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Abstract
This paper presents VADIS’s built-in RANK solution to cope with very large classification
problems. This software embeds and automates many important tasks that must be done to provide
a good solution for predictive modeling projects, especially when many variables and many lines
are present in the data set. This software is not an open toolbox like many other data mining tools.
On the contrary it is built to implement a very strict methodology which combining Machine
Learning and Statistical Inference theory. On this KDD Cup problem, RANK is particularly at
ease: it was possible to build a model for each of the three tasks in a few hours. Then the team
spent some days to improve the expected prediction quality using the 10% test set evaluation of
the KDD cup submission process. We have worked 7 man-days to gain just a fraction of the initial
quality, allowing being in the top winners, but at a cost that is economically not justified.
Keywords: Feature selection, Massive modeling, Classification, regression, very large databases.

1 Introduction

The KDDO09 cup this year presents a typical problem for commercial data mining: facing many
variables, and different targeted behaviors, how can we quickly build a good solution for all
problems, taking into account the specificity of each of them, with limited resources in time, man
and machine. This is exactly the kind of problems many data miners are facing in their day-to-day
life. The challenge, however is not 100% like a real life case because (1) business understanding
of the variables at hand is a very important factor for model optimization, and this was not
available; (2) the number of lines was just 50k which is not realistic for real life models where at
least 200k or more than 1 million lines are most common; and (3) because the 10% test set feed-
back is not available when preparing real life models, unless some tests are performed at a high
cost of time and money.
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However, this challenge allows to spot that mamalftical CRM (Customer Relationship
Management) problems can be solved using simplevg#torganized methodological steps. In
most of our projects we are confronted with theadskof problems and hence, four years ago we
started developing a completely new software tbdows a radically different approach from
what is seen on the market. While big players cdaepe the number of available algorithms and
components to be assembled, we have taken theitgopmste of proposing a single way to best
solve CRM class of scoring problems. We do notgmetthat RANK method produce the best
model each time. However, we are quite sure thdtives the modeling process to a very good
solution in a fraction of the time necessary tddone with classical toolboxes. This strategy is
rooted into the following observations, issued fnorany years of modeling projects:

1) What makes the difference between a good — or lextel and a medium or bad model
is the way data is understood by the data mineppexh with the business problem to
solve, and prepared accordingly. As a consequerisebetter to spend time and deploy
energy on the business side of the problem thaooonbining many different possible
techniques;

2) In the kind of problems that scoring solves in @M area, it is very unlikely that
highly non-linear techniques improve the quality predictions. These problems are
characterized by many weak variables, high inteiatées correlation, and noisy targets
— most of the time the target is a human decisiod hence just a faction of the
influencing factors are available in data sets. déenoise overfitting is a common trap
that must be avoided;

3) In commercial organizations, building scoring madel done with scarce budget and
human resources and the time pressure is highightrteke years for a team to build a
good practice and to develop a valid methodology thill make the job the right way
from a business and statistical point of view. Whgn overloading teams with many
possibilities that will never be exploited? Why rfotusing on efficiency and good
practices embedding?

4) More and more marketers ask their teams highei lelvlexibility, responsivity and
scaling. We are not talking about one model perthmibut maybe 100 models to be
used, re-build, maintained, and scored every waeklying a consistent methodology
across all models for the construction as wellaagte production phases is a key issue.
Open architectures can damage the efficiency ofvthele data mining team. Our
approach is like proposing pre-built LaTeX stylastead of MS Word open templates
that will soon flourish with different flavors fallving the fantasy of each user...

These considerations have led the development oNKRAIt builds models using proven
methodological steps, allowing the user to infleetiee outcome through a set of parameters, at a
very high speed, leaving rooms for analyzing thebf@ms and the results with the business
stakeholders, and using a well documented and tqiastice.

2 RANK method

RANK focuses on saving time to the user by autoradlyi performing many important modeling
steps like variable recoding, sampling, variable®n and pruning, statistical evaluation of the
choices of parameters, probability computation, Btés also designed so as to produce robust
models, that is, models which estimated performamcehe training set will be reproduced as
close as possible on fresh data. Noise overfitsng main concern of the methodological steps
included in RANK, and this is why it uses LineargRession methods.

2.1 Feature space preparation

The first thing to do is the transform the initfelature space into a more relevant one for the
classification task at hand. This phase is donenaatically by RANK. It analyses the structure
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of each variable in order to best capture whatnisjue in this variable w.r.t. to classification
problem to solve. A major steps here for RANK islittearize the features spaces, and to
compress the information without losing relevafbimation.

2.1.1 Variable Recoding

The recoding of variables is an extremely impori@md time-consuming step in the modeling
process. RANK has been extensively developed irerotd automate the variable recoding
according to different schema depending on theab&ei type. Many possible recoding are
available and in most cases, all of them will b&éomatically computed by RANK. It's during
model construction that one of them will be choagainst the others for a single variable. The
types of recoding are the following:

* For Nominal variables — Modalities will be convelt® a numeric value that is related to its
relation with the target density. This recodindgtm®wn under the name "weight of evidence
recoding" [3]. Modalities can also be recoded uslngmy variables.

* For Numerical variable — There are two possibaitisimple normalization of the variables
or binning of the variable using a proprietary aiton (‘intelligent quantiles’) and then
treated as nominal variables with order. The iigetit quantiles analyses the distribution of
a variable in order to identify most relevant qilast In this mode, sudden jumps in the
distribution produce dummy variables.

The recoding performed by RANK has two major efect

* The first one is to get rid of the problem of nammal distributions that should be a basic
assumption when using regression models. The negodlill remove the dissymmetry and
make the data more suitable for regression models.

» The second effect is that the recoding allows RANKspot non-linear relationships of a
variable with the target, thus improving the expi@s power of the model. In fact the
recoding allows moving from the initial feature spanto a new linearized one, where linear
methods will be applied.

2.1.2 Modality Grouping

RANK automatically analyzes all variables alongitheardinality. If a nominal variable has
many modalities, it will group them in a way thatch grouped modality becomes significant. For
example, if a Zip code contains 30.000 modalitiedy the modalities that are significant will be
left as they are. The others will be grouped iretadit modality. The grouping will preserve the
order relationship in a variable if any. For exagmgbr an ordinal variable like 'number of sms
sent', RANK will group only modalities that are acknt, and will possibly create many grouping
modalities.

2.1.3 Missing value

RANK treats missing values in a very careful waypbnding on the type of variable, it will
recode missing values in a way such that its effecthe computed score is null. This ensures
that the model focuses only on relevant informaf@rthe prediction.

2.2 Variable Selection

When the number of variables is high, RANK starithva forward selection technique based on
a highly optimized implementation of the LARS aligfam with LASSO modification of Efron,
Hastie, Johnstone & Tibshirani (2004). This methoeing greedy, in general selects too much
variables with redundant coverage. However, it e a good initial set of variables in a fast
way for the pruning phase.

The backward pruning in RANK is built-in algorithtinat tries to remove as many variables
as possible using a greedy algorithm. It removesréble if its removal as no effects or a
positive effect on the AUC of the model — whictc@mputed for each variable selection using a
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cross-validation technique. The Cross-validation founing is possible due to the fact that
RANK load the whole data set in RAM, using pro@igtcompression algorithms.

2.3 Robust Regression

RANK uses linear models on the transformed feaspexe. It is design so as to avoid overfitting
and compute the more simple models as possibleg tis¢ minimum set of recoded variables.

2.3.1.1 Ridge regression

The regression engine of RANK uses the so-callédighR regression introduced by Hoerl and
Kennard (1970) and Andre Tikhonov (1977), and farttleveloped by M.J.L. Orr (1995). It adds
a regulation term to the normal equation, whichriomps the robustness of the models as well as
improving the usage of nominal variables with adbmodalities, likes zip codes.

2.3.1.2 Cross-Validation & Bootstrap

RANK extensively uses cross-validation techniqueh#vi 1995) when building a model in
order to evaluate which recoding is best, to sdbest variables, etc. This is extremely useful
when the target density is very low, which is 90% tase in real life projects. Cross-validation
and bootstrap are not only relevant for buildingpbust models, they are also important for the
analyst to observe the volatility of the model dtyal

2.3.1.3 Probability Estimation

The output of RANK is not just a score. It alsoagvfor each record the best estimation of the
response probability, based on the model scorgiumand the a priori probability of the target
in the data file.

2.4 Speed & memory management

In order to extensively use cross-validation anot&tbap sampling, RANK stores all training data
in the RAM of the computer.

2.4.1 Speed

Currently, inside many applications, the bottlendok high-performance-computing is the
relatively slow data access. RANK stores all theadaquired for the computation of the model
inside the RAM of the computer. It uses an advanregrietary compression technique allowing
gaining the same order as ZIP gains on pure AS{eB.fFor the KDD09 Cup, the flat csv file
compressed with GZIP is about 250MB. When data&léd in the RAM by RANK it takes
280MB. It uses advanced memory manager techniqutagiaing memory consumption. Thanks
to this strategy, the time required to access thg ds minimized, allowing to easily and
reliability performs multiple-pass model-computato

RANK is optimized to obtain a high “locality” ohé computation, meaning that the data
needed to perform a large part of the computatemesinside the cache (L1 and L2) of the
processor. Much regression software are not optichadong this dimension, and are thus losing
the locality effect of their computations. This iogization divides the computing time by roughly
ten compared to a classical implementation.

Speed improvement has a direct influence on mayled$ty. Indeed, in the same time frame,
RANK can do more computation than much other mode$ioftware and provides thus more
accurate models, by the ability to effectively ugess-validation techniques, at all levels of
modeling steps, including variable pruning.



2.4.2 Automatic sampling

If the amount of data is huge and the analyst wantset a limit in computing time, or in
RAM usage, it is possible to let RANK know that @rgple must be taken. The analyst can
specify the number of records he wants to loada @ercentage of them, or he can specify a
maximum RAM usage, like 250MB. In that later caRANK will load a maximum of records in
250MB, taken randomly. If the target density it by the sampling RANK will automatically
remove this bias when it computes the probabilityction.

It should be noted that due to the advanced comipregechnique used to load data in
memory, sampling would rarely be used to overcoramory consumption limits. It will be used
mainly to speed up the first stages of the modgdirogess when run on very large data sets.

# RankConfig 1.24.0.0 - Regression Model parameterization - (c) VADIS - D:\KDDO9\kdd09_config_1.xml
File. Tools Help

RaMK | Data Partitioning ;B'Wp,‘E,MD,d,E! Frummé | Select variables | Select Lines | Target Deﬁnjtlnﬁ Advanced | Build Model | Apply Mode!|

Test & ¥alidation Sets Parameters
Number of Test Sets Max Test Sets Maximurm Mumber of Yalidation Sets Nurrber of Rotating Yalidation Sets
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Lines

| Lines

Automatic sampling of non-target class

(®) In Percentage J 100.0 | %
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) In MegaByte [ e

() In Murnber of Rows [ 7: Lines

Figure 1. Rank JAVA Interface

3 The KDD challenge

We started by creating the KDD Cup data univerdgchvbuild from the csv file, a meta data file
describing the type of the variables, the desieabdings (by default all of them), and other
parameters that could influence the creation ofrduesformed feature space.
Once this Meta data file is ready the Java interfgives the user the ability to modify most
important parameters for building the model. It @ems:
» The data portioning schema: number of folds forssraealidation and sampling if
necessary:
» Forward and backward parameters
» Prior selection of variables: ignore variable, oo keep in model, missing
treatment;
» Selection o0 a segmented population for the traisgtgunused for KDD cup)
» Definition of Target: list if id, variable, seleoti;
» Advanced: output definition
e Build model and Apply model

For the first run, as usually, we kept all defaydtgameters. For all models we used a 4 fold
cross-validation technique for the estimation & tuality of the variables and the set-up of the
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model parameters. An automatic bootstrap sampl206D data sets were used to assert the
confidence intervals of the models predictions,sampling was ever used during the leaning
phase (remember that the whole data fit in 280 M&@&nR The following table shows some
interesting results.

Appetency 4 2000 890 1.78%  20.57 13,975 51 13 0.7442 0.712
Churn 4 2000 3,672 7.34% 50.00 13,975 81 27  0.5166 0.4778
Upselling 4 2000 3,682 7.36% 31.65 13,975 36 11 0.7868 0.7838

Table 1.Default parameters results

The table shows that Appetency and Upselling wexe gimple models to compute, in 20’
and 31’ respectively, selecting 13 and 11 variables producing a Quality of .7442 and .7868 on
the whole training data and .712 and .7838 on ti&lation sets. Models are already good in
performance and quite stable. Churn is more difficulearn: its performance is only .5166 with
some loss on the validation sets, and it keeps manables (27), which is high according to our
standards. Obviously this model must be worked on.

The following figure shows one of the graphs thaNK outputs. It shows the cumulative
gain charts on the average training and validasiets with their confidence interval, computed
out of 2000 bootstrap samples. We can observeAppetency exhibits some variance, while
Churn is more stable. All this computations aréyfaltomatic. All models were ready at the end
of the first day of the Fast challenge.
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Figure 3. Cumulative Gain charts for the Upselling problems

Using the 10% test set evaluation, we then stadec to improve our results. Some parameters
are available in order to decrease model variaoceugment the granularity of the recoding.
After one day of test, we quickly reached the lmeatlels available within a standard usage of

RANK.

We saw that the differences between us and somesteatter ranked in the list was so small that
it could possibly be related to sampling issuethefl0% test set. Our strategy was then to try to
reduce the influence of chance on our positiorhan top list, and we started working into two
directions: (1) split of the population accordirggsome variables showing major differences in
their modalities w.r.t. the target relation, in erdo segment the models and (2) usage of a
bagging method in order to reduce as much as gedsié variance of the predictions (Breiman,
1996). After three days of efforts, we finally inoped slightly the performance on the 10% test
set of the KDD Cup for Appentency and Upselling ipemns. Figure 4 shows the comparing

Charts.

As we can see, the major positive effect occurthermAppetency problem for which the variance
was the highest among all models. For the churexpsected because of the low variance of the
models, the gain was minor. On these sets of mpifethe fast track we were positioned"16

team out of 257.
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Upsell

Upsell Default = Upsell Bagging Random
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Figure 4. Cumulative Gain charts of Improved model

4  Conclusion

This challenge has convinced us once again thatod gnethod like the one implemented in
RANK, based on reliable statistical and machinenieg techniques, can do a very good job for
most of the problems in the CRM area, as far assiflaation is concerned. Many companies
today suffer from the lack of adequate human ressuto massively implement predictive
modeling in their decision processes. And our cttiof is that most of the software editors do
not help. They propose tools for the small numbeesearch students that once in the real life do
not have time to cope with all business probleney tface. For the other less educated in
statistical inference and machine learning pedplese tools are too complex. Our position is to
defend an approach were the user interaction Wwitstatistical steps is minimized, leaving time
for understanding the business issues, and makimgtee business leverage of the models is in
place. After the first day of work, we had a sadatithat would today rank in the 22th position.
We won 6 positions with an improvement of less thé&fh of AUC in average, by spending an
additional 7 man days. This is not economicallyabdvproposition.
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