labels: churn, appetency and upselling
 • Evaluation criterion: AUC scores from ROC analysis
 – AUC: 0.7286 using Naïve Bayes/Reference
 • Production System by Orange Lab
 – Training runtimes in the order of 12 hours (60 training
 model updates per month).
 10/26/2009 12
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Data Challenges
 • Dimensionality: 15,000 variables
 • Heterogeneous Noisy Data• Numerical
 • Categorical
 • Unbalanced Class Distribution
 0
 10000
 20000
 30000
 40000
 50000
 churn appetency upselling
 Trainset Class Distribution
 No
 Yes
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Knowledge Discovery Process
 • Data Preprocessing
 • Clean and Normalize
 • Build Model
 • Apply Model
 • Evaluate & Interpret Results
 Guess the hardware that we used ?
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Preprocessing
 • Distinct Values on Categorical Variables
 • Basic Statistics• Mean
 • Std Dev
 • Min, Max
 • isNAN
 • isZero
 • isCategorical
 • isMissing
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Clean & Normalize
 • Missing Value Replenishment
 • Normalization• Z-Scale
 • Log Scale
 • Range
 • Feature Selection• Pearson Correlation
 • Remove Sparse Columns
 • Remove Categorical Columns; too many distinct
 • Minimum Standard Deviation
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Outline
 • Background
 – Parallelism in Data Mining
 – Dataflow Parallelism
 • Marketing Optimization
 – Large Telecom CRM dataset
 – Preprocessing & Feature Selection
 – Customer Behavior Prediction
 • Dataflow Solution to the Marketing Optimization
 • Results
 • Conclusions
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Dataflow Parallelism Framework
 1
 8
 • High Performance
 • JAVA API
 • Multiple forms of parallelism
 • Dataflow Computational model
 • Scalable
 • Dynamically scalable
 • Transportable across different hardware and operating systems
 • Easy to Implement
 • Fast implementation and deployment.
 • Compose application graph from operators library
 • Low-level parallel processing engine
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Customer Behavior Prediction
 Balanced Winnow Algorithm
 • Model prediction as a linear
 weighted combination of features
 • Start with uniform weights
 • Iteratively update weights if
 misclassified
 • Independent for each point
 – Parallelism
 • Feature Selection:
 – Weights of irrelevant features
 rapidly become negligible.
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Algorithm tweaks
 • Weighted Voting• Top surviving weights lead to
 more stable classifiers
 • Final classifier is an average
 of the top stable classifiers
 • Margin• Leeway for ambiguous data
 points within margin distance
 • Converges even if no perfect
 linear classifier
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Scalable Balanced Winnow Algorithm
 • By weighting the features: automatically does
 feature selection.
 • Proven to be good in high dimensional and noisy
 data.
 • Parallelizing:
 – Horizontally partition the data.
 – learn weights on each data partition and combine
 them.
 – Since the dimensions are high and comparable with
 the number of data points, the data is (hopefully)
 linearly separable and it converges fast.
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Outline
 • Background
 – Parallelism in Data Mining
 – Dataflow Parallelism
 • Marketing Optimization
 – Large Telecom CRM dataset
 – Preprocessing & Feature Selection
 – Customer Behavior Prediction
 • Dataflow Solution to the Marketing Optimization
 • Results
 • Conclusions
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Upselling Trainset ROC Curve
 23
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Results: Scalability
 24
 2.097.152
 33.554.432
 1 2 4 8Tota
 l Ru
 nti
 me
 (mse
 c)
 cores
 churn ideal
 4.194.304
 67.108.864
 1 2 4 8Tota
 l Ru
 nti
 me
 (mse
 c)
 cores
 upselling ideal
 target eta margin AUC runtime (min)
 churn 6 0.004 0.61 51.91
 appetency 12 0.0005 0.72 82.09
 upselling 12 0.0005 0.83 97.90
 Hardware :
 • Intel Xeon
 CPU L5310 1.6Ghz
 (2 processors,
 quad core each)
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Results
 • Total runtime
 – DataRush Churn Runtime: 21 minutes (16 cores)
 – Orange Lab Production System Runtime: 12 hours
 – DataRush solution is 30x faster end-to-end
 • Total development time
 – Two persons for 5 days
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Dataflow Applications
 0,00200,00
 400,00600,00
 800,001000,00
 k-Means (8-core)
 Fuzzy Matching/ Deduplication (8-core)
 Aggregation/Data Quality (16-core)
 Balanced Winnow Classification (16-core)
 Collaborative Filtering Coclustering (8-core)
 MalStoneB Algorithm (16-core)
 runtime (minutes)4,8,16 cores
 k-Means (8-core)
 Fuzzy Matching/ Deduplication (8-
 core)
 Aggregation/Data Quality (16-core)
 Balanced Winnow Classification (16-
 core)
 Collaborative Filtering
 Coclustering (8-core)
 MalStoneB Algorithm (16-core)
 Datarush 0,28 15,00 68,00 21,00 16,31 103,00
 Before 192,00 270,00 600,00 720,00 550,00 840,00
 DataRush Application Use CasesBefore and After Datarush
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Conclusions
 Dataflow Balanced Winnow Algorithm
 • Devised and Applied Dataflow Solution to the
 Marketing Optimization Problem
 • Demonstrated
 – Significantly Decreased Runtimes
 – Scalability of Solution across Cores and Data
 Volumes
 – Quick Development and Deployment on Commodity
 Hardware.
 • Future directions: Build Non-Linear Classifiers
 for low dimensional datasets.
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Questions?
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