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- Anaconda (77r1>4)
v Python&EF—IDMRAS A I SUR Y MIRoe7+4 X
NJEa31—=>3>
« PyCharm (J\AFv—L1)
v iSaREFEIRIE (IDE)
v f(C(EVisual Studio Codet>Atom7q&E
. Jupyter Notebook (a1 E4—)
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v V—-XJ—REFERZTY N TEMTED
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4 Jupyter Notebook-1 > X5 > X%
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Amazon SageMaker

Amazon SageMaker Studio
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0 Amazon SageMaker
v FERE

DFERFIRIE (SageMaker Studio)

MACHINE LEARNING
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Jupyter NotebookD{EL\E

e« 1—RZAZZL\CRun (Ctrl + Enter)
° ‘fﬁ%(i 5 CIRFND

— jupyter Untitled Last Checkpoint: 237 (unsaved changes) ﬂ OOOOOO

File Edit View Insert Cell Kernel Widgets Help Trusted & \ ccccc _python3 O
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Jupyter NotebookD{EL\E

» Kernel = Restart & Clear Output CHIFEER
DOV TED

: Jupyter Untitled Last Checkpoint: 365381 (unsaved changes)

File Edit View Insert Cell Widgets Help

B + = @ B 44 ¥ MRun

>— g8

Im [ 1 0 =1
print(i)
print(type(il)

Inm [ 1]: f=1.2
print(f)
print(type(f))

Interrupt

Restart

v @ nbdiff
I

Restart & Clear Output

Restart & Run All
Reconnect
Shutdown

Change kernel

Conda Packages

Visit anaconda.org

Logout

| conda_python3 O
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o EFNAY (int)
V IR ZEF RO FEERTY
» /\EXBY (float)
vV ISRz E0RFzERI (FENNESR)
o« FHIBY (str)
v XZFE57%=ERKT ([”] or ['] THD)
- E{AEE! (bool)
v’ True/False®d2{E=xXRT
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« XX (list)
vV BEOEBEZRZTIZEMNIT D (BLUIIRATEILY)
|=[1, 2, 3, “4”, 5]

« AS7J)L (tuple)
v BROZENTETRUVWIA
t=(1,2,3,“4” 5)

- #E (dict)
v F— BDNRT

d = {"keyl”: 1, “key2” : “value2”, “key3” : 3 }
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5435 = 21—-)L = \wo—=>
v import 5125V as il

- SA DS URRZFHAALTHIZZ TS

5] : import pandas as pd

v from S5V import ATk
— SASUARNDIEELUEAT ST 0 bDIHZFHZAHAD
5] : from sklearn.datasets import load_iris
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- pandas (J\>4AX) BI& : pd

v KEKXDT—4 (Panel data) &>

numpy (FALJ\1. F>2J)\1) Bl :np
v RIERMETES TS

matplotlib (v 70w ~kUD) 7% : plt
v OIS THESA IS

v import matplotlib.pyplot as plt
seaborn (= —/Mh—>) B§Kl% : sns
v SRS JHRES A TS
scikit-learn (v b=>—2)

v HWEBESAISU

[0 Lol

26




D35 J(CKBAHRIE




DS I DIEH

1.ITNERT S D
2.B05 7

3 /=7

4. EX NS A
5. 8

_@@%ﬂﬁ



%matplotlib inline
import matplotlib.pyplot as pi.

_ JupyterNotebookR (27" Z 7 % #
import pandas as pd @T%)?EE

df = pd.read csv(“data/iris.csv”)

df.plot()

<{AxesSubplot:>
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df.groupby( " Species” ) [ "Sepallength™].mean().plot.bar()

<hxesSubplot:xlabel="Species’>
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df .groupby( " Species” ) [ "Sepallength”].mean().plot.piel]

<AxesSubplot:vlabel="Sepallength™>
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df[ "Sepallength” J.plot.hist()

{AxesSubplot:vlabel="Frequency’>
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import pandas as pd
cars = pd.read csv( data/cars.csv’)
cars.plot.scatter(y = "dist”, x = "speed”)

: <AxesSubplot:xlabel="gpeed’, vlabel="dist’ >
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import seaborn as sns

iris = pd.read csv("data/iris.csv’)
sns.pairplotl data =iris ,

d=ae

hue ="Species” )

e,

"
o * -.oo“ °
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| iris = iris.drop(’Species’, axis=
sns.heatmapliris.corr())
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« Airline Passenger Satisfaction

https://www.kaqqle.com/teeimahaI20/airIine—passenqer—satisfaction
RATHEDREZ DR m e/ i B faR
v isameEzm L Uzu)

Dataset

Airline Passenger Satisfaction
What factors lead to customer satisfaction for an Airline?

ﬂ TJ Klein « updated 2 years ago (Version 1)

_U)fé%u;%
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https://www.kaggle.com/teejmahal20/airline-passenger-satisfaction

> —4~I5H

« Gender : EZEDMR] (Female, Male) « Food and drink: BXEBY D& R E
« Customer Type: B@& 7| (Loyal customer: 8542 F%, disloyal * Online boarding: 4 > 7 1 » fER D R E
customer: N EREE) - Seat comfort: FEE DB & DR E
+ Age: The actual age of the passengers « Inflight entertainment: 8N T > 2 —F 4 > X > DB RE
«  Type of Travel: Fc{Tx)5 (Personal Travel:{E A 1T, Business + On-board service: iR Y — E X DR E
Travel:H3R)

« Legroom service: L v 7 I— LY —ERDiERE

o Class: R{T#d - 5 X (Business, Eco, Eco Plus) . Baggage handling: EEELY L O R

- Flight distance: FRATERAE + Check-inservice: Fz v 74 Y —EXDmEE

« Inflight wifi service:#Rwifithr —E 2 DR E(0:Z %4 L « Inflight service: #ARY —E X DHREE

Applicable;1-5) - .
PP « Cleanliness: [ HREDO#HEE

. i i ient: FERFE D) =3 . . .
Departure/Arrival time convenient: H 5/ 2 &R O 2 E . Departure Delay in Minutes: L SSEIE (5)

+ Ease of Online booking: > 7 4 > FHDMEE - Arrival Delay in Minutes: FI238% (%)

+ Gate location: ¥ — FMIB D& EE + Satisfaction: fiZE et D2 E (satisfied : FE. neutral
or dissatisfaction : I HAH)

d=ae
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e R DRBEREER

« NPS (v hZJOFE—4F—X77)

® - e nus @)

2LBDRV EE5THREL FWICESED

Not at all likely Neutral Extremely likely
S. S.
HEHFOIAST pBEA #HFFOIS = m
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I — D55 dHA T

| DAT PATH = 7../../master/python_data analysis_train _data/airline-passenger-satisfaction/”
df train = pd.read csv(DAT PATH + “train.csv’)
#FOSAEDFEHIN - EEH
df train.columns = df train.columns.str.replace(” ", ~ ")
df _train.head()

Unnamed:_0 id Gender Customer_Type Age Type_of_Travel Class Flight_Distance Inflight_wifi_service Departure/Arrival_time_convenient
0 0 70172 Male Loyal Customer 13 Personal Travel Eco Plus 460 3 4
1 1 5047  Male disloyal 55 Business travel Business 235 3 2
Customer
2 2 110028 Female Loyal Customer 26 Business fravel Business 1142 2 2
3 3 24026 Female Loyal Customer 25 Business fravel Business 562 2 5
4 4 119299 Male Loyal Customer 61 Business travel Business 214 3 3
G ==
N\ L
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df train.describel ]

Unnamed:_0 id Age Flight_Distance Inflight_wifi_service Departure/Arrival_time_convenient Ease_of _Online_booking Gate_locs

count 103904000000 103904.000000 103904.000000 103904.000000 103904.000000 103904.000000 103904.000000 103904.00(
mean 51951500000 64924 210502 39.379706 1189.448375 2729683 3.060296 2.756901 2.97¢
std 29994 645522  37463.812252 15.114964 997.147281 1.327829 1.525075 1.398929 1.271
min 0.000000 1.000000 7.000000 31.000000 0.000000 0.000000 0.000000 0.00(
25%  25975.750000  32533.750000 27.000000 414.000000 2.000000 2.000000 2.000000 2.00(
50% 51951500000 64856500000 40.000000 843.000000 3.000000 3.000000 3.000000 3.00(
75% 77927250000 97368.250000 51.000000 1743.000000 4.000000 4.000000 4.000000 4.00(
max 103903.000000 129880.000000 85.000000 4983.000000 5.000000 5.000000 5.000000 5.00(

[0 Lol
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j(% <'1}F?H Db\j—d\b\g é’%—’ﬁﬁu:u

df train.groupby( Gender " )[ 'Gender'].count().plot.piel]

{hwesSubplot ivlabel="Gender ">

Female

Gender

Male



EAEIERIDITIE

 LoyalCustomerHh 8ZEl3mx L

: df _train.groupby( Customer Type’ J[ Customer Type ].count().plot.pie(]

o <AwesSubplot:ylabel="Customer Type >

Loyal Customer

Customer _Type

disloyal Customer

[0 Bl
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Fis DItz

¥ ERIERERESD, DOV T L F/Io108 & I255)
df train[ age 10°] = pd.cut(df train[ " Aee’], [0, 10, 20, 30, 40, L0, 60, 70, 80, 90])

df train.groupby({ age 107 ][ "age 10" ].count().plot.bar()

<hyesSubplot:xlabel="age 107>
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hr1TiERIDITHE

df train.groupby( Type of Travel " )[ 'Type of Travel ].count().plot.piel)

{huesSubplot:vlabel="Type of Trawvel >

Business travel

Type_of Travel

Personal Travel

I .
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5 ADitiE

df train.groupby( Class J[ Class J].count().plot.bar(]

{hwesSubplot:xlabel="Class™>
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df train.groupby( satisfaction J[ 'satisfaction ].count().plot.piel)

{hxesSubplotivlabel="satisfaction >

neutral or dissatisfied

5
=
"
E
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FBIEC EimEEI OASKE

fig = plt.figure(figsize=(20, 10))

ax] = fig.add subplet(?, 3, 1)

ax? = fig.add subplot(2, 3, 2]

axa = fig.add subplot(2, 3, 3)

axd = fig.add subplot(Z, 3, 4)

axh = fig.add_subplot(2, 3, &)

axb = fig.add_subplot(2, 3, B)

¥ B EEEE

pd.crosstab(df trainl ' Gender’], df trainl 'satisfaction’]).plot.bar(ax = axl)
¥ EERERNC S GEE

pd.crosstab(df _trainl Customer_Twpe'], df trainl ' satisfaction’ 1).plot.bar(ax = ax?)

¥ ERLTEEEE

pd.crosstab(df train[ aze 10771, df trainl satisfaction’ ]).plot.bar(ax = ax3)

¥ WiTENC S EEE

pd.crosstabldf trainl Tvpe of Travel’ ], df train[ satisfaction ]).plot. bar(ax = axd)

¥ oS3 EEBESE

pd.crosstab(df train['Class’], df trainl ' =zatisfaction ]).plot. bar(ax = axh)

¥ Rl EEE

df train['Flight Distance 107] = pd.cut(df train[ ' Flight Distance’], 10)

pd.crosstab(df train['Flight Distance 10°], df trainl zatisfaction’]).plot.bar(ax = axB)

[0 Lol
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AFAVUDNER R

e MRl - OSSR EDFEZRIIE

(AFTYUBILEE)

= XFHDFXXTEDHCTERVWEHER (T>O—K) 95

1. Label encoding (S~JLT

=

—F > 0)

v AFTUNDIIVEEREEE (RPDSE) (CEH#HRTD

5] : male—1. female—0

2. One hot Encoding (D>/Rkw hIT>O—F+« >2)
v HAFTURIVERDIES E(CHHAMESNT. 0 or 1DMEICTRD
v IRTH0ICRBAINEBRW\N EONST=—T>1—5F >0
| female

i M

(eIl 0 !
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AFAVUDNER R

df _gender = pd.DataFrame(df_train[ Gender'])|

# Label encoding (SN T 20T—F 4 2077)

from sklearn.preprocessing 1mport LabelEncoder

le = LabelEncoder ()

df _gender[ "Gender le’] = le.fit _transform(df gender[ Gender ])
df _gender .head()

# One hot Encoding (72w f T 20— 0 20 7))
Gender Gender_le df zender = pd.get dummies(df train[ Gender ])
df gender .head( )

0 Male 1
1 Male 1
Female Male
2 Female 0
0 0 1
3 Female 0
1 0 1
4 Male 1
2 1 0
3 1 0
4 0 1
d=a=
I e e
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IHHBIDHRE Z IEIE

mEEZEZRIEBLIHESHU

df train.columns

Index([ 'Unnamed: 07, "id", "Gender', "Customer Type’, 'hge', 'Type of Travel’,
"Class’, 'Flight Distance’, 'Inflight wifi _ service’,
"Departurefbrrival _time convenient’, 'Ease of Online booking’,
"Gate_location’, 'Food and drink’, 'Online_boarding’, 'Seat comfort’,
"Inflight_entertainment’, 'On-board_service’, 'Leg _room service’,
'Bagzage handling’, 'Checkin_service’, "Inflight service’,
‘Cleanliness’, 'Departure Delay_in_Minutes’, “Arrival Delay_in Minutes’,

‘satisfaction’, “age 10", 'Flight Distance 1077,
dtype="object’)

df sub = df _train[["Inflight wifi _service’,
‘Departurefbrrival _time_convenient’,
'Ease_of Online booking’,
‘Gate_location’,
"Food_and drink’,
‘Online_boarding’,
"Seat _comfort’,
"Inflight entertainment’,
"On-board service’,
‘Leg_room service ',
'Baggage_handling’.
‘Checkin_service’,
"Inflight service’,
‘Cleanliness’,
"satisfaction’]]

[0 Lol
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IAHBIDHE Z 1E1E

df _sub.groupby( satisfaction’).mean().plot.bar(figsize=(20, 61

<AxesSubplotixlabel="sat isfaction'>
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IHHBIDHRE Z IEIE

df sub = pd.get dummies(df sub)

sns.heatmap(df _sub.carr())

ChyesSubplot >
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FED 2t (PcA)

° Jjé:'l

Language English Math Science Society

No
1 40 40 80 60 50
2 45 50 70 60 46
3 70 60 50 60 80
4 80 90 70 80 90
5 55 60 70 60 50

SRIBOTX b DEH

(5 X7T)

[0 Lol
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=2 papaliiy

from sklearn.decomposition import FCA

pca = PCA(n _components=2)
pca.fitidf _sub)

¥ ERED&HF

pca_point = poa.transform{df _sub)

% _data = pca_pointl:, 0]

v _data = pca pointl:, 1]

fal = pca.components [0]

tal = peca.components [ 1]

plt.figure(figsize=(10,107)

plt.scatter(x data, v _data)

for i in ranze(fal.shapel0]):
plt.arrow(0, 0, fa0[lilx10, fallil®*10, color="r")
plt.text (fal0lilx12, fallil®12, df sub.columns.valueslil, color="r"])

[0 Lol
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- AIEHE &M
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RTEARDFFE

» FERZTIEAELPILN
v RIBECAIRIE T BT ETONDPTL
» FFHEZIER T DUENTIR
v £ LEHEBOASVEHEE BN ICIRATS
- BFES LY RAEMEREDMEL
v ROFESOEDET, EMSEHRTS (BAD)
¢+ REARNR—RADS A LT A LA NOAECT —

AT+ 2ONIEFE(CE N (7Y >T)0iE)

[0 Lol



RIENR
» AFTVRIIERZZE (L))

from dtreeviz.trees import ditreeviz
from sklearn.tree import DecisionTreeClassifier

¥ HBAEH
df X = df train.drop([ 'Unnamed: 0°, "id’, "satisfaction’, "age 10", 'Flight Distance 10" ], axis=1)
¥ BaiE
df v = df train['satisfaction’]
df X.head()

Gender Customer_Type Age Type_of_Travel Class Flight_Distance Inflight_wifi_service Departure/Arrival_time_convenient Ease_of_Online_booking (
0 Male Loyal Customer 13 Personal Travel Eco Plus 460 3 4 3
1 Male disloyal 25 Business travel Business 235 3 2 3

Customer

2 Female Loyal Customer 26 Business travel Business 1142 2 2 2
3 Female Loyal Customer 25 Business travel Business 562 2 5 5
4 Male Loyal Customer 61 Business travel Business 214 3 3 3

[0 Lol

88



RIENR
» AFTVRIINERZZH (LIEE)

FBTITVANENEER (GANT 2 T—T 1 20 7)

from sklearn.preprocessing import LabelEncoder

le = LabelEncoder ()

df X[ 'Gender’] = le.fit_transform(df X[ Gender’].values)

df X[ 'Customer Type'] = le.fit_transform(df X[ Customer Type’].values)
df X[ Type of Travel ] = le.fit _transform(df X[ Type of Travel ].values)
df X['Class"] = le.fit_transform(df X[ 'Class"].values)

df v = le.fit_transform(df y.values)

df _X.head()

Gender Customer_Type Age Type_of _Travel Class Flight_Distance Inflight_wifi_service Departure/Arrival_time_convenient Ease_of_Online_booking Gat

0 1 0 13 1 2 460 3 4 3

1 1 1 25 0 0] 235 3 2 3

2 0 0 26 0 0 1142 2 2 2

3 0 0 25 0 0 562 2 5 5

4 1 0 61 0 0 214 = 3 =
-ﬁﬁiﬂﬁ
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«  RIBIB7ZANE

¥ REBEDHEHFL T
print(df X isnull().any()]

¥ RGIEFEOTED S
df X[ "&rrival Delay_in Minutes'] = df X["Arrival Delay_in Minutes' ].fillna(0)

[T

Gender Falze
Customer Type Falge
Age False
Type of Travel False
Class False
Flight Distance False
Inflight wifi service False
Departure/Arrival _time_convenient False
Ease of Online_booking False
Gate_location False
Food and drink False
Online_boarding False
Seat _comfort False
Inflight entertainment False
On-board service False
Leg _room _service False
Baggage handling Falze
Checkin_service False
Inflight _service Falze
Cleanliness Falze
Ueparture Delay_in _Minutes Falze
Arrival Delay in Minutes True
dtvpe: bool

-ﬁﬁiﬂﬁ
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» RIBIEDHDDI1TZHIBRT D

v IARTOFIOBARINRNEE L < RBVNES
. RIBEZIEHD

v thinf, Fi9fE, S5EECiED S
v HIOME, SRE. &30METIEDSD (BR5)
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BRFRS
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REARDH

| ¥ RENGWELT

regr = DecisionTreeClassifier (max depth=3)
regr.fit(df X, df v)
viz = dtreeviz(regr,

df X,

df v,

target name="satisfaction’,

class names=[ neutral or dissatisfied’, 'satisfied ],

feature names=df X.columns)
display(viz)

[0 Lol
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vagiiy =

30762
satisfaction
ﬂ T [ Ineutral or dissatisfied
ok | [ satisfied
¢ . 3.50 5 "
Online_boarding
'/,'g \‘\ >
4
¥ 40983
17641 o
I -
o= i - H
0 050 . . . 5 o i
Inflight_wifi_service 0 a.50 1
| Type_of Travel
| | S
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4234
ﬂ o |_| o o O [ ﬂ m
0 B o 2 = = 1 I8 : i .
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II
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N
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« THEDEIENAKETVDIEUTD/INFT—>
—iEEEANDRZENKETL)
1. Online_bordingdii@EMN4LLTF. Inflight_wifi_ServiceMsZH7x L.  Inflight
entertainment®@imEEMN 1L E (U KUY)

2. Online_bordingDimEEMN4LL . Type of Travel B0 (BT % X) . Inflight
entertainment® i EEH4 _E
—> EVX RN X —TAA Y MY EHETHEE

3. Online_bordingDi@mEEH 4 L. Type of Travel 1 (BEAMRIT) .«
Inflight_wifi_ServiceD i EEH 5 LU E
— Inflight_wifi_Service 4L T DIFEDiEEN 13%
— B AT (SHERAWIFINEER

[0 Lol
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SOALTALARBM

from sklearn.model selection import train test split
from sklearn.ensemble import RandomForestClassifier

¥ RFL—=Z T 7 —8ET R T—ZICHTE
(train X, test X, train v, test v) = train test split(df X, df v, random state=0)

¥ SoRATFLIFETHLELR
¥ n estimators BERFINC DERTED (F7F10 FETD

clf = RandomForestClassifier(random state=0, n estimators=20)
clf = clf. fit({train X, train_v)

¥ IEEERE (BB E)
print(clf.score(test X, test v))

print(clf.score(train X, train_v))

0.95957807/20665229
0.98991273996609559

[0 Lol
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- L>AI)IBHEEDT -5ty hZE{E>TL A
JVEADFRIES )L ZiEET D
- [Bike Sharing Demand]

Washington, D.C.[CBEI DL >FJLBEEY—EXD. 1B
= 2 F[(2011-2012)ICHITFBD 1BFEC EDL > FILFT—5F &
[ARFMHFEFEDT—5H
https://www.kaggle.com/c/bike-sharing-demand

_@ﬁ%m@n
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https://www.kaggle.com/c/bike-sharing-demand

=AY FOBIE

datetime iSS|

seazon =8 1=%F2=8,3=M4=%)
holiday SE»E DS H

workingday B<HDLED D (EBHBUN)
weather AR l=Fh, 2=28Y, 3=W. 4=KW)
temp UM

atemp RRGEE

humidity B

windspeed JEBES

casual FERBEDL VR

registered SEDL v RILE

count el > IV

-d)'ﬁi[lk%
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SHHDHERE

1: df.plotix="datetime’, v='count ]

1 <hwesSubplot:xlabel="datetime >
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RZEDELHUE (F13)

df .groupby({ "'month " )[ "count’].mean().plot.bar(]

{hwesSubplotxlabel="month’>
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FEZ LDOEULHULE (F13)

df .groupby( "season’ ) ‘count '] .mean().plot.bar(]

{hwesSubplot:xlabel="season >
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AZ&EDELHUE (F13)

df .groupby( "day’ )[ "count’].mean().plot .bar(]

{hwesSubplot:xlabel="day >
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175 -
150 -
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EHZ LDoEULHUE (F13)

df .groupby( "davofweek ) 'count’].mean().plot.bar(]

{hwesSubplot:ixlabel="davofweek >
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R LDEUHUE (F13)

df .groupby( "hour ") "count’].mean().plot . bar( )

{hxesSubplotixlabel="hour >
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holiday,workingday B§lElC & 15

df .query{ "haliday == 1
df .query( holiday == 0°
( =

7

cgroupby ( Thour ") "count '] .mean().plot(label="haliday )

.groupby ( "hour ") "count ] .mean().plot(label="not holiday’)

17 ).groupby( "hour ")[ "count '] .mean( ).plot(label="workingday )

0" ).groupby( "hour ")[ "count '] .mean().plot(label="not workingday )

e

df .query( ‘workingday
df .query( "workingday
plt.legend(fontsize=1

04 T hollday
— not holiday
400 { — workingday

—— not workingday

300 -
200 A
100 A
u -
0 5 10 15 20
hour
==
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FEICKDEIL

df .querv( "season == 1" ).groupby( hour " )[ "count ' ].mean() .plot(label="Spring’ )

df .querv( 'season == 2" ).groupby( hour’ )[ "count’].mean().plot{label="Summer ")

df .query( 'season == 3" ).groupby( hour " )[ ‘count’].mean().plot(label="Fall")

df .query( 'season == 4" ) .groupby( Thour ") "count’].mean().plot(label="Winter ]
]

plt.legend(fontsize=17]

{matplot!lib. legend.Legend at Ox/fe/0e318%98>
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XixZ E8HE (F13)

df .groupby( weather " J[ "count ' ].mean{).plotikind="har’]

ChwesSubplot:xlabel="weather >

200 +
175 -
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125 -

100 -

25 A

weather

B AFOT—ZFEH
print(len(df.query("weather == 471}

1

_@@ﬂ];@ﬁ
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RXRICKDZEAE

df .query( 'weather == 1" ).groupby( "hour " J[ "count’].mean().plot(label="Clear’)
df .query( weather == 27 ).groupby( "hour " J[ "count’].mean().plot(label="Cloud’)
df .query( 'weather == 37 ) .groupby( "hour  J[ "count’].mean().plot{label="Rain’)

plt.legend(fontsize=172)

<matplotlib.legend.Legend at Ox/fe/0elfBed0>
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Sim & ARRE DR R

df .plot.scatter(x="temp , v=atemp’ )

{hxesSubplot:xlabel="temp’, vlabel="atemp >
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mE, AREE, EBE. B, SHN

sns.pairploti(data=df[[ 'temp’, ‘atemp’, “humidity’, ‘windspeed’, ‘count’]])
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HERBZE— MYV I TERR

sns.heatmap (df[[ "temp’, ‘atemp’, "humidity , "windspeed , ‘count ]].corr())

Chwessubplot >
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=8 - IFIRREDEL)

df .groupby( "hour " )[ ‘casual ' ].mean().plot(label="casual )
df .groupby( hour ) 'registered’ ].mean().plot(label="registered’)
plt.legend(fontsize=12)

<matplotlib. legend.Legend at 0x/fe/0cb994a8>
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=8 - IFIRREDEL)

PR, #2858 EH

df .querv( "workingday == 1" ).groupby( "hour " )[ "casual ' ].mean().plot{label="casual ")

df .query( workingday == 17 ).groupby( hour " )[ 'registered’].mean().plot{label="registered’ )
plt.legend(fontsize=12)

{matplotlib.legend.Legend at Ox/tel/0d/c94e0>
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=8 - IFIRREDEL)

¥=me. Fxg EtHHKEH

df .query( ‘workingday == 0" ).groupby( "hour " )[ "casual "].mean().plot(label="casual ")

df .query( ‘workingday == 07 ).groupby( hour " )[ 'registered ].mean().plot(label="registered )
plt.legend(fontsize=17)

<matplotlib.legend.Legend at Ox/Te/0e0f6308>
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v BINTEEICLDBEENE/NERBEERERDS
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v OSEENER  EERSN Y

ax
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FRIETIVIEE : BRI

¥EHERESTTUEHICEE

for v in [“season”, "holiday”, "workingday , weather”, "month”, “wvear”, "hour”]:
df[v] = dflv].astype( catezory”)

df .head()

datetime season holiday workingday weather temp atemp humidity windspeed casual registered count datetimeobj year month day dayofweel

2011-01-

0 01 1 0 0 1 9.84 14.395 81 0.0 3 13 16 203)2)'_210'_38 2011 1 1
00:00:00 U
2011-01-

1 01 1 0 0 1 902 13.635 80 0.0 8 32 40 203)1'210'22) 2011 1 1
01:00:00 T
2011-01-

2 01 1 0 0 1 9.02 13.635 80 0.0 5 27 32 203)12'210'88 2011 1 1
02:00:00 T
2011-01-

3 01 1 0 0 1 9.84 14.395 75 0.0 3 10 13 20&;'210'38 2011 1 1
03:00:00 T
2011-01-

4 01 1 0 0 1 9.84 14.395 75 0.0 0 1 1 20(1)1__32]__38 2011 1 1
04:00:00 U
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FRIETIVIEE : BRI

import statsmodels.formula.api as sm

mode! = sm.ols(formula="count 7 vear + month + hour + temp + weather + workingday™, data=df)
result = model.fit()

result.summary()

OLS Regression Results

Dep. Variable: count R-squared: 0.689
Model: OLS Adj. R-squared: 0.688
Method: Least Squares F-statistic: 602.0
Date: Sat, 16 Oct 2021 Prob (F-statistic): 0.00
Time: 18:25:30 Log-Likelihood: -65680.
No. Observations: 10886 AlIC: 1.314e+05
Df Residuals: 10845 BIC: 1.317e+05
Df Model: 40
Covariance Type: nonrobust
coef stderr t P> [0.025 0.975]

Intercept -129.2953 6.456 -20.027 0.000 -141.950 -116.640
year[T.2012] 89.9983 1.963 45.836 0.000 86.150  93.847

month[T.2] 14.8029 4.830 3.085 0.002 5.336  24.270
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FRHESTIVBE : SHLTALAB

df .drop([ "count”, ‘casual ', ‘registered’, 'datetime’, 'datetimeob]’], axis=1) # F~NTEI VA5
df [ "count "]

df x
df v

¥ rL—=2 07— TR T—E TS
(train_x, test x, train_y, test v) = train_test split(
df x, df v, test size=0.3, random_state=0]

¥ SUFATF LI FETAEFEELER

# n estimators REXEF DERT ED (7F 774 FETD)

clf RandomForestRegressar(random state=0, n_estimators=20)
clf = clf.fit(train x, train_v)

¥ R RIRTEFE)
print(clf.score(test x, test y))
printiclf.score(train x, train y))

¥ EEECFHAOESE. FEEPANTFHTEFLSE0,

# RMSEE (Root Mean Sguared [ogarithmic Error)

¥ PHESRBREODABDEDZFEDFELYDFEFH R

pred = clf.predict(test x)

rmsle = np.sqrtimean squared log error(test v, pred))
print{ 'RMSLE:" + strirmsle))

0.9404809267400105
0.9912824824908756
RMSLE :0.34680175181930634
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FRIETIVIBE

¥ PHESREEF 7OV A

result = pd.DataFrame(test v)
result[“pred”] = pred
result.plot.scatter(x="pred”, y="count”)

<{hxesSubplot:xlabel="pred’, vlabel="count’>
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FRHESTIVBE : SHLTALAB

# ST LATH LR FORFEHDEZFF AR
fea rf_imp = pd.DataFrame({ imp ' : clf.feature importances , 'col ' : df x.columns})
fea rf_imp.sort _values(by="imp ", ascending=True).plot.barh({x="col ", y="imp )

ChwesSubplotivlabel="col ">
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