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Schedule

m 14h15: Data grid models
» Principles, evaluation, optimisation

m 15h15: Data Grid Models for Coclustering
= Focus on model selection

m 16h15 : Pause (30 min)

m 16h45 : Coclustering applications using data grid models
» Clustering of text, graph, text, curves, web logs...

m 17h15: Data grid models for supervised learning
= Application to data preparation and to change detection in stream mining

m 17h45 : Extension of data grid models
s Classification rules and decision trees

m 18h30: Conclusion
s Summary, future work, discussion
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m Introduction

m Data grid models
m Applications

m Conclusion
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Data table

Instances x variables

Education

Hours

Native

Age Education Num Marital status Occupation Race Sex Per week country Class
39 Bachelors 13 Never-married Adm-clerical White Male 40 United-States less
50 Bachelors 13 Married-civ-spouse Exec-managerial White Male 13 United-States less
38 HS-grad 9 Divorced Handlers-cleaners | White Male 40 United-States less
53 11th 7 Married-civ-spouse Handlers-cleaners | Black Male 40 United-States less
28 Bachelors 13 Married-civ-spouse Prof-specialty Black | Female 40 Cuba less
37 Masters 14 Married-civ-spouse Exec-managerial White | Female 40 United-States less
49 9th 5 Married-spouse-absent Other-service Black | Female 16 Jamaica less
52 HS-grad 9 Married-civ-spouse Exec-managerial White Male 45 United-States more
31 Masters 14 Never-married Prof-specialty White | Female 50 United-States more
42 Bachelors 13 Married-civ-spouse Exec-managerial | White Male 40 United-States more
37 | Some-college 10 Married-civ-spouse Exec-managerial Black Male 80 United-States more
30 Bachelors 13 Married-civ-spouse Prof-specialty Asian Male 40 India more
23 Bachelors 13 Never-married Adm-clerical White | Female 30 United-States less
32 Assoc-acdm 12 Never-married Sales Black Male 50 United-States less
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Context

m Statistical learning
= Objective: train a model

+ Classification: the output variable is categorical

* Regression: the output variable is numerical

 Clustering: no output variable

m Data preparation
= Variable selection
m Search for a data representation

m Importance of data preparation
= For the quality of the results
= 80% of the process time
m Critical in case of large databases
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Objective

Towards an automation of data preparation

m Context
m Statistical analysis of an instances*variables data table

m Objective
= Variable subset selection method
m Search for a data representation

m Evaluation criteria of the objective
= Genericity
= Parameter-free

Reliability

Accuracy

Interpretability

Efficiency
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Proposed approach: MODL

m Data grid models for non parametric density estimation

m Discretization of numerical variables

Value grouping of categorical variables

Data grid based on the cross-product of the univariate partitions, with a
piecewise constant density estimation in each cell of the grid

Bayesian approach for model selection

Efficient optimization algorithms
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Schedule

m Introduction
m Data grid models

m Applications

m Conclusion
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Data grid models
for statistical analysis of a data table

= Output variables (Y) or input variables (X)
= Numerical or categorical variables
= From univariate to multivariate

Univariate Bivariate Multivariate
e | PO | PO %) POY [ Xy Xo. . X
SCIESSN LRy IX) | (Y I Xy, %) POY | X0y Yo X
Clustering - P(Y1, Yy) P(Yy, Yo, oo, Yy)
General case - - PYL Yo, oo, Yiel X X5,y X)
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Classification

Discretization of numerical variables

m Univariate analysis

= Numerical input variable X

m Categorical output variable Y

m Discretization

Univariate Bivariate Multivariate
?(' 2:122?1‘;? POYIX) | POY | Xy, %) POY | Xy Xo e X
siirriz:’:s; POYX) | POY | Xy X,) PCY [ Xy Xy, ) X
Clustering - P(Y.,Y),) P(YLY,,..., YY)
General case - - PYL Yo, o, Yo | X0 Xo s, Xi)
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Numerical variables
Univariate analysis using supervised discretization

m Discretization:

» Split of a numerical domain into
a set of intervals

m Main issues:

= Accuracy:
« Good fit of the data

= Robustness:
» Good generalization
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Supervised discretization
Model for conditional density estimation

Instances

Base Iris
14
12 R
10
8 N \ A Versicolor
\ —o— Virginica
6 / —#— Setosa
N
2 ¥
0 T T
2.0 25 3.0

Sepal width
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Supervised discretization
Model for conditional density estimation
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How to select the best model?
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Choice of rank statistics
Model of the sequence of the output values

m Example: sequence of 25 output values related to two classes |
2020?22?22 2?2?22 ??|?2|?2|?2(?(?|?|?(?(?|?|?|?|7
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Choice of rank statistics
Model of the sequence of the output values

= Example: sequence of 25 output values related to two classes [}

P12 2?2 ?(?|?|?| 7?7

21?20?20 ??2|?2|??(7

21?7

m Discretization in one one interval
s "Pure"” model with one class

s Mixture model

m Discretization in two intervals
» Perfectly separable model

') r} ') r) 1 g 1 g 1 g 1 g 1 g L g 1 g 1 g 1 g 1 g 1 g
H H H H H H H H H H H H H H H

» Partially separable model

T ?

4 I O I I I R D G

How to select
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Formalization

m Definition: A discretization model is defined by:
= the number of input intervals,
= the partition of the input variable into intervals,
= the distribution of the output values in each interval.
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Formalization

m Definition: A discretization model is defined by:
= the number of input intervals,
= the partition of the input variable into intervals,
= the distribution of the output values in each interval.

m Notations:

I: number of intervals
N;.: number of instances in the interval i
N;: number of instances in the interval i for class |
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Bayesian approach for model selection

m Best model: the most probable model given the data

= Maximize P(M|D)= P(M)P(D[M)
P(D)
m Using a decomposition of the model parameters

P(M)P(D|M)=P(1)P({N,}| I)P({Nij}| I,{Ni})P(D|M)

m Assuming independence of the output distributions in each interval
P(M)P(DIM)=P(1)P({NJIDTP({N,}I1{N )T TP(D, M)

m We now need to evaluate the prior distribution of the model
parameters
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Prior distribution of the models

m Definition: We define the hierarchical prior as follows:
= the number of intervals is uniformly distributed between 1 et N,

= for a given number of intervals |, every set of | interval bounds are
equiprobable,

» for a given interval, every distribution of the output values are
equiprobable,

= the distributions of the output values on each input interval are
independent from each other.

m Hierarchical prior, uniformly distributed at each stage of the
hierarchy
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Optimal evaluation criterion MODL

m Theorem: A discretization model distributed according the
hierarchical prior is Bayes optimal for a given set of

Instances if the following criterion is minimal:

|og(N)+|og(cg;1,_1)+IZlog(c;jJ_l)+'Z|og(Ni_ Ny IN, LN )
i=1 i=1

P o b o
< » < »

prior likelihood

1° term: choice of the number of intervals

2° term: choice of the bounds of the intervals

3° term: choice of the output distribution Y in each interval
4° term: likelihood of the data given the model
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Discretization algorithm

= Optimal solution in O(N 3)
= Based on dynamic programing
» Usefull to evaluate the quality of optimization heuristics

m Approximated solution in O(N log(N))

m Greedy bottom-up heuristic
« 1) Initial solution: one interval per instance
- 2) Evaluate all merges between adjacent intervals
» 3) Perform best merge if improved criterion
* 4) If improved criterion, repeat step 2, otherwise stop

= Basic implémentation in O(N3)
» Efficient implémentation in O(N log(N))

+ Exploiting the additivity of the criterion
» Using a maintained sorted list of the best merges
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Post-optimization of discretizations
Exhaustive search in a neighborhood of the current solution

Discretization intervals

Iy Iy i | Lo | Lkss

Split of interval I

Merge of interval I and I,

Merge-Split of intervals I and I,

Merge-Merge-Split of intervals I, I+ and I,
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Quasi-optimal heuristic

m Discretization algorithm MODL
m Step 1: Greedy Merge
* Iterative merges between intervals until no further improvement

= Step 2: Exhaustive Merge
* Iterative merges between intervals until one single global interval
+ Keep the best solution

m Step 3: Post-optimization

« Exhaustive search of local improvements in a neighborhood of the best
solution

m Evaluation on 2000 discretizations
= Optimal solution in more than 95% of the cases
= In the remaining 5%, solution close from the optimal one (diff<0.15%)
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Classification
Discretization of numerical variables

Evaluation
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Discretization of a noise pattern

1 interval
% Class 1
100%
50%
0% ‘ v v ‘ v v v ‘ ‘ Value
00 01 02 03 04 05 0.6 0.7 0.8 0.9 1.0

Unnecessary
Interval Number
100000
10000
1000 —e— MODL
MDLPC
. - B 100 —o— BalancedGain
MODL reliably identifies the 10 % Fusinter
lack of predictive information L o Khoes
01 —o— ChiMerge
) ChiSplit
0.01
No over-fitting 0.001
0.0001
0.00001 — T — T — .E..ﬁSampleSize

100 1000 10000 100000
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Discretization of a crenel pattern

100 intervals
% Class 1

100%
50% -
0% T T T T 7 v 7 T T Value
00 01 0.2 03 04 0.5 0.6 0.7 0.8 0.9 1.0

Interval Number
10000 3

—e— MODL
MDLPC
—0— BalancedGain

1000 +

Fusinter

MODL correctly identifies the ' o
. . . 100 3 ' | —»— Khiops
relevant information with a = o ChiMerge
minimal number of instances : ey —+ Chispli
10

No under-fitting

S ———— Sample Size
1000 10000 100000
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Classification
Value grouping of categorical variables

m Univariate analysis
m Categorical input variable X
m Categorical output variable Y

= Value grouping

Univariate Bivariate Multivariate
3 22:;2?:;‘;? POY 1Y) | POY | Xy X,) PCY | Xy Xo e X
sii:i::é); POYX) | POY | Xy X,) PCY [ Xy Xy, orn ) X
Clustering - P(Y.,Y,) P(Y,LY,,..., YY)
General case - - PYL Y, oo, Yol X4 Xy s, Xi)
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Categorical variables

Univariate analysis using value grou

Cap color | EDIBLE | POISONOUS | Frequency
BROWN 55.2% 44.8% 1610
GRAY 61.2% 38.8% 1458
RED 40.2% 59.8% 1066
YELLOW 38.4% 61.6% 743
WHITE |  69.9% 30.1% 711 ‘l
BUFF 30.3% 69.7% 122
PINK 39.6% 60.4% 101
CINNAMON 71.0% 29.0% 31
GREEN 100.0% 0.0% 13
PURPLE | 100.0% 0.0% 10

p 27
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Cap color | EDIBLE | POISONOUS | Frequency
G_RED 38.9% 61.1% 2032
G_BROWN 55.2% 44.8% 1610
G_GRAY 61.2% 38.8% 1458
G_WHITE 69.9% 30.1% 742
G_GREEN | 100.0% 0.0% 23

G_RED G_BROWN

RED

BUFF
PINK

G_WHITE

YELLOW
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Categorical variables
Univariate analysis using value grouping

Cap color | EDIBLE | POISONOUS | Frequency
BROWN 55.2% 44.8% 1610
GRAY 61.2% 38.8% 1458
RED 40.2% 59.8% 1066
YELLOW 38.4% 61.6% 743
WHITE 69.9% 30.1% 711
BUFF 30.3% 69.7% 122
PINK 39.6% 60.4% 101
CINNAMON 71.0% 29.0% 31
GREEN 100.0% 0.0% 13
PURPLE | 100.0% 0.0% 10
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Cap color | EDIBLE | POISONOUS | Frequency
G_RED 38.9% 61.1% 2032
G_BROWN 55.2% 44.8% 1610
G_GRAY 61.2% 38.8% 1458
G_WHITE 69.9% 30.1% 742
G_GREEN ([ 100.0% 0.0% 23
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How to select the best model?
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Value grouping
Same approach as for discretization

m A value grouping model is defined by:
= the number of groups of inputs values,
= the partition of the input variable into groups,
= the distribution of the output values in each group.

m Model selection
= Bayesian approach for model selection

» Hierarchical prior for the model parameters
» Exact analytical criterion to evaluate the models

= Optimization algorithms in O(N log(N))

log(V )+log(B(V, I ))+Z|=1:Iog(Cﬂ,jJ_l)+§log(Ni. N, 'N, LN 1)

prior likelihood
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Classification supervisée
Bivariate discretization of numerical variables

m Bivariate analysis

= Numerical input variables X; and X,
m Categorical output variable Y

m Bivariate discretization

Univariate | Bivariate Multivariate
3 i::;gfltgl' POYIX) | POY | Xy X0) PCY [ Xy Xy, orn ) X
5?%:?::2; POYIX) | POY | Xy X,) PCY [ Xy, Xy, orn ) X
Clustering - P(Y1Y),) P(Y,Y,,..., YY)
General case - - PYL Yoo, Yo | X0 Xosei, Xi)
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Pair of numerical variables

V7 ;
. Wine
5 n -
4 . o * ¢ Class 1
% F S = Class 2
- e $0% 2%
3 A . " ] » -t »,@3’4 *® * A Class 3
[ ] [ L 2
- s - 002 N i ‘Q’ *
2] n [ ~ . 7 R
L ] ’l' " [} A "
R - ™ A o A
14 - - F “AA
A
A:IAM “*AA ‘AA‘AA AAA A
0 T T ; V1
11 12 13 14 15
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Pair of numerical variables

Bivariate discretization as a conditional density estimator

m Eachinput variable is discretized

m We obtain a bivariate data grid

m In each cell, the conditional
density is estimated by counting
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Application of the MODL approach

m Explicit formalization of the model family
= Definition of the model parameters I, 1,,N; ,N; ,N;; .
m Definition of a prior distribution on the parameters of the
bivariate discretization models
= Hierarchical prior
= Uniform distribution at each stage of the hierarchy

m We obtain an exact analytical evaluation criterion

A |1

I
prior log(N)+log (C;,ljl_l) +log(N)+log (C,ng,lz_l) +> > log (C,ji;ju_l) +
v i =1 i, =1
4 1,
likelihood > > 10g( Ny, YN, ING LN 1)
v h=li,=1
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Optimization algorithm
= Main algorithm: greedy bottom-up heuristic

m Post-optimization by alterning univariate optimizations
 Freeze the partition of variable X; and optimize the partition of variable X,
 Freeze the partition of variable X, and optimize the partition of variable X,

m Global optimization using the Variable Neighborhood
Search (VNS) meta-heuristic

= Reduced algorithmic complexity: O(Nlog(N))

» Exploit the sparseness of the data grid
« At most N non-empty cells for N? potential cells

= Exploit the additivity of the criterion
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Classification
Bivariate discretization of numerical variables

Evaluation
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Question: noise or information?

Diagram 1

oo
-~

Diagram 2

Diagram 3

By
-

v
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Diagram 1
NOISE

Diagram 1 (2000 points) Data grid 1 x 1 (1 cell)
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Diagram 2
chessboard 8 x 8 with 25% noise

Data grid 8 x 8 (64 cells)

Diagram 2 (2000 points)
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Visualization for a real database

Pair of numerical and categorical variables

@ {Never-married} B {Divorced, Separated, Widowed} 0O {Married-civ-spouse, Married-AF-spouse}

100% /

90% -
80% -
70% -
60% -
50% -

\/\\\/\\

40% -/

30% - /

20% A /
&

10% A

P ap &P
...8
9 10
11-12
13 14
15 ...
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X,: EducationNum
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Classification

Multivariate data grid model

m Multivariate analysis

= Numerical or categorical input variables X,, X, ... X
m Categorical output variable Y

m Data grid model

Univariate Bivariate Multivariate
?2:;226:';? POY|X) | POY | Xy, %) PCY | Xy, Xoyeen s X
OISO | BY 1) | POY Xy, %) P(Y [ Xy, X ..., X
Clustering - P(Y1,Y),) P(YLY,,..., Y
General case - - PYL Y, oo, Yol X4 Xo s, Xi)

EGC 2013 tutorial - data grid models — principles - p 41

Orange Labs

France Telecom Group




Multivariate data grid model for
conditional density estimation

m Data grid model

= Variable selection (keKy)

= Discretization of numerical input variables (keK,)
= Value grouping of categorical input variables (keK,)

m For each cell of the related input data grid,
description of the distribution of the output values

m Model selection

m Bayesian approach for model selection
= Hierarchical prior for model parameters
= Exact analytical evaluation criterion
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Optimization of a multivariate data grid

m Complex problem
m About O((2N) X) possible data grid models (numerical case)
= Each data grid contains O(NX) cells
= Greed bottom-heuristic, with "naive" implementation: O(K2NX+2)

= Optimization algorithm O(KN«/WIog(N)max(K,Iog(N)))
» EXploit the sparseness of data grid models

+ At most N non-empty cells for NK potential cells

= Use incremental hashing functions
 To efficiently retrieve non-empty cells

= Exploit the additivity of the criterion

EGC 2013 tutorial - data grid models — principles - p 43 Orange Labs France Telecom Group



Classification
Multivariate data grid model

Evaluation
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Adult database

Multivariate data grid as a classifier

m 6 selected variables, discretized or grouped
m Data grid containing 252 non-empty cells
= The 10 most frequent cells amount to 70% of the instances
m Test accuracy: 86%

ID Marital status Education Age Hours per week | Capital gain | Capital loss | Effectif | % more
1 | {Never-married, ... {Some-college, ...} | ]128.5;+inf[ ]-inf;40.5] ]-inf;1070.5] | ]-inf;1551.5] 4957 2.3%
2 {Married,...} {Some-college, ...} | ]128.5;+nf[ ]-inf;40.5] ]-inf;1070.5] | ]-inf;1551.5] 4467 31.6%
3 | {Never-married, ... {Some-college, ...} | ]-inf;28.5] ]-inf;40.5] ]-inf;1070.5] | ]-inf;1551.5] 4456 0.2%
4 {Married,...} {Some-college, ...} | ]128.5;+inf[ 140.5;+inf[ ]-inf;1070.5] | ]-inf;1551.5] 2511 41.4%
5 {Married,...} {Doctorate, ...} 128.5;+inf[ ]-inf;40.5] ]-inf;1070.5] | ]-inf;1551.5] 1698 60.2%
6 {Married,...} {Doctorate, ...} 128.5;+inf[ 140.5;+inf[ ]-inf;1070.5] | ]-inf;1551.5] 1518 72.7%
7 | {Never-married, ... {Some-college, ...} | ]128.5;+inf[ 140.5;+inf[ ]-inf;1070.5] | ]-inf;1551.5] 1422 8.0%
8 | {Never-married, ... {Doctorate, ...} 128.5;+inf[ ]-inf;40.5] ]-inf;1070.5] | ]-inf;1551.5] 1355 12.5%
9 | {Never-married, ... {Preschooal, ...} ]-inf;28.5] ]-inf;40.5] ]-inf;1070.5] | ]-inf;1551.5] 1030 0.2%

10 {Married,...} {Preschooal, ...} 128.5;+inf[ ]-inf;40.5] ]-inf;1070.5] | ]-inf;1551.5] 986 7.6%
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Regression

Bivariate discretization of numerical variables

m Univariate analysis

= Numerical input variable X

= Numerical output variable Y

m Bivariate discretization of input and output variables

Univariate Bivariate Multivariate
\C('i:g;jf; POYIX) | POY | Xy, %) POY | Xy Xo e s Xe)
si%r;::'iis; POYX) | POY | Xy X,) PCY [ Xy, Xy, ) X
Clustering - P(Y.,Y),) P(YLY,, ..., YY)
General case - - PYL Y, o, Yo | Xy Xosein, Xi)

EGC 2013 tutorial - data grid models — principles - p 46

Orange Labs

France Telecom Group




Numerical variables
Univariate analysis using a data grid model

m Prediction of the rank of Y
given the rank of X

m Discretization:

= Split a numerical domain into a
set of intervals

m Main issues:

= Accuracy:
« Good fit of the data

s Robustness:
* Good generalization
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Bivariate discretization for regression

Data grid with 6 cells
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Bivariate discretization for regression

Data grid with 96 cells
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Formalization

m Definition: A bivariate discretization model for
regression is defined by: M, =11,3,{N. } N, |}

= |: number of intervals for input variable X (between 1 and N)

= J: number of intervals for output variable Y (between 1 and N)
N, : number of instances in input interval i

N;: number of instances in input interval i for output interval |

m Bayesian approach for model selection
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Exact analytical evaluation criterion

m Prior distribution of the model parameters :

» Hierarchical prior
= Independence between | and J
= Independence between the output distribution in each input interval

= Uniform prior at each stage of the hierarchy

m Two-stage likelihood:
1. Probability of being in a given output interval,
2. Probability of having a given rank locally to this output interval.

m Exact analytical criterion for the negative log of the posterior probability:
I | J
2log(N)+log(Cl , J+ Y 10g(Ci? L)+ Y log(N, /N, !N, LN 1)+ log(N )
i=1 i=1 j=1

»
»

o P
» <

prior likelihood

P
<
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Regression
Data grid model

Evaluation
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Bivariate discretization for regression
MODL optimal data grid
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Bivariate discretization for regression

Dataset with no predictive information (noise)
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Bivariate discretization for regression
Dataset with heteroscedasticitv (differina variance)

X1 X2 %3 5 X5 X0
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Bivariate discretization for regression
Dataset with multimodality
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Data table instance x variables
Multivariate data grid model in the general case

m Multivariate analysis
= Numerical or categorical input variables X;, X, ... X
= Numerical or categorical output variables Y,, Y, ... Y.

m Data grid model

Univariate Bivariate Multivariate
S{'i:fggf:g PCYX) | PCY | X, X,) POY | Xy Xoron s X
siir;:’:s; PCYX) | POY | X, X,) POY | Xy Xoroon s X
Clustering - P(Y.,Y,) P(Y,L Y5, ..., YY)
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Conditional density estimation
Data grid model

m Data grid model Variable
n Vgrlabl_e se_lectlon | | selection
m Discretization of numerical variables
= Value grouping of categorical variables
= We get an input data grid and an output data grid Data
m For each cell of the input data grid, description of the :
distribution of the instances on the output cells representatlon

m Model selection

= Bayesian approach for model selection
» Hierachical prior for the model parameters

m Exact analytical criterion for the evaluation of the
models

= Optimization algorithm o(kNVN log(N)max(K, log(N)))

= Not yet implemented
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Schedule

® Introduction

m Data grid models
m Applications

m Conclusion
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Classification
Evaluation of univariate data grids

= Naive Bayes classifier
= Univariate preprocessing MODL
= Variable selection (MAP approach)
s Compression-based model averaging
= Chunking algorithms for large scale learning

m Challenges
» Performance Prediction Challenge (IJCNN 2006)

 1ston two datasets (among five)

» Causality Workbench Challenge (WCCI 2008)

 1ston four cases (among twelve)

m Large Scale Learning Challenge (ICML 2008)

« 1°r on three datasets, 2" on two datasets (among ten)
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Classification
Evaluation of multivariate data grids

m Multivariate data grid model for classification

= Model averaging
m Coclustering instances-variables

m Challenges
m Agnostic vs Prior Challenge (IJCNN 2007)

 Agnostic track: 2" et 3 on two datasets (among five)
* Prior track: 1st, 4 et 4t on three datasets (among five)
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Regression
Evaluation of univariate data grids for regression

= Naive Bayes regressor
= Univariate preprocessing MODL
» Variable selection

m Challenges
= Challenge "Evaluating Predictive Uncertainty" (IJCNN 2006)

 1ston two datasets (among five)
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Use of Khiops in France Telecom

Khiops tools, available as a shareware http://www.khiops.com

m  Marketing

Score team : scoring (churn, appetency, upselling, ...)
Fraud detection

PAC project: search of a representation among a very large number of variables

Analysis of survey data on the enterprise market

Analysis of the interest of the SIRET code on the entreprise market
Customer and product segmentation based on coclustering
Segmentation of customer verbatims

m Web mining

Orange Portail: detection of business queries
Web advertising

Detection of webspam

Segmentation of film reviews on a community site

m  Text mining

Text classification

= Segmentation of text corpus

= Segmentation of SMS corpus

= Recognition of named entities in text
= Network

Detection of peer-to-peer trafic based on analysis of IP packets
Network demand forecasting
Fading prediction in mobile transmission

m  Purchasing service

Regression of landline and mobile telephone handsets

Emotion mining

Detection of emotion from voice
Detection of emotion in SMS
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Schedule

® Introduction

m Data grid models
m Applications

m Conclusion
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MODL approach

m Density estimation using data grids

m Discretization of numerical variables
= Value grouping of categorical variables

= Density estimation based on data grid models, with piecewise constant
density per cell

m Strong expressiveness

m Model selection
m Bayesian approach for model selection
= Hierarchical prior for the model parameters
m Exact analytical criterion

m Optimization algorithm
= Combinatorial algorithms

m Heuristic exploiting the sparseness of the data grids and the additivity of
the criterion

n Efficient implementation
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Genericity of the data grid models

Univariate| Bivariate Multivariate
Classification PCY | X) | PY | X,, X,) P(Y | X,, X X,)
Y categorical 172 Loz
Regression
o P(Y | X) | P(Y | X, X)) P(Y | Xi, Xs5,..., XY)
Clustering - P(Y., Y,) P(Y, Yo, .., YY)

General case

POYy, Yoo, Yl Xgo Xosern s Xoo)
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MODL approach

Towards an automatisation of data preparation

m Advantages of the MODL approach
m Genericity
= Parameter-free
= Reliability
= Accuracy
= Interpretability
n Efficiency

m Khiops tool used in France Telecom in many contexts
= Marketing, text mining, web mining, internet traffic, sociology, ergonomy...
= Tool available as a shareware
http://www.khiops.com
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Thank you for your attention!
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EGC 2013 Tutorial — Data grid models

Data Grid Models for Coclustering
Focus on model selection
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Schedule

m Coclustering and its Applications
m Survey of Coclustering Methods
m Data Grid Models for Coclustering
m Consistency of the Approach

= Evaluation

m Conclusion

EGC 2013 tutorial - data grid models — coclustering - p 2 Orange Labs

France Telecom Group



Coclustering

m Coclustering

m Bi-clustering, bi-partitioning, co-partitioning, joint-partitioning, double
clustering, coupled clustering, two-way clustering, block-modeling...

A B C D E F G
A 0 1 0 0 0 0 0
. . B 0 0 1 0 0 0 1
= Objective C [T T oo oy
o . ) D 0 1 0 0 1 0 0
m Partition of the lines and rows of a matrix AN NI N A N B
» Result in a partition of the matrix into coclusters GLOTOJITJOJOJOT]T
= Maximize the homogeneity of the coclusters
A D F B E C G
A 0 0 0 1 0 0 0
D 0 (4] 0 1 1 0 0
. F 0 0 0 0 2 0 0
m Type of matrix O B |
E 0 0 [1] 0 0 1 1
= Numerical matrix S S | A

» Instances * variables matrix (numerical variables in most cases)
= Contingency table
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Coclustering of a contingency table
Bivariate Exploratory Analysis

m Dataset
= N instances

= Two categorical variables X and Y having V and W values

= Contingency table for bivariate analysis

relationship

marital_status Husband | Not-in-family | Other-relative | Own-child | Unmarried | Wife Total

Divorced 0 86 3 12 55 0 156
Married-AF-spouse 0 0 0 0 0 1 1
Married-civ-spouse 385 0 0 2 0 54 441
Married-spouse-absent 0 5 1 1 3 0 10
Never-married 0 156 15 144 31 0 346
Separated 0 8 0 2 7 0 17
Widowed 0 14 2 0 13 0 29
Total 385 269 21 161 109 55 1000
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Coclustering
Contingency table after partitioning of the values

relationship
marital_status Husband Not-in-family Other-relative Own-child Unmarried
400

Divorced s
Married-spouse-absent 300
250
Separated
200
Widowed 150

100 7~ Widowed

I Never-married
Married-AF-spouse Married-civ-spouse
E oz e
. . = z
Married-civ-spouse 8§ 2 £ B ¢
T s & < g =
£ 2 6 5

relationship {Not-in-family,
marital_status {Husband, Wife} Other-relative} {Own-child} {Unmarried} Total
{Divorced, Widowed, Separated, ...} 0 119 15 78 212
{Never-married} 0 171 144 31 346
{Married-civ-spouse, Married-AF-spouse} 440 0 2 0 442
{Married-civ-spouse, Married-AF-spouse}
Total 440 290 161 109 1000 {Never-married}

(Husband, iy {Divorced, Widowed, Separated, ...}
Wife} in-family,

Other-relative} {Own-child}

{Unmarried

EGC 2013 tutorial - data grid models — coclustering - p 5 Orange Labs France Telecom Group



Applications of Coclustering

m Summary of the correlation between two categorical variables
» Partition of the lines and rows of a contingency table

m Numerous applications

= Text mining
 Clusters of texts and clusters of words
= Graph mining
 Clusters of source and target vertices
Marketing
 Cluster of customers and clusters of products
= Web mining
+ Clusters of source and target web pages
= Web usage mining
+ Clusters of cookies and clusters of web pages
...

m Potentially, large scale
= Millions of instances
s Tens of thousands of values
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Applications of Coclustering

Some examples

m 20 news-groups

s Clusters of texts and word
= Visualization of mutual information
= Application to text categorization

m US flight trips

= Clusters of source and target airports
= Visualization of the 5 main clusters of airports

EGC 2013 tutorial - data grid models — coclustering - p 7
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m Graph mining

n Clusters of source and target vertices

m Webspam
» Clusters of source and target web pages
= Visualization of mutual information
= Application to web spam detection
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Coclustering: main Issues

m Assumptions regarding the distribution of the data
m Robustness

m Model parameters (cluster number...)

m Algorithm parameters

m Scalability
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Schedule

m Coclustering and its Applications
m Survey of Coclustering Methods
m Data Grid Models for Coclustering
m Consistency of the Approach

= Evaluation

m Conclusion
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Beyond clustering: coclustering

m Clustering
= Group together similar individuals

m ISsues
» Choice of a metric or similarity
* Choice of the number of groups
* Choice of an evaluation criterion and optimization algorithm

m Coclustering

» First introduced by for the simultaneous clustering of the rows and
columns of a numerical matrix
* (Hartigan, 1972)
= Applied for clustering of instances and variables
* (Bock, 1979)
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Quality of a coclustering
Some homogenity criteria

= Minimize the sum squared residue to approximate a
numerical matrix

= application to gene expression data (gene*condition)
* (Cheng & Church, 2000, Cho et al., 2004)

m Minimize the loss of information for binary matrices
* (Dhillon et al., 2003)

m Optimize an association measure between two variables

» Euclidian distance between rows, or columns
* method CREUC: (Govaert, 1983)

s Khi2 criterion
* method CROK12: (Govaert, 1983)

» Goodman-Kruskal criterion
« parameter-less method (lenco et al., 2012)
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Optimization
A combinatorial problem

m Number of partition of n elements into k non- empty subsets

m Stirling numbers of the second kind {:} "
m Number of partition of n elements :
= Bell number B, Bn=Z{E} 10

* By ..., Bgi 1,1, 2,5, 15, 52, 203, 877, 4140, 21147.
- Byy= 115 975, B20 51724 158 235 372

m Number of coclustering of a matrix n*m
= B.*B,
m Coclustering optimization: NP-complete problem!!!
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Some optimization algorithms

m Alternative optimization of each clustering
m Freeze one clustering and optimize the other one
» Reuse of standard clustering algorithms
* K-means
Kohonen map
Bottom-up hierarchical clustering
Top-down divisive heuristic

m Local optimization of a coclustering of given size
* Move values across clusters, for each dimension

m Global optimisation of a coclustering
= Divisive approach: add one cluster per dimension at a time
= Agglomerative approach: merge of clusters

» Meta-heuristic to escape local optima
* e.g.: simulated annealing
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Limit of the standard approaches

m Method requiring the numbers of clusters
= Too small: under-fit the data
= TooO large: over-fit the data

Parameter-less method
= Optimization of a criterion such as Goodman-Kruskall
= NO regularization
= Unknown robustness to noisy data

= Problem of random data: no pattern
* Need a threshold to avoid the detection of spurious patterns?
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Block-modeling approaches
Relation to coclustering

m Approaches originating from social network analysis
» A social network is a graph, represented by its adjacency matrix
* number of edges from a source node to target node

= Adjacency matrix: equivalent to a contingency table
* Source node: first variable

A2 Ay

« Target node: second variable @—(1) ilo 1 1| 0
* Edge: individual ’ (8
J 9 0 3o & & o
Qo O V0

m Block-modeling

m Cluster: group of actors having the same role
= Block: type of relation between actors

0 10 20 30 40 50
Node Index
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Block-modeling approaches
Deterministic

m Early approaches: deterministic
* (Lorrain & White, 1971), (Arabie et al., 1978)
» Predefined type of block patterns

» Use of adhoc functions measuring the fit of real blocks to predefined
types of blocks

= Standard clustering algorithms
s Limits;
* does not fit the stochastic nature of real world datasets
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Block-modeling approaches
Stochastic

m Stochastic block-modeling
* (Holland et al., 1983), (Wasserman et al., 1987),
(Snijders & Nowicki, 1997), (Govaert & Nadif, 2003)

» Bayesian approach with prior distribution on model parameters
* Fixed number of clusters
« Two latent variables for cluster assignments
- Edge probabilities depend on the block

= Non-parametric extension: Dirichlet process for partitions of any size
* (Kemp et al., 2006)

= Algorithm: Bayesian inference, alternate on partitions
- EM, Gibbs sampling, MCMC, ML...

m Limits:
« assumptions regarding the distribution of the data
- parameters (number of clusters, hyper-parameters for priors...)
* scalability
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MDL community detection
Minimum description length

m Minimum description length
* (Rissanen, 1978), (Grunwald, 2007))
= Two-part code: minimize code length of model + data given model
s Parameter-less
» Alleged resistance to over-fitting

m MDL coclustering methods

» Early work: cross-association method directed simple graphs
* (Chakrabarti et al., 2004)
 Alternate optimization of clusters, plus divisive heuristic

= Method for undirected simple graphs
* (Rosvall & Bergstrom, 2007)
* Optimization via simulated annealing

» Study: importance of encoding scheme, coding node degrees
* (Lang, 2009)

= Limits:
* Apply to directed or undirected simple graphs (binary contingency table)
 Hidden prior assumptions behind the coding schema
* Rely on empirical estimation of probabilities
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Coclustering methods: synthesis

m  Objective
= Partition of the lines and rows of a matrix

m  Type of matrix

= Numerical matrix

= Instances * variables matrix (numerical variables in most cases)
= Contingency table

m  Main approaches
= Optimization of a quality measure
m Statistical block-modeling
+ Bayesian model selection, MDL-based model selection

m Parameters

= Number of clusters

= Assumption regarding the distribution of the data (with potential prior parameters)
m Parameter-less in some cases

m  Optimized criterion

= Quality measure

» Posterior probability
= Code length (MDL)

m  Optimization algorithmic

= Greedy bottom-up (divisive) or top-down (agglomerative) heuristic
= Local optimization of clusters by moving values across clusters

= Meta-heuristic: simulated annealing...

» Bayesian optimization: Gibbs sampling, MCMC...
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Schedule

m Coclustering and its Applications
m Survey of Coclustering Methods
m Data Grid Models for Coclustering
m Consistency of the Approach

= Evaluation

m Conclusion
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Unsupervised data grids

m Data grid models for non parametric joint density
estimation

m Discretization of numerical variables
Value grouping of categorical variables

Data grid based on the cross-product of the univariate partitions, with a
piecewise constant density estimation in each cell of the grid

Bayesian approach for model selection
Efficient optimization algorithms

m Coclustering
= Focus on the case of two categorical variables
» Extension available for multiple numerical or categorical variables
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Coclustering of a contingency table
Bivariate Exploratory Analysis

m Dataset

= N instances, two categorical variables X and Y having V and W values

How to chose
the best model?

relationship
marital_status

Divorced

Husband Wife

Not-in-family Other-relative Own-child

86 3

12

55

156

Married-spouse-absent

5 1

10

Separated

8 0

17

Widowed

Never-married

14 2

156

Total

Married-AF-spouse 0 1
Married-civ-spouse 385

385

relationship
marital_status {Husband, Wife} {Not-in-family, Other-relative} {Own-child} {Unmarried} Total
{Divorced, Widowed, Separated, ...} 0 119 15 78 212
{Never-married} 0 171 144 31 346
{Married-civ-spouse, Married-AF-spouse} 440 0 2 0 442
Total 440 290 161 109 1000
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Coclustering using data grid

m Principles
= Define a model space
* Model of the finite data sample
= Define a prior on this model space
+ Exploits the hierarchy of the parameters
« Uniform at each stage of the hierarchy
« Data dependent prior
= Obtain an exact analytical evaluation criterion (MAP)
m Exploit scalable optimization heuristics

m Main features

= Non-parametric
* No assumptions regarding the distribution of the data
+ Universal estimator of joint density
+ Asymptotical convergence to the true joint density

= Robustness
+ Do not over-fit the data

= Parameter-free

= Scalable
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MODL Approach
Model definition

m Definition: A coclustering model is defined by:
= a number of groups for each variable,
» the partition of each variable into groups of values,

= the multinomial distribution of the instances on the cells of the data grid
resulting from the Cartesian product of the partitions of the variables,

= the multinomial distribution of the instances of each group on the values of
the group, for each variable.

= Notation:
n X, Y categorical variables
n N number of instances of the data sample
n V, W number of values for each variable
m [,J number of groups for each variable
n G=IJ number of cells in the data grid
m i(V), j(w) index of group for value v (resp. w)
=M, m, number of values of group i (resp. j)
=N, ,N, number of instances for value v (resp. w)
= N, number of instances for pair of values (v, w)
= N, N; number of instances in group i (resp. j)
= N;j number of instances in cell (i, j) of the data grid
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MODL Approach

Bayesian approach for model selection

m Best model: the most probable model given the data
s Maximum a Posteriori (MAP)

m Maximize P(M|D)= P(M)P(DIM)

P(D)

= Minimize —logP(M|D)=-logP(M)-logP(D|M)
= Bayesian interpretation

* P(M): prior

* P(D|M): likelihood
= MDL interpretation

* -log P(M): coding length of model parameters

* -log P(D|M): coding length of data given model
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MODL Approach

Prior distribution of model parameters

m Definition: The hierarchical prior on coclustering models is defined as follows:

» the numbers of groups of values | (resp. J) are independent from each other, and
uniformly distributed between 1 and V (resp. W),

= for a given number of groups | of X (resp. J of Y ), every partition of the V (resp. W)
values into | (resp. J) groups is equiprobable,

» for a data grid of given size (I, J), every multinomial distribution of the N instances on
the G=I*J cells of the data grid is equiprobable,

» for a given group of values of a given variable, every multinomial distribution of the
instances of the group on the values of the group is equiprobable.

m Hierarchical prior, uniform at each level of the hierarchy
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MODL Approach

Optimal evaluation criterion

m Theorem: The negative log of the posterior probability of a
coclustering model M distributed according to the
hierarchical prior is given by the following criterion

c(M) =logV +logW +logB(V,1)+logB(W,J)

N+G-1
+log
o)
! N +m -1} N;+m;-1
|0 i i |O - -
+iz=1: g(mi._l }r; g(m.i -1 J

+IogN!—Z|:ZJ:Iog N; !

i=1 j=1

+Z|1:Iog N, !+ZJ;Iog N; !—ilog n, !—ilog n,!
i= j= V= w=
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MODL analytical criterion

Exact evaluation of the posterior probability of a model

__a
»

Coding length G
of model | N, +m -1
parameters +Y_log _—
i=1 i
J N.+m -1
+Y'log| '
' JZ; m; -1
]
Likelihood +logN'=> > logN, !

Coding length
of data
given model
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c(M) =logV +logW
Prior +logB(V,1)+logB(W,J)

(N+G—ﬂ
+log 1

i=1 j=1

+Zlog N, !—ilog n,!

+2Iog N, !—ilog n,!
j= w=

[ Multinomial distribution of the instances ]
of each group on the values of the group (X,)

[ Multinomial distribution of the instances ]
of each group on the values of the group (X.)

[ Position of the instances among the cells
(_according to the multinomial distribution

J

[ Value of the instances among the group values )
_according to the multinomial distribution (X,)

J

[ Value of the instances among the group values ]
according to the multinomial distribution (X,)
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Schedule

m Coclustering and its Applications
m Survey of Coclustering Methods
m Data Grid Models for Coclustering
m Consistency of the Approach

= Evaluation

m Conclusion
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Another Interpretation
Non parametric estimation of joint density

m A coclustering model is a non parametric joint density estimator

« Jointdensity P(V,W)=p(X =v,Y =w)

» Joint density estimation according to a coclustering model with granularity (1, J)

D, = Nij nv. n.w
"N N. N j
m Two extreme cases
= Null model My
+ Coarsest granularity (I, J) =(1,1) _n,ny,
* Independence between variables Pow = WW

= Maximal model M,,,,
+ Finest granularity (1, J) =(V,W) L
* Empirical evaluation of joint probability P = W
+ All correlation captured
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Modeling with data dependent prior

m The model space is data dependent

= The model space is discrete: we consider distributions of exactly N instances on a
data grid of each granularity (I, J)

= The number of model parameters increases with the sample size
» Parameters have discrete values, number of parameter values is data dependent

m The prior is data dependent

= The number of considered multinomial distributions depends on the size of the data (G 1J-1
sample N+1J-1

m The likelihood is discrete N
» The likelihood is null if the observed distribution is not exactly that of the model — i

= Otherwise, it is based on the number of ways of observing the data with the exact |
multinomial counts HH Nij :
i=1 j=1

m What is modeled ?

m Direct modeling of the data sample using discrete distributions, instead of
real-valued distributions
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Modeling with data dependent prior

Main features

m Natural prior in finite size model space
= Hierarchical, uniform at each level
= # Bayesianism: avoid uneasy choice of prior and hyper-parameters

parametric: e.g. Dirichlet distribution
non parametric: e.g. Dirichlet or Pitman-Yor process

= #MDL:
avoid uneasy choice of coding schemes
avoid empirical entropy estimation with asymptotical validity

= Reduces to counting

m Easy estimation of likelihood
» Reduces to counting

m Analytical formula for posterior probability of models

m Combinatorial algorithms
= Main heuristic: greedy bottom-up merge heuristic, with guaranteed time complexity O(N\mmg N)
= Pre and post-optimization: move of values across groups
= Anytime meta-heuristic to improve solution

= Criterion evaluated on discrete solutions
Numerical gap between evaluated solutions
No stopping threshold, iteration number or convergence rate to tune
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Modeling with data dependent prior

The question of consistency

= Problem with modeling the finite data sample
= The true real-valued joint-density distribution is not modeled

= What about prediction regarding other data samples?

m What about asymptotical consistency?
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Consistency of the approach
Theorem 1

m Theorem 1: (EGC 2012)

= The MODL evaluation criterion of a coclustering model M is
asymptotically equal to N time the sum of the variable entropies minus
mutual information between the grouped variables

c(M)=N(H(X)+H(Y)=1(Xy;X,))+O(logN)

- Entropy H(X)=-2_ p(v)log p(v)

veX

V,W
- Mutual information  1(X;Y) =) p(v,w)log p(v.)

VeX weY p(V) p(W)

m The approach tends to maximize the contrast between the
variables

» Mutual information between the grouped variables
+ Measures the mutual dependence between two variables, null in case of independence
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Consistency of the approach
Theorem 2

m Theorem 2: (EGC 2012)

= The MODL approach for selecting a coclustering model M asymptotically converges
towards the true joint distribution of the two variables, and the criterion for the best
model Mg..; converges to N times the joint entropy of the variables.

C(MBest)

IimN—)oo = H(X’Y)

m The approach is consistent

= the model selected according the MODL approach converges towards that of
the true joint density
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Consistency of the approach
Corrollary

m The best model Mg provides an estimator of the mutual
information between the variables.
lim C('\AQ’)_C(N'BGS‘):|(x;Y)

N —o0 N

* I(X; Y)=0if and only if X and Y are independent

m The approach is robust

= The null model (one single cell) is asymptotically selected in case of
independence between the variables

= Valid non asymptotically owing to the prior terms that penalize complex
models

» Confirmed experimentally on data samples of any size
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Synthesis: analysis of the criterion

= Nul model (one single group per variable)
» Each variable is coded independently

c(My)=NH(X)+NH(Y)+O(logN)

m Intermediate model (a data grid)
» Coding of the frequencies of cells of the data grid model
» Plus coding of the data given the data grid model

m Optimal model
= The most probable
= The minimum description length model
= Approximation of the Kolmogorov complexity of the data
= Allow to find the optimal granularity of the correlation model

m Theorem

= The MODL approach for coclustering of two variables
asymptotically converges towards the true joint entropy of the

variables
) c(M,)-c(M es
) ), ).
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m Coclustering and its Applications
m Survey of Coclustering Methods
m Data Grid Models for Coclustering
m Consistency of the Approach
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m Conclusion
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What we expect: fast convergence rate
Density estimation: artificial dataset

m Circular random graph: no clusters . :
= N=100 vertices equidistant on a unit circle %
xi:cosz—”i,yi:sinz—ﬂi Z /\ 2
e IR,
= Euclidian distance between vertices . ‘I 4‘\ I~
2 2 2 A X pd ey v
i”; :\/(Xi _Xj) +(yi —yj) X - .'.(' er ’):"

/iy

a7

= Probability of edges between two vertices - x

In inverse proportion of their distance
» problem: estimation of %O 000 edge probabilities

d.

1

i~ 1
Z”%
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Convergence rate
Density estimation: results

m Experiment

= Random samples of size from 100 to 108

m Repeated 100 times

m Collected results

s Cluster number

s Estimated mutual information

m Three phases of convergence

» Stability phase

* Insufficient number of edges
* One single cluster

= Non-parametric estimation phase
* Increasing number of clusters
» Fast improvement of estimation quality

» Parametric estimation phase
« As many clusters as vertices
+ Classical improvement of estimation with

sample size
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Clusters
100

Non-parametric estimation phase

80

1

60

/.

40

v

20

0

1.5

t t t 4  Edges
1.E+02 1.E+03 1.E+04 1.E+05 1.E+06
Mutual ) ) )

information NON-parametric estimation phase |===True
2 A 4 Empirical
s ¢ Laplace
L ~s-MODL(LH)
N -e—~MODL
A
& A,
*
L]
*
- Edges

1.E+06



What we expect: discover patterns
Pattern discovery: artificial datasets

m Block-diagonal graphs: many clusters
= Chose of equal size clusters

m Pure clusters: 0% noise

. . 10 2
= Noisy clusters: 50% noise 100 0
= Random graphs: 100% noise 000 |5
1000 100
10000 200

m Problem: reliably identify the pattern
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Convergence rate
Pattern discovery: results

m Experiment

= Random samples of size from 1 to 109, repeated 10 times
m Collected results: cluster number

m Fast convergence

Cluster nb

100 -

10 -

1.E+00 1.E+01 1.E+02
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1.E+05

Edge nb

1.E+06

Fast transition between stability phase and parametric estimation phase
Noisy patterns need four times more instances
Never produce spurious clusters

Random graphs always summarized with one single cluster

—i—Pure(10, 2)
Noisy(10,2)
=g Pure(100, 10)
Noisy(100, 10)
iy Pure(1000, 5)
Noisy(1000, 5)
== Pure(1000, 100)
Noisy(1000, 100)
—#—Pure(10000, 200)
Noisy(10000, 200)
= Random(10})
—&— Random(100)
—/— Random(1000)
—O— Random(10000)
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Conclusion

m MODL approach for selection of coclustering models
» Bayesian approach of model selection in discrete model space
» Data dependent model space and prior!
= Important result: consistency of the approach

m Extensive empirical validation
= Both on artificial and real world datasets
= Download as a shareware: www.khiops.com

= Numerous applications of coclustering
» Clustering of texts, graphs, curves
= Web mining (content, usage, structure)
= Market basket analysis

m Open theoretical questions
m Consistency in case of numerical variables
= Consistency in the multivariate case (K>2)
m Convergence rate
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Thank you for your
attention!
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e Spatial data
- Geographical distribution of industries
- Air traffic

* Spatio-temporal data
- Rental bike service (London)
-> Phone call log

* Time series
- Individual electricity consumption
- Rainfall

* Text mining
- News Groups
= Audio transcription : phone counseling to customers

* WEB mining
- Spam (Web Structure Mining)
- Log (Web Usage Mining)

. . S :QEDF
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(Paris)

734 NAF code-IAataleels Sﬁﬂgraphical 5146 streets of Paris

Companies
(605 639)

i i i ~ati ; :QEDF
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Spatial data

A — Geographical distribution of industries (Paris)

* Optimal model :

- 50 groups of NAF code &
- 234 groups of streets

Lo -’“rh}
SR
A -
Group « Art and entertainment 35
*Performing arts ol L

*Other creative arts
*Artistic creation within visual arts
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Spatial data

A — Geographical distribution of industries (Paris)

* Optimal model :

- 50 groups of NAF code
- 234 groups of streets

Group of streets « Ie sentler »:

?E*D rf.{ %ﬁUﬁﬁg * Howven

Cuatre-Septembre

A~
Distribution of groups of NAF code

20
18
16
14
12
10

— [République

@

b

onN MO

nne-.gg_ -Eg' . 'Fﬁ / y{
? SN “@Q‘;ﬁ Q&w g
&, - = %
2 S SAVL A
(Manufacturing and wholesale textile, Industrial Zone (21 streets)
textiles & jewelry, Retail Sales, wholesale trade ...)

-2

¢
. . — : “‘:eDF
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(France)

734 NAF codes]RatNaEls Ge_?graphica' 50 000 iris
units

Companies
(3M)

i i i ~ati ; :QEDF
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Spatial data

B — Geographical distribution of industries (France)

* Optimal model :

- 82 groups of NAF code
= 323 groups of Iris

:> Folding of the optimal model : 18 selected groups of NAF code

Secteur primaire

Centre-ville

Art et graphismes

Commerce de Gros

Finance

Activités juridiques

Informatique

Services liés a la santé

Industrie, autres ventes en gros et transports liés
Location immobiliere, restauration

AN NI N NN N Y N N N
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v

v

<

DN NI N NN

Traditionnelle, hbtels et commerces de
boisson

Production culturelle, marketing et services aux
entreprises

Production, transport et commerces en lien
avec le milieu énergétique

Textile

Tourisme mer et montagne

Tourisme vert

Travaux immobiliers

Recherche et développement, ingénierie
Divers G“:eDF



(France)

* Group of NAF code « Sea and mountain tourism » :

Code NAF - label Fréquence

6820A - Location de logements 14048
85517 - Enseignement de disciplines sportives et d'activités de loisirs 5810
0311Z - Péche en mer 1264
9319Z - Autres activités liées au sport 722
0321Z - Aquaculture en mer 533
3315Z - Réparation et maintenance navale 443
7721Z - Location et location-bail d'articles de loisirs et de sport 349
4638A - Commerce de gros (commerce interentreprises) de poissons, crustacés et mollusques 263
52227 - Services auxiliaires des transports par eau 150
5010Z - Transports maritimes et cétiers de passagers 106
3012Z - Construction de bateaux de plaisance 90
1020Z - Transformation et conservation de poisson, de crustacés et de mollusques 79
4939C - Téléphériques et remontées mécaniques 79
4291Z - Construction d'ouvrages maritimes et fluviaux 65
0893Z - Production de sel 63
3011Z - Construction de navires et de structures flottantes 42
10927 - Fabrication d'aliments pour animaux de compagnie 18 .

i i inati ; :;eDF
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Spatial data

NAF code « Sea and mountain tourism » :

~mAUReffaFE - KT : N ST
S Uil % el e e - ST
- e = 4 = i g ._..-:-:- .

Iriswith hig probability of group of

W A ol f ey
- G Lo

SUISSE

L, Mouinsl Fa ey ‘_jf’
b~ T e

ITALIE

........

g, ¥ 1l g
St K

ESPAGNE

¢
. . L . ::eDF
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Spatial data
Iris with high probability of group of NAF code «

= 1 ST W 3]
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(Londres)

488 stations Minute precision

g—

Journeys 4
(4.8 M)

. : S . %g’eDF
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Spatio-temporal data :

Rental bike service (Londres)

Source Target
station station

Description of an directed graph

. . L . tQEDF
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Spatio-temporal data :

Rental bike service (Londres)

Source Target
station station

Description of a temporal directed graph
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Spatio-temporal data :

Rental bike service (Londres)

* Optimal model :

- 296 groups of « source stations »

- 281 groups of « target stations »
- 5 time slots

* Selected model : retains 70% of the information

- 20 groups of « source stations »= -

- 20 groups of « target stations » =

—~ 5 time slots r,
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Spatio-temporal data :

Rental bike service (Londres)

Groups of « source stations »

Where go the bikes which start
from Waterloo before 7:00 am ?

‘
& S EDF
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Spatio-temporal data :

Rental bike service (Londres)

Mutual information between clusters,

Where go the bikes which start
from Waterloo before 7:00 am ?

6“.
. . N : 2~ EDF
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Time series :

Individual electricity consumption

Exploited dataset :

* A single household
* Daily consumption, sampling rate 10" (744 measures/day)
* 349 days

. . L : . “QEDF
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Time series :

Individual electricity consumption

* Optimal model
- 57 groups of days

- 7 time slots
- 10 intervals of consumption values
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Time series :

Individual electricity consumption

* Selected Model : retains 50% of the information
- 4 groups of days
- 4 time slots
- 4 Intervals of consumption values

Representation of the groups of days on a calendar

January

February March April May June

SN 28 BN 12 19

20 [l B

September October November December

¢
. . N : . ::eDF
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20 000 texts 20 000 words
p—— - Text ID

de "

2K nan Lie

>

>>In gio Subject: Re: Packet Radio on the PC

>im 5 L":K Lines: 25

> "

> ::” kol |1 article <regmad. it gsu.edu> edu (Mich

[Qu > | de Kraker) writes:

> s Il >koberg@spot.Colorado.EDU (Allen Koberg) writes:
inf

N R

! >>Imlooking for any and allnformation regarding packet radio
How| > /| 7 /| >>implementation on the PC. Software, hardware, whatever.
genel >

> 1 1 1 I MichaelA deKraker
Thet| gend ' | | Queston about packet raco delted
lea >
owd ra] T > 1 1 1 Georgia State Universiy 404-851-2390
spec] |
910b] o - | How about recadio amateur packet? At leastat my se, there s no
seer] sped That| general packet radio (i.. non-amateur) newsgroup.

Hopq seen low That said, | would definately subscribe to r.r.a.packet if you want to
SPEQ Jearn about all aspects of amateur packet radio, at both the high and
AN op] Pr0] low ends. Also, | would getthe FAQ from the group, and then post any
acoll P seen specifc questions to that group. Everything | could tell you s
And probably n the FAQ, and the people who really know whats going on all
TeXt 1 Lol Hopd seem to be on .. packet (athough they might be here too, you never know :)

. -
Words in texts

TeXt 2 l_ = Andy Collins, KC6YEY

acolins@uciink berkeley.edu (2 M )

L |
Text 3 —

Challenge IJCNN 2007 : news groups dataset (Mitchell 99)

A supervised problem :

Topics of classe 1

atheism, graphics, ms-windows ,
ibm.pc.hardware, mac.hardware, windows.x,
forsale, autos, motorcycles, baseball,
hockey, crypt, electronics, med, space

Topics of classe 2
religion.christian, politics.guns,
politics.mideast, politics.misc,
religion.misc

q
. . . . :QEDF
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Text mining : News groups

* Optimal model :

- 207 groups of texts
- 1058 groups of words

Size of groups of texts (balanced)

1000

1<)
S

Nurmber of texts per duster
3

Index of
1 . . text
0 100 200 cluster
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Size of groups of words (unbalanced)

Number of words per cluster

1000

100

1

J

-

-

Index of
word

0 100 200 300 400 500 600 700 800 900 1000 {00 OlUSter

S €eDF



Text mining : News groups

Groupe of words : the most correlated with classes

* hockey, playoff, nhl, penguin, devils, pens, leafs, bruins, islande, goalie, mario, puck,...
* team, season, league, fans, teams, rangers, detroit, montrea, wins, scored, coach,...

* clipper, encrypt, nsa, escrow, pgp, crypto, wiretap, privacy, cryptog, denning,...

* dod, bike, motorcy, ride, riding, bikes, ama, rider, helmet, yamaha, harley, moto,...

* basebal, sox, jays, giants, mets, phillie, indians, cubs, yankees, stadium, cardina,...

* bible, scriptu, teachin, biblica, passage, theolog, prophet, spiritu, testame, revelat,...

* christi, beliefs, loving, rejecti, obedien, desires, buddhis, deity, strive, healed,...

* windows, dos, apps, exe, novell, ini, borland, ver, lan, desqvie, tsr, workgro, sdk,...

* pitcher, braves, pitch, pitchin, hitter, inning, pitched, pitches, innings, catcher,...

* car, cars, engine, auto, automob, mileage, autos, cactus, pickup, alarm, sunroof,...

s‘a
. : N . 2~ EDF
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Text mining : News groups

Groupe of words : the less correlated with classes

* book, books, learnin, deals, booksto, encyclo, titled, songs, helper

* cause, caused, causes, occur, occurs, causing, persist, excessi, occurin

* importa, extreme, careful, essenti, somewha, adequat

* morning, yesterd, sunday, friday, tuesday, saturda, monday, wednesd, thursda,...
* receive, sent, placed, returne, receivi, sends, resume

s‘a
. : N . 2~ EDF
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Text mining : News groups

Supervised evaluation :

1. Coclustering (id_text, word)
Train set + Validation set + Test set : 19466 texts

1. Learning of a classifier
Train set + Validation set : 1829 texts

Results
The best classifier of the challenge : 4.6% (balanced error rate)
Coclustering MODL : 3.70% (balanced error rate)

v" Better than the winner of the IJCNN 2007 challenge

. . L . ‘;QEDF
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9 000 Hosts 9 000 Hosts

=)

Links between hosts |
(500 000)

Challenge ECML/PKDD 2007: detection of web spam

A supervised problem :

‘ Classe 1 : normal web host

@ Classe 2 : spam web host

. . S - :QEDF
EGC 2013 tutorial — Coclustering Applications —Web mining - p 26



* Optimal model :

- 167 groups of source hosts
- 219 groups of target hosts

Mutual information between clusters
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Web mining

A — Spam (web structure mining)

Supervised evaluation :

1. Coclustering (source host, target _host)
Train set + Test set

1. Folding of the optimal model (200, 100, 50 clusters source + target)

1. Learning of a classifier exploiting clusters (Selective Naive Bayes)
Train set

Results
The best classifier of the challenge : 0.952 (AUC)
Coclustering MODL + SNB : 0.951 (AUC)

v" Equivalent to the best classifier of the ECML/PKDD challenge

““EDF
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270 000 cookies 40 000 Web sites

Cookie Initial matrix with
10 billions cells

Web log
cookie*web site

(6 600 000)

Exploratory analysis :

Thematic clustering of web sites
Behavioral clustering of cookies

. . S - ‘;QEDF
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Web mining

B — Web log (web usage mining)

* Optimal model :
- 427 groups of web sites
(thematic clustering)
- 1612 groups of cookies

(behavioral clustering)

EGC 2013 tutorial — Coclustering Applications —Web mining - p 30

Frequency of coclusters
(reduced 100*120 matrix)

Web site

-"l'




Exploratory analysis : examples of clusters of web sites
Automatically identified from web log analysis

PMU Autos Recettes cuisine Cinéma Immobilier Vente discount
Composition of EK - Compaosition of m Composition of m Compaosition of m Composition of m Compaosition of m

Value Value Walue WValue Walue Value

www turformania fr |4 www forum-auto.com |4 ] cuisine journaldesfemmes.com |4 | www.cinefil.com |4 www.explorimmo.com |4 www.cdiscount.com |4

www.pronostics-turf.info www.auto-evasion.com u www.tribugourmande.com . www.premiere.fr B immaobilier.yakazfr - titre.shortcut.rue_du_commerce.fr

www.pronostic-turfiste.com forum.321auto.com www.speedrecette.com www.evene.fr www.entreparticuliers.com www.mistergooddeal.com -

www.resultat-pmu.fr | forum.autoplus.fr www.clisinorama.com www.cine.orange.fr WWW.SUperimmo.com www. 1001-services.net

www.zone-turffr Www_planete-citroen.com www_chercher-une-recette fr www toutlecine.com www_evrovilla.com titre_shortcut pixmania fr

tuyaux-paris.eu www forum-peugeot.com www.plitchef.com www.cinemotions.com www.repimma.com www.vente-discount.com

wnw turf.agso.fr www.parlons-mecanique.fr www.lesfoodies.com www.monsieur-biographie.com www.lesclesdumidi.com avis.cdiscount.com

www pronostics-pmu-tierce com www.francecasse.fr cadeauxnoel.cadeaux.com WWw.Commeaucinema.com www.arkadia.com image.shortcut.rue_du_commerce fr

stats-quinte.com www.hypercasse fr www. blog-appetit. com www locafilm.com www.immoglobo.com titre. s hortcut. grosbill fr

o iU fr www.auto-technique.fr www.lespagescuisine.com www.yo-video.net www.lesiteimmao.com www.mda-electromenager.com

www.montjeuturt.net www.mister-auto.com www.recettes-de-cuisines.com www.cinevoila.fr WWWw.annoncesjaunes.fr www.maxitrafic.com

www.nouveauquinte.com www planeterenault com www recettes-de-france com www cingtrafic fr www_capifrance fr W Wi s fr

W quinte-du-jour.com www.renault-laguna.com www.cuigine-et-mets.com www.spectacles.ir www viteloge.com Www.groupe-casing fr

www.pronostics-turf-gratuits.com www.anpe.net www.certiferme.com www.cinemaovies fr wanw.orno fr url.shorteut rue_du_commerce.fr

www jp-quinte.fr forum.autocadre.com www.cahierdecuisine.com www.vodkaster.com www.img-immabilier.com site5.shortcut. rue_du_commerce.fr

pronostics-pmu.fr www.piecesauto.com www. kouz-cooking fr www.wiki-cine.com www.refleximmo.com site1.shortcut. rue_du_commerce fr

quintedujourfr WWW.V0Zavi.com allrecipes fr www.biographie.net www.trouver-un-logement.com site2.shortcut.rue_du_commerce fr

www.pranostic-facile.fr WWW.DIBCES-AUtI-eXpOrt.com cuisine.notrefamille.com cinema.jeuxactu.com Www.pasdagence.com affiliationcdiscountwordpress.com

Www.prono-quinte.com WWw_car-actu.com cuisine.pagawa.com cine.ados fr www journaldesparticuliers.com image.shortcut pixmania.fr

www.pranostic-pmu-gratuit.com auto.donkiz.ch www.recettes. mesbonsplansdunetfr www excessif.com www.optimhome.com www.auparadisdescreationsmurales

LSS www fiches-auto fr www.atelierdeschefs.fr www.Zoom-cinema.fr immaobilier. mitula.fr clientrueducommerce.fr

AW annuaire-gu-turf.com www.yakarouler.com www.blogs-de-cuisine.com WWWw.Cinemagora.com www.nicolas-immabilier.com site1.shortcut. pixmania.fr

EATE R DS I IR mercedes-benzforumactif.com www.recettes2cuisine. fr www.weblettres net Www.pro-a-part.com www._2xmoinscher.com

www.club-pmu.fr v www.zanziauto com - o - et . - g . - o -
. 1 v .goosto.fr v series-tv.premiere.fr v www.achat-terrain.com v www .xenon-discount.com v

q
. . N - ::EDF
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Conclusion

The MODL coclustering can be applied on a large range of :

Data types
* Graphs

* Temporal graphs
* Text datasets
* Time series

* Tabular datasets

Application areas
*Web content mining

*Web structure mining
*\Web usage mining
*Market basket analysis

*Recommender systems
*Geomarketing
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Blbllo * Spatial data
- Geographical distribution of industries

A. Bondu, M. Boullé, A. Peradotto, « Représentation géographique du tissu industriel : une
application de I'approche MODL », CAP 2010

- Air traffic

M. Boullé. « Nonparametric Edge Density Estimation in Large Graphs », Research Report
France Telecom R&D, No FT/RD/TECH/11/02/13, 2011.

* Spatio-temporal data

- Rental bike service (London)

R. Guigoures, M. Boullé, F. Rossi. « Triclustering pour la détection de structures temporelles
dans les graphes » MARAMI 2012

- Phone call log

R. Guigourés, M. Boullé, F. Rossi . « Etude des corrélations spatio-temporelles des appels
mobiles en France », EGC 2013

e Time series

- Individual electricity consumption

M. Boullé. « Functional data clustering via piecewise constant nonparametric density
estimation », Pattern Recognition, 45(12):4389-4401, 2012.

. . L . t:em:
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Biblio * Text mining

- Opinions on films

M. Boullé. « Data grid models for preparation and modeling
in supervised learning », In Hands-On Pattern Recognition:
Challenges in Machine Learning, volume 1, I. Guyon, G.
Cawley, G. Dror, A. Saffari (eds.), pp. 99-130, Microtome
Publishing, 2011.

* WEB mining
- Spam (Web Structure Mining)

M. Boullé. « Nonparametric Edge Density Estimation in Large
Graphs », Research Report France Telecom R&D, No
FT/RD/TECH/11/02/13, 2011.

- Log (Web Usage Mining)

A. Beck. « Coclustering Content and Usage Data to Improve
Customer Knowledge Discovery from Web Logs»,
Submitted WWW 2013.

. . L . “:EDF
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EGC 2013 Tutorial — Data grid models

Data grid models for supervised learning

Alexis Bondu, Marc Boullé, Dominique Gay '~ epF
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* Live Demo of “Khiops” software
- Tutorial
- Demo

* Change Detection in Data Streams
- A new supervised approach
- An alternative approach
- Comparative experiments
- Conclusion

. . L :QEDF
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* Live Demo of “Khiops” software
- Tutorial
- Demo

* Change Detection in Data Streams
- A new supervised approach
- An alternative approach
- Comparative experiments
- Conclusion

. . N :QEDF
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Change Detection in Data Streams

O Objective :

0 Change detection
O Diagnostic

1400

1200

1000

*Towards an automated monitoring system

“Q
. : N . 2~ EDF
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O Tuples are structured
O Their flow rate is not controlled
O Their order is not controlled

. . L . ‘;QEDF
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Let's consider a supervised problem ....

The reference window(fixed) The current window (sliding)
_— I Time

. . N . :QEDF
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Let's consider a supervised problem ....

The reference window(fixed) The current window (sliding)
_— I Time

N

Labeling of tuples

Var 2

Var 1 .

. . N . :QEDF
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Let's consider a supervised problem ....

The reference window(fixed) The current window (sliding)
_— I Time

N

Labeling of tuples

Var 2

Var 1 .

. . N . :QEDF
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The insight

If classes can be discriminated, that means a change in the distribution
of tuples has occurred.

Var 2

Var 1 .

. . N . :QEDF
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A simplification .... not so drastic!

The tuples are projected on each variable, and several univariate classifiers are
trained.

Var 1

. . N . :QEDF
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A simplification .... not so drastic!

The tuples are projected on each variable, and several univariate classifiers are
trained.

Var 2
Var 2

Projection — 0 (00 =0 0 (00 ——my

Var 1
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The choice of the classifier is critical :

O The learning approach must be reqgularized :

O avoid over-fitting

* exploit all available tuples to learn (without evaluation set)

* The learning approach must be parameter-free

* The predictive model must estimate the conditional density

 estimate the distribution of classes

* evaluate the “gap” between these distributions

. . N . ‘;QEDF
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A new Supervised Approach

Our choice : The discretization method MODL

* Definition : cutting out the numerical domain of a variable into intervals.

* Objective : describe the conditional distribution of data.

Versicolor
Virgini

Base Iris

Sefosa
H Sepalwidth | Jnf 298] | 12955850 | 335 inf |
1 »
A Basel
10
60
éﬁ _\ 7\ —s—Versicolor 0
= M/\\ \ —e—Virginica
;a " —=—§elosa iU
4 A
AR
) N N
ZIM VNS
0 —H .
2.0 30
Sepalwwdth

What is the best model’?

. : L . :QEDF
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A new Supervised Approach

Change detection
Coding length (Shannon)
Cr(M) = —log[P(M|Dy,)]

Compression gain (Boullé 2009)
gaz’nk (M) =1 {Ok(M))F?k(MO))

Coding length of the null model
\/

Coding length of the current model

EGC 2013 tutorial — Supervised Applications — Change detection - p 14
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A new Supervised Approach

Change detection

Coding length (Shannon)
Cr(M) = —log[P(M|Dy,)]

Compression gain (Boullé 2009)
gaz’nk(M) =1 Ok(M)/Ck(MO)

Quantifying the change

Change = Z Gaing lw

kElK

The most probable model

EGC 2013 tutorial — Supervised Applications — Change detection - p 15

S €eDF



A new Supervised Approach

Change detection

Coding length (Shannon)
Cr(M) = —log[P(M|Dy,)]

Compression gain (Boullé 2009)
gaz’nk(M) =1 Ok(M)/Ck(MO)

Quantifying th? change
Change = e Z Gaing(Map)

ke[l,K]

Contribution indicat_or
Contrib(k) = Q'azn;}((Map )

EGC 2013 tutorial — Supervised Applications — Change detection - p 16
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Four successive steps

e O™ %’)‘9/@ Stream

summary

NN N

N

Derisnty
estuinate

Change
detection

on-line process _ ‘
Diagnostic # Alerte
on demand process

EGC 2013 tutorial — Supervised Applications — Change detection - p 17
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An alternative Approach

Denstream Algorithm [Feng Cao 20006]

Var 1
W = 2?—,\.t

)

®

Minimum weight

> Var 2

Maximum variance

Mq(Cj.n,Vi/) J

s‘a
. : N . 2~ EDF
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An alternative Approach

Density

Adapted Parzen Window

. d(z,c;)?
estimate P W 2(52452)
(SE) O W E & exp J
\/ 27 52 + 74 )
O W total weight of the stream B w;: weight of the /" micro-cluster
O  C: number of micro-clusters O  r;: standard deviation of the /" micro-cluster
O  delta : fading parameter
P(X) ===+ Parzen window density estimation P(X) ............ S

o L. Micro Cluster
Contribution of each training example

@ Training examples I—l Varjance of training examples
i location of the center and value of weight

@ Training examples

EGC 2013 tutorial —

Supervised Applications — Change detection - p 19
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Change
detection

Diagnostic

EGC 2013 tutorial — Supervised Applications — Change detection - p 20

Kullback-Leibler divergence

Pres(z) .

KL < Pres(z)||P*(z) >= — / Pres(x)log ————= @)

P

The Kullback-Leibler divergence is evaluated within a sub-
space (excluding the ith variable) KL ;...

KL?’TE‘H’L‘ILS) KL'E’H’Z’RTLS

Zz’ 1 KL:nznus

Contrib(l) = ( =

& TeDF



An alternative Approach

Many parameters

. Denstream algorithm [Feng Cao 2006]
On-line * fading parameter

summary * minimum weight micro-clusters

* maximum variance in micro-clusters

/ Modified version of Parzen windows
Densuty * smoothing parameter (gaussian kernel)

estimate

# The tuning of these parameters is challenging in the case
of data-streams
EGC 2013 tutorial — Supervised Applications — Change detection - p 21
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Curse of dimensionality

On-line
summary

Change
detection

Diagnostic

Denstream algorithm [Feng Cao 2006]
* micro-clusters are almost empty in case of high
dimensionality

The exploited criteria is based on Kullback-Leibler

divergence

KL < Prop(x)|| P*(z) >= — f Pres(z)log Pres(2) g,
RK P*(x)

* The integral is estimated by the Monte-Carlo algorithm

# time complexity and accuracy problems in case of high dimensionality

EGC 2013 tutorial — Supervised Applications — Change detection - p 22
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Artificial data-steams

Distribution of the data stream

i
Modified distribution -1=

Initial distribution —

-----------

Reference set up o

initial distribution | modified distribution
Data stream 1 : change in mean N(n 0, é g N( 4 8, é 'i')
Data stream 2 : change in standard deviation | A ( 0o 0, é g N ( 0 0, 3 g )

EGC 2013 tutorial — Supervised Applications — Change detection - p 23
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Comparative experiments

Change in mean

alternative method supervised method

. : L . :QEDF
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Comparative experiments

Change in standard deviation

alternative method

supervised method

M contribution var 2
contribution var 1

i
L
Ladihat U.fk'mﬂth, i _M!W

EGC 2013 tutorial — Supervised Applications — Change detection - p 25
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O The supervised method provides the best results and is
easier to implement :

O No user parameters to be tuned

O Only the choice of temporal windows

. . N . :QEDF
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Conclusion @

O The supervised method gives promising results on real

data streams:

1400
1200
1000+
and 7
6

400 7

200

EGC 2013 tutorial — Supervised Applications — Conclusion - p 27
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EGC 2013 tutorial: Data Grid Models
From data grid models

to Classification Rules & decision Trees
Alexis Bondu, Marc Boullé, Dominique Gay
EDF R&D, Orange Labs

January 29, 2013
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From data grid models. ..

6
5 |
4 +
L) *® o ©
*
5 | . weo 3000 o classl
] * = class2
- .. (22 .
) - *"' _ > 4 class3
2 A e —
Il‘. b A
[ "*‘ Aw A
1 - ] A
P WL
LY N WY &AA
0 T +— T |
11 12 13 14 15

UCI-Wine data set: 3-class problem. 2-d data grid, 6 cells

nar

[} (w1 =
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.to Classification Rules & Decision Trees

Tree
Rules If y < 0.95 Then (0, 1, 38)
Rule: x <128 Ay > 0.95 — (0,60, 1) Else If x < 12.8 Then (0, 60, 1)
Else If y < 2.1 Then (59, 4, 0)
6 Else (0, 6, 8)
5 n
6
4 - Q M
5 we S0y :’; o classl > -
e B 4 :
, B LL Y | E - . .:‘: .: .
an iy " n a" s . ?o.‘x». S o class1
§ "an h Am A :' >y b¥ed ‘. . = class2
amt it PO A RUILTY T 7 WA  class3
0 . I:'F a0 "
1 12 13 14 15 ol - -
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Context
Rule-based classification

8. 8-

Data set

Pattern set

Supervised
classification
model

survey [Bringmann et al. LeGo@ECML/PKDD’09]

Good predictive performance and interpretability

[m]

=)
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Issues

XOR example
m
State of the art
= Mostly dedicated to binary data T
= Univariate preprocessing of
non-binary attributes — Missing .
multivariate associations * b
m Many parameters to tune .
= Non-robust pattern extraction Parameter tuning
... without post-processing with = Frequency threshold
parameters .
. = Interestingness measure threshold
= Number of rules (post-selection)
m Parameter for robust post-selection
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Contributions

» |dentify interesting and robust rules

» Handle binary/categorical/numeric attributes
m Find multivariate associations

m Parameter-free mining algorithm

= Anytime mining/classification process

EGC 2013 tutorial: Classification rules & Decision Trees(A. Bondu, M. Boullé, D. Gay) —6/35



Contents

Towards MODL classification rules

MODL rule mining & classification

Experimental validation

About MODL decision tree

Conclusion & Perspectives

orange'|
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Contents

Towards MODL classification rules
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Data mining task ~ Model selection problem (Bayesian MAP approach) J

Principle: Model selection betting on a trade-off between

accuracy of the predictive information provided by the model
robustness for a good generalization of the model

model = discretization, value grouping, decision tree, data grid, . .., rule
The best model M* (among the possible models M) maximizes the a posteriori
probability of a model M given data D :

M* = argmax p(M | D)
Mem

MoDL: Discrete model space

MoDL: Data-dependent hierarchical prior (uniform at each stage)

The best model is the most probable arising from the data

EGC 2013 tutorial: Classification rules & Decision Trees(A. Bondu, M. Boullé, D. Gay) —9/35



The MODL approach

Bayes theorem
p(M) x p(D | M)
p(D)

p(M| D) =

MODL evaluation criterion based on the cost of a model
¢(M) = —log(p(M | D)) = —log(p(M) x p(D | M))
N’ N N — e’

posterior prior likelihood

The best model is the model with least cost (shortest code length)

y

= Define the model and the model space
m Establish the hierarchical prior on the model space
= Optimization algorithm to reach M*
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Maximizing p(w | D) = p(7) x p(D | )
Minimizing  ¢(xw) = —log(p(w) x p(D | x))

Standard Classification Rule Model (SCRM)

MODL rule (SCRM) is uniquely defined by :
the constituent attributes of the rule body
the group involved in the rule body for each categorical body attribute
the interval involved in the rule body for each numerical attribute
the distribution of classes inside and outside of the body

Model space M = { SCRM }

Example

(e {3, v DA (1.2< xp <3.1) A (xq > 100) — (pe; = 0.9, pc, = 0.1)
group and interval items
class distribution as consequent
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Notations

Data set D with N objects, m attributes and J classes.
SCRM 7 : X — (Pcy, Pcy, - - - » Pey) such that | X| = k < m

X = {xy,...,Xk}: the set of k constituent attributes of the rule body (k < m)
Xcat U Xnum = X: the sets of categorical and numerical attributes of the rule body
Vx = |dom(x)|: the number of values of a categorical attribute x

Ix: the number of intervals (resp. groups) of a numerical (resp. categorical)
attribute x

{i(vx) } vy cdom(x)* the indexes of groups to which vy are affected (one index per
value)

{Nix). 1<i<i,* the number of objects in interval i of numerical attribute x

ix; - -, Ix: the indexes of groups of categorical attributes (or intervals of
numerical attributes) involved in the rule body

Contingency table

s Cq oco Cy Z
X [ N, [ ... | Nx, | Nx
"X [ Nox, |- | Nox, | Nox
ST N . N [ N
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MODL rules: prior distribution of the model space

Hierarchical prior (data-dependent and uniform at each stage)

(i) the number of attributes in the rule body is uniformly distributed between 0
and m

(i) for a given number k of attributes, every set of k constituent attributes of the
rule body is equiprobable

(iii) for a given categorical attribute in the body, the number of groups is
necessarily 2

(iv) for a given categorical attribute, for a value group of this attribute, belonging
to the body or not are equiprobable

(v) for a given numerical attribute in the body, the number of intervals is either 2
or 3 (with equiprobability)

(vi) for a given numerical attribute with 2 intervals, for an interval of this attribute,
belonging to the body or not are equiprobable. When there are 3 intervals, the
body interval is necessarily the middle one

(vii) for a given categorical (or numerical) attribute, for a given number of groups
(or intervals), every partition of the attribute into groups (or intervals) is
equiprobable

(viii) every distribution of the class values is equiprobable, in and outside of the
body

(ix) the distributions of class values in and outside of the body are independent

EGC 2013 tutorial: Classification rules & Decision Trees(A. Bondu, M. Boullé, D. Gay) —13/35
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MODL rules: probabilities

p(r | D) = p(m) x p(D | =)

Prior: p(r)

p(m) = p(X) /I constituent attributes
X Hp(lx) x p({i(vx)} ) x p(ix]{i(vx)}, Ix) /I categorical attributes
Xeat
X H P(Ix) x p({Ni(x). }x) x plix[{Ni(xy. }» Ix) // numerical attributes
Xnum
X H P({Nj} | Nx, N-x) // class distribution in/out body
ie{X,~X}
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MODL rules: probabilities

o 1 « 1
=

; 1 +]].{2}(IX)

1
2

1 1
1 1 X i
N +J 1 N X+J 1 Nyt ,NIX'
X - —
( ( ) H NX/ Hj:1 N-xj
«0O)» «F» « =)
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MODL rules: interestingness measure
Cost of a rule: ¢(m) = —log(p(7) x p(D | 7))

m+:—1)

+ logS(Vx,2) +log2+ > log2 + log (;V
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level: normalized evaluation criterion

c(m)
c(mp)

level(m) =1 —

o(mg) = log(m + 1) + log (N;77) +log Nt - 5=/={ log N!
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Interpretation: level(r) =1 — c(7)/c(m)
level(m) < 0: less probable than the default rule
level(m) > 0: probable rule bringing predictive information

c(mp) = N x H(y)

Interpretation
level: class entropy ratio

level(m) < 0: not significant patterns (arising from
~ randomness)




MODL rules : problem formulation

Size of the model space
O((2")™(N?)™)

= m: number of categorical attributes with V, values
= m, the number of numerical attributes

No exhaustive mining |

Simpler formulation
Efficiently mining with diversity a set of SCRM with /evel > 0 J

EGC 2013 tutorial: Classification rules & Decision Trees(A. Bondu, M. Boullé, D. Gay) —18/35



Contents

MODL rule mining & classification
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Principle J

Randomized strategy for sampling the posterior distribution of SCRM rules

Main algorithm: MACATIA

1: repeat )
2:  t+« chooseRandomObject(T) randomized
3: |« chooseRandomAttributes(Z) .
4: X < chooseRandomCoveringltemSet(t, I) instance-based
5 m < optimizeRule(t, | .
{Moving intervals b(ourzds} anytime
{Changing value groups} parameter-free

6: until timeStoppingCondition

Complexity : Mining one rule in O(kN log N) IocaIIy Optlmal
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Classification system

Predlctlve

Pattern mining

model construction

i

Supervised
Data set Pattern set classification
model

KRSNB: principle

Simple feature construction process (ended with Selective
Naive Bayes SNB (Boullé JMLR'07))

New feature space

For each mined rule 7, a new Boolean feature f is built,
m t(f) = 1if t supports = body
m t(f) = 0 otherwise
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Experimental validation
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ucl benchmark data
from 150 to 20000 instances
from 4 to 60 attributes (various types)
from 2 to 26 classes (some imbalanced)
10-folds cross validation

Real-world challenge data set

Orange KDD 2009
50000 instances, 230 (190 numerical, 40 categorical)
variables
2 classes (highly imbalanced, 98/02 or 92/08 depending on
task)

Neurotech PAKDD 2009 & 2010
50000 instances, 31-53 variables
2 classes (imbalanced, 2009: 80/20 ; 2010: 76/24)

70% train 30% test experiments
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Experimental Validation (efficiency)

Performance evolution

1 4
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0.8 -
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Adding a few rules as new features increases predictive
performance

Y Wl orange |
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Experimental Validation (time efficiency)

Time efficiency (for mining 1024 rules)
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Reaching top performance with few rules in reasonable time

'
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Predictive performance (competitivity)

KRSNB versus state-of-the-art
Algorithms | avg.acc  avg.rank  KR-WTL

KRSNB 84.80 217 -

HARMONY 83.31 3.53 19/1/9
KRIMP 83.31 3.64 23/1/5
RIPPER 84.38 2.83 19/1/9
PART 84.19 2.83 18/1/10

Critical difference diagram

CD

A

5 4 3 2 1
L I I ! |
T T T ] T 1

L KR
KRIMP RIPPER
HARMONY PART

KRSNB > KRIMP,HARMONY ; KRIMP,HARMONY = RIPPER,PART
KRSNB highly competitive
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Pre-processing by discretization/binarization makes the task
unfeasible unless pruning numerous attributes

AUC results
NEUROTECH-PAKDD \ ORANGE-KDD’09
2009 2010 APPET. CHURN UPSELL.

KRSNB | 66.31 62.27 82.02 70.59 86.46
RIPPER | 51.90 50.70 50.00 50.00 71.80
PART 59.40 59.20 76.40 64.70 83.50

KRSNB is highly competitive on real large-scale data set

EGC 2013 tutorial: Classification rules & Decision Trees(A. Bondu, M. Boullé, D. Gay) —27/35



Contents

About MODL decision tree
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Decision tree example

6
5 n
4 . -
&
0: : *
. we S, :‘., # class1 Root
3 " C +* " mdlass? (59,71,48)
- .‘ f .’.‘o ., class: V2
g we > 4 class3
5 L] *- y<0.95 y>0.95
LY}
[}
‘l.‘.- "u.i lA A \M‘ Node 1

1 A (59,70,10)
x?
x<12.8 x>12.8
0 "

11 12 13 14 15 (0,60,1) Node 2

(59,10,9)
y?

Tree: y<2.1 y>2.1

(0,6,9) (59,4,0)

If y < 0.95 Then (0, 1,38)
Else If x < 12.8 Then (0, 60, 1)
Else If y < 2.1 Then (59, 4,0)
Else (0,6, 8)

[} (w1 =
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Maximizing p(7 | D) = p(7) x p(D | 7)
Minimizing c¢(7) = —log(p(7) x p(D | 7))

MODL tree
MODL tree is uniquely defined by :

its structure
the constituent attributes of the tree
the nature of nodes (internal or leaves)
the repartition of the objects in this structure
the groups/intervals of attributes in internal nodes
the repartition of objects in internal nodes
the class distribution in the leaves
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MODL tree criterion

Cost of atree: ¢(r) = —log(p(7) x p(D | 7))

m+k—1
c(r):log(m+1)+log( +k )
Is — 1
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SESTn
+ > logk+ Cris(ls)log2 + log B(Vx,, Is)
SESTD
N.+J—-1
+ Z CR,-S(1)I092+Iog( IIJ_1 )
lecr
+ log ————————
,; gNH'N/z N

®)
(6)

™)

®)

©)

EGC 2013 tutorial: Classification rules & Decision Trees(A. Bondu, M. Boullé, D. Gay) -31/35




Principle
Classical Top-down construction of the tree
Two strategies:
pre-pruning (MT)
growing tree while improving global criterion
choosing the best attribute and MmobDL 1-D on nodes
post-pruning (MTp)
growing tree while there MODL informative variables
post-pruning nodes if improving global criterion

binary (2) vs n-ary trees

Complexity : O(mJN? log N)
deterministic
parameter-free
locally optimal
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Experiments

Experiments on UCI data and WCCI challenge data

The better the criterion, the more predictive the tree
Binary trees are better
Predictive performance: KT ~ C4.5, CART

|
|
|
m Complexity/Size of tree : KT produces simpler trees

Train data set Test data set
Method Acc. AUC Ace. AUC Size Time Copt(T)
MT(2) 0.845 0.914 0.819 0.889 17.5 0.5 524
MT 0.841 0915 0.813 0.884 19.4 0.5 565
MTp(2) 0.840 0.910 0.822 0.891 17.4 0.6 508
MTp 0.834 0.905 0.817 0.890 19.5 0.6 547
NMT 0.879 0.959 0.762 0.844 142.3 0.8 1095
sCART 0.854 0.921 0.822 0.876 30.7 1.0 X
J48 0.929 0.962 0.834 0.881 77.1 0.1 X
Accuracy AUC Tree Size
Data Set [MTp(2) MTp sCart J48 MTp(2) MTpsCart J48 MTp(2) MTpsCart J48
ada 0.847 0.847 0.842 0.846| 0.887 0.890 0.8600.860| 22.0 23.6 28.1 224.0
gina 0.881 0.863 0.894 0.867| 0.923 0.9130.918 0.862| 47.8 49.1 64.4 247.7
hiva 0966 0966 - 0.955 0.622 0.622 - 0.659 6.0 6.0 - 644
nova 0.866 0.866 - - | 0.817 0817 - - | 176 176 - -
sylva 0.989 0.989 0.991 0.990] 0.991 0.9910.9810.954| 26.2 414 41.0 1052

Relevance of the criterion and Good predictive performance with simple trees
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Conclusion & Perspectives
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Summary
Mining classification rules
in quantitative large-scale data sets
identify interesting and robust rules
parameter-free,competitive mining/classification process
Building decision trees
parameter-free
simple trees
competitive predictive performance

Perspectives
extension for regression rules, descriptive association rules
extension to regression trees and forest
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Schedule

m 14h15: Data grid models
» Principles, evaluation, optimisation

m 15h15: Data Grid Models for Coclustering
= Focus on model selection

m 16h15 : Pause (30 min)

m 16h45 : Coclustering applications using data grid models
» Clustering of text, graph, text, curves, web logs...

m 17h15: Data grid models for supervised learning
= Application to data preparation and to change detection in stream mining

m 17h45 : Extension of data grid models
s Classification rules and decision trees

m 18h30: Conclusion
s Summary, future work, discussion

EGC 2013 tutorial - data grid models — schedule - p 2 Orange Labs
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MODL approach

Summary

m Data grid models for non parametric density estimation

Discretization of numerical variables
Value grouping of categorical variables

Data grid based on the cross-product of the univariate partitions, with a
piecewise constant density estimation in each cell of the grid

Bayesian approach for model selection
Efficient optimization algorithms

m Model selection approach
= Similar to Bayesian or MDL model selection
= Model of the finite data sample

= Asymptotical convergence to the true distribution when it exist
* Proof in the case of coclustering of two categorical variables
* Open question in the other cases
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MODL approach

Extension and future work

m  Generalization of the MODL approach
» Partition the input representation
= Partition the output representation
= In each input part, describe the distribution of the output parts

m  Application to alternative modeling techniques
= K-nearest neighbours
= Decision trees
= Decision rules

m  Application to alternative representations (other than data table)
= Distance matrix

Graph

Time series

Relational database

Feature construction

m Theoretical foundations
» Data dependent model space and prior
= Proof of asymptotic consistency in the categorical case
= Open questions
« Asymptotic consistency in the general case
« Convergence rate
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MODL approach
New in EGC 2013

m Feature construction January, 30, 2013, session 1.2, 11h00
. Vetr]% lkj)ne Automatisation de la Construction de Variables pour la Classification Supervisée, M. Boullé, D.
Lahbi
m  Multi-table relational data mining January, 30, 2013, session 1.2, 11h00

+ Un Critére d’Evaluation pour la Construction de Variables & base d’ltemsets pour I'Apprentissage
Supervisé Multi-Tables, D. Lahbib, M. Boullé, D. Laurent

m Segmentation of call detail records February, 1, 2013, session 6.1, 10h30
- Etude des corrélations spatio-temporelles des appels mobiles en France, R. Guigourés, M. Boullé, F.
Rossi

m Change detection in supervised stream mining February, 1, 2013, session 6.2, 10h30

« Grille bivariée pour la détection de changement dans un flux étiqueté, C. Salperwyck, M. Boullé, V.
Lemaire

m Supervised classification of time series February, 1, 2013, session 6.2, 10h30

« Construction de descripteurs a partir du coclustering pour la classification supervisée de séries
temporelles , D. Gay, M. Boullé

m Clustering of paths in a network February, 1, 2013, session 6.2, 10h30

+ Classifications croisées de données de trajectoires contraintes par un réseau routier, M. K. El Mahrsi, R.
Guigoureés, F. Rossi, M. Boullé
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MODL approach

Contact

m Tool available as a shareware
http://www.khiops.com

m Contact

= Alexis Bondu
- EDF R&D
 alexis.bondu@edf.fr
* http://alexisbondu.free.fr/

= Marc Boullé
* Orange labs
* marc.boulle@orange.com
* http://perso.rd.francetelecom.fr/boulle/

= Dominique Gay

» Orange labs

« dominique.gay@orange.com
* https://sites.google.com/site/dominiquehomepage/home
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Thank you for your attention!
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