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@EHTBT—321): iris po':ed

Sepal.Length Sepal.Width Petal.Length Petal. Width Species
0.1 3.5 1.4 0.2 setosa
4.9 3.0 1.4 0.2 setosa
4.7 3.2 1.3 0.2 setosa
4.6 3.1 1.5 0.2 setosa
2.0 3.6 1.4 0.2 setosa
2.4 3.9 1.7 0.4 setosa
4.6 3.4 1.4 0.3 setosa

o Taui—DHBI R HTETRRN T H=OIZFNBLE=7YAD RiEHFE
(Species: setosa. versicolor, virginica) [ZB§ 9 5T —4
= LUTD 4 EHEHRAETHELTTVADREEZHIFILESELT

o TV ADHLDKE(Sepal.Length)
o TYXADHILDIE (SepalWidth)

o FXYADIEFNDE X (Petal.Length)
o TYADIEFNDIE (PetalWidth)

Graphic by (c)Tomo.Yun (http://www.yunphoto.net)



FHTBT—HR2): ToothGrowth

EILEYMZI VC(EARZSLC) XL OJA LDV —R) &
EZ-FHOEOREIZHARS

e len;: ®&(mm)

 supp: Y7 DFEFE(VC XIF 0J)
» dose: FH= (0.5mg, 1.0mg, 2.0mg)

len supp dose
4.2 VC 0.5
11.5 VC 0.5
1.3 VC 0.5
27.3 oJ 2
294 oJ 2
23 oJ 2
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@I ET7—X3): DEP "

¢ IDW/EEOTWSABBIAUIZEFAEZTITOI-1ZR.
QOL®D R #1ZHIE
« QOL(Quality of Life'iiﬁa)fé)a),my& lxlTGDTJ"T rEZX
F-oTEHIAICEIZLTELL., REMIEBTCRZEL-E S
EitL-2D%E S i,%%é/u@;ﬁ%ﬂt‘g*é

LTFESHLY  HEYLSTIHESLZLY DPOUTIEES WTIEkES

No A (1/45) (2R) (3R) (4R)
1 REEICESAB @
2 EAEIEXZERRLL @

3 FR/ESIZITEREL O
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T ET7—X3): DEP DE# "
- GROUP:EH|DiEE (A, B, C)
* QOL:QOL MEHE(HE)= HBMAKREVLVANERL
 EVENT:-HEDEHEE(1:HWEHY, 2:HEHL)
= QOLD R#M 5 gL L THAGEEEREHY1ETH
- DAY &=HARM (#E, B{I(dH)
« PREDRUG:FIAEREDEFE (YES: hDABEEDZRSEE®RHY.
NO: 5L 1=_&7%L)
« DURATION: #EJmEAfE ($fE, BEALIXE)
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import numpy

import pandas

import matplotlib.pyplot
import seaborn

as
as
as
as

e CSV IJ7AILHBLRAIAH

tg
dep
iris

iris
iris
iris

.loc[iris['SP']
.loc[iris['SP']
.loc[iris['SP']

= pd.read_csv('./tg.csv")
= pd.read_csv ('./dep.csv'")
= pd.read_csv('./iris.csv',

header=0,

names=['SL','SwW', 'PL', '"PW', 'SP"'])

'setosa’,
'versicolor', 'Y'] =
'virginica',

'Y']

va] —

int (1)
int (2)
int (0)
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F—RTL—L (DataFrame) D ERL po':red

«  Google Drive + Colab [ZT CSV J7AMILEFHAATIZE

RARSAT > ML~

|

‘E‘J-Ilj '1.'.I A==

[
1

B iris.csv

[

Untitled0.ipynb

1. FSATDIOUNEITI(TEEEEITHE . access code &
ABALTEEEZITOFIEALFEET H)

from google.colab import drive
drive.mount ('/content/drive")

2. BIBEMDAETHMAH

tg = pd.read_csv('./tg.csv')
dep = pd.read_csv('./dep.csv')
iris = pd.read_csv('./iris.csv', header=0,

names=['SL', 'SW', 'PL"', "PW', "SP"'])
(LR, RTE &R L] 8




python

=& Colab DIEMICTEEHL HEELEF po':red

« REFRELTAMTLT I T 3L —LZER

import 10

tmp = """len, supp, dose
4.2,VC,0.5
11.5,VvC,0.5

ooooooooooooooooooooooooooooooooo

tg = pd.read_csv(io.StringIO (tmp))

"""Sepallength, SepalWidth,Petallength,PetalWidth, Species
.4,0.2,setosa
0.2, setosa

ooooooooooooooooooooooooooooooooo

iris = pd.read_csv(io.StringIO(tmp), header=0,

names=['SL','SwW', 'PL', '"PW', 'SP'])
iris.loc[iris['SP']=="'setosa' 'Y'] = int (1)
iris.loc[iris['SP']=—'ver81color', 'Y'] = int (2)
iris.loc[iris['SP']=='virginica', 'Y'] = int (0)
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T—XTL—LDEF

BE% FH95L0
DataFrame.abs() fExHE
DataFrame.corr(method={'pearson’, kendall’,spearman’})  |fBEH{%%K
DataFrame.count() JERBDIED E
DataFrame.cov() HHEL
DataFrame.describe(percentiles=[.25, .5, .75]) Bt =
DataFrame.max() > PN}
DataFrame.mean() F5{E
DataFrame.median() bR {iE
DataFrame.min() &/IME
DataFrame.mode() =AE(E
DataFrame.quantile(q=0.5) AR N~
DataFrame.round(decimals=0) A&
DataFrame.sum() BEHE
DataFrame.std() BERE
DataFrame.var() MR ER

DataFrame.nunique()

ERETRO-EDEE

X G # axis=0 TIFI(BZEH) [T DOWTIENZITO. FEAEDEYBTIEESRE
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pd.set_option('precision',

iris.iloc[:,0:4] .mean ()

2) # INRR2HTE TORRIC

iris.iloc[:,0:4] .describe (percentiles=[.25, .5, .75])
iris.iloc[:,0:4] .quantile(g=[0.05,0.95])

HEBDFIIE BEEHDOENREE (WA EMNS)

B 5% . 95% 5

sl .84 SL
N 3.0k count 150.00
L 3.7k mean  5.84
P .20 std 0.83
dtvpe: floathd)| |

25%  5.10

50%  5.80

75% 6.40

max 7.90

i
150.00
3.06
0.44
2.00
2.80
3.00
3.30

4.40

PL
150.00
3.76
1.77
1.00
1.60
4.35
5.10

6.90

P
150.00
1.20
0.76
0.10
0.30
1.30
1.80

2.50

sL s# PL PH
0.05 460 2.34 1.3 0.2

095 7.25 3.80 6.1 2.3

12
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* groupby() T. HAEHDHTI) (supp) ZEICERZITD

tg.groupby ('supp') .agg({'dose': 'nunique', 'len': ['mean', 'std']})
.reset_index ()

supp dose len
nunique mean std
0 0] 3 20.66 6.61

1 VC 3 16.96 8.27

tg.iloc[:,0:2] .groupby('supp') .describe (percentiles=[.25, .5, .75])

len

count mean std min 25% ol%  7H% max
sSupp
0] 30.0 2066 6.61 8.2 1552 22.7 25.73 3059

VC 30.0 16.96 8.27 4.2 11.20 16.5 23.10 33.9 13



T—XTL—LDEF

VARERE

/—~

172

python

3

powered

tb = pd.crosstab(tg['supp']l, tgl['dose'l]) # TITEH, JNEHIDIEE
dose 0.5 1.0 2.0
sSupp
0] 10 10 10
VC 10 10 10
tb = pd.crosstab(tg['supp'], tg['dose'],
margins=True, margins_name='Total') # AEH{T-&5t5IZEM
dose 0.5 1.0 2.0 Total
Supp
0l 10 10 10 30
VC 10 10 10 30
Total 20 20 20 60

14
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« FRX5[4,4.5)[4.5,5).. FEmZzEARmZEFTT

plt.hist (iris.SL, bins=8, range=(4, 8))
plt.title('Title', size=16, color='red') # A4 kI
plt.xlabel ('Sepal Length', size=12) # xBHDAN)L
plt.ylabel ('Frequency', size=12) # vEHDAN)L
plt.xlim (4, 8) 4 < B0 FH
plt.ylim (0, 395) # yEROD B
plt.grid() # J1)w R
plt.show ()

Title

G 8 B ¥ H

Frequency

40 45 5.0 55 6.0 6.5 7.0 75 8.0 1 5
Sepal Length
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iris.SL.plot (kind='kde")
plt.title('Title', size=16, color='red') # A4 kI
plt.xlabel ('Sepal Length', size=12) # xBHDAN)L
plt.ylabel ('Desntiy’, size=12) # vEHDAN)L
plt.xlim(3, 9) # xEhODE B
plt.ylim (0, 0.5) # vERODEH
plt.grid() # J1)w MR
plt.show ()
Title

Desntiy

Sepal Length
16
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1D BT —5: BOLE e

plt.boxplot (iris.SL)
plt.title('Title', size=16, color='red') # A4 kI
plt.xlabel ('Sepal Length', size=12) # xBHDAN)L
plt.ylabel ('Frequency', size=12) # vEHDAN)L
plt.ylim (0, 10) # vERODEH
plt.grid() # J1)w MR
plt.show ()

o Title

8- L
& ¥
g . T
v

5

1
Sepal Length

17
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iris.iloc[:,0:2] .corr ()
g = sns.lmplot (x="SL", y="SW", data=iris)
plt.show (qg)

sL By
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5w -0.12 1.00

45 A
Q
L ]
o
40 1 L]
[}
o o ®
e oo
e oo o
35 - eee o
© @ e00 @ ® o0
o0 o 5]
% o 00 o @ o o000 o
T ve— e o o
30 e 0o e oo i??‘“"v.o—_sl___g!__
L J [ole) 20000 o ©
00 0009 L J L ] le]
@ e 9 o oo
e o0 o [}
25 - e o0 oo0 o o
© )
) ) ) )
o0
20 1 ®
45 50 55 6.0 6.5 7.0 15 '| 8




python

2O BT —4 MR TEEE R e

g = sns.pairplot(iris.iloc[:,0:4])
plt.show (g)
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r = iris.iloc[:,0:4].corr () # cov()[ZTHEHELE
print (r) # ET7Y U OMEERE

sns.heatmap (r, annot=True, fmt='.2f', cmap='Blues',
vmin=-1, vmax=1)

-100

L G FL P
sLo .00 -0.12 0.87 0.82
s -0.12  1.00 -0.43 -0.37
PL 0.87 -0.43 1.00 0.468
P 0.82 -0.37 0.96 1.00

-0.75

-0.50

-0.25

=-0.00
- -0.25
- -0.50
--0.75

--1.00

> cmap(colormap)IZDULNT — hitps://matplotlib.org/3.1.0/tutorials/colors/colormaps.html 20
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« ERTTOEIEEE Bk Kl
(T 74 ILED5|EUE loc=0, scale=1 ) beta() Beta )%
: — |\
from scipy import stats chi20) AA =AM
expon() Aol
dnorm = stats.norm.pdf (0) 4 BE fO F 9%
pnorm = stats.norm.cdf (1.96) # Tlﬁf norm() TN
gnorm = stats.norm.ppf (0.975) # A
t() t 7%
uniform() — 4k (GEH#r)
e  TFHESFIZHSIELE bernoulli() Bernoulli 7371
- — binom() —IBNfH
np.random. seed (seed=777) # — FEXTE ceom() L AN F
r = stats.norm.rvs (loc=0, scale=1, PP
size=5, random_state=777) hypergeom() ek
nbinom() BEOZIED
poisson() Poisson 43*%f
: ke INF (T
e )7L 2R :Statistical functions (scipy.stats) randint( P 4 (BERK)

https://docs.scipy.org/doc/scipy/reference/stats.html 22
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rvs(loc=0, scale=1, size=1, random_state=None)

Random variates.

pdf(x, loc=0, scale=1)

Probability density function.

logpdf(x, loc=0, scale=1)

Log of the probability density function.

cdf(x, loc=0, scale=1)

Cumulative distribution function.

logcdf(x, loc=0, scale=1)

Log of the cumulative distribution function.

sf(x, loc=0, scale=1)

Survival function.

logsf(x, loc=0, scale=1)

Log of the survival function.

ppf(q, loc=0, scale=1)

Percent point function (inverse of cdf — percentiles).

isf(q, loc=0, scale=1)

Inverse survival function (inverse of sf).

moment(n, loc=0, scale=1)

Non—central moment of order n

stats(loc=0, scale=1, moments="mv’ )

Mean('m’), variance('v’), skew(’s’), and/or kurtosis(k’).

entropy(loc=0, scale=1)

(Differential) entropy of the RV.

fit(data)

Parameter estimates for generic data.

expect(func, args=(), loc=0, scale=1, Ib=None, ub=None, ...)

Expected value of a function (of one argument).

median(loc=0, scale=1)

Median of the distribution.

mean(loc=0, scale=1)

Mean of the distribution.

var(loc=0, scale=1)

Variance of the distribution.

std(loc=0, scale=1)

Standard deviation of the distribution.

interval(alpha, loc=0, scale=1)

Range that contains alpha percent of the distribution

23
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Fi&

f oneway(*args[, axis])

One—way ANOVA.

pearsonr(x, y)

Pearson’s r and p—value for testing non—correlation.

ttest_1samp(a, popmeanl, axis, nan_policy])

T—test for the mean of ONE group of scores.

ttest_ind(a, b[, axis, equal_var, nan_policy])

T-test for the means of two independent samples of scores.

ttest_ind_from_stats(meanl, std1, nobs1, --*)

T—test for means of two independent samples from descriptive
statistics.

ttest_rel(a, b[, axis, nan_policy])

T—-test on TWO RELATED samples of scores, a and b.

chisquare(f obs[, f exp, ddof, axis])

One—way chi—square test.

mannwhitneyu(x, y[, use_continuity, alternative])

Mann—Whitney rank test on samples x and v.

ranksums(x, y)

Wilcoxon rank—sum statistic for two samples.

wilcoxon(x[, y, zero_method, correction, **-])

Wilcoxon signed-rank test.

kruskal(*args, **kwargs)

Kruskal-Wallis H-test for independent samples.

friedmanchisquare(*args)

Friedman test for repeated measurements.

bartlett(*args)

Bartlett’ s test for equal variances.

binom_test(x[, n, p, alternative])

Binomial test that the probability of success is p.

median_test(kargs, **kwds)

Mood’'s median test.

chi2_contingency(observed[, correction, lambda_])

Chi—square test of independence of variables in a contingency table.

fisher_exact(table[, alternative])

Fisher exact test on a 2x2 contingency table.

24
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BED e

« 2EBXRtRE (FRMzElRE)

tgl = tg.query('supp == "OJ"').len
tg2 = tg.query('supp == "VC"').len
stats.ttest_ind(tgl, tg2, equal_var=True)

(statistic=1.91526826869527, pvalue=0.06039337122412849)

« X?2RE(ERIBIESTL)
— RMEFIEICTRET =, p [E, BERE, 731K

tb = pd.crosstab(tg['supp'], tg['dose'])
stats.chi2_contingency (tb, correction=False)

(0.0, 1.0, 2, array([(rio., 10., 10.1, r[10., 10., 10.11))

o« )7L >R :Statistical functions (scipy.stats)
https://docs.scipy.org/doc/scipy/reference/stats.html 25
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HEIE55Hr: SW=INT + SL + error po':ed

e statsmodels @) OLS [ZCTEHEIGESHTZ1TO
= BRIZYIFIE (ZHINT 1 OHFDF]) ZEMLTHL

import statsmodels.api as sm

iris['INT'] =1 # np.ones (iris.shape[0])
ols = sm.OLS(iris.SW, iris[['"INT', 'SL']1])
res = ols.fit ()

summary = res.summary ()

summary.tables[0]; summary.tables[l]; summary.tables[2]

_ OLS Regression Results coef stderr t P>|t]| [0.025 0.975]
Dep. variable: - Sw Rosquared: 0.91% | INT 3.4189 0.254 13.484 0.000 2.918 3.920

Model: oLs Adj. R-squared: 0.007
Method: Least Squares F-statistic: 2.074 SL -0.0619 0.043 -1.440 0.152 -0.147 0.023
Date: Fri, 24 Jul 2020 Prob (F-statistic): 0.152
Time: 08:09:28 Log-Likelihood: -86.732 Omnibus:  2.474 Durbin-Watson: 1.263
No. Observations: 150 AIC: 177.5 Prob{Omnibus): 0.290 Jarque-Bera (JB): 1.994
Df Residuals: 148 BIC: 183.5 Skew: 0.243 F‘I‘l]b{]B]: 0.369
Df Model: 1

Kurtosis: 3.288 Cond. No. 43.4

Covariance Type: nonrobust

27
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FEEIES Y SW=INT + SL +PL +PW + errorpo':red

e statsmodels @) OLS [ZTCERIFSHTZITO
= EBRICYIFIE (ZHINT 1 OADF]) ZEMLTHL
o LUTTIHREIGEFZRBMOHEELIER summary.tables[1] DH KR

import statsmodels.api as sm

iris['"INT'] =1

ols = sm.OLS (iris.SW, iris([['INT', 'SL', 'PL', 'PW']])
res = ols.fit ()

summary = res.summary ()

summary.tables[1]

coef stderr t P>|t]| [0.025 0.975]
INT 1.04531 0.271 3.855 0.000 0.508 1.578
SL 0.6071 0.062 9.765 0.000 0.484 0.730
PL -0.5860 0.062 -9.431 0.000 -0.709 -0.463
PW 0.5580 0.123 4.553 0.000 0.316 0.800

28
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o sklearn.linear model MEAEIIEZFIICUIFIEZ/ER L THE < HEXAZ LY
o FR(EBROEIESHT. VYT EIE. vV EE. Elastic Net ) DEEH:
https://scikit—learn.org/stable/modules/linear model.html

from
from
from
from

lr =
# 1lr
# 1lr
# 1lr

x_list
y_list = ["SW"]
data__ iris([x_1list]

data__

sklearn.linear model import
sklearn.linear _model import
sklearn.linear _model import
sklearn.linear _model import

X

["SL", "PL", "PW"]

y = iris[y_1list]

LinearRegression ()

= Ridge (alpha=0.01)

= Lasso (alpha=0.01)

= ElasticNet (alpha=0.01)
lr.fit (data_x,
print (lr.coef )
print (lr.intercept_)

data_vy)

3= I W H HH H

LinearRegression

Ridge
Lasso
ElasticNet

e 2%
BHZ 4
e ZE 2
HHIZ

8 D [El)F 5T
1) v D EIE
AL
Elastic Net

FatBAE M DR

YIRIEDFRE

JySER: L2IEAEIE, ESH
SERIZ0ICES T ERBAE SR
155 ER

Sy EIIE: LIIERMEIE, 28NS
WZEHDEH(LX0(ETILHSERS)

Elastic Net: L1200 ADIEED
[ N _ratio=051F CEHNZRDD

[[ 0.60706601 -0.58603225 0.55803034]]
[1.04308908]

29
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FEDEEM:
SGD Reg. — https://scikit—learn.org/stable/modules/sgd.html#regression

python

3

powered

SVR — https://scikit—learn.org/stable/auto examples/svm/plot svm regression.html

from sklearn.linear _model import SGDRegressor
from sklearn.svm import SVR
from sklearn.ensemble import BaggingRegressor

x_list = ["SL","PL", "PW"] # ERBAZ A
y_list = ["SW"] + BRIZEH4A
data_x = iris[x_list] # FREAZH
data_y = iris[y_list] + BRMIZEH

lr = SGDRegressor (max_iter=1000, tol=1le-3) # SGD Reg.
# lr = SVR(kernel='linear', C=100, gamma='auto') # SVR

lr.fit (data_x, data_y.values.ravel ())
print (lr.coef_ )
print (lr.intercept_)

[ 0.72899196 -0.34191137 -0.10420014]
[0.22757961]

¥ valuesravel) : T—A2 % 1 HIFZ(THMET R EZRIT) A MILEEZZENHAIDT, 1 RTD) XA MMIEHBRT S

30
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FiEDEM:
SVR — https://scikit—learn.org/stable/auto examples/svm/plot svm regression.html
Bagging Reg. — http://scikit—learn.org/stable/modules/generated/sklearn.ensemble.BaggingRegressor.html

from sklearn.svm import SVR
from sklearn.ensemble import BaggingRegressor

X_liSt — ["SL"’"PL","Pwﬂ] # E‘Eﬁﬂ%#ﬂ%

y_list = ["SW"] + BHIZEHA

data_x = iris[x_list] # ERBAZ

data_y = iris[y_list] + BRIZH

lr = SVR(kernel="rbf', C=100, gamma=0.1, epsilon=.1) # SVR

# lr = BaggingRegressor (base_estimator=SVR (), n_estimators=10,
random_state=777) # Bagging Reg.

# EREETILGOTFREZES
pred_y = lr.fit (data_x, data_y.values.ravel()) .predict (data_x)

B
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A\ Y /3 > P
:—z‘-ﬁm /f% powered
« pandas DBEIZL get dummies) THT I EHIZEHT 5
B —EHIMERHEFE S
« drop_first=True THAHIDATI)IZET 25 ZHIF (BEILXIETE)

x_list ["sSL","SW","PL", "PW"]

d _list = ["SP"]

iris_d = pd.concat ([iris[x_list], pd.get_dummies (iris[d_list],
drop_first=True)], axis=1)

iris_d = pd.concat ([iris[x_1list], pd.get_dummies (iris[d_list])],

axis=1)

print (iris_d)

sl s PL PW SP_versicolor EP_wirginica sl B0 PL PW SP_setosa SP_versicolor EP_wirginica
1 5.1 3.8 1.4 0.% 1 0 0 5.1 3.5 1.4 0.7 1 1 1
1 4.9 3.0 1.4 0.2 1 0 1 4.9 3.0 1.4 0.7 1 1 1
Z 4.7 3.2 1.3 0.2 I I ? 4.7 3.2 1.3 0.2 1 1 1
d 4.6 3.1 1.5 0.7 0 I 3 4.6 3.1 1.5 0.7 1 1 I
4 5.0 3.8 1.4 0.F I I 4 5.0 3.6 1.4 0.F 1 1 0
145 B.7 3.0 .2 2.3 1 1 145 B.7 3.0 5.2 2.3 1 1 1
146 B.3 2.5 5.0 1.9 1 1 146 6.3 2.5 5.0 1.9 1 1 1
147 B.5 3.0 5.2 2.0 1 1 147 B.5 3.0 5.2 2.0 1 1 1
148 6.2 3.4 5.4 2.3 I 1 148 B.2 3.4 K4 2.3 1 1 1
149 5.9 3.0 5.1 1.8 0 1 149 5.9 3.0 H.1 1.8 1 1 1
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S B HDEEG SR TFroEERN G T

logit(setosa®EIE) = INT + SL + SW + PL + PW + error

from sklearn.linear_model import LogisticRegression

x_list = ["SL","SW","PL", "PW"]
d list = ["SP"]
iris_d = pd.concat([iris[x_list],
pd.get_dummies (iris([d_1list]) ], axis=1l)

y_list = ["SP_setosa"] # setosa:l, THNLE}:0
data_x = 1ris_d[x_1list]

data_y = 1ris_d[y_1list]

lr = LogisticRegression|()

lr.fit (data_x, data_vy.values.ravel()) # I-F : BiZifa

print (lr.coef_)
print (lr.intercept_)

[[-0.44501376 0.89999242 -2.32353827 -0.97345836]]
[6.69040651]
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[ZT. T—42%TF150,

sklearn.preprocessing ) StandardScaler() & fit_transform()
DENIDT—RIZBELT D

x_list
data_x

scaler
data_std

["SL", "SW", "PL",

iris([x_list]

print (data_x.describe())
print (pd.DataFrame (data_std)

from sklearn.preprocessing import StandardScaler
StandardScaler ()
scaler.fit transform(iris[x_list])

;;3___4;253 aR-EE'”:

.describe ())

sl
count  150.000000
mean b.843333
std 0.878066
min 4.300000
5% R.100000
RO% R.800000
5% f.400000
max 7.800000

Lol o T b Y e O Y ol

st PL
.ooooo - 160.000000  150.000000
573533 3. 758000 1199333
435566 1.765248 0.762238
.0ooooo 1.000000 0.100000
.600000 1.600000 0.300000
.0ooooo 4.350000 1.300000
.300000 b.100000 1800000
4.400000 B.400000 2.500000

I I

-500000e+02  1.500000=+02
.17bhhBe-16 -4.695048e-16
.003350e+00  1.003350e+00
8700242400 -2.4338472+00
006812e-01 -5.923730e-01
.250608e-02 -1.3197952-01
L145011e-01 5.586108e-01
SA32018e+00 3.040775e+00

-500000e+02
B52330e-16
-003350e+00
0BT TEe+00
-226552e+00
3647 TEe-01
B27hE3e-01
1E5832e+00

1.500000e+02
-4. 66293 7e-16
1.003350e+00
-1.447076e+00
-1.183812e+00
1.325097e-01
T.406707e-01
1. 12096 +00
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B): PCA(Z RSN + F— Bl ©

FiEDEM:
https://scikit—learn.org/stable/modules/decomposition.html#principal-component—analysis—pca
https://scikit—learn.org/stable/auto examples/decomposition/plot pca vs lda.html

from sklearn.decomposition import PCA

X_liSt — ["SL"’ "SW"’ "PL", "PW"]

data_x = iris[x_1list]

pca = PCA (n_components=2) # 2 DM IR IZHER
data_pca = pca.fit_transform(data_x)

print (pca.explained_variance_ratio_) # FE5E

print (sum(pca.explained_variance_ratio_))
plt.scatter (data_pcal:, 0], data_pcal:, 1], c=iris["Y"])
plt.show ()

[0.92461872 0.05306648] Ty e
0.977685206318795 1 es >
k4 oo
-05 ... .'..

35
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B): PCA(Z RSN + F— Bty C

FiEDEM:
https://scikit—learn.org/stable/modules/decomposition.html#principal-component—analysis—pca
https://scikit—learn.org/stable/auto examples/decomposition/plot pca vs lda.html

from sklearn.decomposition import PCA
from sklearn.preprocessing import StandardScaler

x_list = ["SL","SW","PL","PW"]

scaler = StandardScaler () ¥ T—RAEREL
data_std = scaler.fit_transform(iris[x_1list])

pca = PCA (n_components=2) # 2 DD EMAIZHER
data_pca = pca.fit_transform(data_std)

print (pca.explained_variance_ratio_) ¥ FE5EHE

print (sum(pca.explained_variance_ratio_))

plt.scatter (data_pcal:, 0], data_pcal:, 1], c=iris["Y"])
plt.show ()

[0.72962445 0.22850762] A S -
0.9581320720000164 * .
1 R
0-"*.' 0.‘:. * * o
-1 :‘ .‘“: .
: 36
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FEDFEM:

PCA — https://scikit—learn.org/stable/modules/decomposition.html#principal-component—analysis—pca
Kernel PCA — https://scikit—learn.org/stable/modules/generated/sklearn.decomposition.KernelPCA.html
Isomap — https://scikit—learn.org/stable/modules/generated/sklearn.manifold.Isomap.html

python

3

powered

Spectral Embedding — https://scikit—learn.org/stable/modules/generated/sklearn.manifold.SpectralEmbedding.html

LLE — https://scikit—learn.org/stable/modules/generated/sklearn.manifold.LocallyLinearEmbedding.html

from sklearn.decomposition import PCA

from sklearn.decomposition import KernelPCA

from sklearn.manifold import Isomap, SpectralEmbedding,
LocallyLinearEmbedding

x_list = ["SL","SW","PL","PW"]

data_x = iris[x_1list]

dr = PCA (n_components=2) # PCA
data_dr = dr.fit_transform(data_x)

dr = KernelPCA (n_components=2, kernel='rbf') # Kernel PCA
data_dr = dr.fit_transform(data_x)

dr = Isomap (n_components=2) # Isomap
data_dr = dr.fit_transform(data_x)

dr = SpectralEmbedding (n_components=2) # Spectral Embedding
data_dr = dr.fit_transform(data_x)

dr = LocallyLinearEmbedding (n_components=2) # LLE
data_dr = dr.fit_transform(data_x)

plt.scatter (data_dr[:, 0], data_dr[:, 1], c=iris["Y"])
plt.show ()
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FiEDEEH: Hernan MA, Robins JM (2020) “Causal Inference: What If. Boca Raton”, Chapman & Hall/CRC.

https://www.hsph.harvard.edu/miguel-hernan/causal—inference—book/

import statsmodels.api as sm

dep = dep.query ('GROUP != "C"')

dep['ID'] = list (dep.index)

dep["'GROUP_N'] = dep['GROUP'] .apply(lambda x : 1 if x=="'A' else 0)
dep['PREDR_N'] = dep['PREDRUG'] .apply(lambda x : 1 if x=='YES' else 0)
dep['INT'] =1

def ps_ipw(x) :
if x.GROUP_N==0:
return 1/ (1-x.ps)
else:
return 1/x.ps

def ps_sipw(x, fa):
if x.GROUP_N==0:
return (l1-fa)/(1-x.ps)
else:
return fa/x.ps

# ERRI7
dep['ps'] = sm.Logit (dep.GROUP_N, dep[['INT', 'PREDR_N',
'"DURATION']]) .fit () .predict ()

# IPW(Inverse Probability Weighting)

dep['ipw'] = dep.apply(lambda x: ps_ipw(x), axis=1l)
# Stabilized IPW
fa = dep.query ('GROUP_N==1"') .GROUP_N.count () /

dep.GROUP_N. count ()
dep['sipw'] = dep.apply(lambda x: ps_sipw(x, fa), axis=1)
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BRI MARIT O HEE e

FiEDEEH: Hernan MA, Robins JM (2020) “Causal Inference: What If. Boca Raton”, Chapman & Hall/CRC.
https://www.hsph.harvard.edu/miguel-hernan/causal—inference—book/

g = sns.catplot (x="GROUP", y="ps", kind="box", data=dep)
plt.show(g) # FOITH

ps_A = dep.query
ps_B = dep.query

'"GROUP == "A"') .ps

'"GROUP == "B"') .ps

g = sns.distplot (ps_A, hist=False, label='A")
g = sns.distplot (ps_B, hist=False, label='B'")
plt.show(g)  # FHEHMER
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BRHI: IPW IR e

FiEDEEH: Hernan MA, Robins JM (2020) “Causal Inference: What If. Boca Raton”, Chapman & Hall/CRC.
https://www.hsph.harvard.edu/miguel-hernan/causal—inference—book/

res_ols = sm.OLS (dep.QOL, dep[['INT', 'GROUP_N']]).fit ()

print ( res_ols.summary () .tables[1] ) # EARZROMEIFEHS T

res_ipw = sm.GEE (dep.QOL, dep[['INT', 'GROUP_N']], groups=dep.I1D,
weights=dep.ipw) .fit ()

print ( res_ipw.summary () .tables[1] ) # IPWCIHEBLE-EADITEIF

R D Rl

coef stderr t P>|t]| [0.025 0.975]
INT 4.0000 0.862 4.639 0.000 2.255 5.745
GROUP_N 2.5000 1.219 2.0500.047 0.032 4.968

IPWCIRAEBL-EHADITEIF

coef stderr z P>|z| [0.0250.975]
INT 5.4929 1.188 4.622 0.000 3.164 7.822

GROUP_N -0.0576 1.437 -0.040 0.968 -2.875 2.760
40
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57% Hm - FEZE (L (Standardization) pc,'\,:ed

FiEDEEH: Hernan MA, Robins JM (2020) “Causal Inference: What If. Boca Raton”, Chapman & Hall/CRC.
https://www.hsph.harvard.edu/miguel-hernan/causal—inference—book/

import statsmodels.api as sm

df = dep[['QOL', 'GROUP_N', 'PREDR_N']] # 3#&EF:PREDR_N
df['GxP'] = df.GROUP_N * df.PREDR_N

df['zero'] = 0

df [ 'one'] =1

# ATIE3ITOVIIZHFTOER, CSTERIOTOVIDHF TETIVIBEE, TRRIZEYDITOVIZEE
ols = sm.OLS(df.QOL, df[['one', 'GROUP_N', 'PREDR N', 'GxP']])

res = ols.fit ()

print (res.summary () .tables[1])

A_pred = res.predict(df[['one', 'one', 'PREDR_N', 'PREDR_N']])
print ('standardized mean: {:>0.2f}'.format (A_pred.mean())) # ZEH| A DIEXE/LF

B_pred = res.predict(df[['one', 'zero', 'PREDR_N', 'zero']])
print ('standardized mean: {:>0.2f}'.format (B_pred.mean())) # ZEH| B DIEHXE/LFY

coef std err t Pt | [0.025 0.975]
one 5.3000 1.420 h.198 0.000 HU921 11.679
GROUP N -1.4000 1.634 -[1.854 0.394 -4.725 1.425
FREDR M -6 . 4000 1.634 -3.5904 0.000 -9.725 -3.075
(P 2 .8000 Z.318 1.208 0.235 -1.490% 7502

standardized mean: 5.60 « FEHF A DEHELTEY

standardized mean: 5.60 « ZEF B DIEHE/LTH 41
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FiEDEEH: Hernan MA, Robins JM (2020) “Causal Inference: What If. Boca Raton”, Chapman & Hall/CRC.

https://www.hsph.harvard.edu/miguel-hernan/causal—inference—book/

# Bootstrap for 95% CI

est_diff = A_pred.mean() — B_pred.mean|()

boot_samples = []

for _ in range(1000) :
sample = df.sample (n=df.shape[0], replace=True)
Yy = sample.QOL
X = sample[['one', 'GROUP_N', 'PREDR_N', 'GxP']]
A = sample[['one', 'one', '"PREDR_N', 'PREDR_N']]
B = sample[['one', 'zero', '"PREDR_N', 'zero']]
result = sm.OLS(y, X).fit()

A_pred = result.predict (Aa)
B_pred = result.predict (B)
boot_samples.append (A_pred.mean () - B_pred.mean())

std = np.std(boot_samples)

lo = est_diff - 1.96 * std
hi = est _diff + 1.96 * std
print (' estimate 95% C.I.")

print ('causal effect {:>6.1f} ({:>0.1f}, {:>0.1f})"'.format (est_diff,

lo,

hi))

estimate  H5% C.I.
causal effect 0.0 (-2.4, 2.4]
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T—3IL—LDEL

ERDMETFIE

BROERAT. AI—ZEH. T —2DFE L
Scikit-learn: WM FE D FEF &
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E7 )LD EEH
ZD1th
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5/ - Scikit—learn algorithm cheat—sheet p::ed

e  Choosing the right estimator for solving a machine learning problem
https://scikit—learn.org/stable/tutorial/machine learning map/index.html

o ERUVIRICTERFY—IBBY ., FEBZEV)VITHERPAANRAS

scikit-learn
algorithm cheat-sheet

classification

NOT
WORKING

_ger
more
data /W& o

NO
>50
M g NOT YES samples.
e‘xt WORKING YES <100K
Data 5 Linear samples
sVC redicting
ves | category
YES
NG
have

do you
labeled <100K -fe\:‘r :fleﬁmres o
[ s should be
NO data . sampl Insotiare WORKING

number of
categories
known

NO

regression

oT
WORKING

YES

samples NO

dimensionality O
predicti; "
reduction
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25 - SGD (Stochastic Gradient Descent) po':ed

FiEDFEM:

https://scikit—learn.org/stable/modules/sgd.html
https://scikit—learn.org/stable/modules/generated/sklearn.linear model.SGDClassifier.html
https://scikit—learn.org/stable/auto_examples/linear model/plot_sgd iris.html

from sklearn.linear_model import SGDClassifier
from sklearn.metrics import accuracy_score

x_list = ["SL","SW","PL", "PW"]
y_list = ["SP"]

data_x = iris[x_1list]

data_y = iris[y_list]

clf = SGDClassifier (loss="hinge", penalty="12", max_iter=100,
random_state=777)

clf.fit (data_x, data_y.values.ravel()) # ZE{T
y_pred = clf.predict (data_x) # FERILTHS
print (accuracy_score (data_y, y_pred)) # FRIRYEE

0.94
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SGD (Stochastic Gradient Descent) D## /F po':red

SGD: SGDClassifier() M 5|# loss [ZDULVT
e loss="hinge”: (soft—margin) linear Support Vector Machine |Zf8 %4
* loss="log” : logistic regression [Zf8 <4

* loss="perceptron”, eta0=1, learning rate="constant”, penalty=None:
perceptron ( B7EHZ Perceptron() [& SGDClassifier() Z#£7) [ZFH Y

» loss='squared_loss’, penalty="12": Ridge [AlJFZ#E AT HEDNTIL T Z{EFH

SGDD F| g :
o FHhEHARL
« OA—FDEBENES

SGDDR /A :

o UYIRLEA® Regularization parameter ZF () hyperparameter  Z#EAE I HNHE
HY

« Scaling M A EIZBUR.
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548 . Kernel Approximation + SGD

FEDEEM:
https://scikit—learn.org/stable/modules/kernel approximation.htm
https://scikit—learn.org/stable/modules/generated/sklearn.kernel approximation.RBFSampler.htmll

from sklearn.kernel_approximation import RBFSampler
from sklearn.linear_model import SGDClassifier
from sklearn.metrics import accuracy_score

X_liSt — ["SL"’ 11] SW", "PL", "PW"]
y_list = ["SP"]
data_x = iris[x_list]

data_y = iris[y_list]

rbf_ feature = RBFSampler (gamma=1, random_state=777)

X_features = rbf_ feature.fit_transform(data_x)

clf = SGDClassifier(loss="hinge", penalty="12", max_iter=100,
random_state=777)

clf.fit (X_features, data_y.values.ravel()) # 1T

y_pred = clf.predict (X_features) # FRHILTHD

print (accuracy_score (data_y, y_pred)) # TRl

0.9666666666666667/
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25 SVM (Support Vector Machine) po':ed

FiEDEEHM:
https://scikit—learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html
https://scikit—learn.org/stable/auto examples/svm/plot iris svc.html

from sklearn import svm
from sklearn.metrics import accuracy_score

X_liSt J— ["SL"’ "w SW"’ "PL", "PW"]
y_list = ["SP"]
data_x = iris[x_list]

data_y = iris[y_list]

C=1.0 # SVM regularization parameter

clf = svm.SVC(kernel="'linear', C=C, random_state=777)

# clf = svm.LinearSVC (C=C, max_iter=10000, random_state=777)

# clf = svm.SVC(kernel="'rbf', gamma=0.7, C=C, random_state=777)

# clf = svm.SVC(kernel="'poly', degree=3, gamma='auto',6 C=C,
random_state=777)

clf.fit (data_x, data_y.values.ravel()) # ZE{T

y_pred = clf.predict (data_x) # FERILTHS

print (accuracy_score (data_y, y_pred)) # FHIRJAFER

0.93333333333
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285 - K—-Nearest Neighbors Classification s
FiEDEEM:

https://scikit—learn.org/stable/modules/neighbors.html
https://scikit—learn.org/stable/auto examples/neighbors/plot classification.html

from sklearn.neighbors import KNeighborsClassifier
from sklearn.metrics import accuracy_score
from sklearn.model_selection import cross_val_score

x_list = ["SL","SW","PL", "PW"]

y_list = ["SP"]

data_x = iris[x_list]

data_y = iris[y_list]

# n_neighborsldA[ZE, weights="uniform'+HH]

clf = KNeighborsClassifier (n_neighbors=5, weights='distance')
clf.fit (data_x, data_y.values.ravel()) # ZEIT

y_pred = clf.predict (data_x) # PHILTHD

print (accuracy_score (data_y, y_pred)) # THIAFE

cv = cross_val_score(clf, data_x, data_y.values.ravel (), cv=10)
print (cv.mean ()) # TR ERL
print (cv.std()) # TOEERE

1.0
0.9666666666666668
0.04472135954999579 49
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from sklearn.tree import DecisionTreeClassifier, plot_tree

from sklearn.metrics import accuracy_score

X_list — ["SL", "SW", "PL", "PW"]
y_list = ["SP"]
data_x = iris[x_list]

data_y = iris[y_list]

+ EEARDEGEIL DecisionTreeRegressor (max_depth=2) FETH

clf = DecisionTreeClassifier (max_depth=2)

clf.fit (data_x, data_y) # 17

y_pred = clf.predict (data_x) # FHILTHS

print (accuracy_score (data_y, y_pred)) # FRIpgh =R

plt.figure(figsize=(18, 12))

plot_tree(clf, feature_names=x_1list,
class_names=["setosa", "versicolor","virginica"],

filled=True, rounded=True, proportion=True, fontsize=10)

0.96
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FiEDEM:
https://scikit—learn.org/stable/modules/ensemble.html
https://scikit—learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html

P ==08
gini = 0667
samples = 100.0%
value = [0.333, 0.333, 0.333]
class = setosa

PW «=1.75
gini=0.5
samples = 66.7%

value = [0.0, 0.5,0.5]
class = versicolor




48 - Random Forest
FEDEEM:

https://scikit—learn.org/stable/modules/ensemble.html

python
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https://scikit—learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html

from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy_score

X_liSt —_— ["SL", "SW", "PL", "PW"]
y_list = ["SP"]
data_x = iris([x_list]

data_y = iris[y_list]

clf = RandomForestClassifier (n_estimators=10, max_depth=3)
clf.fit (data_x, data_y.values.ravel()) # ZFEIT
y_pred = clf.predict (data_x) # FHILTHS

print (accuracy_score (data_y, y_pred)) # TRl ER

importances = clf.feature_importances_ # EE[E
("SL", "SW", "PL", "PW")
print (importances)

0.9733333333333334
[0.09688497 0.00595655 0.35066177 0.54649671]
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Clustering: K—-means ...
FiEDEEM:

https://scikit—learn.org/stable/modules/clustering.html
https://scikit—learn.org/stable/modules/generated/sklearn.cluster.KMeans.html

from sklearn.cluster import KMeans, MiniBatchKMeans

X_liSt — ["SL", "SW", "PL", "PW"]

data_x = iris([x_list]
clust = KMeans(n_clusters=3)
#clust = MiniBatchKMeans (init='k-means++', n_clusters=3,

batch_size=10, n_init=10,
max_no_improvement=10, verbose=0) # T—R>1h
clust.fit (data_x)
clust.labels_ # clust.labels_ .tolist () TYUAME
clust.fit_predict (data_x) # cERUHEE

array ([0,
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Clustering: K—-means

SR T HERERTR

labels = clust.labels

plt.

tmp

plt.

tmp

plt.

tmp

plt.
plt.
plt.
plt.

figure (1)

= data_x[labels
scatter (tmp.SL,
= data_x[labels
scatter (tmp.SL,
= data_x[labels
scatter (tmp.SL,
xlabel ('SL'")
ylabel ('SW'")
show ()

== 0]
tmp.SW,
== 1]
tmp.SW,
== 2]
tmp.SW,

color='red'")
color="'green')

color="blue')
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40 -
35

&

3.0 4

25 1

20
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Clustering: K—-means
FiEDEHM:

https://scikit—learn.org/stable/modules/clustering.html
https://scikit—learn.org/stable/modules/generated/sklearn.cluster.KMeans.html

# Elbow method to find the optimal number of clusters
distortions = []
for i in range(1l, 11):
km = KMeans (n_clusters=i, init='k-means++', n_init=10,
max_iter=300, random_state=777)
km.fit (data_x)
distortions.append(km.inertia_)
plt.plot (range(l, 11), distortions, marker='o"')
plt.xlabel ("Number of clusters')
plt.ylabel ('Distortion')
plt.tight_layout ()
plt.show () $ DSRZ—DEM 3D EETHh elbow (FxiF)

700 A

Distortion

L .
-

4 6 8 10
Number of clusters

INE
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Clustering.: EMD MDD F %

Clustering MEEHl: https://scikit—learn.org/stable/modules/clustering.html
Mean Shift — https://scikit-learn.org/stable/modules/generated/sklearn.cluster.MeanShift.html

GMM & VBGMM — — https://scikit-learn.org/stable/modules/mixture.html
http://scikit—learn.org/stable/modules/generated/sklearn.mixture.BayesianGaussianMixture.html

Spectral Clustering — https://scikit-learn.org/stable/modules/generated/sklearn.cluster.SpectralClustering.html

from sklearn.cluster import MeanShift, SpectralClustering
from sklearn.mixture import GaussianMixture

X_liSt — ["SL"’ w SW", "PL", "PW"]
data_x = iris[x_list]

ms = MeanShift ()

ms.fit (data_x)

ms.labels

# cov_type: 'spherical', 'diag', 'tied', '"full'

gmm = GaussianMixture (n_components=3, covariance_type='tied',

max_iter=20, random_state=777)
gmm. fit (data_x) .predict (data_x)

sc = SpectralClustering(n_clusters=3,
assign_labels="discretize", random_state=777).fit (data_x)
sc.labels_

B
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e ETILDOEEMEZEIT O =8 . sklearn.model _selection M train_test_split() [Z
FYRT—42% ZERAT—2] & TRAMNET—2] 2215

X train. x test: SRBAZEHD FEATF—4 ] & TR MEF—4 ]
y train, y test: BRIZ D 2EAT—4] & [FRMNET—4 ]
test size=03: TR FATF—4] OIS (KD 30%)
stratify [CHT IV ERZEEIT S & TRILHMED A

22 . Kfold(). StratifiedKFold(). GroupKFold(). ShuffleSplit)). GroupShuffleSplit().

StratifiedShuffleSplit() ZE DT —2 9 E A H S

from sklearn.model_selection import train_test_split

x_list = ["SL","PL", "PW"] # Eﬁﬂﬂ?ﬁ%&%
Y list — ["swr] ¢ BMZNE
data x = iris[x_list] # EREAZE#L
data_y = iris[y_list] + BRIZTH#
X_train, x_test, y_train, y_test = ¥

print (x_train.shape); print (x_test.shape)
print (y_train.shape); print (y_test.shape)

train_test_split (data_x, data_y, test_size=0.3)

(105, 3) (45, 3)
(105, 1) (45, 1) 58




Holdout ;% : Root MSE (RMSE)
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[FERT—4%] CEBETIL QIEOEEDORIFESTETIL) ZFHEE

[ X FRAT—24] TRMSE #5t&. RMSE BN/NEWVETILARLY

from sklearn.linear _model import LinearRegression
lr = LinearRegression ()
lr.fit (x_train, y_train) + EBEOEIFESAT

def myRMSE (x, V) :
n = len(x)
z = pow( pow(x-y,2).sum()/n, 1/2)
return(z)

v_pred = lr.predict (x_test) # TAMRAT—2TTEA
print ( myRMSE (y_pred, y_test) ) # E[EFEDELDFEEEZRMSEIZT

from statsmodels.tools.eval_measures import rmse
rmse = rmse (y_pred, y_test) # RMSE
print ( rmse )

SW 0.308755
dtype: float64
[0.30875474]
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«  FIEOFM:

https://scikit—learn.org/stable/modules/cross validation.html

e scoring TIEETE=SIEE—FE:
https://scikit—learn.org/stable/modules/model evaluation.html

«  LUTTIE. T—4%2% 107E8|(cv=10 ) L. 9 EATETILEEE . RYD 1 DT
—RMSE DEtE 1% 10 AIKYRL. [ —RMSE |OFEHEFDIELRELZEH

from sklearn.model_selection import cross_val_score

cv = cross_val_score(lr, data_x, data_y.values.ravel (), cv=10,
scoring="'neg_root_mean_squared_error')

print (cv.mean ()) # —-RMSE DIHE

print (cv.std()) # TOERERE

—0.30566231059078913
0.06359518506847732
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Cross Validation(CV) po'\:ed

«  FIEOFFEM:

https://scikit—learn.org/stable/modules/cross validation.html

* scoring CTIHHETEZSEE—E:
https://scikit—learn.org/stable/modules/model evaluation.html

«  cross_validate() AT 5EEHMDIEEZEITHLT—EIZETETES

from sklearn.model_selection import cross_validate

methods = {'R2':'r2', 'nRMSE':'neg_root_mean_squared_error',
'nMSE"': '"neg_mean_squared_error'}
CcVv = cross_validate(lr, data_x, data_y.values.ravel (),
cv=10, scoring=methods)
print (cv['test_R2'].mean()) # R2DIEW
print (cv['test_nRMSE'] .mean ()) # —RMSEM I
print (cv['test_nMSE'] .mean()) # —MSEMD W

0.008091101548069402
—0.30566231059078913
—0.09747379567959395
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Grid Search CV TREBDET/LIEF po'\,:ed

. FiEDEEM:
https://scikit—learn.org/stable/modules/generated/sklearn.model selection.GridSearchCV.html
scoring CIEETEHIEE—E:
https://scikit—learn.org/stable/modules/model evaluation.html

from sklearn import svm
from sklearn.model_selection import GridSearchCV
from sklearn.metrics import accuracy_score

X_liSt — ["SL"’ " SW"’ "PL", "PW"] ; y_list — [" SP"]

data_x = iris[x_list] ; data_y = iris[y_1list]

svc = svm.SVC () # 34HMOSVM

params = {'kernel':('linear', 'rbf'), 'C':[1, 10]}

clf GridSearchCV (svc, params, cv=10, scoring='accuracy') # B&R

clf.fit (data_x, data_y.values.ravel())
# print (sorted(clf.cv_results_.keys()))

print (clf.best_estimator_) # REDETIL
print (clf.best_params_) ¥ REBD/INTGA—4
clf = clf.best_estimator_ # XRBEOETILCT
clf.fit (data_x, data_y.values.ravel()) # ZFE{T

y_pred = clf.predict (data_x) # FHILTHD
print (accuracy_score (data_y, y_pred)) # FRIpYER

SVC (C=10, break_ties=False, cache_size=200, .. )
{'C': 10, 'kernel': 'linear'}
0.98 62




python

3

)( :l - powered

T—RADEEHAH

T—RIL—LDEH

BROMETFIE

BROERST. FZ—EH. T—XDEELL. it

Scikit-learn: H & F & D RFEF &
ET)L0)EE{h
ZDth

X AEFTIE, FED python Z python, Google Colaboratory Z Colab EBFEELFT 43
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import panda
import numpy

df = pd.Data

pd.crosstab (
pd.crosstab (

pd.crosstab (

pd.crosstab (

s as pd
as np

Frame ({'BLOOD': ['A','B','O','A','B','0'],
"GENDER': ['M' , Aol , ™M , 'Y , M! , "F'] ,

'SCORE': [10,10,20,20,10,10]11})

index=df [ 'BLOOD'], columns=df['GENDER'])
index=[df['BLOOD'], df['GENDER']],

columns=df['SCORE'])

index=df['BLOOD'], columns=df['GENDER'],

margins=True)

index=df['BLOOD'], columns=df['GENDER'],
values=df['SCORE'], aggfunc=np.mean)

GENDER F M
BLOOD
A 1 1
B 1 1

0 1 1

SCORE 10 20 GENDER F M All
BLOOD GENDER
BLOOD
A F 0 1
M1 o A 11 2
B F 1 0 B 1 1 2
M 1 0
o 11 2
0 F 1 0
M o0 1 Al 3 3 6

GENDER F
BLOOD
A 20
B 10

0 10

10
10

20
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from sklearn.model_selection import train_test_split

from sklearn.preprocessing import StandardScaler

from sklearn.decomposition import PCA

from sklearn.linear_model import LogisticRegression

X_liSt — ["SL", "SW", "PL", "PW"]

d_list = ["SP"]

iris_d = pd.concat ([iris[x_list], pd.get_dummies (iris[d_list]) ], axis=1)
y_list = ["SP_virginica"] # virginica:1. LSt :0

data_x = iris_d[x_1list]

data_y = iris_d[y_list]

X_train, X_test, y_train, y_test = ¥
train_test_split (data_x, data_y, test_size=0.3,
stratify=data_y, random_state=777)

sc = StandardScaler () ¥ TR EIEEL

X_train_std = sc.fit_transform(X_train) # T—2 ZFIERIL

X_test_std = sc.transform(X_test) # X_trainZIERELEZHBRKTER
pca = PCA(n_components=2)

X_train_pca = pca.fit_transform(X_train_std)

X_test_pca = pca.transform(X_test_std)

1r = LogisticRegression (multi_class='ovr', random_state=777,
solver="'1lbfgs"')

1r = lr.fit(X_train_pca, y_train)

y_pred = lr.predict (X_test_pca)
print ('Test Accuracy: %.3f' % lr.score(X_test_pca, y_test))
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* make pipeline() T—EDWIED wrapper ZE1IH
- BIEDBFHNE/INAT A TirE BB

from sklearn.pipeline import make_pipeline
from sklearn.decomposition import PCA
from sklearn.linear _model 1import LogisticRegression

pipe_lr = make_pipeline (StandardScaler(),
PCA (n_components=2),
LogisticRegression (random_state=777, solver='lbfgs'))

pipe_lr.fit (X_train, y_train)
y_pred = pipe_lr.predict (X_test)

[e]

print ('Test Accuracy: %.3f' % pipe_lr.score (X_test, y_test))

Test Accuracy: 0.911
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from sklearn.model_selection import StratifiedKFold

kfold = StratifiedKFold(n_splits=10).split (X _train, y_train)
scores = []
for k, (train, test) in enumerate (kfold):
pipe_lr.fit(X_train.iloc[train], y_train.iloc[train])
score = pipe_lr.score(X_train.iloc[test], y_train.iloc[test])
scores.append (score)
print ('Fold: %2d, Class dist.: %s, Acc: %.3f' % (k+1,

np.bincount (y_train. iloc[train].values.ravel()), score))
print ('¥nCV accuracy: .3f +/- %.3f'" % (np.mean(scores), np.std(scores)))

@Bﬂﬂm:“ RESEILT OV 15 = & £ &1L

from sklearn.model_selection import cross_val_score

scores = cross_val_score (estimator=pipe_lr, X=X_train, y=y_train, cv=10, n_jobs=1l)

[e]

print ('CV accuracy scores: %$s' $ scores)

(o)

print ('CV accuracy: %.3f +/- %.3f' % (np.mean(scores), np.std(scores)))

from sklearn.model_selection import learning_curve

CV accuracy scores: [0.90909091 0.90909091 0.90909091 0.90909091
1. 1. 1. 0.9 0.9 0.7 1
CV accuracy: 0.914 +/- 0.083
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e APRTaYYEIRETIVIC LREAEZ AN, 2ERAT—4
DENEZ 0.1~1(10%~100%) [CEESH accuracy ZETE

from sklearn.model_selection import learning_curve

pipe_lr = make_pipeline (StandardScaler(),
LogisticRegression (penalty='12", solver='lbfgs', random_state=777, max_1iter=10000))

train_sizes, train_scores, test_scores = learning curve (estimator=pipe_lr,
X=X_train, y=y_train, train_sizes=np.linspace(0.1, 1.0, 10), cv=10)

train_mean = np.mean(train_scores, axis=1)

train_std = np.std(train_scores, axis=1)

test_mean = np.mean(test_scores, axis=1)

test_std = np.std(test_scores, axis=1)

plt.fill_between (train_sizes, train_mean + train_std, train_mean - train_std, color='blue')
plt.fill_between (train_sizes, test_mean + test_std, test_mean - test_std, color='cyan')
plt.plot (train_sizes, train_mean, color='blue', markersize=5, label='Training accuracy')

plt.plot (train_sizes, test_mean, color='green', linestyle='—--', markersize=5,
label='Validation accuracy')
plt.xlabel ('Number of training examples') 110
plt.ylabel ('Accuracy') — Taining accuracy
plt.legend (loc="upper right') 105 - e Y
plt.ylim([0.8, 1.11)
plt.tight_layout () 100 -
plt.show () >
5&%-
<
0.90 -
0.85 A
0.80
Number of training examples
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e AOACRATavYIEIBETIVIZ L2IEBIIEEFZ AN, FRIITEOEHD
HE C(REWLWAMNSIAIN) DIEFTZEENSE accuracy 5T H

from sklearn.model_selection import wvalidation_curve

range = [0.001, 0.01, 0.1, 1.0, 10.0, 100.0]
train_scores, test_scores = validation_curve (estimator=pipe_lr,
X=X_train, y=y_train, param_name='logisticregression__C', param_range=range, cv=10)
train_mean = np.mean(train_scores, axis=l)
train_std = np.std(train_scores, axis=1)
test_mean = np.mean(test_scores, axis=1)
test_std = np.std(test_scores, axis=1)

plt.fill_between (range, train_mean + train_std, train_mean - train_std, color='blue')
plt.fill_between (range, test_mean + test_std, test_mean - test_std, color='cyan')
plt.plot (range, train_mean, color='blue', marker='o', label='Training accuracy')
plt.plot (range, test_mean, color='green', linestyle='—--', markersize=5,
label='Validation accuracy')
plt.xlabel ('Parameter C'")

plt.ylabel ("Accuracy') 13 =&~ Taining accuracy
plt.legend(loc="upper right') 12 1 -== Validation accuracy
plt.xscale('log')
plt.ylim([0.5, 1.31) =
plt.tight_layout () 10 4
plt.show () g
5 09
4 08 4
0.7 1
06 4
05 T T L T T T
1073 102 107! 10° 10* 107 69
Parameter C




Bagging

« BERT AT —FRANSYTHIH T HIEE n_estimators F1T,
FNEFNIZHLTETILEZER L TFRAZET

o #EERI[X. 9%E (BaggingClassifier) THNIEXZ R TER
o BLGHAZ. EIFEEITOE S (BaggingRegressor) [ EETER

from sklearn.tree import DecisionTreeClassifier
from sklearn.ensemble import BaggingClassifier
from sklearn.metrics i1import accuracy_score

X_train, X_test, y_train, y_test = train_test_split (data_x, data_y, test_size=0.5,
stratify=data_y, random_state=777)

tree = DecisionTreeClassifier (criterion="'entropy', max_depth=None, random_state=777)
bag = BaggingClassifier (base_estimator=tree, n_estimators=500, max_samples=1.0,
max_features=1.0, bootstrap=True, bootstrap_features=False, random_state=777)

tree = tree.fit (X_train, y_train)
y_train_pred = tree.predict (X_train)

y_test_pred = tree.predict (X_test)

tree_train = accuracy_score (y_train, y_train_pred)
tree_test = accuracy_score (y_test, y_test_pred)

o) o)

print ('Decision tree train/test accuracies %.3f/%.3f' $ (tree_train, tree_test))

bag = bag.fit(X_train, y_train)
y_train_pred bag.predict (X_train)

y_test_pred bag.predict (X_test)

bag_train = accuracy_score(y_train, y_train_pred)
bag_test = accuracy_score (y_test, y_test_pred)

o) [o)

print ('Bagging train/test accuracies %.3f/%.3f' % (bag_train, bag_test))

Decision tree train/test accuracies 1.000/0.947
Bagging train/test accuracies 1.000/0.960
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3.

FERAT Mo IEETHME. ETIILEERL TR RAZET
FERAT AN IEETME. ETIILERBFICIHI TRASELI-T—20
BEAZTHEMICEOT ILEBEZEMA - ETETILEERLTTE

#2 % n_estimators [BIZE4T (H70HI1Z., AR DIFHE L BaggingRegressor() )

from
from
from

tree
ada

random_state=777)

tree = tree.fit (X_train, y_train)
y_train_pred = tree.predict (X_train)

y_test_pred = tree.predict (X_test)

tree_train = accuracy_score (y_train, y_train_pred)
tree_test = accuracy_score (y_test, y_test_pred)

print ('Decision tree train/test accuracies %.3f/%.3f' % (tree_train, tree_test))

ada

y_train_pred = ada.predict (X_train)
y_test_pred = ada.predict (X_test)

ada_train = accuracy_score (y_train, y_train_pred)
ada_test = accuracy_score(y_test, y_test_pred)
print ('AdaBoost train/test accuracies %.3f/%.3f' % (ada_train, ada_test))

sklearn.tree import DecisionTreeClassifier
sklearn.ensemble import AdaBoostClassifier
sklearn.metrics import accuracy_score

= DecisionTreeClassifier (criterion="'entropy', max_depth=1, random_state=777)
= AdaBoostClassifier (base_estimator=tree, n_estimators=500, learning_rate=0.1,

(o]

= ada.fit(X_train, y_train)

(o]

Decision tree train/test accuracies 0.973/0.947

AdaBoost train/test accuracies 1.000/0.920 71




Decision Tree Regression

. FEDEEH : https://scikit—learn.org/stable/auto_examples/tree/plot tree regression.html
https://scikit—learn.org/stable/modules/generated/sklearn.tree.DecisionTreeRegressor.html

from sklearn.tree import DecisionTreeRegressor
from sklearn.model_selection import cross_val_score

x_list
y_1list
data_x
data_y

tree =

= ["SL","PL", "PW"] # Eﬁﬂﬂ?ﬁi#ﬂ%
= ["SW"] # BRIZEHA
= iris[x_list] # AR
— iris[y_list] # BRIZEH

DecisionTreeRegressor (max_depth=3)

tree.fit (data_x, data_y)

cv = cross_val_score(tree, data_x, data_y, cv=10,
scoring='neg_root_mean_squared_error')

print (cv.mean ()) # —RMSE®D 13

print (cv.std()) # TORERE

-0.2764791276356073
0.07166560044254297
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Random Forest Regression

. FiE DM : https://scikit—learn.org/stable/modules/ensemble.html#forest
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https://scikit—learn.org/stable/modules/generated/sklearn.ensemble.RandomForestRegressor.html

from sklearn.ensemble import RandomForestRegressor
from sklearn.model_selection import cross_val_score

forest = RandomForestRegressor (n_estimators=1000,
criterion="'mse', random_state=777)

forest.fit (data_x, data_y)

cv = cross_val_score(forest, data_x, data_y, cv=10,
scoring="'neg_mean_squared_error')

print (cv.mean () ) # —MSEMDIEH

print (cv.std()) # TORERE

-0.08521257467062979
0.0408052842521939
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Python 3.8.3 documentation
https://docs.python.org/3/
https://docs.python.org/ja/3/

Pandas User’'s Guide
https://pandas.pydata.org/pandas—docs/stable/user guide/index.html

matplotlib documentation
https://matplotlib.org/index.html
https://matplotlib.org/1.5.1/faq/usage faq.html

seaborn documentation
https://seaborn.pydata.org/

scipy.org
https://docs.scipy.org/doc/scipy/reference/index.html

Scikit—learn documentation
https://scikit—learn.org/stable/
https://scikit—learn.org/stable/tutorial/machine learning map/index.html

Wes McKinney (2018) “Python for Data Analysis 2nd Edition”, O’ Reilly Media, Inc.
https://evanli.github.io/programming—book—3/Python/Python%20for%20Data%20Analysis%20-%20Wes%20McKinney.pdf

https://github.com/wesm/pydata—book

Sebastian Raschka & Vahid Mirjalili (2019) “Python Machine Learning, 3rd Edition”,
Packt Publishing
https://github.com/rasbt/python—machine—learning—book—3rd—edition

note.nkmk.me
https://note.nkmk.me/python/

Hernan MA, Robins JM (2020) “Causal Inference: What If. Boca Raton”, Chapman & Hall/C
https://www.hsph.harvard.edu/miguel—hernan/causal-inference—book/ @
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