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Membership provides you with:
– Access to a group of peers
– Opportunity to participate in “Analytic Challenge”
– Participation to “open council calls” where you participate in a 

discussion on key issues impacting analytics today
– Access to publications including “Analytics Journal” and e-newsletter
– Industry recognized analytic certification program
– Networking opportunities with potential clients and service providers

Raise personal visibility as a “professional practitioner” of direct 
marketing, which will enhance your reputation as a trusted industry 
expert.

Additional opportunities to speak at DMA conferences
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Analytic Database Marketing:
– Analytic Consulting (modeling, segmentation)
– Database Services
– List Services

Located outside Chicago, in Schaumburg

Proud member of the DMA Analytics Council

Sponsorship of the Challenge:
– Design and management of the Challenge
– Support participants throughout the project
– Prepare information for the judges
– Compile results
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The Judges Panel

Devyani Sadh
– CEO, Founder, Data Square

David Miller
– Sr. Vice President, Data Research & Development, Nielsen 

Claritas
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Sign up now!

• Must recommend a solution to a client, with a business case
• No statistical analysis of client data
• Judged by industry experts
• Top 3 to present at NCDM
• Audience will vote on what they consider to be the best 

solution.
October 10th - 30th Recruitment

October 30th iChallenge start date
Registration Closes
RFP delivered to all participants

November 10th Deadline for Q/A
November 17th Summary Business Case due
November 20th Finalists announced
November 21st Presentation template delivered to finalists
November 30th Finalist presentations due
December 8th NCDM Session and presentation of winners

Interested?
Bring us your card 
after the session
to receive more

information



���������	
�	�
�	������	����	�	��
	
��������	������ ����������	
�	�
�	������	����	�	��
	
��������	������ �

Outline

The Challenge Overview
– The Case Study
– The Data Provided
– Competition Criteria

Results
– Participants
– Analysis Process
– Summary of Competitor Performance
– Key Findings

Presentation of winners
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Challenge Overview

The first several Analytic Challenges have been focused on 
direct marketing predictive modeling:

2006:  Response Model
2007: Expected Value (Response and Value / Revenue)
2008: Multi-product Optimization

This year, the focus is different…
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Challenge Overview

2009: Primary research segmentation
– Provides consumer insight
– Differentiates consumers based on meaningful characteristics for

an industry (demand, attitudes, products and services, etc.)
– However, can be difficult to translate to a database

The challenge this year is to apply primary research 
segments to a customer database.
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The Case Study

Client has five primary research segments:
– Loyal Families (32% of customers, high spending, mid-life 

families and couples in rural and urban markets, buying for 
themselves and family)

– Actives (23% of customers, regular spending, upper income 
families and retirees, buying for themselves and family)

– Emerging (19% of customers, lower spending, younger adults, 
buying for themselves)

– Passing By (15% of customers, lower spending, little market or 
spending growth, buying for special events and others)

– Uninvolved (10% of customers, mostly 1-time buyers, no 
demographic trends, typically buy for gifts)
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The Case Study

The segments are well established within the company:
– Marketing strategy (media, versioning)
– Product development (what appeals to our core)
– Location (where do we attract the most of our core customer 

types)

The company wants to extend its segment capabilities into 
a direct marketing strategy:
– Versioned communications (email, dm)
– Tracking and measurement

However, the segments were not assignable – they were 
driven by primary research.  This is the challenge.



���������	
�	�
�	������	����	�	��
	
��������	������ ����������	
�	�
�	������	����	�	��
	
��������	������ �

Data Provided

The same primary research survey used for the initial study 
was applied to a customer sample:
– Segments assigned using primary research algorithms
– Behaviors and demographics available for mapping

Challenge Participants were provided this data to build a 
classification algorithm for assigning the segments to the 
customer database.  Data included:
– Behavioral transaction summaries over three years
– Demography, Lifestyles & Interests
– Census Data
– Silhouettes Segments (Syndicated Segmentation Solution)
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Competition Criteria
The participants are evaluated based on their success on a 

hold-out validation sample by:

The percentage of observations classified into the 
correct segment among a blind sample of respondents .
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Participant Team Size

The 14 companies competing had a combined total of 53 individuals 
participating.
Participants ranged from individuals to teams as large as 9 people:

2

3

1

3 3

1 1

One Two Three Four Five Six Nine
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Analysis Steps

Sample
Selection

Variable
Creation

Modeling Assignment
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Sample Selection

Two samples were provided:
– Training:  n= 742
– Validation: n= 371

Samples were developed to maintain similar proportions 
across:
– Segment distributions
– Total 3-year spend

One significant statistical obstacle is the relatively small 
number of observations.
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Software

Many software tools were used by the teams:

Super Score Builder

SPSS

Excel
Salford System

Cart

Answer Tree

S-Plus

SQL Server

KXEN

TreeNet

PASW Modeler 13

Angoss Knowledge Studio
SAS Stat

R

Decision Tree

Affinium Model
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Variable Creation

Multiple methods for developing additional variables were 
used.  Most teams used at least three different methods 
for creating new variables.
– Binning
– Dummy Coding
– Factors / PCA
– Neural Networks
– Log / Square / Inverse / Root
– CHAID Interactions
– Ratios
– Clustering
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Modeling Strategy

Many teams used multiple modeling techniques for 
segment assignment:
– Logistic Regression – Record is /is not a member of “Segment A”

• Maximum probability across models defined segment membership
• Some teams employed Bootstrapping and Jack-Knifing in this process

– CHAID / Decision Trees

– Discriminant Analysis
– Neural Networks (Nonlinear Discriminant)
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Assignment

Two primary assignment methodologies were employed by 
the teams:
– Maximum probability from a single or multiple models

• Example:  Five logistic regression models, one for each segment,
scored for each individual.  

• The model with the highest predicted probability is used to identify 
segment membership.

– Maximum Assignment
• Example:   Multiple methodologies were used to predict segment 

membership (Neural Net, Chaid, Logistic regression).

• Each methodology is scored for each respondent.

• Segment membership is identified by the segment with the greatest 
agreement across methodologies.
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Model-Building Sample Results

There was a wide range of classification rates found on the model-
building sample…

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

1 2 3 4 5 6 7 8 9 10 11 12 13 14

Team Rank

%
 C

or
re

ct
 C

la
ss

ifi
ca

tio
n

Avg: 59.8%
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Validation Results
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… however, the validation results were within a much narrower range:

Avg: 33.6%
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Segment Modeling Performance 

Top performing teams had higher correct classification rates on the 
larger segments.

They were also not significantly below average for any single segment 
prediction.

Loyal 
Families Actives Emerging Passing By Uninvolved Overall

46% 43% 38% 33% 27% 40.7%
61% 32% 23% 21% 15% 38.5%
53% 35% 33% 26% 12% 38.5%
78% 23% 10% 8% 0% 37.3%
54% 20% 33% 15% 19% 34.6%
45% 20% 30% 44% 19% 33.9%
51% 27% 18% 18% 27% 33.0%
52% 20% 26% 26% 4% 32.4%
39% 27% 34% 23% 23% 32.1%
49% 29% 16% 23% 4% 31.5%
38% 18% 25% 33% 42% 30.3%
42% 25% 23% 28% 12% 30.3%
34% 24% 38% 18% 15% 29.1%
32% 29% 34% 23% 8% 28.7%

Average: 48% 27% 27% 24% 16% 34%

Percent Correct by
Segment
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Discussion

Classification accuracy when assigning segments is very 
different from pure response modeling.

In a pure modeling 
environment, you can 
have some error, but be 
directionally correct, so 
the impact of error is 
somewhat mitigated. 

Your Model

Decile

Decile Margin for Error

Campaign Margin for Error
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Discussion

However, when predicting segments, there is no 
“directionally wrong.”

Segments differ on multiple dimensions, not just a single 
dimension like “likelihood to respond.”

Segments

Loyal
Families

Actives Emerging Passing By Uninvolved
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Congratulations to our Finalists!
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Acxiom Team

• David Vogel
• Jim Luther
• Todd King
• Jacob Peterson
• John Radle
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Methodology (using SAS)

• Each of the 5 classifications handled separately.
• Selected predictors with highest correlations.
• Simple transformations used.
• Predictive Categories transformed into binary predictors.
• Added Interaction Terms.
• Ridge Regression
• Non-linear Calibration of predictions
• Classify
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Data Transformations

• Aggregated Transaction Data over all years
• Aggregated Transaction Data over all products
• Divided Transaction Data by # years active
• Categorical Variables:  Predictive categories became 

binary predictors.
• Continuous Variables: Truncation and some non-linear 

functions
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Top 10 Main Effects

Segment 1:
Loyal Families

Segment 2:
Actives

Segment 3:
Emerging

Segment 4:
Passing By

Segment 5:
Uninvolved

D_DEPT_2 + LIFESTYLE_DIM1_=_19 + Z_CAC_COMP13 + LIFESTYLE_DIM2_=_2 + SILHOUETTE_EQ_13 +

DEPT_4_PerY + NUM_KIDS_EQ_1 + CNTY_SIZE_=_C + Active_2006only + CENSUS_485 -

DEPT_2 + NUM_KIDS_EQ_ - Z_CAC_DIM_06 + Z_INT_37 + CENSUS_486 -

TOT_ITEMS_PerY + LIFESTYLE_DIM2_=_6 + Z_INT_46 + LORCD_{Q_R_S_T_U} + LIFESTAGE_EQ_92X +

NUM_SKUS_PerY + STRUCT_YEAR - Z_INT_61 + CENSUS_192 - CENSUS_477 +

DEPT_6_PerY + NUM_PERS + CENSUS_440 - Z_INT_31 + Z_INT_05 -

D_DEPT_7_PerY + RESP_TOTAL + DEPT_4_PerY - DEPT_2- ADULT_25_34_EQ_1 +

LIFESTYLE_DIM2_=_5 + LOR_CD_EQ_V + Z_INT_22 + Years_Active - CENSUS_484 -

Z_INT_47 + LIFESTAGE_GRP2_=_8 + CENSUS_237 - CENSUS_030 + CENSUS_462 -

DIM_FITNESS - DONOR_ANY + Z_CAC_COMP12 + LIFESTYLE_DIM1_=_16 + LIFESTYLE_DIM1_=_1 +

Seg1 Seg2 Seg3 Seg4 Seg5

census 0 0 2 2 5

behavior 7 0 1 3 0

demog/other 3 10 7 5 5

Blue: positive
Red: negative
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Interaction Terms

Example: Probabilities of segment 1 (Loyal Families) by county 
size and marital status:

CNTY_SIZE_EQ_A CNTY_SIZE_Other

CAC_MARSTAT_EQ_0 22% 41%

CAC_MARSTAT_Non-Zero 36% 28%

In plain English:
• Urban-dwellers with unknown marital status are less likely to 
be loyal families
• Rural and smaller suburban with unknown marital status are 
much more likely to be loyal families
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Modeling

• Very small data set, difficult not to over-fit.
• Standard variable Selection techniques did not work.
• Ridge Regression generalized the best.
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Cross-validation Modeling
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Segment Selection

• Re-calibrate predictions based on cross-validation 
modeling (1 variable GLM)

• Calculate probabilities of the 5 segments
• Select the segment with the highest probability
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Keys to Success

• Separate models for each segment
• Simple Modeling process to avoid over-fitting
• Calibrating on cross-validation samples
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Thank You
Team Acxiom!
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Epsilon Team

John Lin – Team Lead

Susie Emmerling
Danny Jin

Min Li
Eleanor Tipa
Yulia Zamriy
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Software Used

• SPSS CHAID 

• SAS
• Affinium Model
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Data Transformations

Derived hundreds of new variables from the 
original 497 input variables
• Rolled up behavioral data by year and department

• Created ratios and activity pattern indicators

• Variable aggregations to combine some variables

– Example: create an overall responder flag by consolidating 
28 category-specific responder variables (catalog responder, 
clothing responder, etc.) 

• CHAID-predicted segments and interactions
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Variable Selection / Reduction

• Chi-square tests
– To pick significant categorical candidate as candidate variables

• ANOVA
– To pick significant continuous variables as candidate variables

• Correlation analysis
– To identify/reduce co-linearity among explanatory variables 

• Variable Clustering
– Principal components analysis
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The Top Variables

Description Segment

Loyal Families Actives Emerging Passing by Uninvolved

Average purchases per year in active years $ 467 364 259 256 176

Total purchases in 3 years $ 1,214 961 618 592 374

Maximum purchase in 3 years $ 680 544 370 391 233

Average purchase per department in 2007 $ 40 31 20 17 12

Total purchases in 2007 $ 436 343 223 191 137

Average amount per transaction in 2008 $ 80 63 47 45 39

Average purchases per year in active years
in department 4

$ 124 84 58 61 44

Maximum purchase in 3 years in department 4 $ 195 146 94 101 69

Total purchases in 3 years in department 4 $ 332 220 138 149 96

Several derived variables showed strong differentiation across segments

� CHAID interaction variables are also strong model drivers

� Examples: life style + purchase history; life style + family size + 
purchase history 

� Overall, behavioral variables provide 88% of the model explanatory 
power, demographic variables 6%, and Census variables 6%
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Classification Techniques

• Discriminant Analysis

• Multinomial Regression

• Logistic Regression

• Linear Regression

• Bayesian

• Neural Networks

• Decision Trees (CART and CHAID)*
* Used for variable creation
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Methodology Overview

Sampling Methods:

• Simple random samples
• Stratified random samples
• Bootstrapping to create samples of equally-sized segments

Frequency-based method:

• Built multiple models for each of the (40) learning samples using 
the various techniques 

• Scored each validation sample with the corresponding models 
and picked the winning model for each sample -- resulting in 40 
segment assignments for each record

• Used the most frequently assigned segment for each record as 
the final segment assignment
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Modeling Sample Results

• Classification rates were compared on multiple pairs of learning
and validation samples to assess model stability and determine 
which techniques we’d expect to perform best on the hold-out 
sample  

• Logistic, multinomial logistic, and discriminant analysis showed the 
highest and most consistent classification rates and were used in 
the final solution

Winning Model 
Combination

Correct Classification 
Rate

Modeling Sample (742 records) 64.02%
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Keys to Success

• Using bootstrapped learning samples with equally-sized segments 
improved classification rates vs. simple and stratified random 
samples

• Using multiple models and the most frequently assigned segment as 
the final segment assignment further improved classification rates

• Some modeling techniques were not stable - showing large 
degradation from learning to validation samples – and were dropped 

• A team approach of discussion and debate was effective in spurring 
and refining new ideas and making decisions
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Thank You
Team Epsilon! 
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• Introduction
• DMA Challenge Philosophy
• Team Members

• Ward Thomas
• General Manager, Director of Analytics

• Vishal Patel
• Senior Research Analyst

• Stephen Easter
• Assoc. VP of Analytics

• Neeraj Kulkarni
• Research Analyst



���������	
�	�
�	������	����	�	��
	
��������	������ ����������	
�	�
�	������	����	�	��
	
��������	������ �

Tools/Software Used

• SAS/Base, SAS/STAT, SAS/GRAPH, SAS Macros
• Majority of data manipulation and statistical analysis

• Angoss [KnowledgeSeeker]
• CHAID analysis

• Microsoft Excel
• Multi-purpose reporting
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Methodological Questions

(1) Should we build one model or multiple 
models?

• Our experience has shown that a 
multiple (Logit) models approach is 
more powerful than Multinomial Logit
and Discriminant Analysis

(2) How do we cope with the small 
sample size?

• Bootstrapping to select consistent 
variables

• Jack-knifing to create validation sets

• KS and SC analysis for best subset 
model selection

(3) What should we do to yield unbiased 
estimates?

(4) How do we handle final classification?

• Bootstrap aggregation (bagging) to 
achieve robust coefficients

• Based on the highest score 
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Transformations

• CHAID
• Interactions, binning and variable smoothing

• Monotonic transformations
• Log, Square, Inverse, Square Root

• Variable clustering
• Principal Component scores
• e.g., census variables, % penetration fields (“z_demo” fields)

• Combination effects
• Ratios, Counts, Sum, Min, Max, Mean, OLS Slopes
• e.g., total $ per transaction by department, items or SKU’s per 

transaction, total $ purchase per person
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Variable Selection

• Univariate analysis for all candidate variables
• Categorical: Proportion comparison test measured by a z-score
• Continuous: Mean comparison test measured by a t-statistic

• Correlation Analysis to mitigate collinearity
• Correlation with segment classification arbitrates which variables 

to retain among highly correlated variables

• Bootstrapping to select robust variables
• Repeated analysis to find variables that emerged from a majority

of 100 re-sampled versions of original data set
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Segment Profile

Segment 1:
Loyal Families

Segment 2:
Actives

Segment 3:
Emerging

Segment 4:
Passing By

Segment 5:
Uninvolved

Behavioral •Transactions per 
year (Esp. Depts 2 
and 4)
• SKU’s & $ per 
transaction

•Transactions 
per year (Esp. 
Depts 3, 9, and 
11)
• Increasing # 
of transactions

• Transactions
• Depts 4 and 11

• $ per SKU in 
2008
• Declining 
slope for # of 
transactions

• Transactions
• $ per 
transaction

Demos • Six-figure couples
• Length of 
residence
• Males

• Single person 
per HH
• Blue collar 
families

• Outdoor 
Actives
• Technology & 
entertainment

• Careers 
Investing & 
Finances
• Age 65-74

• Up & Coming 
Families
• Presence of 
25-34 & 
teenagers

Census • % Family 
households
• % <18 years old

• % In nursing 
homes
• % HH-White

• % Home value 
$500,000+
• % Self-
employment

• % Spanish 
speaking only
• % 6+ person 
HH

• % HHs
w/income $20K 
-$29K 
• Family size

Blue: positive Red: negative
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Statistical Models

• 5 Binary Logit Models
• Members classified in each segment were compared to members of  the 

remaining segments
• Each model was optimized for separating that segment’s members from 

all other segments
• For final classification, all 5 models were applied to each member, and 

the member was classified into the segment with the highest score
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Best Model Selection (Example)
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Modeling Sample Results

Segment 1:
Loyal 
Families

Segment 2:
Actives

Segment 3:
Emerging

Segment 4:
Passing By

Segment 5:
Uninvolved

Overall

Segment 1:
Loyal 
Families

67.66% 19.16% 27.59% 21.37% 20.51% 36.66%
(272)

Segment 2:
Actives

13.19% 62.28% 12.41% 10.26% 08.97% 23.18%
(172)

Segment 3:
Emerging

10.21% 08.38% 47.59% 08.55% 12.82% 17.21%
(127)

Segment 4:
Passing By

05.96% 05.39% 10.34% 53.85% 10.26% 14.69%
(109)

Segment 5:
Uninvolved

02.98% 04.79% 02.07% 05.98% 47.44% 08.36%
(62)

Overall 31.67%
(235)

22.51%
(167)

19.54%
(145)

15.77%
(117)

10.51%
(78)

58.22%
(742)

Actual
Predicted
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Keys to Success

• 865 new variables created
• 65% of the parameters in the final models were derived variables

not originally found in the modeling dataset

• 5-model solution (as opposed to one model)
• Allowed most significant variables to comprise each segment’s 

scorecard versus a one-size-fits-all approach

• Bootstrapping & jack-knifing to avoid over-fitting
• Given the small sample size, extensive care was taken to obtain 

a model that would generalize effectively
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Thank You
Team Euro RSCG Discovery!
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Key Findings
from Challenge 2009
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Interesting?

There was little correlation between model-building and 
validation dataset performance…
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However…

When the two outliers are removed, the top-performing 
team was the highest on both model-building and 
validation.
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Challenge Summary

1. All winning teams used a version of bootstrapping 
samples (making the statistical sample bigger)

2. They all built different models for each segment
3. Created a ton of variables and interaction terms through 

multiple types of EDA

Some cautions:
4. There is always the danger of overfitting
5. Even the best classification rates were less than 50% 

on validation sample
6. Get as large a sample as you can for this type of work
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Award Presentation
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Results: Something New
For the first time in the history of the Analytic Challenge, among the 

finalists, we have a…
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And The Winner Is….
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And The Winner Is….
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Thank you to all of the participants, the 
DMA, and the Analytic Council!


