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3. Kaggle Iris Species dataset

KaggleAtO| E 9| Iris Species dataset Y+

Q Competitions Datasets Kernels Discussion Jobs e«

@ Reviewed Dataset

Iris Species
Classify iris plants into three species in this classic dataset

k Visualizing KNN, SVI x Agggeza - X

uci

3 { & C' | & 2HHg | https//www.kaggle.com/mgabrielkerr/visualizing-knn-svm-and-xg
ML UCI Machine Learning - last u e

ost-on-iris-dataset/data & :

Gabriel Kerr 77
Data Kernels Discussion Visualizing KNN, SVM, and XGBoost on Iris Dataset voters
last run 9 months ago - Python notebook - 9870 views @

using data from Iris Species - @ Public

Tags
- Notebook Code Data Comments (15)  Log Versions(12)  Forks (153) Fork Notebook

=y < Data
Top Contributors > Ker
Iris Species Iris Species
Ben Hamner 1st Pytl database.sqlite Classify iris plants into three species in this classic dataset
Iris SO s e e ey
Iris.csv
. . P Dec I
Anisotropic 2nd About this D
The Iris dataset was used in R.A. Fisher's classic 1936 paper, The Use of Multiple Measurements in

G Vi Taxonomic Problems, and can also be found on the UCI Machine Learning Repository.
e e 4 ] ISt

Gabriel Kerr 3rd

It includes three iris species with 50 samples each as well as some properties about each flower. One
flower species is linearly separable from the other two, but the other two are not linearly separable from
each other.

The columns in this dataset are:

o Id

- SepalLengthCm
« SepalWidthCm
» PetalLengthCm
« PetalWidthCm
- Species

https://www.kaggle.com/mgabrielkerr/visualizing-knn-svm-and-xgboost-on-iris-dataset



3. Kaggle Iris Species Case

Kaggle Iris Species dataset visualization At2]l - KNN, SVM, XGBoost

Search kaggle o} Competitions Datasets Kernels Discussion Jobs se- -

Gabriel Kerr 75
Visualizing KNN, SVM, and XGBoost on Iris Dataset Joters
last run 8 months ago - Python notebook - 9448 views @

using data from Iris Species - @ Public

Notebook Code Data(l) Comments(15) Log Versions(12) Forks(153) Fork Notebook

Notebook

Here we use Python to visualize how certain machine learning algorithms classify certain data points in the Iris dataset.
Let's begin by importing the Iris dataset and splitting it into features and labels. We will use only the petal length and
width for this analysis.

These visualizations and their code can be found in Sebastian Raschka's book, Python Machine Learning.

In [11:
# Import data and modules

import pandas as pd

Import numpy as np

from sklearn import datasets

¥ovlab inline

pylab. rcParams[ ' figure. figsize'] = (10, 6)

https://www.kaggle.com/mgabrielkerr/visualizing-knn-svm-and-xgboost-on-iris-dataset
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1. H20 &4 Approach
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2. H20 |5 Model

Elz|d, GBM S 12712] ¥1n2|& MEi7}s..

B = - SAINT % W Booz Data Science x ' #% Wireless x ( B (57) XwMOQC R I x { [} Download H20 3. x / [§ H20 Flow x \ k Visualizing KNN, © x Aeos1 - hS
J \

o
i)
s

C' | ® localhost:54321/flow/indexhtml

H,O FLOW Flow ~ Cell- Data~ Model ~ Score~ Admin~ Help-

Untitled Flow Cradient Boosting Machine ¥
ODEe B ++ ¥ = 3A0B >3 Hr» 0 ilﬂ_lgﬂrilhmj

L PRSICTTIE - RIS )

o o e OUTLINE  FLOWS cLips HELP
hm:| Gradient Boosting Machine A 1 'ﬁlﬁgr Egalﬂr

r
Selectan alg'

{Algorithm)

PARAMETE:ES Aggregator : I::l:tp L.Ea.r |-|i GRID? QHE|D L
Deep Learning PP . : I |E
Distributed Random Forest 31C Qestination id fdr ated if not specified. q Using Flow far the first time?

X Gradient Boosting Machine | Ihofthetraming(a r‘ﬁllﬁtributﬁd Ft."ll'll.'ll:!ll'l'l Fﬂrﬂ&t

Generalized Linear Modeling [®4 Quickstart Videos

vali . . Il of the validatic® o000
Generalized Low Rank Modeling - - -
K-means P’umberoffoldsfor K-fold cross-v. udation (0 to disable or == Z). Gradlent Bmlr“ Hm_hlm
resy Naive Bayes Response variable column, Or, view example Flows to explore and learn

o el Components s | Generalized Linear Modeling
o ) { Generalized Low Rank Madeling i
K-means S,
oy | Nakve Bayes
R Principal Components Analysis
{ Stacked Ensemble
Ward2Vec N

I'E Flow packs are a great way to explore and
RS O w A e o learn H;0. Try out these Flows and run them
inyour browser.
Browseinstalled packs...

STARH20 0N GITHUE!

e~ M

SepallengthCm
SepalWidthCm

.. Building Mo

« ...Making Predictions

[ All 0 None
- —— -

: Orlyshow columnswith more than 0 % missingvalues : .
: ignore_const_cols # Ignore constant columns. 1 . Routes
1 ntrees 50 Number of trees. : « Schemas
1 max_depth 5 Maximum tree depth. 1

: min_rows 10 Fewest allowed (weizghted) observations inaleaf. :

1 nbins 20 For numerical columns (real/int), build a histogram of (at least) this many bins, then split at the best peint 1

: seed -1 Seed for pseudo random number generator (if applicable) :

1 learn_rate 0.1 Learning rate {from 0.0 to 1.0) 1

: sample_rate 1 Row sample rate per tree (from 0.0 to 1.0) :

1 col_sample_rate 1 Column sample rate (from 0.0 to 1.0) 1 -

Connections: 0 H,0

RF 1221
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) FAl, EdeT : Rectifier, 5| =2{0]0{ 200,200 epochs 100
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100

*VARIABLE IMPORTANCES

3

PetalWidthCm
Petallengthim

(=]

scaled_importance

* TRAIMNING METRICS - CONFUSION MATRIX ROW LABELS: ACTUAL CLASS; COLUMMN LABELS: PREDICTED CLASS

Iris-setosa  Iris-versicolor | Iris-wirginica Error @ Rate
Iris-setosa 58 B o] a 8 J 50
: Iris-versicolor @ @ 42 2 8.1688 8 J/ 5@ :
I Iris-virginica @ s 45 @.0800 4 / 50 |
i i ittt b ittt 8.0800 12 / 150
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£ petalWidthCm PetalWidthCm @.9889 1 @.9889 B.2776 ,
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- T : 1
: = SepalWidthCm @8.7778 1 @.7778 @.2184 :
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* TRAIMING METRICS - CONMFUSION MATRIX ROW LABELS: ACTUAL CLASS; COLUMMN LABELS: PIN

Iris-setosa  Iris-versicolor  Iris-wirginica Error . Rate
Iris-setosa 5@ @ o} a @ f 58
Iris versicolor 8 2 e ST -1 I
| Iris-virginica @ 13 37 9.2600 12 / 50 |
Total se e Ta3r 07T o.es67 13/ 18 . ooTTTmmmmmmTT
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e i i o o s i B o o o e e e
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Total 58 49 51 0.8067 1 / 158

-13 -



3. H20 &AM
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3.H20 &M -E - POJO

MdEl Model= POJO(Plain Old Java Object)3 E Export 7|
= Z|A} LR H|=L|A ProcessO POJOZ E Porting Mg 7}57d!

B & - SAINT 3 Booz Data Scic x ( #% Wireless x ( B (57) XwMOOC x { [3 Download H2¢ x / [4 H2O Flow x \ k Visualizing KN/ x { W Plain Old Java x X
C' | @ localhost:54321/flow/index.html :
Hzo F Data~ - Score~ Admin= Help=
Untitled Flow
0O = + 4+ ¥ AR XS T N O »
0 ————— - - - OUTLINE FLOWS CLIPS HELP
! i
* PREVIEW POJO
1 < Help

Using Flow for the first time?

[84 Quickstart Videos

Or, v
H,0.

ample Flows to explore and learn

STAR H2O ON GITHUB!

) star 2,762

o o GENERAL

* FlowWebUI...

<. genmodel
«.genmodel.annotations.ModelPojo;

EXAMPLES

{ return hex. o delCatego-y Multinomial; } Flow packs are a great way to explore and
learn HpO. Try out these Flows and run them
in your browser.

Browse installed packs...

{ return true; }

Hz0 REST API
-VALUES;
* Routes

® Schemas

String[10] ¢ String[10] {
null,
null,
null,

Connections: 0 HID
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