SIPINA R.R.

1 Subject

SIPINA proposes some descriptive statistics functionalities.

In itself, the information is not really exceptional; there is a large number of freeware which do that.
It becomes more interesting when we combine these tools with the decision tree. The exploratory
phase is improved. Indeed, every node of the tree corresponds to a subpopulation. The variables
which do not appear in the tree are not necessarily irrelevant. Perhaps, some of them were hided
during the tree learning which selects the “best” variables. By computing contextual descriptive
statistics, in connection with the each node, we better understand the prediction rules highlighted
during the induction process.

2 Dataset

We use the HEART DISEASE _MALE.XLS!' dataset. We want to predict the DISEASE from patient’s
characteristics (AGE, SUGAR in the blood, etc.). There are 209 examples.

3 Descriptive statistics

3.1 Data importation

The ea5|est way to |mport the dataset is to download the file into the EXCEL spreadsheet (see

E3 Microsoft Excel - heart_disease_male.xls
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1] age " chest_pain " rest_bpress " blood_sugar® rest_electro "max_heart 8t inercice _angin?  disease —_
L2 43 asympt 140 f normal 135 yes positive
3] 39 atyp_angina 120 f normal / 160 yes negative
EN 39 non_anginal 160 t normal 160 no negative i
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SIPINA R.R.

SIPINA is automatically started. The data were transferred through the clipboard. The data file
contains 209 individuals and 8 variables.

Note: We can save the dataset in the SIPINA binary file format (*.FDM) by clicking the FILE /SAVE
AS menu. The format is useful when we handle a large dataset. During the transfer, numeric
columns are encoded as continuous attributes, the other ones as discrete attributes. The first row
is always the variable names.

Sipina Research Version - [Learning set editor]
2% File Edit Data Statistics Induction method  Analysis  Wiew  Window Help - a x
O
A age |ches‘u:|ain |res1_bpress blood_sugar [rest_electro |max_heart_r:exercice_angdise:
il i seheehinr 1 43.00 asympt 14000 | normal 13500 |yes posit
2 F9.00 atvp_angina 12000 f normal 160,00 VES necs
3 39.00 non_snginal 160.00 1 normal 160.00 no necgs
4 42.00 non_snginal 160.00 f normal 14600 no necgs
5 49.00 asympt 14000 f narmal 13000 [yla] necs
5] S0.00 asympt 14000 f normal 135.00 [yla] neys
7 59.00 asympt 14000 t left_went_hyg119.00 Ves posit
=] 54.00 asympt 20000 f normal 14200 ves posit
] 29.00 asympt 13000 f normal 12500 no posit
10 5600 asympt f =t t wave 12200 YES posit
11 52.00 non_snginal 14000 f st t wave_s170.00 no necgs
12 E0.00 asympt 100.00 f narmal 12500 [yla] POt
Learning method 13 55.00 atyp_anging 160.00 t normal 143.00 Yes piosit
MethodN ame=Impraved ChalD [Tsca || |14 57.00 atyp_anging 140,00 t normal 140.00 no negs
ﬂjfjgduassrqame:m’b'e[’e°'3'°”' 15 38.00 agympt 11000 f normal 16600 no posit
terge=0.05 16 G0.00 non_anainal 12000 f lett_went_hyr133.00 no negs
Split=0.001 ) 17 55.00 atyp_angina 14000 f normal 150.00 o negs
\T’g?LFEBBD;rEF;:?;:T:‘I 15 50.00 ssympt 14000 f stt_wave_al40.00 yes posi
Sampling=0 |19 4i5.00 asympt 106.00 1 narmal 11000 [yla] POt
Eramples selection 20 39.00 atyp_anging 130.00 f normal 106.00 [yla] neys
209 examples selected 21 E6.00 asympt 14000 f normal 94 00 WES pOSit 4
0 examples idle < ¥
Editing MEW.FDM attributes : 8 Examples : 209
Improved ChaID (Tschuprow Goodness of Split)
—_—

3.2 Univariate statistics

Descriptive statistics commands are available through the STATISTICS menu.

Note: This menu is only visible if the data grid is selected. In the other situation i.e.
another window is selected, this menu is hidden. Among the various ways to select the data grid,
we can use the WINDOW / LEARNING SET EDITOR menu.

3.2.1 Continuous variables

We select the STATISTICS / DESCRIPTIVE STATISTICS / UNIVARIATE menu in order to compute the
descriptive statistics for continuous variables. In the dialog box which appears, we activate the
CONTINUOUS VARIABLES tab. Then, we select the two following variables: REST_BPRESS and
MAX_HEART_RATE.
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Sipina Research Version - [Learning set editor]

B=1Ed

2% File Edit Data Induction method  Analysis  Wiew  window Help - O x
i B
Bivariate
- i Transform |rest_bpress |bl00 _sugar |resi_electr0 max_heart_r:exercice_ancise: #
Attribute selection Missing data 4 Conditional,.. 14000 f naormal 135.00 ves post =
2 Contingency tables...  [l42000 f normal 160,00 yes negs
3 39.00 non_snginal 160.00 1 normal 160.00 no necgs
4 .
5 e p e sia pptio
-] Continuous varables: bles ]
7 Statistics
5] ~
2]
10 e Examplez
i ~ + Whole dataset
A
12 F . Active examples
Leamning method 13 ~ A
MethodN ame=Impraved ChalD (Tsc ~ |14 ™ Median
HdelTE?dCIassName=TArbreDemsmnl 15 m‘- Annuler
Merge=0.05 16 [Eoo non_anginel |1 2000 T ETT_wErt_Ty T o ¥ TIEGE
Split=0.001 — |17 55.00 atyp_anging 14000 f normal 15000 no NEgE
TypeBanferoni=1 18 50.00 14000 |t st t 140.00 it
WalueB onferrani=1 : asympt - Lwave _a140) ¥es pos.
Sampling=0 |19 45.00 asympt 106.00 t normal 110000 no posit
Examples selection —'|20 F9.00 atyp_angina 130,00 f normal 106.00 no necs
209 examples selected 21 B6.00 asympt 14000 f normal 54.00 YES posit ha
0 eramples idle &) lu) >
Editing MEMY.FDM Attributes : 8 Examples : 209
Improved ChAID (Tschuprow Goodness of Split)

We note that the statistical indicators can be computed only on the active (selected) examples. This
is useful for instance if we have partitioned the dataset into learning set and test set.

The results are displayed in a new window. Each column corresponds to a statistical indicator; each
row to a variable. We can copy the values in the clipboard or modify the numerical precision using
the contextual menu.

Sipina Research Version - [Descriptive statistics results on continuous variables]

2% Induction method  Analysis  Wiew  Window  Help

O B EY

X [Deseriptive statistics on NDW.FIM
Altribute selection hele dataset

I‘ Examples [Min Max Mean Std Mean/8td |Bkewmess |Sig. &
Zg. rest _bpre 9z_0000 Z00.0000 |133.6603 17.4330 |7.6671 0_6&40 0. 000l

max heart 209 SZ_0000 ls88.0000 137_574Z2 23.8768 L5.7618 -0.0784 0.643<

Learhing method

I ethodt ame=|mprosved ChalD (Tec A
MethodClazsMame=T &rbreDecisionl —
Hdl=8

Merge=0.05

Split=0.001 =
TepeB onferroni=1

W alueB onfemoni=1

Sampling=0 b

Examples selection

209 examples zelected
0 examples idle

3 ) >
Improved ChAID (Tschuprow Goodness of Split)
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3.2.2 Discrete variables

We follow the same way for the discrete variables. We activate before the data grid, by clicking the
window or by clicking the WINDOW / LEARNING SET EDITOR menu.

Sipina Research Version - [Descriptive statistics results on continuous variables] |_'. H'I:I |r‘5_(|
A Induction method  Analysis  Yiew RUUGGETN Help - a x
D Cascade

Tile
|
g - Arrange icons
Attribute selection d
Close Al
1 Learning s
Z Analysis Report
v 3 Descriptive statistics resulks on continuous variables
Examples |Min |Max [Mean Std Mean/5td |Skemmess |Sig. &
rest bpre SZ. 0000 Z00. 0000 122 €502 17.4220 7.EETL 0. &40 0. 0o0]
max heart 209 22.0000 |182.0000 137.574Z 23.8768 |5.76ls -0.0784 |0.643<
Learning method
i ethodh ame=lmproved ChalD (Tac A
MethodClassMame=T ArbreDecizion] —
Hdl=8
Merge=0.05
Split=0.001 =
TypeB onferani=1
W alueB onferroni=1
Sampling=0 hd
Examples selection
209 examples selected
0 exarnples idle
£ [l >

Improved ChAID (Tschuprow Goodness of Split)

Then, we select again the STATISTICS / DESCRIPTIVE STATISTICS / UNIVARIATE menu. In the dialog
box, we choose the DISCRETE VARIABLES tab. We want to compute statistical indicators about
CHEST_PAIN and EXERCICE_ANGINA.

Sipina Research Version - [Learning set editor] |_'. _||_'I:| |r‘5_(|
2% Fil=e Edit Data N Induction method — Analysis  Wiew  Window Help - ax
O B

Bivariate 3
- i Transform |rest_hpress |bloo _sugar |rest_electro max_heart_r:exercice_angdise: A
Attribute selection Missing data 3 Conditional... 14000 § normal 13500 yes posit —
2 Contingency tables... 12000 f normal 160,00 yes neos
3 39.00 non_snginal 160.00 1 normal 16000 [yla] neys
4 42.00 non_anginal 160,00 normal 146,00 ng Negs
3 e P g sta optio it
|5 . 3
_? Continuous variables Discrete var\ables<:| g:
3
G Statistics p sit
] v sit
10 it
— |~ Examples &
1| & ‘Whole dataset =g.s
= 12 | " Active examples st
Learning method 13 r =it
M ethodh ame=lmproved ChalD [Tsc A || |14 Lo
tethodClassM ame=TArbreDecision] — 15 o it
Hdl=8 = =
Merge=0.05 116 | ’7% AnnulerJ Ted
Split=0.00 — 17 =500 =L M= =R T TroTe SO A Tisoe
TypeB onferrani=1 -
. 15 50,00 14000 f =t t 14000 it
WalueB onfemoni=1 asympt L_WEVE_ 8 VEE pDS,
Sampling=0 |19 4i5.00 asympt 106.00 1 normal 11000 no posit
Evamples selection — |20 39.00 atyp_angina 190.00 f normal 106.00 no necgs
209 enamples selected 21 E6.00 asympt 14000 f narmal 54.00 WES POSit
0 examples idle L >
Editing MEMY.FDM artributes @ 8 Examples | 209
Improved ChaID (Tschuprow Goodness of Split)
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The frequencies of values are displayed for each variable (one variable by tab).

Sipina Research Version - [Descriptive statistics results on categorical variables]
3. Induction method  Analysis  view  Window  Help

O B EY

. - E| Descriptive statistics on NEW. FDM
Aftribube selection Mhole dataset

.

chest_pain l eHercice_angina]

Count Frequency
azympt 0.4880
atyp_angina [B5 03110
non_anginal | 36 01722
typ_angina |6 0.02a7
Learning method Sum 209

Methodr ame=Improved ChaID [Tac A
tethodClassM ame=TArbreDecision]
Hdl=8

terge=0.085

Split=0.001

TypeB onferrani=1

W alueB onfemoni=1

Sampling=0 w

Examples selection

209 examples selected
0 examples idle

Impraved ChalD (Tschuprow Goodness of Split)

3.3 Bivariate statistics

We can also compute bivariate statistics: combining two discrete variables (contingency table), two
continuous variables (correlation) or mixed variables (comparison of populations).

We click on the WINDOW / LEARNING SET EDITOR menu in order to activate the data grid. The
STATISTICS menu is now visible.

3.3.1 Two continuous variables: scatter plot

The scatter plot provides useful information about the relation between two variables (kind of
association, outliers, etc.).

This functionality is available with the STATISTICS / DESCRIPTIVE STATISTICS / BIVARIATE /
SCATTERPLOT menu. A dialog box enables to select the variable on the horizontal axis (X:
REST_BPRESS) and the vertical axis (Y: MAX_HEART_RATE).
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Sipina Research Version - [Learning set editor] kad
2% File Edit Data Induction method — Analysis  Wiew Window Help — | & X
0 B Univariake. ..

i i Transfarm 4 Scatterplot with markers. . ectro [amsheart_riexercice_angdize: &
Altribute selection Missing data 3 Conditional. .. e — . e — 13560 ves oot
2 Cantingency tables... 12000 normal £0.00 VS negs
5 39.00 non_angingl | 160.00 t norma| 160.00 no negs
4 42.00 non_andginal 160.00 f izl 146.00 no negs
5 49.00 asympt 140.00 f normsl 130.00 no necs
8 50.00 Select attributes for scatterplot negfi
7 39.00 T = post
5 54.00 tributes selection posit
age 2 Axis ;
g 59.00 rest_bpress test_bpress < Examples pDSrt
10 56.00 - & Whole dataset post
1 52.00 _maH heat_rate < Active eramples negs
12 60.00 — ol posit
Learning method 13 55.00 ol posit
tethodM ame=lmproved ChalD [Tsc A || |14 5700 Tt % A | negs
= . nnuler
HeTodClassN ame=Tarbrel ecision| 15 3800 § past
Merge=0.05 16 50.00 non_anginal 120.00 1 left_vent_bypd 3?00 no negs
Split=0.001 17 55.00 atyp_anging |140.00 1 normal 150.00 no negs
TypeBonferani=1 18 50.00 14000t st 140,00 it
‘WalueBonferroni=1 - asympt : v 18l ¥ES pos.
Sampling=0 |19 45.00 asympt 10E.00 t niormal 110.00 no posit
Examples selection 20 39.00 styp_angins 190.00 f normEl q06.00 no neg?s
209 examples selected by 66.00 asympt 140.00 f normsl 94.00 VESs posit w
0 examples idie < >
Editing MEW.FDM Attributes @ & Examples : 209
Improved ChaID {Tschuprow Goodness of Split)

The display window is generated. In the same time, a new menu (GRAPH) is now available. Some
options enable us to copy the graph in the clipboard, to print it, to modify the size of the points, etc.

Sipina Research Version - [Scatterplot] r._| [’E| rz|
PREE N View  Window  Help -8 X
i Copy to clipboard
|
Save to file
[ k| rest_bpress vs. max_heart_rate
A Prink | | L] 1
- 185§ -
Properties... 1804 S
1754 -- +
1704 -~ :
183§ :
1604 -- ®
1954 -~ +
150+ i
1454 -- g
1404 -- &
135 4 i
1304 - $
Learning method 125 4 &
MethodM ame=Improved ChalD [Tec ~ 1204 i
MethadClazsM ame=TArbreD ecizion| i
113 bl
Hdl=8 b
Merge=0.05 10
Split=0.001 1054 --
TypeBonfernoni=1 1004 --
‘alueB onferroni=1 as b
Sarmpling=0 hd
- a0+~
Eramples selection a5 g
209 examples selected B B B . . . 2 ; i .: i
0 examples ide 100 110 120 130 140 150 180 170 180 190 200
Real pogition : [195.598.93.48)]
Improved ChaID {Tschuprow Goodness of Split)

3.3.2 Conditional scatter plot

The scatter plot is all the more interesting when we can illustrate the relative situation of groups of
individuals. In this case, we use a third variable in order to “colorize” the points. In our preceding
example, we want to distinguish the people according the DISEASE.

We select again the data grid (WINDOW / LEARNING SET EDITOR menu). Then we click on the
STATISTICS / DESCRIPTIVE STATISTICS / BIVARIATE / SCATTERPLOT WITH MARKERS menu. In the
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dialog box, we set REST_PRESS as horizontal axis, MAX_HEART_RATE as vertical axis, and DISEASE

as marker.

Sipina Research Version - [Learning set editor]

2% File Edit Data Induction method — Analysis  View  Window Help - 8 x
[5 B Univariate. ..
Scatterplot...
Transfarm * ctro |max_heart_riexercice_anddise:
Altribute selection | Missing data | Condiional... T 00 T TIOrTTEl ves posit
2 Contingency tables... 120,00 f niorimal ” ves negs
3 39.00 nor_sngingl |160.00 t 160.00 o negs
4 42.00 non_snginal | 160.00 f normal 146.00 no negs
& 49.00 azympt 140.00 normal 130.00 no negs
6 negs
7 hute 0 atterplo posit
a Attributes zelection Markers with ... posit
9 age # Auis posit
10 rest_bpress rest_bpress Z"_:| E— posit
11 ples negs
12 ¥ Auis * Whaole dataset posit
Learming method 13 mas_heart_rate ¢ i Active eramples posit
MethodName=Improved ChalD [Tsc || 114 - negs
}TSITSDED&SSN ame=TArbrelecizionl 15 C post
= 16 negs
E‘ll;lrtg:%nngqF . mE 0K | XK Annuler | neo
\T};EJBEBBDD”JFB;:?D”A; 18 =000 e 14000 T 1 wave A18000 e posit
Sampling=0 |19 45.00 azympt 106.00 t rormal 110.00 o posit
Examples selection 20 39.00 atyp_angina 190.00 f normal 106.00 no negs
303 examples selected 21 65.00 azympt 140.00 f normal 94.00 YES post
0 examples idle < >
Editing EW . FDM Attributes @ 8 Examples : 209
Improved ChalD (Tschuprow Goodness of Split)

We obtain the same scatter plot than previously. The difference
DISEASE = YES.

Sipina Research Version - [Scatterplot]

is we distinguish now the people

2% Graph View Window Help

L]
rest_bpress vs. max_heart_rate

Aftribute selection Cortral warishle : dizeaze

Learning method
MethodM ames=|mproved ChalD [Tac A
MethodClazsM ame=T ArbreDecision]
Hdl=8

Merge=0.05

Split=0.001

TupeBonferroni=1

alueB onfermoni=1

Sampling=0

Examples selection
209 examples selected

B positive
* negsative

0 examples idle

Real position : [165.54,199.60)
Improved ChaID (Tschuprow Goodness of Split)

3.3.3 Continuous variable vs. Discrete variable

This functionality enables, among other, to compare the characteristics of subpopulations.
Especially, it allows comparing the conditional distribution of a continuous attribute according the
value of a discrete variable. For our dataset, we want to study the distribution of MAX_HEART_RATE

for each subpopulation corresponding to the DISEASE values.
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We select the data grid (WINDOWS / LEARNING SET EDITOR

STATISTICS / DESCRIPTIVE STATISTICS / CONDITIONNAL menu.

MAX_HEART_RATE and DISEASE.

Sipina Research Version, - [Learning set editor]
. File Edit

Data Induction method — Analysis  Yiew  Window  Help

menu). Then, we click on the
In the dialog box, we select

B=1E

- 8 x

Improved ChAID (Tschuprow Goodness of Splith

) B Univariate. ..
~ Bivariate »
- i Transform ’ rest_bpress |blood_sugar rest_electro Jmax_heart_riexercice_ancdize: #
Aftribube selection Missing data 4| Conditional... a0, normal 13500 yes posit —
2 Contingency tables. .. 12000 narmaEl 160.00 ves nets
3 39,00 non_snginal 160,00 normal 160.00 no neds
4 42.00 non_snginal 160,00 f normal 14600 no necs
5 normal necgs
|
Contiruous variables Discrete attribute : posit
posit
Statistics ’m -
posit
2 posit
- negs
Examples i‘t
- I + ‘Whole datazet pos
Learning method o . posit
I ethodh ame=lmprosved ChalD (Tac A I el GRS negs
b ethodClazsM ame=T ArbreDecizsionl — v - asit
Hdl=8 ~ 4
Me_rge=El. 05 [~ Median Neys
V!;II:ILTBBD;nFer:?;r:i_=1 o S ey oo ; T posit
Sampling=0 |19 45.00 asympt 106.00 1 normal 11000 no posit
Enamples selection — |20 39.00 atyp_anging 190.00 f narmal 106.00 [yla] necs
209 examples selected 21 E6.00 asympt 14000 f normal 94 00 Ves posit v
0 examples idle £ [} ¥
Editing MESY . FDM attributes : & Examples | 209

The result grid gives the descriptive statistics. We obtain the mean, the standard deviation, etc. We
observe for our dataset that the average of MAX_HEART_RATE is lower for the people with DISEASE

= POSITIVE (YES).

Sipina Research Version - [Conditional statistic descriptive result]

2%, Induction method — Analysis

O BBy

Wiew Window Help

 [deme

Attribute selection |

dizease ve max_heart_rate

Examples [Min Max Mean

Std Mean/Std |Skewmness |[Sig.

SZ.0000
S92 0000

positive

negative (117

Learning method

M ethodM ame=lmproved ChalD [Tac A
M ethodClasshame=T ArbreDecizion] —
Hdl=2

Merge=0.05

Split=0.001 —
TypeBonfermoni=1
WalueB onfemoni=1
Sampling=0

| <

Examples selection

209 examples selected
0 examples idle

< |

1200000 127.902ZF ZE_608E
1280000 145 1795 ZZ2_10732

LE.EE72
&.E570

0.14&0
—0.zzZ9a

0.E&
0.21

Improved ChaID (Tschuprow Goodness of Split)
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Sipina Research Version

Using the contextual menu, we can display the conditional histogram (CONDITIONNAL HISTOGRAM
menu) in the new output window.

Induction method  Analysis  Wiew  Window Help
0
- ~
Attribute selection Conditional statistic descriptive result 3
E_ancdisease
positive
disease vs max_heart_rate l niegative
neoative
Examples |1‘Iin |I‘Iax |I‘Iean |Std |HeanfSt,d |Ske neative
positive S : .0000 |127.902Z |ZZ.6085 |5.5573 0.1 g ;
= Copy negative
negative [] .0000 1451725 ZZ.1073 |(6.5670 -0, .
Save negative
< ¥ it
= Decimals = postive
9 Bl Conditional Hi
10 S6 .0
11 | D\ non_anginal [140.00
12 50,00 asympt 100.00
13 55.00 atyp_angina |160.00
Learning methad 14 S7.00 it PP 40T
MethodM ame=Improved ChalD [Tzz A | F15 38.00 aaympt 110.00
mdelTsodEIassNameﬂmbreDecisionl il &0.00 non_anginal [120.00
MBI-QB=D 05 17 55.00 atyp_angina [140.00
Split=0.001 —'|Bl18 S0.00 asympt 140.00
\TiwlneBBoanrwmﬂ 19 45,00 asympt 106.00
S:r‘;;li:g”:g”m" il ER 33.00 atyp_anging [190.00
= — by G6.00 140,00
Examples selection 5 <600 asympt 15500
208 exarnples selected : asympt : 0 100 110 120 130 140 150 180 170 440
0 examples idle 23 44.00 asympt 135.00 L
_I posttive I negative -
< |
Improved ChAID {Tschuprow Goodness of Splith

3.3.4 Two discrete variables: contingency table

This functionality enables to measure the association between two discrete variables through the
contingency table. The chi-square statistic for independence test is computed. We activate the
menu STATISTICS / DESCRIPTIVE STATISTICS / CONTINGENCY TABLES menu. In the dialog box, we

select BLOOD_SUGAR and DISEASE.

Sipina Research Version
File Edit Data

) *%
TransFarm
Altribute selection)  Missing data

Learning method
MethodHame=lmproved ChalD [Toc A
MethodClassM ame=T ArbreD ecizionl —
Hd=&

Merge=0.05

S plit=0.001 —
TypeBonferroni=1
YalueB onfernoni=1
Sampling=0

| £

Examples selection

Induction method

Analysis  Wiew Window Help
Univariake. ..
Bivariate »

Conditional. ..

209 exarnples selected
0 exarmples idle

Improved ChalD (Tschuprow Goodness of Split)

S0 NN aswmet 4nnn

Discrete attributes
4]/ Row Column
4 chest_pain
blood_sugar
5 rest_electro
EXEICICE_andina EXElCICE_andina
G [ FITEr—
5 Examples
= Whale dataset
5 " Active examples
£l a
5 ol
&
; y—./c%{ s |
57.00 atyp_angina 140,00 t normal 14000 no
35.00 ssympt 110.00 i notimal 166.00 no
E0.00 non_anginal 120,00 1 left_vent_hyp135.00 no
500 atyp_anging 14000 i normal 150.00 no
1

=t t weave atdnnn wRs

|

We obtain the contingency table, the chi-square statistic, and the p-value of the test. We have also
the contribution of each cell to the chi-square statistic.
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Sipina Research Version - [Contingency table results
p gency

O BBy

Attribute selaction

] Induction methad  Analysis  View ‘Wwindow Help

FBX

g X

Learning method

| Mema

blood_sugar v disease

tethodM ame=Improved ChalD [Tec A
MethodClazstame=TArbrel ecision|
Hdl=5

terge=0.05

Split=0.001

TypeBonferrani=1

" alueB onferroni=1

Sampling=0 hd

Examples selection

pozitive hegative Sur

f 112 193

t 1 5 16

Sum 92 117 209

Caontributions:

positive negative Sum

f 0.03 0.08

3 0.52 0.4 0.92

Sum 0.56 0.44 1.00

209 examples selected
0 examples idle

Chi-2 statistic = 4. 30 with significance 0.0381 <

Improved ChaID (Tschuprow Goodness of Splith

4 Descriptive statistics for a subpopulation

Each node of a classification tree corresponds to a subsample of the dataset. It will be very
interesting to compare the characteristics of these groups using descriptive statistics. This
functionality is very useful when we want to build interactively the tree.

4.1 Interactive tree induction

First of all, we must close all the windows in relation with the previous analysis. We click on the

WINDOW / CLOSE ALL menu.

Sipina Research Version - [Contingency table results]

T Induction method  Anakysis  View

DB E

Attribute selection

Learning method

MethodClazsh ame=TArbreD ecision]
Hdl=8

Merge=0.05

Split=0.001

TypeBanferrani=1
WalueBonfemani=1

Sampling=0

Examples selection

Window [WglEs]
Cascade
Tile

Arrange icons

1 Learning set editor

2 Analysis Report

3 Descriptive statistics resulks on continuous variablas
4 Descriptive statistics results on categorical variables

5 Scatterplot

& Scatterplot

7 Conditional statistic descriptive result

g Conditional distribution of max_heart_rate given disease

tethadM ame=Impraved ChalD [Tsc || v 9 Contingency table results

Contributions
pasitive negative Sum
f 0.03 0.08
t g2 041 0492
Sum 05E 0.44 1.00

209 examples selected
0 examples idle

Chi-2 ztatiztic = 4.30 with significance 0.0381

Improved ChaID (Tschuprow Goodness of Split)

Only the main window, the data grid and the project explorer are visible.
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Sipina Research Version - [Learning set editor]

3

3 File Edit Data Statistics Induction method  Analysis  Yiew Window Help g x
]
2 S |che31Jaain |rest_bpress |bl00d_sugar rest_electro |max_hesrt_r:
Attribute zelection 1 43.00 asympt 140,00 i normal 135.00 =
2 39.00 atyp_anging 120.00 1 normsl 160.00
3 3800 non_anginal | 160.00 t normal 160.00
4 42.00 non_anginal 160.00 1 normsl 146.00
3 4300 asympt 140.00 f normal 130.00
B S0.00 asympt 140.00 1 normsl 135.00
7 58.00 asympt 140.00 t left_vert_hyg119.00
g 54.00 asympt 200.00 1 normsl 142.00
g 58.00 asympt 130.00 f normal 125.00
Learning method 10 S6.00 azymit 170.00 f ot t_wave_a122 00
MethadN ame=Improved ChalD [Tsc A || [44 52.00 non_anginal | 140.00 f stt_wave_a170.00
mjﬂ’g’dclasw ame=TArreDecisionl = [} 5 £0.00 asympt  100.00 f normsl 125.00
Merge=0.05 13 55.00 atyp_angina 160.00 t normal 143.00
Split=0.001 — |14 =700 styin_anging 14000 t normal 140.00
\T’,gﬁfaznrifé:?o”rﬁ 15 33.00 azympt 110.00 f normal 166.00
Sampling=0 ~||[18 60.00 non_anginal 120.00 f left_vert_hyp135.00
Examples selection 17 55.00 atyp_angina 140.00 f normal 150.00
209 examples selectad 18 S0.00 asympt 140.00 1 =t t_wave_a14000 ht
0 examples idle &) >
Editing MEMY, FDM Attributes : & E
Improved ChAID (Tschuprow Goodness of Split)

4.1.1 Selecting the variables of the analysis

In order to defining the target and the input attributes, we select the ANALYSIS / DEFINE CLASS
ATTRIBUTE menu. In the dialog box, we set DISEASE as CLASS (TARGET), the others as ATTRIBUTES
(INPUT).

Sipina Research Version - [Learning set editor]

4y File Edit Data Statiskics  Induction method Yiew  Window  Help
]
- - | press Blood_sugar rest_electro |max_heart_r: A
Attribute selection 1 1 normal 13500
2 a normal 160.00
3
4 Attribute selection
g Class = Wariables
E |disease <
T
E Aftributes
1 age
E chest_pain
Learning method 11 LTSL:‘IJDIESS disease
Methadr ame=Improved ChalD (Tec A || |4 [egto e_lx:gﬁz[ <::|
tethodClazsM ame=TArbreD ecision] 1_ mas_heart_rate
Hdl=3 1 | |exercice_angina
Merge=0.05 1]
Split=0.001 —'1
TypeBonferrani=1 n
WalueB onferroni=1 1—
Sampling=0 hd
ampling . i =
Examples selection 3 ~
209 examplez selected 1 o o
0 examples idle 4
Eq
Annul
Improved ChaID (Tschuprow Goodness of S %x et |

The selection is now visible in the top part of the project explorer. The letter "C" pinpoints a
continuous attribute, "D" a discrete variable. The target attribute must be discrete.
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Sipina Research Version - [Learning set editor]

2. File Edit Data Statistics Induction method Analvsis  View Window Help

O BBy

| age |ches’u:uain |res1_bpress|blood_3ugar rest_electro |max_heart_r:

Attribute selaction

- 1 43.00 asympt 140.00 1 normal 135.00

=l Class attribute 2 39.00 atyp_angina |120.00 1 normal 160.00

E]dd,'s'?ase N 3 39.00 nor_snginal 16000t normsl 16000

= e Ictive strbutss g 42.00 non_anginal 160,00 1 normal 146.00

D zﬁ:st sin \ 49,00 asympt 140,00 1 normal 130,00

ce I:-_ppress { S0.00 asympt 140,00 1 normal 135.00

i | Ay I ett_vert_hypd19.

5] blood sugar 7 59.00 g 14000t lett_vert_hyr119.00

(8] rest_slectro g 54.00 asympt 200.00 f normal 142,00

I max_heart_rate 9 59,00 aEympt 130,00 1 niarmEl 123.00

8] exercice_angina ) 10 S6.00 asympt 170.00 1 st weave_a122.00

11 S2.00 non_anginal (14000 1 st t weave_a170.00

Learning method 12 50,00 aEympt 100.00 1 niarmEl 123.00

tethodM ame=Improved EhAID_ [_Tsc ~ |13 55.00 atyp_angina 16000 t niormal 143,00

'I:I";‘hsﬂdc'assf“ame=m'b'80BClSlDﬂ' 14 57.00 atyp_angina 140,00 i normal 140.00

Mer_ge=D_ s 15 35.00 asympt 110000 1 normal 166.00

Split=0.001 |16 60.00 non_anginal 120000 1 left_went_hyp135.00

Eramples selection 17 55.00 atyp_angina 14000 1 normal 150.00
209 examples selected 18 50.00 azympt 140.00 f st_t_wwawe_a140.00 »

0 examples idle < >
Editing MEW FDM Attributes ; & E

Improved ChaID (Tschuprow Goodness of Splith

4.1.2 Tree induction
We click on the ANALYSIS / LEARNING menu. The learning phase is finalized.

Sipina Research Version - [Learning set editor] g
2. File Edit Data Statistics Induction method RERE View Window Help - 0 X
e} Define class attribute...
= e Select active examples. .,
- - Press |b|nc-d_sugar rest_electro |max_heart_r:
Attribute selechc-r? 1 h P F— 13500
= “}Ej“;_a“”b”te 2 Set priors... L mormsl160.00
izeaze
- . 3 ] t niormal 160,00
=F edu:tlve attributes 4 " p — 146,00
age
(8] chest_pain 3 Learning. .. ] f narmal 130.00
5] a 1 niarmEl 133.00
W rest_bpress
8] blood_sugar 7 a t left_went_kyp119.00
8] rest_electro g a 1 niarmEl 142.00
I max_heart_rate ) ] f normal 125.00
8] crercice_anging 10 a 1 =t t wawe_a122.00
11 a 1 st t wave_a170.00
Learning method 12 Error measuremments L3} 1 narmal 125.00
ethodr ame=lmproved ChalD [Tsc A |13 . i t narmal 143.00
L _— »
PlildslthsodﬁlassNam%T.&rbleDec:lsmnl 14 Feature selection i] t normal 140.00
Mer_ge=0 o5 R Personnal tests [} § normal 186.00
Split=0.001 || |16 G0.00 non_anginal (12000 1 left_went_kyp135.00
Examples selection 17 55.00 atyp_angina 14000 1 normal 150.00
209 examples selected 18 50.00 asympt 140000 f =t t wawe_al140.00 w
0 examples idle < >
Editing MEW FDM attributes | & E
Improved ChaID (Tschuprow Goodness of Split)

The tree is now displayed. The distribution of the values of DISEASE is available on each node.
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Sipina Research Version - [Decision tree...]

4%, Induction method  Analysis  Tree management  Wiew Window Help -8 X

b
£l ~

Aftribute selection

--W% Class attribute o
E disease Bltlve

=% Predictive attributes &

age

chest_pain

rest_bpress

blood_sugar

rest_electra in [yes]

54 (20%)
& (10%)

p_sngina, non_anginal]

13 (13%)
a3 (87%)
7 (0B%)
82 (22%)

-4:3 (52%)
23 (48%)

max_heart_rate
exercice_angina

gmnggamngan

Learning methad

MethodM ame=Improved ChalD [Tsc s

MethodClassMame=T&breD ecision|

Hdl=3

Merge=0.05

Split=0.001 v

Examples selection

209 examples selected

0 examples idle w
< ¥

Improved Chall (Tschuprow Goodness of Split) Time : 78

We want to analysis the leaf at the last level of the tree. The corresponding prediction rule is « IF
CHEST_PAIN = (ASYMPT OR TYP_ANGINA) AND EXERCICE_ANGINA = YES THEN DISEASE = YES ».
This group is defined by two variables. But, what about the other variables of the dataset? Are they
really irrelevant for the characterization of this subpopulation? Computing descriptive statistics
enables to answer to this question.

4.2 Node exploration - Elementary statistics

Each node of the tree matches to a subsample. The root node constitutes the whole dataset. In
order to obtain descriptive statistics of the observations on a node, we select the node. Then we
activate the contextual menu (right click). We select the NODE INFORMATIONS menu item. A new
window appears. We observe the goodness-of-split for each predictive variable, the number of
examples, some descriptive statistics, etc. We select the CHARACTERIZATION tab.

Sipina Research Version - [Decision tree...]

2%, Induction method  Analysis Tree management  Yiew ‘Window Help
u
E
Altribute selection Informations on : Level 3, Node 1
=-f% Clazz attribute IF chest_pain in [ssympt typ_angina] and exercice_angina in [yes]
dizease
—-i% Predictive attibutes
C g Characterization [Desciptors’ importance
8] chest_pain
W rest_bpress Select an attribute to view the suggested split
D bloo_d sugar Double-clik ko split with the selected attribute
8] rest_electro Goodness of splt [ Caorrelation |Ac:c:ept or Reject
B mas_heat_rate (90%) _ max_heart_rate 0.0370 |
8] exercice_angina 'V Lev:e.lg: i\lo de 1 rest_bpress 003073286 0.0307 |
age 002222222 n.ozzz
Mode inFormations. .. Exercice_anging 0.00000000 0.0000
Learning method rest_electro 0.00000000 0.0000
Method ame=Improved ChalD [Tsc A Cut chest_pain 0.00000000 0.0000
ll:?sltheodﬁlassN ame=TArbreDecisionl Split node. .. blood_sugar 0.00000000 0.0000
Merge=0.05 Explore the node...
Split=0.001 bt Other descriptive statistics  » < *
Examples selection i 7
L Other SIPINA session. ., Split suggestion
209 examples selected Z10650  [==10650
0 examples idle —
positive 9
< negative u] B
Improved ChAID {Tschuprow Goodness of Split)
B0 examples [28.71% of the learning set]
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CONTINUOUS ATTRIBUTES. For each continuous attribute, we compare the local average (i.e. the
mean of the variable for the subsample) and the global average (i.e. the mean of the variable for
the whole dataset). In order to characterize the importance of the deviation, we compute also the t-
test statistic (STRENGTH indicator) for a comparison of mean. It is not really a test because the
samples are not independent. But it enables to order the variables according the importance of the
difference. Indeed, the variables are not measured in the same unit and/or scale, the STRENGTH
indicator can be understood as a normalized deviation. In this example, the mean of “age” for the
whole dataset is 47.9. For the subgroup corresponding to the node, it is 50.76.

Informations on : Level 3, Node 1

IF chest_pain in [asyp f_angina] and exercice _anging in [yes]

Characterization ] Dresciptors’ importance ]

£ Confinuous attributes? ibutes
Attribute Strength Local Avg Global Avg
age 318 50.7EE7 47 9665
rest_bpress a0 1393833 133.6603
max_heart_rate -6.70 1201333 137 5742

B0 examples [28.71% of the leaming zet]

DISCRETE ATTRIBUTES. We compute a statistical indicator for the comparison of proportion here.

Informations on : Levzl 3, Node 1

IF chest_pain in [as Avp_angina] and exercice_anging in [ves]

Characterization ] Desciptors' importance ]

Continuous attribubes Dizcrete attributes<:|

exercice_angina [ 0.4414 ) I—

Yalues Strength Local Dist. Global Dist. Recall
yes 1262 B0 [100%) T2 [34%) 83%
no -12.62 01[0%) 137 BB%) 0%

chest_pain [ 0.2971 )

Values Strength Local Dist. Global Diist. Recall
asympt 937 B0 (100%) 102 [43%) 59%
alyp_angina 615 00%) BB [3E) 4
non_anginal 417 00%) 36 [17%) 0%
tep_anging -1.57 00%) B [3%] 0%

dizeaze [ 0.1953 ]

Walues Strength Local Dist. Global Dist. Recall
positive 848 54 [90%) 92 (44%) 58%
negative -8.48 E[10%] 117 [56%] 5%

rest_electro [ 0.0119 )

Walues Stength  Local Dist. Global Dist. Recall o

normal -2.00 45 [75%) 173 (83%) 26%
left_went_hyper -0.44 112%) b (2%] 20%
st_t_wave_abnomality 232 14 [23%) 30[14%) 475

B0 examples [28.71% of the learning set]
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The variable REST_ELECTRO is really interesting. It is not visible in the tree. So it seems irrelevant.
But when we compare the proportions, we observe that there is an over representation of the value
ST_T_WAVE_ABNORMALITY for this subgroup. In the whole dataset, 14% of the examples have this
characteristic. They are 23% for the examples related to the node.

The RECALL indicator says that 47% of the examples “REST_ELECTRO
= ST_T_WAVE_ABNORMALITY” are located on this subgroup.

An additional indicator is used (J-MEASURE) in order to organize the variables. It has not really a
valuable interpretation in our context.

4.3 Node exploration — Descriptive statistics

These comparative descriptive statistics are directly available. But they are mainly univariate. If we
want to deeply analyze a subpopulation, it is (maybe) useful to compute the detailed descriptive
statistics (univariate or bivariate) which were outlined previously (see section 3.2 and section 3.3).

SIPINA enables to compute the previous descriptive statistics on each node. Of course, the
computation is restricted to the covered examples i.e. the subpopulation highlighted by the node.

Let us repeat the same analysis than previously (see section 3.2 and section 3.3). But the
calculations are now restricted to the sample corresponding to the rule “CHEST_PAIN = (ASYMPT
OR TYP_ANGINA) AND EXERCICE_ANGINA = YES".

4.3.1 Univariate statistics

Compared with the preceding tool (section 4.2), this functionality is not really useful for the
univariate statistics. We obtain the same results.

Continuous variables. In order to obtain the descriptive statistics related to a node. We select
first the node. Then we activate the contextual menu (right click). We select the OTHER
DESCRIPTIVE STATISTICS / UNIVARIATE menu item. In the dialog box, we observe that "COVERED
EXAMPLES" option is activated. Only the 60 examples related to the node are used for the
statistical computation.

.‘S. L a Resea = 0 e 0 e |
2%, Induction method — Analysis  Tree management  View Window Help - g x
]
E A
Altribute selection
= Class attribute
ﬁm disease sz 44¢) IR ositive
L - 117 (56%) gative
—-fi% Predictive attibutes
& ao= . in [asympt,t gEer De ptive sta optio
8] chest_pain 79 73y R Confinuous variables:
(W rest_bpress 29 (27%) .
0] blood_sugar exercice -
) rest_electio in [yes] in [ng
IW rax_heart_rate L54 sosy [ | 25 gzy B
8] exercice_angina v Level 3, Nade 1 L N o
4 c
Mode informations. .. o
Learning method cut e
Method ame=Improved ChalD [Tac A u. I Median
MethodClassM ame=T ArbreD ecision| Split node...
Hdl=
Merge=0.05 Explore the node...
Split=0.0071 hd Other descriptive statistics
i Bivariate 3
Eraplesheleaiion Other SIPINA sessian...
209 examples selected Conditional
0 examples idle ondiional...
¢ Contingency table. ..
Improved ChaID (Tschuprow Goodness of Split) Time : 78
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In the result window, we obtain all the descriptive indicators for each variable. We can compare
these values with those computed for the whole dataset (see section 3.2.1).

Sipina Research Version

Induction method  Analysis  Wiew Window  Help
]
ENF Y Decision ~
Altribute selection v F
- Elass.attribute —ftro |max_heart_riexercice_ang;disease |
E dizease 135.00 VES positive
—-f%F Predictive attributes 16000 yes negstive
W age _ 160.00 no negative
(8] chest_pain in [asympt, 5¥p 146.00 no negstive
[BY rest_bpress (73 130.00 no negative
0] blood_sugar 29 iz [ : B
135.00 no negative
0] rest_electio ; = " L
'S e heart_rate in [yes=] | hyp119.00 YES positive
18] cxercice_angina 5 [5E%) . I3 150 142.00 yes pozitive
23 (48%) 125.00 no postive
<0 f
11 )
12 g Dezeriptive statistics on HEW.FIM
Only selected exanples
13 bt
Learming method 14 )
Methodt ame=lmproved ChalD (Tzc A | 15 e;
MethodClassM ame=TarbreDecisionl —
= 16 5]
Hdl=8 T
Igdehrtg_?gnﬂf v 15 :Il |Examples Min Max Mean Std Mean/Std |Ekemmess
P Z - — rest bpre &0 SZ.0000 |(Z00.0000 13938332 |159.1cz2 7.2739 0.4Zc4
Examples selection wax heart 60 82.0000 |1E8.0000 18.5413 |6.4792  -0.0580
209 examples selected
0 examples idle 2 > &~
< ]
Improved ChaID {Tschuprow Goodness of Split) Time : 78

Discrete variables. We follow the same approach for the discrete variables. We activate the
OTHER DESCRIPTIVE STATISTICS / UNIVARIATE menu item in the contextual menu. We select the
DISCRETE VARIABLE tab of course.

Sipina Research Version

Induction method — Analysis

D BB

Tree management  View Window Help

Altribute selection

Bz Class atiibute jtro |max_heaﬂ_riexercice_ang;disease
dizeaze it
positive
=% Predictive attributes I
W age
8] chest_pain
I rest b_p[333 Continuous varisbles — Discrete variable:
8] blood_sugar Shatistics
ml resl_electio o hlolod,‘sutgar
(W rnas_heart_rate el
8] exercice_angina F Enamples
= v Level 3, Mode 1 o
~
11 2 Mode informatio o
12 £ cut * Covered examples
13 3 "
Split node. ..
Learning method 14 F P ’@x Annuler |
MethodM ame=Improved ChalD [Tsc A || H4s 3 Explore the node
MethodClazsM ame=TArbreDecizsion] —
o 1 = E Bivariate 3
?ﬁ:ﬁ?gﬁ%s - 1; 7 Other SIPINA session... [sea Mean/Std |Srewmess |
P — “Nrest bpreso 9z.1 Condtional... 19_16zz |7.2739 0.4264
i 19 4 =
2E;amp|88 |SE|ECt|l0n : — Almax heard 6o gz.i Contingency table.. 333 ils.5412 5.4792 | -0.0520
examples selecte ; | —
0 examples idle 2 [ ] 3| ~
L2 >
Improved ChAID {Tschuprow Goodness of Split) Time : 78

We obtain the distribution of values for each variable. We can compare these results with those
obtained for the whole dataset (see section 3.2.2).
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Sipina Research Version

Induction method  Analysis  Wiew  window Help

b B EY

El

>

Aftribute selection
-z Class attribute

E dissaze

—- i Predictive attributes

Descriptive statistics results on categorical variables

Descriptive statistics on NEW. FDM

L B Only selected examples
(8] chest_pain
(B rest_bpress
18] blood_sugar B
(8] rest_electro
C max_heart_ra_te chest_pain | exercice_angina
8] exercice_angina
Count Frequency |
aspmpt 1.0000
Learning method atyp_angina |0 0.0000
Methodt ame=lmproved ChalD [Tac A non_anginal |0 0.0000
MelthodCIassN ame=TArbrel ecizsionl : typ_angina |0 0.0000
Merge=0.05 Sum &0
Split=0.001 ~
E=amples selection E
209 examples selected &
0 examples idle m& rpgalaiiu o ooog ;3_5 __________ pc g = = 70 v
£ 2
Improved ChalD {Tschuprow Goodness of Split) Time : 78

In this case, because CHEST_PAIN and EXERCICE_ANGINA are involved in the tree, only the values
used in the path appear in the distribution.

4.3.2 Bivariate statistics

This tool is useful for the bivariate statistics. We can analyze the association between some
variables in each subgroups related to the nodes of the tree. Then we can carefully characterize
each subpopulation. This functionality is essential when the interpretation of the results is at least
as significant as the accuracy of the rules.

Scatter plot. We want to repeat the previous analysis (see section 3.3.1). In the contextual menu,
we select the OTHER DESCRIPTIVE STATISTICS / BIVARIATE / SCATTERPLOT option.

Sipina Research Version

Induction method — Analysis  Tree management  Wiew ‘Window Help

b BB

N Decision tree...
Aftribute selection
—|- % Clazs attribute

5] disease
-0 Predictive attibutes
age
chest_pain
rest_bpress
bload_sugar
rest_electra
max_heart_rate in [yesl

Attributes selection
age H Az
rest_boress
1est_bpress Eemists

-

Y Aig

omnoogmnogrm
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Learning method

Methadt ame=Improved ChalD [Tsc A
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ﬁ XK Annuler |
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Scatterplot with markers, .,
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Contingency table,,,

209 examples selected

; Conditional...
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Impraved ChAID (Tschuprow Goodness of Split) Time : 78
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The scatter plot is restricted to the 60 examples related to the node. It is different from the
previous result (see section 3.3.1). The variables are not any more correlated in this configuration.

Sipina Research Version

Graph  Wiew ‘Window Help
|
x|
Attribute selection Scatterplot
—|-i% Class attribute rest_bpress ve. max_heart_rate
E disease o : : 4
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C I 1504--
8] chest_pain 1454 -~
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Other statistical indicators. In the same way, it is possible to find the tools highlighted
previously (see sections 3.3.2, 3.3.3 et 3.3.4). E.g. MAX_HEART_RATE distribution according the
DISEASE (see section 3.3.3 for the result on the whole dataset).

Sipina Research Version
Induction method — Analysis  Yiew  Window Help

O B EY

B ~
Attribute selection B
=g Class attribute
I5] disease
= Predictive attribub 9z (aa0) [
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H o —— ¢
5] chest_pain o B R
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e = " = = N v I
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Learning method 0 negariy
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Improved ChaID (Tschuprow Goodness of Split) Time : 78

Note: Actually, it is possible to make these operations on any statistical software. It is simply
necessary to make a query and to compute the statistical indicators on the subpopulation. The
main interest of SIPINA is to automate all intermediate operations which, when they are
repetitive, can end up quickly boring. This shortcut is very useful in practice.
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5 Subsample related to a node

When we wish to refine the results, it can be necessary to go back on the data, notably to analyze
in a deepened way the subpopulations described by the nodes of the tree. When the observations
are recognizable (each case is associated to a label), we can even distinguish each individual.

In order to obtain the detailed description of the dataset, we select the node; we activate the
EXPLORE THE NODE option in the contextual menu. The subsample is displayed in a new window.

pina Research Version
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L | [ | [ Y S
i diseaze  Cut
1 Split node. ..

1 :

1 Other descriptive statistics® P

1

1 Other SIPINA session...  F=--=-

1 |
20
Pl
22
23

< |

Laocal examples 1

Attributes

| 30=
w| chest_pain

w| rest_bpress

W] blood_sugar

w| rest_electro

| ma_heart_rate
W] exertice_angina
W] disease

IF chest_pain in [a=ympttyp_anging] and exercice_angina in [yes]

age [shest pain  [rect bpress [blood_sugar [rect_electra [max_hear_ ~
1 42.00 asympt 140.00 1 nommal 126.00
7 £0.00 asympt 141,00 1 left_vent_hype 119.00 |
2 54.00 asympt 200.00 f normal 142.00
10 56.00 asympt 170,00 i =t 1_wave_zbn 122.00
18 50.00 asympt 140,00 i =t 1_wave_zbn 140.00
1 66.00 asympt 140.00 f normal 94.00
B 56.00 asympt 155 00 t nommal 150.00
24 43.00 asympt 120.00 i nommal 120,00
25 54.00 asympt 14000 4 nommal 18.00
12 4.00 asympt 13000 + nommal a1.00
33 45.00 Gsympt F160.00 + nommal 92.00
34 38.00 asympt 110.00 1 nommal 150.00
26 46,00 asympt 120.00 1 nommal 14,00
40 40.00 asympt 140.00 f normal 140.00
Ll 85.00 asympt 170.00 1 normal 1200
43 85.00 asympt 140.00 1 normal &7.00
43 55.00 asympt 140.00 i nommal 130.00
65 56.00 asympt 150.00 i =t t_wawe_sbn 124.00
75 300 asympt 120.00 4 nommal 153.00
78 4300 asympt 15000 + nommal 130,00
26 56.00 asympt 140.00 1 nommal 1o.oo
28 42.00 asympt 160.00 1 nommal 102.00
a3 46,00 asympt 110.00 1 nommal 150.00
100 45.00 asympt 160,00 i normal 102.00 v
0 ) ¥
Attributes : & Examples : 60

The subsample can be saved in a new file (*.fdm file format).

Subsample on Level 3, Mode 1

Local examples l

| IF chest_pain in [@sympt typ_angina] and exercice_anging in [yes]
o 2 Jave covered examples

Ld
| chest_pain
w| rest_bprazs age |chestJJain |rest_bpress |bl00d_sugar |rest_e|ectrn ~
w| blood_sugar —
| rest_electro 1 43.00 asympt 140.00 f nomal
| max_heart_rate T 59.00 asympt 140.00 t left_went_hype
| exercice_anging
| disease 2 G4.00 asympt 200.00 f normal
10 46.00 asympt 170.00 f st_t_wave_abn
18 a0.00 asympt 140.00 f st_t_wawve_abn
21 66,00 asympt 140.00 f normal
22 46.00 asympt 155.00 t normal
24 43.00 wmpt £ 120.00 f nermal
25 S4.00 asympt 140.00 f niarmal Lvs
</ >
Attribukes : & Examples @ 60
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The data file is automatically named with the identifier of the node. It is placed in the same
directory as the source dataset.

6 A new analysis of a subpopulation

In certain situations, we want to launch a new analysis on a subpopulation related to a node of the
tree. For instance, we want to explain/predict the REST_ELOECTRO variable for the subsample
described by the rule “CHEST_PAIN = (ASYMPT OR TYP_ANGINA) AND EXERCICE_ANGINA = YES".

With the contextual menu, we select the OTHER SIPINA SESSION option.

Sipina Research Version

Induction method  Analysis  Tree management  Wiew  ‘Window Help
)
N Decision tree. ..

Altribute selzction
-z Class attribute

m dizease
=i Predictive attibutes
age
chest_pain
rest_bpress
bload_sugar
rest_electro - .
may_heart_rate in [yes] s X S anc

& (10% ) o Aan & (E0%)

v Lewvel 3, Node 1

onogmngr

Mode informations. .,

Cut
3 Split node. ..
1
f Explore the node...
Learning methad 1
Method ame=Improved ChalD [Tsc A
MethodClassN ame=TarbreD ecizsionl i
Hell=: 19 | 100 110
M9!99=U-D5 0 | Real position : [199.77,125.65)
Split=0.001 w q
- 2 &l a0 100 10 120 130 140 150
Examples selection o0 500 o
209 examples selected 23 4400 as
0 examples ide = am . v
< >
Improved ChAID (Tschuprow Goodness of Split) Time : 78

A new SIPINA session is launched. The subsample (8 variables and 60 examples) is automatically
downloaded.

Sipina Research Version - [Learning set editor]

¥ File Edit Data Statistics Induction method Analysis  Wiew Window Help -8 x
D
2 age |chestJaain |rest_bpress blood_sugar [rest_electro |max_heart_r:exercice_angdises &
Abtribute selection 1 4300 lasympt 14000 f normal 13500 |yes posti
7 29.00 asympt 140.00 t left_went_hyp119.00 YEE posit
g 54.00 asympt 200.00 1 norimal 142.00 Yes posti
10 5E.00 asympt 170.00 f st t_wave_a122.00 yes positi
15 50.00 asympt 140.00 f st t_weave_a140.00 yes positi
21 66.00 asympt 140.00 f normal 94.00 YES posit
22 56.00 asympt 19500 t normal 1:50.00 YEE posit
24 43.00 asympt 120.00 f nortmal 120.00 YEE posit
Learing methd 5 54.00 asympt 140,00 f normal 115,00 ves posti
m:mgggg"s":ﬁ Lr:n'g'f}’;‘?b[ceh[’f‘égi S[Lffl |13 54.00 asyimpt 13000 f riarmal a1.00 yes piosti
Hdl=2 33 45.00 asympt 160.00 f normal 92.00 Yes posit
Merge=0.05 34 38.00 asympt 110.00 i normal 150,00 ves positi
?Egt:lgba?;rroni=1 36 465.00 asympt 120.00 f normal 115.00 YEE posit
W alueB orfernoni=1 40 45.00 asympt 140.00 f normal 140.00 yes posti
Sampling=0 Al 55.00 aaympt 170.00 t normal 112.00 VES positi
Examplas selection 43 B5.00 azympt 140.00 t niormal a7.00 Yes pogiti
B0 examples selected 49 55.00 aavimpt 140.00 1 normal 130,00 Ves positi ¥
0 examples idle <
Editing C:\Documents and SettingsiMaisoniMes documents\MEMW Mo [Attri '
Irmproved ChAID (Tschuprow Goodness of Split) L
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We define again the TARGET and the INPUT variables. Then we select the adequate parameters of
the learning algorithm. We obtain, for instance, the following classification tree.

Sipina Research Version - [Decision tree...]

2 Induction method  Analysis  Tree management  Wiew  Window  Help
- b — — —
B - - - = ~ -~y
- - =l 7 < ~ ~ A
Attribute zelection 7 ~
= Clazs attribute ™ N\
ﬁm rest_electro V4 ’ 45 (7s+) [
C . 1 (OE%) eft vent_ hyper
-1 Predictive attributes / 14 izas: [l t t wave abnormalit
(W a0 / \
8] chest_pain F" in [£] \
W rest bpress / 3o 75%) R
8] blood_sugar Il 0 (00%) \
I max_heart_rate I 13 (2L%) i133) | 1
Exercice_anging
D -andng | 4450 } ’ |
Learring methad \ s ctoos: | | =0 ¢7os) M f
td ethiodM ame=Impraoved ChalD [T achur g Eggz ; 23 Eggz ; . /
td ethodClazst ame=T ArbreD ecisionl mpr
o . ¥
HdellgLD_DE ™ \ < 111.00 ==1117 /
Split=0.10 \ 1z i275) N 17 ie13) [N /7
TupeBonferoni=1 \ o (00%) o (00%) /
WalueBonferoni=1 = an |l 11 (393 [l 7
Sampling=0 };,, N ,
SarmplingPart=300 N
t axDepth=4 ~ A 7’
MinSizeBS=5 Y -
tinSizedS=2 ~ - - —_— - -
Priorz=0 w -
Examples selection
B0 examples zelectad
0 examples idle w
< >
Improved ChaID (Tschuprow Goodness of Splic 31

7 Conclusion

In this tutorial, we wanted to describe the descriptive statistics tools of SIPINA. These features are
not really extraordinary. But combined with the interactive exploration of a tree of decision, they
turn out very productive.
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