Tutorial
Discretization for supervised learning R.R.

Subject

Build a naive bayes classifier on continuous descriptors.

Naive bayes classifier implemented intfo TANAGRA handles only discrete attributes, we need
to discretize continuous descriptors before use them.

Because we are studying a supervised learmning method, we must use a supervised
discretization algorithm such as Fayyad and Irani’s state-of-the-art MDLPC algorithm.

Dataset

BREAST Cancer dataset. Class attribute is CLASS (malignant or benign tumor), descriptors are
cells characteristics.

Discretization for supervised learning

1. Load BREAST.BDM

2. You must select contextual attribute (class aftribute) and continuous attributes to
discretize.
e Set confinuous attributes as INPUT

Define attributes status

Farameters |

Attributes

Target Input |I|Iustrative I

clump
ucellzize
ucellzhape
rmaadhesion
FEpICE
briucle
bchrarmatin
narmnuc
mitozes

ilil Clear selection |

(0], Cancel | Help |

e Set CLASS as TARGET
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Define attributes status

Farameters |

Attributes

Target | lnput | Mlustrative

clump

ucellzize

ucellzhape

rmgadhegion

TEpicE

briucle o |
bchromatin =
norrmnuc

mitozes

nonoonnonnonn

clazs

Clear selection |

ik Cancel | Help

3. Insert MDLPC component into the diagram. Be careful, this component works only if all

inputs are contfinuous, and there is only one target discrete attribute.

Crefault title

=-EHF Dataset (breast.txt)
= 4% Define status 1

- =3, MDLPC 1

4. You must execute the component to obtain

discrefized attributes. (Click on the VIEW

menu, the cut points are displayed on the results frame).
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Data description

Attributes to discretize 9

Examples

Generated attributes

Source
clump
ucellzize

ucellshape

G99

Hew att
d_mdlpc_clump_1
d_mdipc_ucellsize_1

d_mdlpc_ucellzshape_1

mgadhesion d_mdlpc_mgzadhesion_1

Tepics

bnuclei

d_mdlpc_sepicsz_1

d_mdipc_bruclei_1

bchromatin d_mdlpc_bchromatin_1

normnucl

mitozes

d_mdlpc_normnuc]_1

d_mdlpc_mitozes_1

Intervals

3
4
4
3
3
4
3
3
Z

Cut points
{ 4.5000 ; 6.5000 )
[ 1,5000 ; 2,5000 ; 4, 5000 )
( 1.5000 ; 2.5000 ; 4,5000 )
{ 1.5000 ; 3.5000 )
[ 2.5000 ; 3.5000 )
{ 1.6000 ; 2,5000 ; §,5000 )
[ 2,5000 ; 3.5000 )
{ 2.5000 ; 9.5000 )
[ 1,5000 )

Execution time : 0 ms.
Created at 21,504,200 15:43: k0

5. To run NAIVE BAYES, insert a new “Define status” component. Set CLASS as TARGET, but
the new INPUT attributes are the discretized one.
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Define attributes status

Farameters |
Attributes i
Target Input |I|Iustratwe
C normauc ;I d_rndlpe_clump_1
C mitozes d_mdlpc_ucellsize_1
D class d_mdlpc_ucellzhape_1

D |:|_r'r'||:|||:| |::_|::|I_Jr u] d_mdlpc_mgadhesinn_'l
I |:|_r'r'||:|||:| (| 2 |Z2E d_mdlDD_SEDiDS_1

D |:| r'r'||:|||:||:: = hy d_mdll:lﬂ_bﬂuc|ei_1

D I:I_r'r'u:”lj C AR ll d_mdll:lC_I:l l:hrI:lmatin_'I
D lj_rr'll:”p C d_mdlpc_normnucl_1

n] ) d_mdlpc_mmitozes_1

D

D P ——

n

Clear selection

0] Cancel |

6. You can now define the learning procedure with naive bayes classifier. Insert the
« Supervised Learning » component (from Mefa-spv Learning) in which you incorporate

the « Naive Bayes » component (from Spv Learning). The data mining diagram is the

following:

Drefault bitle

=-EF Dataset (breast.txt)
E|+':i Define status 1

=il MDLPC 1
E|+:i Define status 2

------ [»] Supervised Learning 1 (Maive bayes)

7. Resubstitution error rate is 0.0272. To obtain a less biased error rate evaluation, we add a
« Cross Validation » component (from Spv Learning assessment) with default parameters,

Drefault bitle

=& Dataset (breast.txt)
EI+++i Define status 1
-k MDLPC 1
E|+:i Define status 2
E||1| Supervised Learning 1 [Maive bayes)

------ EHE Crozs-validation 1
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8. The results are comparable with those obtained with other supervised learning algorithm!

Cross-validation parameters
Falds 2

Trialz b

CY error rate
Trial Err rate

1 0,0255
2 00272
& 0,0z257
4 00315
b 0,0350

Overral cross-validation error rate

o F
e S g

Values prediction ifusion matrix
S -
| Value  Sensibilty Pred. error Cbeg walip i sum
begnin 0.9646 0.0094 | begnin | i ” 366
malignant 09876 0. 0641 - 21 1183 1204

- 337 1264 3490

Execution time : 1152 ms.
Created at 241,/04,2004 16:05:04

NB: In the cross-validation, this is the path from the root of the diagram to the cross-
validation component which is running for each learning session, especially the
discretization. Then, the computed error rate corresponds to the performance of the
whole process: the discretization “and” the naive bayes learning.
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