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O Fle: SAZEQ} NSH _train.csv

() URL:  hitps://www, 1ka,si/podatki/141025/72F5B3CC/

File Type
Autornatically detect type

Info

16 instance(s)
4 feature{s) {(no missing values)
Data has no target variable,

0 meta attribute(s)

Columns (Double ¢

Name Role

File .

no meta
2 length feature

3 height feature

Values




CiolE &1 &7

Info

16 instances (no missing data)
2 features

Target with 2 values

1 meta attribute

Variables
ﬂ Show variable labels (if present)

[ Visualize numeric values
& Color by instance classes

Selection
Select full rows

pata

R
o

Scatter Plot

File

Data Table (2)

— (]
no length height
1 55 30
2 57 31
3 64 36
4 63 30
5 58 33
6 49 25
74 54 37
€3 Plot - Orange = O
Axes
B0+
Axis x: [[) length v
Axisy: ([ height v
& o,® o
Find Informative Projections . .
O O
Attributes O
Color:  [B &5 v
a0+
Shape:  (Same shape) v _‘UF:;
‘o
Size: (Same size) v > <
30 O @)
Label: (No labels) v
O O
(] Label only selection and subset
O
. O @)
Symbol size: l
s =
Zoom/Select @) ®@SIA2E
B O Q £ @ =N
45 46 45 50 52 54 55 53 60 62 B4 66 68
Send Autornatically length

2BBe|H6i--B-l1s)2




Constant

iaw
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Linear
Regression

Curve Fit
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Stochastic
Gradient D---
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AdaBoost
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Stacking
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Mame
kM

Meighbors

MNumber of neighbors:

Metric: Euclidean
Weight: Uniform
Apply Automatically

2B [H-Bo-

Jc

v

D,;!él

© Cross validation
Number of folds:
Stratified

5 v

Cross validation by feature

() Random sampling
Repeat train/test:
Training set size:
Stratified

10 v

0% ~

—\ A ;;' ;

2 o :}'.aa:!ughun Resulfs

i —

v x
v &R
X ue

Test and Score Confusion Matrix

Evaluation results for target (None, show average over classes)

Model AUC CA F1 Precision Recall

kNN  1.000 1.000 1.000 1.000 1.000
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Name

kNN

MNeighbors

MNumber of neighbors:

Metric: Eucl
Weight: Uniform
Apply Autornatically
?B |2 Bo-
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Data
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Data Table (3)

Predictions
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kNN

MNeighbors

MNumber of neighbors:

Metric: Eucl
Weight: Uniform
Apply Autornatically
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Name
kNN
MNeighbors
Mumber of neighbors: =
Metric: Euclidean v
Weight: Uniform v
Spply Automatically
2B |36-Pome
Restore Original Order
KNN length height - a
1 §2EE |59 35
2 T 62 49
3 XM 50 45
4 XM 50 40
k| P4

2B | 3em [>41-

Name
kMM

MNeighbors
Number of neighbors: =

Metric: Euclidean v

Weight:

2B |36-[Eos

Uniform v

Apply Automatically

Restore Original Order

kNN length height a
1 S28E |59 35
2 RN 62 49
3 =M 50 45
4 S2EE (50 40
e i P

2B | Ham B4
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Name tead
kNN
Neighbors Predictions
Number of neighbors: 7
Metric: Euclidean v
Weight: Uniform v
Apply Automatically
2B |36-Bome
Restore Original Order
kNN length height &
1 S2EE |59 35
2 TSN 62 49
3 =AM 50 45
4 §2ZE |50 40
v
— 4 [ ]
?2 B | 3sim[>a-

redictions — Da
o
Scatter Plot (1)
Axes 5
Axis x: [ length v 50
) . 48
Axisy: [ height v %
, , i 44
Find Informative Projections ©
Attributes ;g i
; FE <=y
Color: kNN v D
> <3
Shape:  (Same shape) v ”
Size: (Same size) v 30
28
| ahel: (Nn lahels) v
Zoom/Select
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D } Data

Neighbors — Dala [

Restore Original Order

Send Automnatically

ASSHAT0IE g
& Neighbors
©
| @
) S ()
28510 ASH=H0IE Data Table (3)
| T - 0
Info A .
4 instances {no missing data) I length height
2 features A 50 45
MNo target variable, a S0 40
No meta attributes 3! 59 35
7 62 49

2B |14

#8 Neighbors - Orange ?
Distance metric: Euclidean v
Limit number of neighbors to: 7 5
Data Table
Apply Autornatically
2 | 3] 1611 [[3 7]
—_— : - — !j
Info = d lengh  heigh
7instances (no missing data) &3 ne Istance engt elght
2 features 14 9.84886 53 53
Target with 2 values
2 meta attributes 9 6.7082 56 92
) 15 10 52 49
Variables ' ‘ 13 13.0384 49 50
Show variable labels (if present) 3 13.1529 64 36
("] Visualize numeric values > 7 14.4222 54 37
Color by instance classes 16 14.8661 43 54

Selection
Select full rows

Restore Original Order

Send Autornatically
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Datasets

¥) Datasets - Orange

Search for data set ...

Title Size Instances  Variables Target Tags
Heart Disease 235 KB 303 14 [8 categorical  biology, medicine
Housing 339 KB 506 14 @ numeric economy
lllegal waste dumpsites in Slovenia 2.8 MB 13165 25 geo, timeseries, e...
Imports 1985 25.7 KB 205 25 @ numeric insurance, econo...
lonosphere 749 KB 351 33 [@ categorical  physics
® s 45 KB 150 5 [@ categorical  biology
Kickstarter projects 2141 KB 1163 15 @ categorical  economy
Lenses 968 bytes 24 5 [8 categorical  medical
Liver Disorders 72 KB 345 11 @ categorical  biology
Liver cirrhosis - spectral image 34 MB 1078 546 spectral, hyperspe...
Liver spectroscopy (Collagen) 994.3 KB 731 234 [@ categorical  spectral
Lymphography 146 KB 148 19 @ categorical  medical
METABRIC: Molecular Taxonomy of Breast Ca... 136.3 MB 1904 24403 gene expression, ...
MONK's 1 124 KB 556 7 8 categorical  synthetic
Description

Heart Disease {1953), from UC| ML Bepository

This data uses a subset of 14 attributes from the Cleveland database. The 'goal’ field refers to the presence of heart disease in the
patient, It is integer walued from O {no presence) to 4, Experiments with the Cleveland database have concentrated on simply
attempting to distinguish presence {values 1,2,3,4) from absence {value 0},

? | [ 303
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™ Data Table (1) - Orange

Info
303 instances
13 features (0.2 % missing data)
Tardet with 2 values
No meta attributes

Variables
Show variable labels (if present)
[] Visualize numeric values
Color by instance classes

Selection
[ Select full rows

| Restore Criginal Crder

Send Automatically

? B | %1303 B 203303

= O X

diameter narowing  age gender chest pain  rest SBP  cholestersl  fasting blood sugar > 120 rest ECG max HR exetc ind ang ST by exercise  slope peak exc ST jor vessels color thal L)
1 — 63 male typical ang 145 2331 left vent hypertrophy 150 0 2.3 downsloping 0 fixed defect
2 _ 67 male asymptomatic 160 286 0 left vent hypertrophy 108 1 15 flat 3 normal
3 _ 67 male asymptomatic 120 2290 left vent hypertrophy 1291 2.6 flat 2 reversable defect
4 _ 37 male non-anginal 130 250 0 normal 187 0 3.5 downsloping 0 normal
5 _ 41 female atypical ang 130 204 0 et vent hypertrophy . 172 0 7,4.upsloping 0 normal
& _ 56 male atypical ang 120 236 0 “normal . 178 0 D.B.upsloping_ 0 normal
7 _ 62 fernale asymptomatic 140 268 0 left vent hypertrophy 160 0 3.6 downsloping 2 normal
8 _ 57 female asymptomatic 120 354 0 normal 163 1 0.6 upsloping 0 normal
9 _ 63 male asymptomatic 130 254 0 left vent hypertrophy 147 0 1.4 flat 1 reversable defect
10 _ 53 male asymptomatic 140 2031 left vent hypertrophy 1551 3.1 downsloping 0 reversable defect
1 _ 57 male asymptomatic 140 192 0 normal | 148 0 0.4 flat 0 fixed defect
12 _ 56 fernale atypical ang 140 294 0 left vent hypertrophy 153 0 1.3 flat 0 normal
13 _ 56 male non-anginal 130 2561 left vent hypertrophy 142 1 06 flat 1 fixed defect
14 _ 44 male atypical ang 120 263 0 normal 173 0 0.0 upsloping 0 reversable defect
15 _ 52 male non—anginal. 172 1981 normal 162 0 0.5 upsloping. 0 reversable defect
16 _ 57 male non-anginal 150 168 0 “normal 174 0 1.5.upsloping 0 normal
7 _ 48 male atypical ang 110 2280 normal 168 0 ‘I.D.downsloping 0 reversable defect
18 _ 54 male asymptomatic 140 2330 normal 160 0 1.2 upsloping 0 normal
19 _ 48 femnale non-anginal 130 2750 ‘normal 139 0 0.2 upsloping 0 normal
20 _ 49 male atypical ang 130 266 0 normal 1710 0.6 upsloping 0 normal
21 _ 64 male typical ang 110 211 0 left vent hypertrophy 144 1 1.8 flat 0 normal
it _ 58 female typical ang 150 2831 left vent hypertrophy 162 0 1.0 upsloping 0 normal
23 _ 58 male atypical ang 120 284 0 Ieft vent hypertrophy . 160 0 18 flat 0 normal
24 _ 58 male non—anginal. 132 2240 left vent hypertrophf 1730 3.2 upsloping 2 reversable defect
25 _ 60 male asymptomatic 130 206 0 et vent hypertrophy . 132/1 24 flat 2 reversable defect
26 _ 50 fernale non-anginal 120 2130 normal 158 0 1.6 flat 0 normal
27 _ 58 femnale non-anginal 120 340 0 normal 1720 0.0 upsloping 0 normal
5 _ 66 fernale typical ang 150 226 0 normal 114 0 2.6 downsloping 0 normal
et _ 43 male asymptomatic 150 247 0 ‘normal | 1710 1.5 upsloping 0 normal
30 _ 40 male asymptomatic 110 167 0 left vent hypertrophy 1141 2.0 flat 0 reversable defect
3 _ 69 female typical ang 140 239 0 normal 151 0 1.8 upsloping 2 normal
32 _ 60 male as.ymptométic 17 2301 normal 160 1 14 upsloping. 2 reversable defect
|32 64 male non-anainal 140 3350 normal 158.0 0.0 upsloning 0 normal 5l
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Data Sample — Data
\!
\ﬁaﬁ_@-- =
Confusion Matrix

Data Sampler Y3 AF25}7]
| A- rj":Evauation Hesults_:': ofes

Data 1 Day
- e f=|
b . . ) = - - " ara r'l ‘ N
Datasets Data Sampler e e —_ 2 Testand Score
a"’r?fng b 4 ¥ "?”'
a!‘a N N
- ogistPRggression  \ %
[l Data Sampler - .. ? X " & \%,.
Sampling Tvpe —— "'9;9
@ Fixed proportion of data; e '
¥ g e
() Fixed sample size o
— Predictions
Instances: 100 =
[ ] Sample with replacement - _
St=0] AF25H= O|O|E| (Dat mpl - ..
() Cross validation o O“ |-o |-'— 1' | 1 ( ata Sa P e) —E—-ﬁ-oﬂ *|'%5|'E *HE—S— E”Ol E‘| (Remalmng Data)
MWurmber of subsets: (10 : = =
— &% Edit Links - Orange ? X &% Edit Links - Orange ? >
Unused subset: =
() Boaotstrap
Optiong lr. Data Sample Data : \ lr. Data Sample |:| : Data |
Eeplicable fdeterministic) sampling % Remaining Data |:| Fredictors = % Remaining Data Fredictars L]
Data Sampler Fredictions Data Sampler Fredictions
Cancel Clear Al Cancel

[ ] Stratify sample (when possible)
Clear &l

Sample Data

? B | 31303 [3100] 203
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: e i s \ Evaluation Results § v
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Maive Bayes
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odel — Predict

© Cross validation
Numnber of folds:
Stratified

Cross validation by feature

(") Random sampling

Meural Network

o \2 uation Re Jf v
H vien
A X ne

Confusion Matrix

a&lected Dala »
} Data g’f

Data Table

5 v

Model

Logistic Regression

Neural Network

AUC CA Fi

0.895 0.815 0.814
0.889 0.807 0.806
0.884 0.786 0.786
0.757 0.765 0.765
0.693 0.663 0.661

Precision Recall

Compare models by: Area under ROC ¢ ~

q SVM
Repeat train/test: 10~
A - Tree
Training set size: 0%
. kNN
Stratified
() Leave one out
(") Teston train data
(O Teston test data
\\L
\\\f : ‘?‘:u;:<Ll|c;f::; — D::li( D
& —

Predictions

Data Table (1)

() Negligible diff.:

0.1
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253 (Confusion Matrix)

Data Table - Orange

o® Evaluation Results N Selected Data — Data e

A xlae -

sing data)

Test and Score

A% Canfiicinn AMatriy
= Confusion iviatnx -

Learners

Data Table els (if present)
|_J visualize numeric values

Confusion M atrix

Color by instance classes
Orange = O X .
range Selection

Show: Mumber of instances Selectfull JOMS

kNN

Tree

SVM

Logistic Regression
Naive Bayes
Neural Network

Predicted

30 84 114

Actual
-k

> 132 11 243

Predictions ]

Apply Automatically

Probabilities
Select Correct  Select Misclassified  Clear Selection

Restore Original Order

2 B | 3 exee3 [527)243
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=524 1
Positive Negative ROC curve 0 YAK|=2 7|EL 2
Positive True Positive | False Negative TPR-FPRO| HH3IE A|Z+5}8H 2 TPR
SIS FA . (Recall)]| AUC (Area Under Curve)
Negative False Positive | True Negative AUC ROC 2= ofzfo| HH TP
. TP + FN
=258 (Confusion Matrix) 0
0 FPR FP 1
i = HE=3 = Al o .. TP TN + FP
Precision DHEO| Truegtd 252 A SOM AKX True@l A2l H[E  (Precision) =
TP + FP
N TP
Recall AMA True@! A ZUHA 2HO| True2td 0= A9 HIE (Recall) =
TP + FN

Accuracy(CA, HH B MA TrueE True2tn, A = inl i TP + TN

TP + FN + FP + TN

F1 score Precisiond} Recall®| =3|H

1 Precision x Recall
(F1-score) = 2x =2x =
1 . 1 Precision + Recall

Precision  Recall
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Target Class Distribution i J 1
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Datasets

$§ Predictions - Orange - O X
Show probabilities for Classes in data v Restore Original Order
kNN Tree SVM Logistic Regression aive Bayes  Neural Network diameter narrowing H
1 057:043-0 048:052.. 024:076Q 0.38:062 -1 :091.. 049:051 -1
2 029:071-1 075:025.. 092:008Q8 097:003-0 :001.. 096:004-0
3 043:057 -1 003:097.. 0.12:0838Q 004:096—1 :1.00.. 000:1.00-1
4 029:071 -1 0.00:1.00.. 043:0. .  069:031-0 :0.12.. (0.15:085—+1
5 043:057 =1 003:097.. 022:078Q 008:092-1 :084.. 002:098-1
6 057:043-0 1.00:000.. 094:006Q 095:005-0 :001.. 100:000-0
7 057:043-0 100:000.. 060:040Q 052:048-0 :033.. 069:031-0
8 086:014-0 098:002.. 095:0058 097:003-0 :000.. 099:001-0
‘9 071:029-0 0.98:002.. 096:004Q 097:003-0 :000.. 099:001-0
10 086:0.14-0 0.98:002.. 095:0058 096:004-0 :000.. 100:000-0
11 043:057 =1 003:097.. 078:022Q 075:025-0 :0.12.. 079:021-0
12 1.00:000-0 000:1.00.. 073:027Q 086:0.14-0 :003.. 077:023-0
g 13 0.71:029-0 000:100.. 063:037Q 082:0.18-0 :001.. 073:027-0
14 086:014-0 098:002.. 092:008Q 095:005-=0 :000.. 099:001-0
15 0.00:1.00->1 003:097.. 006:094Q 000:1.00-1 :1.00.. 000:1.00-1
16 057:043 -0 098:002.. 087:0.13§ 090:0.10-0 :006.. 098:002-0
17 086:0.14-0 100:000.. 026:074Q 017:083->1 :094.. 004:096-—1
18 043:057 =1 003:097.. 003:097Q 000:1.00-=1 :1.00.. 000:1.00-1
4
’Eﬁ,. Show perfornance scores Target class: (Average over classes) v

Model AUC CA F1  Precision Recall
kNN 0.682 0.633 0.633 0.633 0.633
Tree 0.747 0.800 0.801 0.810 0.800

: Neural Network  0.881 0.817 0.818 0.823 0.817
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File Data Table

0 Fite

Source
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O URL: ‘

Info
Iris flower dataset

150 Instance(s)

4 feature(s) (no missing values)

Classification: categorical class with 3 walues (no missing values)
0 meta attribute(s)

Cdumns (Double click to edit)

Classical dataset with 150 instances of Iris setosa, Iris vrginica and Iris versicolor.

Name Type Role Values
1 sepal length B numeric feature
2 sepal width m numeric feature
3 petal length B numeric feature

Reset
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[ Data Table = X

Info
150 instances (no missing data)
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vViewer
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Scatter Plot  Line Plot Bar Plot Sieve
Diagram
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Distribution =
—________ 2 8
Fitted distribution None V‘ > o g
[ ee—+m
‘ S et
Bin width [l 0.2 i
Smoothing
Hide bars
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Calumns
Split by ‘ @ iris
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[ stack columns
[] show probabilities
[ show cumulative distribution

Apply Autormatically
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Box Plot

Variable

Filter...

@ ins

sepal length
sepal width
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I:l Order by relevance to subgroups

Subgroups

Filter...

None

@ iris

[] order by relevance to variable

Display
Annotate
() No comparison
() compare medians
(®) Compare means

BB | Ao B-150
& Scatter Plot
Axes
Axds @ petal length ~
Axis v @ sepal width ~ ‘
Find Informative Projections |
Attributes

color: I .
Shape: (Same shape) ~
Size: (Same size) ~
Label: (No labels) ~

[ Label only selection and subset

Symbol size | |
Opacity: ]
Jittering: []

[l Jitter numeric values

how color regions

Show legend

[ show aridlines

[] show all data on mouse hover
[] Show rearession line

Treat variables as independent

Zoom/Select
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Send Automatically
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Naive Bayes

Meural Network

— O X
Sampling Ewvaluation Results
Q tross validaticn Model AUC CA  F1  Precision Recall
REBERE A ESE > kNN 0986 0.962 0.962 0963 0962
Biratiied Tree 0946 0922 0.922 0923 0.922
Cross valldat] y
Snber svMm 0996 0949 0949 0949 0949
) / Neural Network 0.902 0.716 0.697 0730 0716
=5 (® d |
& / (82 FRnc o selbling Naive Bayes 0974 0.884 0884 0885 0884
§ ROC Analysis R R L - Logistic Regression 0.996 0.953 0.953 0953 0.953
§ 4 Training set size: 70 % e
P
- - Sirse s, Model Comparison by AUC
e () Leave one out kNN SVM Neural Naive ...
£ \ S () Test on train data kNN
/S = -
/ // Test and Scare \ % O Test on test data
4 f | = Iree
) Target Class
\ S SVM
b % (Average over classes) ¥
. : Neural Network
- Model Comparison
Naive Bay
Area under BOC curve
Confusion Matrix _ Logistic Regre
Negltgible difference: 9.1 -
Table shows probabilities that the scere for the model in the raw is higher than that of the model in the column, Small
~mbers show the probability that the difference is nealigible,
7 Confusion Matrix - O X
x450
Learmers
Show: | Number of instances v
Logistic Regression
SVM Pret
Naive Bayes
Neural Network Iris-setosa Iris-versicolor Iris-virginica ¥
KNN Iris-setosa 50 0 0 50
Tree
= Iris-versicolor 0 47 3 50
. 2
’ < Iris-virginica 0 1 49 50
bl 50 48 52 150
Predictions || Probabilities
ppply Autematicaly Select Carrect Select Misclassified Clear Selection

Test and Score

L Test and Score

2 B | Fexaso B s|150
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