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Data
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Specific need

Data Mining

[ Exploitation

User

Data analysis is a complex process.
The typical user needs assistance.
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Introduction

= many Intelligent Discovery Assistants (IDA)

» Expert systems
[Sleeman et al., 1995]

» Meta-learning methods
[Kalousis, 2002, Giraud-Carrier et al., 2004, Sun and Pfahringer, 2013]

» (Case bases
[Goble et al., 2010]

» Heuristic search methods
[Escalante et al., 2009, Sun, 2014|

» DM workflows planners
[Zakova et al., 2011, Serban, 2013, Nguyen et al., 2014]
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Introduction

» |IDAs help the user design processes or workflows that are
appropriate for his dataset and objectives.

» This implies a characterization of the user’s dataset that fits
the particular mechanics of the IDA.

— We investigate the possibility that limitations in the classical
characterization of datasets are among the main obstacles to well
performing IDAs
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Dataset characterization
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Dataset characterization

The usual solution is to average the measures along the features.
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Dataset characterization

We propose to compare the features by most similar pairs.
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Dissimilarity function

Dissimilarity function
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The proposed dissimilarity take into account :

» Global properties of the datasets such as the number of
instances and attributes, or the performance of landmarkers
(simple learners) on them...

» Properties of the individual features of the datasets, such as
entropy or kurtosis...

And compares the features of the datasets by most similar pairs.
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Theoretical validation

Validation Experimental validation

Theoretical validation

» We use the strong (€, y)-goodness from [Wang et al., 2009]

» Characterizes the usefulness of a dissimilarity function for
learning a concept from a dataset (here we try to learn the
appropriateness of classifiers to different datasets)

» Gives upper bound of error rate for a simple classifier using
the dissimilarity
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Theoretical validation

Experimental validation

200 examples

1000 examples

5000 examples

) error bound | 0 error bound | 0 error bound
dubr 0,973 1,023 0,871 0,921 0,501 0,551
Euclidean based 0,989 1,039 0,945 0,995 0,755 0,805
Manhattan based 0,990 1,040 0,952 1,002 0,783 0,833

10000 examples

20000 examples

50000 examples

0 error bound | 0 error bound | 0 error bound
dubr 0,251 0,301 0,063 0,113 0,001 0,051
Euclidean based 0,570 0,620 0,325 0,375 0,060 0,110
Manhattan based 0,613 0,663 0,375 0,425 0,086 0,136

Table: Error bound achievable with probability 1 — d by dissimilarity
based classifiers for different numbers of examples
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Theoretical validation

Validation Experimental validation

Experimental validation

Extracting data from OpenML

» Accuracy of a set of classifiers over a range of datasets

classifiery classifier, ... classifiergs
dataset;y 0.8 0.9
dataset, 0.9 0.7

datasetyza
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Theoretical validation

Validation Experimental validation

Experimental validation

Extracting data from OpenML

» Accuracy of a set of classifiers over a range of datasets

classifiery classifier, ... classifiergs
dataset;y 0.8 0.9
dataset, 0.9 0.7

datasetyza

» Characterization of the datasets

NumberOfinstances NumberOfFeatures ... MetaAttributeips
dataset 100 62
datasets 5000 13
datasets3a 360 20
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Theoretical validation

Validation Experimental validation

Building a Meta-dataset for a classification meta-problem

NumberOflnstances ... MetaAttributeips Class
dataset; 100 .. 4 classifier;g
dataset, 5000 .. 02 classifiers

datasetysa 360 .. 13 classifiergs
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Theoretical validation

Experimental validation

Validation

foreach Dataset instance dataset; do

best =

def =

Exclude dataset; from the metadataset

Apply an attribute selection algorithm on the metadataset

Learn a classification model from the reduced metadataset
using a classification algorithm

Use this model to predict a class label classifier; for dataset;

actual criterion value achieved on dataset; by classifier;

best criterion value achieved on dataset; among the classifiers
classifier;

actual criterion value achieved on dataset; by the default
classifier (majority class classifier)

 |best — x|
|best — def |

perf(run) =1
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Theoretical validation

Validation Experimental validation

» 434 datasets
» 11 evaluation criteria
» > 2600 (meta)-classifiers

» > 60 (meta)-feature selection methods

= over 200k experiments, 700M ML algorithms runs

How does the dissimilarity perform relatively to all other
approaches 7
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Theoretical validation

Experimental validation

Validation
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Theoretical validation problem definition
Use case IDA
References

Conclusion

Contribution

» A dissimilarity accounting for the inner topology of the
datasets attributes

» With theoritical guarantees when characterizing the
appropriateness of classifiers

» Able to perform well in a meta-learning framework
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Conclusion

Thank you for your attention
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Theoretical validation problem definition

Use case IDA
References
Conclusion

D = { classification datasets }, A = { classifiers }

» We execute every classifier of A on every dataset of D and
measure a performance criterion ¢ of the resulting model.

» For each dataset x, we define the set A, of the algorithms
that are appropriate on this dataset along our performance

criterion as those at most one standard deviation away from
the best :

Ax = {a € A such that | maz(c(a’,x)) — c(a,x)| < oy}
a'e
We can then consider, for each algorithm a € A, the binary

classification problem where instances are the datasets x € D, and
their class label stating whether a is appropriate on them.
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1 Experiment = 1 Meta-instance

Experiment

Data Mining @u lts

Properties of the data: Sequence of treatments : Model evaluation :
Mb of individuals, Mean/ar/stdev of Preprossessing, attribute selection, Achieved predictive accuracy,
the features, correlations between ML algorithm, ensemble methods... sensitivity and specificity, costs,
features, entropy, and many more... task specific criterion...

Meta-instance
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Utilisateur
)

=

i) Process

Probléme métier : Isoler
les biomarqueurs du
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Probléme Data Mining
construire un modéle du
feature Adladate T

Objectif Data Mining : pas
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