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Introduction

e Data Mining (DM) consists of applying analysis algorithms that
produce models to predict or describe the data [1].
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Introduction

@ Distributed Data Mining (DDM) concerns the application of DM
procedures trying to optimize the available resources in distributed
environments [2].
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This work studies three points necessary to adopt Windowing as a
subsampling technique in distributed environments:

@ Method generalization.
@ Sub-sampling characterization.
© Model description.
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Windowing

@ Technique proposed by John Quinlan that induces models from large
datasets selecting a small sample from the training instances [3].
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Related Work |

1980 1990 2000 2010 2020
1979 -—l |—- 1983 I—- 1993
J. Quinlan J. Quinlan J. Quinlan
Proposal Case Study Book Chapter

@ J. Quinlan based his research in the hypothesis that it is possible to
generate an accurate decision tree to explain a large dataset, even
when a small part of the examples is selected for induction [3].
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Related Work I

1980 1990 2000 2010 2020
1988 -—| |— 1991
J. Wirth J. Catlett
Bad critic Case Study

e J. Wirth and J. Catlett publish an early critic [4] about the costs of
Windowing where they suggest avoiding its use in noisy domains
because it considerably increases the CPU requirements.
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Related Work |1

1980 1990 2000 2010 2020

1997 - 1998 J—I

J. Furnkranz
Windowing enhancements

@ J. Fiirnkranz focused his research in new mechanisms to optimize
the time convergence, the levels of accuracy and the performance

in noisy domains [5].
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Related Work IV

1980 1990 2000 2010 2020
2017 - 2019 4|—I
X. Limén

Windowing-based learning strategies

@ X. Limén et al. introduce a new framework for DDM, where they
propose different \WWindows-based strategies that are capable to
perform aggressive samplings [6].
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Hypothesis

@ Windowing exhibits consistent behavior through the use of different
Machine Learning models in DDM scenarios, i.e., models with high
levels of accuracy are induced from small samples.

@ In these scenarios, it is possible to obtain gains in terms of
performance, model complexity and data compression, against
traditional sub-sampling methods.
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General objective: Studying the behavior of Windowing through the use of
different Machine Learning models.

Specific objectives:
@ Measuring the correlation between the model accuracy and the percentage
of instances.

@ Suggesting metrics that measure informational features to compare the
samples and the induced models.

© Comparing Windowing with other sub-sampling techniques to observe the
advantages of its use.

© Characterizing the operation of this technique on different types of datasets.

o

Providing a wide description about Windowing behavior and the best
conditions to make use of it.
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Justification |

Johannes Fiirnkranz [7] has argued that this method offers three
advantages:

@ It copes well with memory limitations, reducing considerably the
number of examples to induce a model of acceptable accuracy.

@ It offers an efficiency gain by reducing the time of convergence,
especially when using a rule learning algorithm, as Foil.

© It offers an accuracy gain, particularly in noiseless datasets, possibly
because learning from a sample may result in a less over-fitting theory.
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Justification |l

Articles related to JaCa-DDM [8, 6] have shown:

@ A strong correlation between the accuracy of the learned Decision
Trees and the percentage of examples used to induce them.

@ The performed reductions are as big as the 90% of the available
training examples.
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Contributions

© The empirical evidence that the use of Windowing can be generalized
to other Machine Learning algorithms.

@ A methodology that involves different Theory Information metrics to
characterize the data transformation performed by a sampling.

© The implementation of the proposed metrics available in a digital
repository. !

@ Two papers as result of our participation in MICALI.

e Windowing as a Sub-Sampling Method for Distributed Data Mining.
Mathematical and Computational Applications, 25(3), 39. MDPI AG.
e Towards Windowing as a Sub-Sampling Method for Distributed Data
Mining. Research in Computing Science Journal. In press.
\/
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Methodology

The methodological design of this work includes 3 experiments to study:

© The Windowing generalization.
@ The sample characterization (comparison with traditional samplings).

© The study of the evolution of the windows.

JaCa-DDM ? is adopted to run the experiments.
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Counter Strategy

JaCa-DDM defines a set of Windowing-based strategies using J48, the
Weka implementation [9] of C4.5. Due to the great similarity with the
Windowing's original formulation, the Counter strategy is selected.
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Datasets

Experiments are tested on 15 datasets selected from the UCI [10] and
MOA [11] repositories.

Dataset #lInstances F#Attributes Attrib. Type Missing Val. #Classes
Adult 48842 15 Mixed Yes 2
Australian 690 15 Mixed No 2
Breast 683 10 Numeric No 2
Diabetes 768 9 Mixed No 2
Ecoli 336 8 Numeric No 8
German 1000 21 Mixed No 2
Hypothyroid 3772 30 Mixed Yes 4
Kr-vs-kp 3196 37 Numeric No 2
Letter 20000 17 Mixed No 26
Mushroom 8124 23 Nominal Yes 2
Poker-Isn 829201 11 Mixed No 10
Segment 2310 20 Numeric No 7
Sick 3772 30 Mixed Yes 2
Splice 3190 61 Nominal No 3
Waveform5000 5000 41 Numeric No 3
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On Windowing generalization |

This experiment seeks to:
@ Corroborate the correlation reported in literature.
@ Provide evidence about the generalization of Windowing.

@ Characterize the sampling with informational properties.

Decision trees (j48) and other 4 Weka models are induced by running a
10-fold stratified cross-validation on each dataset.
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On Windowing generalization I

Weka algorithms:

@ Naive Bayes: A probabilistic classifier based on Bayes' theorem [12].
@ jRip: An inductive rule learner based on RIPPER [13].
@ Multilayer-Perceptron: A perceptron trained by backpropagation [14].

@ SMO: An implementation for training a support vector classifier [15].

In order to measure the performance of models, their accuracy is defined
as the percentage of correctly classified instances:

TP + TN Q)
TP+ FP+ TN + FN
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On Windowing generalization Il

@ Kullback-Leibler divergence (Dk) [16] is defined as:

Pps(c
Dkt (Pos || Pwindow) = ) Pos(c) log (L()) .
s P Window(c)

@ Simy [17] is a similarity measure between datasets defined as:

__ |ltem(Window) N Item(DS)|

sim (Window, DS) = |ltem(Window) U ltem(DS)| (3)

® Red [18] measures redundancy in a dataset in terms of conditional
population entropy (CPE):

Red =1— CPE (4)

> logy |dom(a)]
acAttrs *
/]
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Generalization |

Accuracy
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Results: Generalization |l

KL divergence
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Results: Generalization [l

Sim1
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Results: Generalization IV

Percentage of training instances
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Comparing Windowing with subsampling techniques |

This experiment seeks to:
@ Obtain a deeper understanding of the informational properties of the

computed models, as well as those of the samples.
@ Compare Windowing with traditional sampling techniques.

For this, decision trees (j48) are adopted as classifiers.

b

Universi idad Veracruzana

August 21, 2020 25 /52

Thesis presentation

David Martinez-Galicia (UV)



Comparing Windowing with subsampling techniques Il

@ The Area Under the ROC Curve (AUC) defined as the probability of a
random instance to be correctly classified:

1
AUC—E(

TP N )

TP+ EN '~ TN 1 FP )

@ The Minimum Description Length (MDL) defined the sum of the length of

the model L(H), and the length of the data when encoded using the theory
as a predictor for the data L(D|H) [19]:

MDL = L(H) + L(D|H) (6)
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Comparing Windowing with subsampling techniques Il

The metrics are used to compare the window and the model computed by
Windowing, against those obtained as follows:

@ Without sampling, using all the available data to induce the model.
@ By Random sampling, using samples of the size of the windows.

@ By Stratified random sampling, using samples of the size of the windows.

@ By Balanced random sampling, using samples of the size of the windows.

10 repetitions of 10-fold stratified cross-validation are run on each dataset.

b

Universi idad Veracruzana

David Martinez-Galicia (UV) Thesis presentation August 21, 2020 27 /52



Statistical Test

@ The comparison of A algorithms on D datasets is realized following
the method proposed by Dem3ar[20].

e It is based on the use of the Friedman[21, 22] test with a
corresponding post-hoc test (Nemenyi test).

@ The null-hypothesis states that if the performance of the algorithms is
similar, their ranks should be equal.

1
RaZEZRg (7)

deD
b
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Statistics

Friedman Iman and Davenport
2 _ _12D 2 _ A(A+1)? _ _(D-1)xx}
Xb = i [ R A Fr = oxan-
Distributed according to X%: with Distributed according to the
A — 1 degrees of freedom. F-distribution with A —1 and
(A—1)(D — 1) degrees of
freedom.

o If the null hypothesis of similar performances is rejected, then the
Nemenyi post-hoc test is realized for pairwise comparisons.
Vll
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@ The performance of two classifiers is significantly different if their
corresponding average ranks differ by at least the critical difference:

D = g/ 2221 Q

Critical values g, are based on the studentized range divided by v/2.

@ Results can be visually represented with a Critical Difference diagram.

CD
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Accuracy
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Results: Area Under the ROC curve
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Results: Model complexity
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Results: Data compression

Data Compression
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Results: Minimum Description Length

° Diabetes German
F o
34
N <
o o |
S|
c ° s
D g =
c 9“ B
O
= & . g
cC - >
o ’
= o o
9' o(’_I T T T T £_| T I I T
o W FED RS SS BS W FED RS SS BS
%)
o) Mushroom o Waveform-5000
a 24 24
> n
E ™
S o
E X 1t
c o 2 |
= %— ”,\7—’
> o~
8_ ) + + +
(32}
o ! + 8
= _
Ol T T T TR T T T T
W FD RS SS BS W FD RS SS BS

David Martinez-Galicia (UV)

Thesis presentation

CD

Critical Difference Diagram

2

Stratified_Sampling

Random_Sampling

Balanced_Sampling

Windowing

Full_Dataset

b

Universidad Veracruzana

August 21, 202



Results: KL Divergence
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Results: Sim1
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Window evolution over time

This experiment aims to yield a full description about the evolution of the
windows and their effects on the model.

For this:
@ Counter was modify in order to save the window evolution.
@ A 10-fold stratified cross-validation is run by every dataset.
@ Metrics in experiments A and B were calculated every iteration.

@ Decision trees (j48) are adopted as classifiers.
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Results: Evolution of performance
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Results: Evolution of MDL
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Results: Evolution of the class distribution
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Results: Iterations vs.

Accuracy
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Conclusions

Counter, the Windowing-based learning strategy, not only supplies a
natural workflow for distributed scenarios, but it also offers some benefits:

@ A homogeneous behavior beyond decision trees. It allows the
induction of accurate models while performing an aggressive sampling.

@ The determination of an appropriate sample size. This problem
is often tackled most of the time by trial and error.

o Decision trees with better data compression. Models tend to be
larger but more accurate than traditional samplings.

o Samples with more balanced class distributions. This behavior is
restricted by the number of instances and their relevance.
VII
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This work suggests future lines of research on Windowing, including:

© Optimizing the search model process.
@ Adopting metrics for detecting relevant data.

e PhD proposal: Detection of noisy, redundant, and relevant data to
improve the Windowing performance.

o Maillo et al. [23] review multiple metrics to describe redundancy,
complexity, and density of a problem and also propose two data big
metrics.

© Dealing with datasets of higher number of dimensions.
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Conditional Population Entropy

nNc ny, Ny,
CPE == p(ci) D> p(xavlci) - logap(xay|ci)
i=1 a=1lv=1

Where:

ne is the number of classes, n, is the number of attributes.
ny. is the number of values for the attribute a.

a

¢; stands for the i — th class.

Xa,v represents the v — th value of attribute a.
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Counter configuration

Parameter Value
Maximum number of rounds 10 - 15
Initial percentage for the window 0.20
Validation percentage for the test 0.25
Change step of accuracy every round 0.35
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Auto-adjust stop procedure

The changeStep parameter defines a threshold. If the accuracy of the
current model compared with the accuracy of the previous model surpasses
this parameter, then other round is computed, otherwise, the process stops.
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