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from IPython.display import display, Image
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import sys
print ("IOIM HF™ :", sys.version)

ool HM™ : 3.8.5 (default, Sep 4 2020, 02:22:02)
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import pandas as pd
print ("HCIA HE ", pd. version )

BOA HE™ 2 1.1.3
import matplotlib

import numpy as np
import scipy as sp
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display(Image(filename='img/iris setosall.png'))
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from sklearn.datasets import load iris

iris = load_iris()
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[5.7, 2.9, 4.2, 1.3],

[6.2, 2.9, 4.3, 1.3],

[5.1, 2.5, 3. , 1.17,

[5.7, 2.8, 4.1, 1.3],

[6.3, 3.3, 6. , 2.5],

[5.8, 2.7, 5.1, 1.97,

[.1r, 3. , 5.9, 2.17,

[6.3, 2.9, 5.6, 1.8],

(6.5, 3. , 5.8, 2.2],

[7.6, 3. , 6.6, 2.17,

(4.9, 2.5, 4.5, 1.7],

[7.3, 2.9, 6.3, 1.8],

(6.7, 2.5, 5.8, 1.8],

[7.2, 3.6, 6.1, 2.5],

[6.5, 3.2, 5.1, 2. 1,

[6.4, 2.7, 5.3, 1.9],

[6.8, 3. , 5.5, 2.1],

[5.7, 2.5, 5. , 2. 1,

[5.8, 2.8, 5.1, 2.4],

[6.4, 3.2, 5.3, 2.3],

[6.5, 3. , 5.5, 1.8],

(7.7, 3.8, 6.7, 2.21,

[7.7, 2.6, 6.9, 2.37],

[6. , 2.2, 5. , 1.57],

[6.9, 3.2, 5.7, 2.31,

[5.6, 2.8, 4.9, 2. 1],

(7.7, 2.8, 6.7, 2. 1,

(6.3, 2.7, 4.9, 1.8],

(6.7, 3.3, 5.7, 2.17,

[7.2, 3.2, 6. , 1.87,

[6.2, 2.8, 4.8, 1.8],

[6.1, 3. , 4.9, 1.8],

[6.4, 2.8, 5.6, 2.17,

(7.2, 3. , 5.8, 1.6],

(7.4, 2.8, 6.1, 1.97],

[7.9, 3.8, 6.4, 2. 1,

[6.4, 2.8, 5.6, 2.2],

[6.3, 2.8, 5.1, 1.5],

[6.1, 2.6, 5.6, 1.4],

(7.7, 3. , 6.1, 2.37],

[6.3, 3.4, 5.6, 2.4],

[6.4, 3.1, 5.5, 1.8],

(6. , 3. , 4.8, 1.8],

[6.9, 3.1, 5.4, 2.17,

(6.7, 3.1, 5.6, 2.4],

[6.9, 3.1, 5.1, 2.3],

[5.8, 2.7, 5.1, 1.97],

[6.8, 3.2, 5.9, 2.3],

(6.7, 3.3, 5.7, 2.5],

(6.7, 3. , 5.2, 2.3],

[6.3, 2.5, 5. , 1.97],

[6.5, 3. , 5.2, 2. 1,

[6.2, 3.4, 5.4, 2.3],

[5.9, 3. , 5.1, 1.811),
'target': array([o, o, o, o, o, o, o, 0, o, 0, 0, 0o, 0, 0, 0, 0o, 0, 0, 0, O,
0, 0,

o, o, o, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, O, O, O, O, O, O, O, O, O,

o, 0, 0, 0, 0,0, 1,1, 1, 1, 1, 1, 1,1, 1,1,11, 1, 1, 1, 1, 1,

i, 1, 1,1,1,1, 1,1, 1,1, 1,1,1,1, 1,1, 1, 1,1, 1, 1, 1,

i, 1,1,1,1,1, 1, 1,1, 11,1,1,2,2,2,2,2, 2,2, 2, 2,2,

2, 2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,

2, 2,2, 2, 2, 2, 2,2, 2,2,2,2,2,2,2, 2,2, 2)]),
'frame': None,
'target names': array([ 'setosa', 'versicolor', 'virginica'], dtype='<U1l0'),
'DESCR': '.. _iris dataset:\n\nIris plants dataset\n--—--——————————— \n\n*
*Data Set Characteristics:**\n\n :Number of Instances: 150 (50 in each of t
hree classes)\n :Number of Attributes: 4 numeric, predictive attributes and
the class\n :Attribute Information:\n - sepal length in cm\n

- sepal width in cm\n - petal length in cm\n - petal width in cm



\n - class:\n - Iris-Setosa\n - Iris-Vers

icolour\n - Iris-Virginicaln \n :Summary Stat
istics:\n\n === === = \n

Min Max Mean SD Class Correlation\n = ============== ==== ==== ======
= ==\n sepal length: 4.3 7.9 5.84 0.83 0.
7826\n sepal width: 2.0 4.4 3.05 0.43 -0.4194\n petal length:

1.0 6.9 3.76 1.76 0.9490 (high!)\n petal width: 0.1 2.5 1.20
0.76 0.9565 (high!)\n ==== = = ==
==========\n\n :Missing Attribute Values: None\n :Class Distribution: 3

3.3% for each of 3 classes.\n :Creator: R.A. Fisher\n :Donor: Michael Ma
rshall (MARSHALL%PLUQio.arc.nasa.gov)\n :Date: July, 1988\n\nThe famous Iri

s database, first used by Sir R.A. Fisher. The dataset is taken\nfrom Fisher

\'s paper. Note that it\'s the same as in R, but not as in the UCI\nMachine Le
arning Repository, which has two wrong data points.\n\nThis is perhaps the bes
t known database to be found in the\npattern recognition literature. Fisher

\'s paper is a classic in the field and\nis referenced frequently to this day.
(See Duda & Hart, for example.) The\ndata set contains 3 classes of 50 instan
ces each, where each class refers to a\ntype of iris plant. One class is line
arly separable from the other 2; thel\nlatter are NOT linearly separable from e

ach other.\n\n.. topic:: References\n\n - Fisher, R.A. "The use of multiple
measurements in taxonomic problems"\n Annual Eugenics, 7, Part II, 179-188
(1936); also in "Contributions to\n Mathematical Statistics" (John Wiley,
NY, 1950).\n - Duda, R.0., & Hart, P.E. (1973) Pattern Classification and Sc
ene Analysis.\n (0327.D83) John Wiley & Sons. ISBN 0-471-22361-1. See pa
ge 218.\n - Dasarathy, B.V. (1980) "Nosing Around the Neighborhood: A New Sy
stem\n Structure and Classification Rule for Recognition in Partially Expo
sed\n Environments". IEEE Transactions on Pattern Analysis and Machine\n
Intelligence, Vol. PAMI-2, No. 1, 67-71.\n - Gates, G.W. (1972) "The Reduced
Nearest Neighbor Rule". IEEE Transactions\n on Information Theory, May 19
72, 431-433.\n - See also: 1988 MLC Proceedings, 54-64. Cheeseman et al'"s A
UTOCLASS II\n conceptual clustering system finds 3 classes in the data.\n
- Many, many more ...',
'feature names': [ 'sepal length (cm)',

'sepal width (cm)',
'petal length (cm)',
'petal width (cm)'],
'filename': '/Users/toto/Documents/anaconda3/lib/python3.8/site-packages/skle
arn/datasets/data/iris.csv'}

# iris LCJOIE] XS] keyal=
print( type(iris) )

print(iris.keys()) # iris’t J1& gtE
print(iris['target names']) # TZ9 label9 ZTEY
print(iris['target']) # ZE9 ZF9 labell i
print(iris['data']) # ZEo ol FHHEO g 7*

<class 'sklearn.utils.Bunch'>

dict _keys(['data', 'target', 'frame', 'target names', 'DESCR', 'feature name
s', 'filename'])
[ 'setosa' 'versicolor' 'virginica']
[OOOO0DO0O0O00ODO0O0OOO0OOOOOOOOOOOOOOOOOOOOOOOOOO
oo0o0o00000OO0OOO0O0OBOI1I1I11I1I11II111II11II1I11II1I1I1II11I1111
1111111111111111111111111122222222222
2222222222222222222222222222222222222
2 2]
[[5.1 3.5 1.4 0.2]
[4.9 3. 1.4 0.2]
[4.7 3.2 1.3 0.2]
[4.6 3.1 1.5 0.2]
[5. 3.6 1.4 0.2]
[5.4 3.9 1.7 0.4]
[4.6 3.4 1.4 0.3]
[5. 3.4 1.5 0.2]
[4.4 2.9 1.4 0.2]
[4.9 3.1 1.5 0.1]
[5.4 3.7 1.5 0.2]
[4.8 3.4 1.6 0.2]
[4.8 3. 1.4 0.1]
[4.3 3. 1.1 0.1]
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iris[ 'DESCR']
'".. _iris dataset:\n\nIris plants dataset\n---————-—————————— \n\n**Data Set
Characteristics:**\n\n :Number of Instances: 150 (50 in each of three class
es)\n :Number of Attributes: 4 numeric, predictive attributes and the class
\n :Attribute Information:\n - sepal length in cm\n - sepal w
idth in cm\n - petal length in cm\n - petal width in cm\n
- class:\n - Iris-Setosal\n - Iris-Versicolour\n
- Iris-Virginica\n \n :Summary Statistics:\n\n ==========
=== ===== ==\n Min Ma
b4 Mean sD Class Correlation\n ============== ==== ==== ======= =====
==\n sepal length: 4.3 7.9 5.84 0.83 0.7826\n
sepal width: 2.0 4.4 3.05 0.43 -0.4194\n petal length: 1.0 6.9
3.76 1.76 0.9490 (high!)\n petal width: 0.1 2.5 1.20 0.76
0.9565 (high!)\n = = ===
==\n\n :Missing Attribute Values: None\n :Class Distribution: 33.3% for
each of 3 classes.\n :Creator: R.A. Fisher\n :Donor: Michael Marshall (M
ARSHALL%PLU@io.arc.nasa.gov)\n :Date: July, 1988\n\nThe famous Iris databas
e, first used by Sir R.A. Fisher. The dataset is taken\nfrom Fisher\'s paper.
Note that it\'s the same as in R, but not as in the UCI\nMachine Learning Repo
sitory, which has two wrong data points.\n\nThis is perhaps the best known dat
abase to be found in the\npattern recognition literature. Fisher\'s paper is
a classic in the field and\nis referenced frequently to this day. (See Duda &
Hart, for example.) The\ndata set contains 3 classes of 50 instances each, wh
ere each class refers to a\ntype of iris plant. One class is linearly separab
le from the other 2; the\nlatter are NOT linearly separable from each other.\n

\n.. topic:: References\n\n - Fisher, R.A. "The use of multiple measurements
in taxonomic problems"\n Annual Eugenics, 7, Part II, 179-188 (1936); also
in "Contributions to\n Mathematical Statistics" (John Wiley, NY, 1950).\n
- Duda, R.O., & Hart, P.E. (1973) Pattern Classification and Scene Analysis.\n
(0327.D83) John Wiley & Sons. ISBN 0-471-22361-1. See page 218.\n - Dasara
thy, B.V. (1980) "Nosing Around the Neighborhood: A New System\n Structure
and Classification Rule for Recognition in Partially Exposed\n Environment
s". IEEE Transactions on Pattern Analysis and Machine\n Intelligence, Vo
1. PAMI-2, No. 1, 67-71.\n - Gates, G.W. (1972) "The Reduced Nearest Neighbo
r Rule". IEEE Transactions\n on Information Theory, May 1972, 431-433.\n
- See also: 1988 MLC Proceedings, 54-64. Cheeseman et al"s AUTOCLASS II\n
conceptual clustering system finds 3 classes in the data.\n - Many, many mor
e ...'

print( iris['data'].shape ) # iris GJO/E{9] 'data'9l Zl0] 7tAl= gL =0l

print( iris['feature names']) # iris LGfO/E A°| L|XO]E =9I

print( iris['data'][:5]) # 572 HjojE =+l

print( iris[ 'target names'][:5])

print( iris['target'][:51])

(150, 4)

[ 'sepal length (cm)', 'sepal width (cm)', 'petal length (cm)', 'petal width (c
m) "]

[[5.1 3.5 1.4 0.2]

[4.9 3. 1.4 0.2]

[4.7 3.2 1.3 0.2]

[4.6 3.1 1.5 0.2]

[5. 3.6 1.4 0.2]]

['setosa' 'versicolor' 'wvirginica']

[00 00 0]

-

H|0[E{e] 27| =kl

o G[O|E{2| AtO|= 2

=

o CIO|E{2 Xt=g =t

ro

| : 4[O|E{.shape
| type(CIOIE X2 )

o)

r

print(iris['target'].shape) # E/Z!
print(iris[ 'data’'].shape)
print(type(iris[ 'target']) , type(iris['data']l) )

(150,)
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from sklearn.model selection import train test split

X = iris['data']
y iris[ 'target']

X train,

# ClJOJE] AfO|=

print(X_train.shape) # =& LJO/E K AfO[=
print (X _test.shape) # E|AE LGJOJE] Al AfO[=
print(y_train.shape) # 221 GJOJE] 2o]E AfO[=X
print(y test.shape) # E|AE CJOJEl Bo]S AfO[=X
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import seaborn as sns
print(iris['feature names']) TEOl £} ZEHRIO| feature Ol

[ 'sepal length (cm)',
m) "]

iris_df = pd.DataFrame

iris df[ 'species'] = y_

X test, y_train,

'sepal width (cm)',

y_test = train test split(X, y,

(X_train, columns=iris.feature names)

train
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random_state=0)
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iris df['species'] = iris df[ 'species'].astype( 'category') # AlEg B3t
iris_df.head()

sepal length (cm) sepal width (cm) petal length (cm) petal width (cm) species

0 5.9 3.0 4.2 1.5 1
1 5.8 2.6 4.0 1.2 1
2 6.8 3.0 5.5 21 2
3 4.7 3.2 1.3 0.2 0
4 6.9 31 5.1 2.3 2

print(iris_df.shape)
print(iris_df.info())

(112, 5)

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 112 entries, 0 to 111
Data columns (total 5 columns):

# Column Non-Null Count Dtype

0 sepal length (cm) 112 non-null floaté64
1 sepal width (cm) 112 non-null floaté64
2 petal length (cm) 112 non-null floaté64
3 petal width (cm) 112 non-null floaté64
4 species 112 non-null category

dtypes: category(l), float64(4)
memory usage: 3.8 KB
None

seabornE &% ME T AE &0l

sns.pairplot(iris df.iloc[ : ,0:4]1) # 1-4Z ME

<seaborn.axisgrid.PairGrid at 0x7f850ad86ac0>



) L]
....
.
E ... L] i ' [ ]
=S o2 e RA [T}
":Eh a0 el ® e
5 11 .'. ‘
= * . &8s s
% PO
[=%
o *Sens .
“ 1= . H -
-"
T T
45 1 1 1 1
-
40 1% .
= ae (1] - e
= 357 - (1] 1 ==o * [ 1]
E=| . _» e H
=2 e 4w . . L)
= 30 A st Er & |38 suEsess shes
B AR P R
z . . HE )
25 1 a_ W @ E 88 eee
LN ] *e
"% . . .
20 1 . g .
71 . 1 ® . 1 set®
4 L J . . J . .
E s sodgley «f gl
5 51 o 5483 { e ods st ] s o2fs @
= . - ﬁ;.h . [ ] .: .'.. !ﬁ.:-
24l 1, -'s:i' 1 i.i:
53] e 1 " 1 *
[=%
2 g |
. o -
L | oo, o PRt . IF
T T T T T T T T T
25 ] E L] E -
-.-.Eu . mi:- o
-1 - ..". L L ] E “m ...
— 20 e - -
E ©o see @ b e
= . as " » %L* &
15 4 we e { e E .8 e
g w "ui " ' -4
lE L] - e L ] ‘-.
= 10 4 ©w s {e  # e g e »
]
L . . .
u's 1 = LN ] 1 LN ] - 1 .=
L) [ ] (1] L] (i ]
» SIIOISNIEE @ sasessees @ i 1)
. we 1 . .
[H] T T T T T T T T T
5 B 7 B 2 3 4 4 B ] 1 2

sepal length [cm)

PandasZ 0|28 MH

pd.plotting.scatter matrix(iris df, c=y train,

array ([ [<AxesSubplot:xlabel="'sepal
<AxesSubplot:xlabel="'sepal
<AxesSubplot:xlabel='petal
<AxesSubplot:xlabel='petal
[<AxesSubplot:xlabel='sepal
<AxesSubplot:xlabel='sepal
<AxesSubplot:xlabel='petal
<AxesSubplot:xlabel='petal
[<AxesSubplot:xlabel="'sepal
<AxesSubplot:xlabel="'sepal
<AxesSubplot:xlabel='petal
<AxesSubplot:xlabel='petal
[<AxesSubplot:xlabel='sepal
<AxesSubplot:xlabel='sepal
<AxesSubplot:xlabel='petal
<AxesSubplot:xlabel='petal

dtype=object)

L=

sepal width {cm)

o]
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fol

A

J

petal length {cm)

petal width {cm)

# M
figsize=(15,15), # 37/
marker='o', # HA|
hist kwds={'bins':20}, # Bicfol 4=
s=60, # size
alpha=0.8 ) # FZk

length (cm)', ylabel='sepal length (cm)'>,
width (cm)', ylabel='sepal length (cm)'>,
length (cm)', ylabel='sepal length (cm)'>,
width (cm)', ylabel='sepal length (cm)'>],
length (cm)', ylabel='sepal width (cm)'>,
width (cm)', ylabel='sepal width (cm)'>,
length (cm)', ylabel='sepal width (cm)'>,
width (cm)', ylabel='sepal width (cm)'>],
length (cm)', ylabel='petal length (cm)'>,
width (cm)', ylabel='petal length (cm)'>,
length (cm)', ylabel='petal length (cm)'>,
width (cm)', ylabel='petal length (cm)'>],
length (cm)', ylabel='petal width (cm)'>,
width (cm)', ylabel='petal width (cm)'>,
length (cm)', ylabel='petal width (cm)'>,
width (cm)', ylabel='petal width (cm)'>]],
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from sklearn.neighbors import KNeighborsClassifier

model = KNeighborsClassifier(n_neighbors=2) # 27(° 0|25 7/=

SIA
DA stSAI7]7]
model.fit(X train, y_ train)

KNeighborsClassifier(n_neighbors=2)
SHLt2| Ci|OJE{ = o =3l 27
X new = np.array([[5, 2.9, 1, 0.2]])

### OIFAIZ]7]



pred = model.predict(X_new)

pred_targetname = iris|['target names'][pred]
print ("0l : ", pred)
print ("0I58t EfZl2| O|F: ", pred targetname)

[

ek Ef2

o
—

JI)I' Jl)l'

o

O|Z: ['setosa']

08 L7} 2= 2 HItst7|
y_pred = model.predict (X test)
print("0|5Zt :\n", y pred)

Oll=2k

[2102020111211110110021002001102102210
2]

Jl

print ("E|IAE MES| FET : {:.2f}".format(np.mean(y pred == y test)))
EHIAE MEZS| F&T : 0.97

aadl 271
* titanic HIOJE AE B85{0f knn RHS P33 E}
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