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Observations on Training

» Positive labels of 3 tasks are exclusive
— Transform to 4-class classification (C/ A/ U / Null)

,_ _ Label of churn  Label of appetency Label of up-selling

i class 1 1 0 0

*: class 2 0 1 ()

; class 3 () ) 1

i class 4 () 0 0
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gg’{/a@bservations on 10% Testing

Cross-validation (CV) varies from 10% testing
(online feedback) significantly for certain classifiers
Use CV instead of 10% results to tuning up parameters

- Testing Validation Testing Validation Testing Validation

i Churn Appetency Up-selling
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, %\ Challenges

1. Noisy

— Redundant or irrelevant features: feature selection
— Significant amount of missing values

2. Heterogeneous

— Number of distinct numerical values: 1 to ~50,000
— Number of distinct categorical values: 1 to ~15,000

— Decision of classifiers and pre-processing methods !
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Maximum Entropy

Transform to joint multi-class classification
— Maximum entropy model — probability estimation

Feature selection
— L1-regularized solver

L X = example
y = label
Z Z |” "”I| | E: lug Z -m T, W = model
y=11=1 1= k = # of classes
L1 T n = # of iterations
Regularization Entropy | = # of examples

C = penalty parameter
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: g;’E/\ Max-Ent: Missing Values
_ e

e rrps, iy =

* Fill missing values with zeroes or “missing”
 Add a binary feature to indicate "missing”
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%\ Max-Ent: Numerical Feature

* Log scaling
* Linear scaling to [O, 1]

--- D logl log2 Lini Lin2
- 1.000 -0.699 0.100 0.400
2 2 o4 0.301 -0.398 0.020 0.800
8 100 05 D 2.000 -0.301 1.000 1.000
2 o0 o3 0.000 -0.523 0.000 0.600
5 20 o1 1.301 -1.000 0.200 0.200
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* Add a binary feature for each category
 Also for numerical features with <5 distinct values
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%(,\ Heterogeneous AdaBoost

xr; = missing”

. Feature selection () mzdo o
— Inherent O/l \O |1

* Missing value

— Treated as a category O —
- * Numerical feature /N
“ — Numerical tree base learner e C}O\ O+
~  « Categorical feature or O -1
— Categorical tree base learner
"_j — Height limitation for complexity regularization
: 2009/6/26 10



%(,\ Selective Naive Bayes

* Feature selection
— Heuristic search [Boull'e, 2007]
* Missing value
i — No assumption required
* Numerical feature
— Discretization [Hue and Boull'e, 2007]

« Categorical feature
— Grouping [Hue and Boull’e, 2007]
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%(,\ Score Adjustment

~+ Train a linear SVM to select one from the 4 classes
* For each classifier, generate features using

— Scores of 3 classes
— Entropy of the prediction scores

— Ranks of 3 classes
» Use true label for training
+ Output adjusted scores

b
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» Refer to the adjusted scores of CV
 Select best 2 classifiers for each task

* Average the rank of scores from 2 classifiers

-« Output the averaged rank as final result

gg’{/a Score Ensemble
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« AUC Results
— Train: CV
— Test: 10% testing
Churn Appetency Upselling
Base Classifier Train ~ Test  Train  Test  Train  Test  Score
Maximum Entropy 0.7326  0.7428 0.8669 0.8786 09001 0.8975 0.8396
Selective Naive Bayes 0.7375  0.7428 0.8560 0.8529 (.8593 0.8564 0.8174
Heterogeneous AdaBoost  0.7350  0.7395  0.8660 0.8623 0.9030 0.9021 0.8347
Merged Model (w./o. PP) 0.7557 0.8671 0.9036  0.8421
Merged Model (w. PP) 0.7558 (.8789 0.9036  0.8461
Appetency improves most
with post-processing
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%Other methods we have tried

* Rank logistic regression
— Maximize AUC = maximize pair-wise ranking accuracy
— Adopt pair-wise rank logistic regression
— Not as good as other classifiers

-+ Tree-based composite classifier

— Categorize examples using missing value pattern
— Train a classifier for each of the 85 groups

— Not significantly better than other classifiers

sty gy pun bunpor
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Conclusions

~+ |dentify 2 challenges in data

— Noisy — feature selection + missing value processing
— Heterogeneous — numerical + categorical pre-processing

- Combine 3 classifiers to solve the challenges

— Maximum Entropy — convert data into numerical
— Heterogeneous AdaBoost — combine heterogeneous info
— Selective Naive Bayes — discover probabilistic relations

* Observe 2 properties from tasks
— Training — model design and post-processing
— 10% Testing — overfitting prevention using CV ThankS '
16

DEFE _oF CoMPUTER BCIENCE AND [NFOREMATION ENGINEEE|ING

2009/6/26

GuraruAT e Tadr o Weorw olorinia ane Murisdeoa



| (:ié/\ Reference

* [Boull’e, 2007] M. Boull’'e. Compression-based
averaging of selective naive bayes classifiers. Journal of
Machine Learning Research, 8:1659-1685, 2007.

 [Hue and Boull’e, 2007] C. Hue and M. Boull’'e. A
new probabilistic approach in rank regression with

optimal bayesian partitioning. Journal of Machine
Learning Research, 8:2727-2754, 2007.

N e

2009/6/26 17



