[MpakTnueckasa pabora 1. JInHenHasa perpeccua ans
peleHna 3agaumn npeackasaHuA LeHbl Ha AOMa
bocToHa

Ha 3TOM npakTMyeckom 3aHATUM Mbl peLlaem OfHY M3 KNacCMyecknx 3agay MalmMHHOro obyyeHns --
npeAckasaHus LeHbl Ha goMa B boctoHe. Habop gaHHbIx Boston Housing coaepxxunt nHpopmaumo o 506

foMax bocToHa: nx xapakTepucTukm (Koam4ecTBo KOMHaT, yAaNeHHOCTb OT LLeHTpa, YPOBEHb MPeCTyNHOCTA U
T.4.) N LEeHy.
Hala uenb -- NocTpouTb IMHENHYIO MOAEeNb, KOTopas OyAeT Mo XapakTepucTikam foMa NpesckasbiBaTb ero

CTOMMOCTb.

Cam Habop AaHHbIX JOCTyrneH no agpecy https://archive.ics.uci.edu/ml/datasets/Housing. OgHako,
MOCKO/IbKY Mbl COBMpaeMcs ucnonb3osathb scikit-learn, Mbl MOXeM 3arpy3nTb ero NPsSMo 13 camoro scikit-

learn.

3arpy3ka gaHHbIX

CHauana Mbl UMNOPTUPYEM HEOBXOAUMbIE BUBANOTEKM, 3arpy3vM cam JaTaceT, NOCMOTPUM Ha Hero. [lanee

co3gaanm obbekT pandas -- Tabanuy ¢ JaHHbIMK, C KOTOpoW byaem ganblie paboTaTb.

import numpy as np
import pandas as pd

import seaborn as sns
import matplotlib.pyplot as plt

ViMnopTupyem Takxe BCe, YTO HaMm noHazobutca n3 bubamotekn scikit-learn.

from sklearn import datasets

from sklearn.preprocessing import MinMaxScaler

from sklearn.linear_model import LinearRegression
from sklearn.model_selection import train_test_split
from sklearn.metrics import mean_squared_error

3arpysum gatacet Boston Housing.

boston = datasets.load_boston()

Kak Buanm Huxe, Habop ncxoaHbIX AaHHbIX boston.data cogep>xmnt 506 cTpok n 13 ctonbuoB.. MNepemeHHas
boston.target nepactaBaset cobort 506 MepHbIA BEKTOP OTBETOB (LL€HbI Ha AOMa).
print(boston.data.shape)
(506, 13)
print(boston.target.shape)

(506,)

nOCMOTpMM Ha NOJIHOE onncaHune Ha6opa AaHHbIX U 13 NPW3HaKOB.

print(boston.DESCR)

. _boston_dataset:

Boston house prices dataset


https://archive.ics.uci.edu/ml/datasets/Housing

**Data Set Characteristics:**
:Number of Instances: 506

:Number of Attributes: 13 numeric/categorical predictive. Median Value (attribute 14) is us
ually the target.

:Attribute Information (in order):

- CRIM per capita crime rate by town

- ZN proportion of residential land zoned for lots over 25,000 sq.ft.
- INDUS proportion of non-retail business acres per town

- CHAS Charles River dummy variable (= 1 if tract bounds river; © otherwise)
- NOX nitric oxides concentration (parts per 10 million)

- RM average number of rooms per dwelling

- AGE proportion of owner-occupied units built prior to 1940

- DIS weighted distances to five Boston employment centres

- RAD index of accessibility to radial highways

- TAX full-value property-tax rate per $10,000

- PTRATIO pupil-teacher ratio by town

- B 1000(Bk - 0.63)"2 where Bk is the proportion of blacks by town

- LSTAT % lower status of the population

- MEDV Median value of owner-occupied homes in $1000's

:Missing Attribute Values: None
:Creator: Harrison, D. and Rubinfeld, D.L.

This is a copy of UCI ML housing dataset.
https://archive.ics.uci.edu/ml/machine-learning-databases/housing/

This dataset was taken from the StatLib library which is maintained at Carnegie Mellon Universi
ty.

The Boston house-price data of Harrison, D. and Rubinfeld, D.L. 'Hedonic
prices and the demand for clean air', J. Environ. Economics & Management,
vol.5, 81-102, 1978. Used in Belsley, Kuh & Welsch, 'Regression diagnostics

', Wiley, 1980. N.B. Various transformations are used in the table on
pages 244-261 of the latter.

The Boston house-price data has been used in many machine learning papers that address regressi
on
problems.

. topic:: References

- Belsley, Kuh & Welsch, 'Regression diagnostics: Identifying Influential Data and Sources o
f Collinearity', Wiley, 1980. 244-261.

- Quinlan,R. (1993). Combining Instance-Based and Model-Based Learning. In Proceedings on th
e Tenth International Conference of Machine Learning, 236-243, University of Massachusetts, Amh
erst. Morgan Kaufmann.

Co3gaanm Tabanuy bos c nomoLbo NakeTa pandas, ¢ koTopow byaeT yaobHee paboTtaTb fanblue.
[MocmoTpuM Ha ee nepBble 5 cTpoK.

bos = pd.DataFrame(boston.data, columns = boston.feature_names)

print(bos.head())

CRIM ZN INDUS CHAS NOX ... RAD TAX PTRATIO B LSTAT
0 0.00632 18.0 2.31 0.0 0.538 1.0 296.0 15.3 396.90 4.98
1 0.02731 0.0 7.07 0.0 0.469 2.0 242.0 17.8 396.90 9.14
2 0.02729 0.0 7.07 0.0 0.469 2.0 242.0 17.8 392.83 4.03
3 0.03237 ©.0 2.18 0.0 0.458 3.0 222.0 18.7 394.63 2.94
4 0.06905 0.0 2.18 0.0 0.458 3.0 222.0 18.7 396.90 5.33

[5 rows x 13 columns]

[ob6aBnm K Helt 14-biii cTonbel, ¢ LeHon goma.



bos[ '"PRICE'] = boston.target
print(bos.head())

CRIM ZN INDUS CHAS NOX ... TAX PTRATIO B LSTAT PRICE
0 0.00632 18.0 2.31 ©.0 0.538 ... 296.0 15.3 396.90 4.98 24.0
1 ©0.02731 ©.0 7.07 0.0 0.469 ... 242.0 17.8 396.90 9.14 21.6
2 0.02729 ©.0 7.07 0.0 0.469 ... 242.0 17.8 392.83 4.03 34.7
3 0.03237 0.0 2.18 0.0 0.458 ... 222.0 18.7 394.63 2.94 33.4
4 0.06905 0.0 2.18 0.0 0.458 ... 222.0 18.7 396.90 5.33 36.2

[5 rows x 14 columns]

Pa3BeOYHbIN aHAaNN3 AAHHbIX

Mocne 3arpy3ku AaHHbIX CTOUT MOHATb, C YEM HaM MPEACTOUT UMETb AeNo. Mbl MOCMOTPUM, HET IN B AaHHbIX
NPONYLLEHHbIX 3HAaYEHWI, CUNbHO KOPPENNPOBaHHbIX MPU3HAKOB. Mbl BbIACHUM, YTO MeXAy npusHakom RM
(KOIMYeCTBO KOMHaT) U LIeHOW eCTb XOpoLlasa KOPPensLmsa N eCTb CMbICA PeLnTb 3agaqy OAHOMEPHOM
JINHENHOW perpeccum Mexxay HUMM.

[ns Hauana NPoBEpPUM, HET IN B HUX MPOMYLLEHHbIX 3HaYeHnn. Caenaem 370 A1 KaXA0ro ctonbua ¢

nomolubro dyHkLmm isnull().

bos.isnull().sum()
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[MponyckoBs Her.
[MocMoTpuM Tenepb Ha MHPOPMALMIO O HEKOTOPBIX CTaTUCTUUECKMX XapaKTepUCTMKax KaXAoro npusHaka.
bos.describe()

CRIM ZN INDUS CHAS NOX RM AGE DIS RA
count 506.000000 506.000000 506.000000 506.000000 506.000000 506.000000 506.000000 506.000000 506.0000C
mean 3.613524 11.363636  11.136779 0.069170 0.554695 6.284634  68.574901 3.795043 9.5494(

std 8.601545  23.322453 6.860353 0.253994 0.115878 0.702617  28.148861 2.105710 8.7072¢
min 0.006320 0.000000 0.460000 0.000000 0.385000 3.561000 2.900000 1.129600 1.0000C
25% 0.082045 0.000000 5.190000 0.000000 0.449000 5.885500  45.025000 2.100175 4.0000(
50% 0.256510 0.000000 9.690000 0.000000 0.538000 6.208500  77.500000 3.207450 5.0000(¢
75% 3.677083  12.500000  18.100000 0.000000 0.624000 6.623500  94.075000 5.188425  24.0000(

max 88.976200 100.000000 27.740000 1.000000 0.871000 8.780000 100.000000  12.126500  24.0000(

count = 506 roBopuT O TOM, UYTO y Hac ecTb No 506 3HaUeHWI B KaXKA0M cTo1OLe. MOXHO BUAETb TakxXe

cpegHee 3HavyeHne mean U cpegHeKBajgpaTtnyHOE OTK/IOHEHNE std KaXx4oro rnpumsHaka, nx MMHNMaJibHOE n



MakcumanbHoe 3HadeHua. 25% = 0.08 3HaunT, uto 25% BaluMX AaHHbIX MMEHOT 3HayYeHMe 3TOro NpM3Haka
0.08 n meHee.

Kak MO>XHO 3aMeTuTb, NPM3HaKN JOBOBHO CUNBHO OTANYAKOTCA MO MacluTaby, MMEIOT pa3Hbli Mana3oH
n3mMeHeHun. na ganbHerwero obyyeHna Mogenv AMHENHON perpeccum Ha 3TUX JaHHbIX XKenateabHa mx
HopMmann3aums. MeTog rpagneHTHoro cnycka 6yaet sydie paboTtaTb C AaHHbIMU OAHOTO MacluTaba.
3ameTuM ogHako, uTo B sklearn peannsoBaH MeTO HOPMaNbHOTO YPaBHEHUA 418 PELLEHNA 3a4aum
NMHEWHOW perpeccuy, KOTOPOMY HOPMain3aLma He BaxkHa. Mbl, TeM He MeHee, cAenaeM HopManmnsaLumto

no3xe, B y4ebHbIX Lensx.
MocTpovM Tenepb rMCTOrpamMMy pacnpeseneHuns LeseBon nepemeHHoin Price. Mbl 6yaem ncnonb3oBatb

dyHkuuto distplot 13 6ubanotekn seaborn.

sns.set(rc={"'figure.figsize':(11.7,8.27)})
plt.hist(bos['PRICE'], bins=30)
plt.xlabel("House prices in $1000")
plt.show()
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M3 rpaduka BUAHO, 4TO 3HaueHus Price pacnpegeneHbl HOPManbHO C HEGObLLNMM BbIBpPOCaMMN.
BonbLIMHCTBO LeH AOMOB HaxoanaTcs B Agnana3oHe 20-24 (B macwtabe 1000 gonnapos).

MocTpoum Tenepb MaTpuULy KOPPENsLmMi ¢ MOMOLLBIO GYHKLMK corr n3 6ubanoTtekmn pandas.

correlation_matrix = bos.corr().round(2)
sns.heatmap(data=correlation_matrix, annot=True)

<matplotlib.axes._subplots.AxesSubplot at 0x7f98d11613de>
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CRIM  ZN INDUS CHAS MNOX RM  AGE DIS RAD TAX FTRATIO B LSTAT PRICE

KoadpdununeHT koppenaunm Bapbmpyetca ot -1 go 1. Ecam koadduuneHT koppenaumm 6amnsok K 1, To mexay
nepemMeHHbIMU HabtoAaeTCs NONOXMTENbHAsA Koppenaumsa. IHbIMK cnoBamMu, OTMeYaeTcs BbiCOKas CTeneHb
CBA3N MeXAy NepemMeHHbIMU. B JaHHOM cayyae, ecam 3HauYeHUa nepemeHHon x ByayT Bo3pacTaTb, TO U
BbIXOAHas nepemMeHHas y Takxe byset yBennumsatbes. Ecam koaddumumeHT koppensumm 6am3ok K -1, 310
O3HayYaeT, UTo MeXAy NepeMeHHbIMU UMeeT MeCcTO CUbHas oTpuLuaTenbHas koppenauma. ViHeimu cnoBamy,
noBeAeHue BbIXOLHON NepeMeHHOoN ByaeT NPOTUBOMONOXHbBIM MOBEAEHUIO BXOAHOW. Eciv 3HaueHne x
6yzeT Bo3pacTath, TO Y ByAeT yMeHbLUaTbCs, U HA060pOoT. [poMeXyTOoUHble 3HaueHWs, 6anskume k 0, ByayT

yKa3blBaTb Ha C1abyto KOPPenaLnto Mexay nepeMeHHbIMU 1, COOTBETCTBEHHO, HU3KYHO 3aBUCUMOCTb.

1. lMocmoTpeB Ha MaTpULy KOpPenaummn, Mbl MOXeEM yBUAETb, UTO nNpu3Hak RM nmeet cnnbHyro
NONIOXKNTENBHYHO KOPPenauuto ¢ npusHakom Price, pasHyto 0,7, a LSTAT umeet cnnbHyto
oTpuvLaTenbHyto koppensuuio ¢ Price, pasHyto - 0,74.

2. Takxke npusHakm RAD, TAX nmetot cunbHyro Koppenaumio 0,91. To ke camoe MOXHO cKasaTb O
npu3sHakax DIS n AGE, kotopble nmetot koppenaumio -0,75.

MoctponM rpadunkm 3aBUCUMOCTU LeHbl OT npu3Hakos LSTAT, RM.

plt.figure(figsize=(20, 5))

features = ['LSTAT', 'RM']
target = bos['PRICE']

for i, col in enumerate(features):
plt.subplot(1l, len(features) , i+l)
x = bos[col]
y = target
plt.scatter(x, y, marker="0")
plt.title("N3meHeHue ueHbI")
plt.xlabel(col)
plt.ylabel("lUeHa Ha poma B $1000")



M3MeHeHMe LeHs! M3MeHeHMe LeHs!
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Mbl AeACTBUTENIbHO BUAWMM 3aBUCUMOCTb MEXAY LLeHOW 1 3TUMU NpU3HakaMu. 3aBMcMMocTb Mexxay RM un
Price noxoxa Ha nnHewHyto. byaem ganee nckatb ee.

PelleHne 3agavum ogHOMEPHON IMHENHOW perpeccmu
B 31O YacTn Mbl HalgeM AnHerHyto 3aBMcnMMocTb Mexxay RM u Price. Mbl yBraunm, Kak npaBuibHO
pasaenvTb AaHHble Ha OByyYatoLLMiA N TECTOBBIV Habop.

Pewwm 3agauy ofHOMepHON NMHENHOW perpeccun. Hagem anHenHyro 3aBucumMocTb Mexxay RM u Price,

KoTOopas Kak Mbl Buaenn, ectb. Co3gasMM BXOAHOMN N BbIXOAHOW 506-MepHbIli BEKTOP A/ Hallen TMHENHOM

MOZENN.
X_rooms = bos.RM
y_price = bos.PRICE
X_rooms = np.array(X_rooms).reshape(-1,1)
y_price = np.array(y_price).reshape(-1,1)

print(X_rooms.shape)
print(y_price.shape)

(506, 1)
(506, 1)

PasaeneHne aaHHbIX Ha obyuatowmn n TecToBbI Habopbl

[ns TOro, 4Tobbl MMETb BO3MOXHOCTb MPOTECTMPOBATh HaLly MOJAENb, Mbl Pa3jeNnM JaHHble Ha obyyatowme
1 TectoBble. Mbl 0byuyaem Mogenb Ha 80% o0bpa3LoB 1 TecTMpyeM Ha ocTaBLmxcs 20%. Mbl genaem 370,

YTOObI OLUEHNTb Bq)q)eKTI/IBHOCTb MOZ€EJIN Ha HOBbIX AaHHbIX, HE Y4aCTBOBaBLUKMX B npouecce O6yl-IEHVI$I.

[ns pasgeneHns faHHbIX Mbl ncnonb3yem dyHkumto train_test_split, npegocrtaBneHHyro 6ubamnotekon scikit-
learn.

X_train_1, X test_1, Y_train_1, Y _test 1 = train_test_split(X_rooms, y price, test size = 0.2,

print(X_train_1.shape)
print(X_test_1.shape)
print(Y_train_1.shape)
print(Y_test_1.shape)

(404, 1)
(102, 1)
(404, 1)
(102, 1)

Kak Mbl BugMM, B 0byyatolet Boibopke y Hac 404 obpasua, B TectoBon 102.

O6yueHue n TeCcTUpoBaHUe MOAENN



Byaem ncnonb3osatb PpyHKUMIO LinearRegression n3 scikit-learn, 4tobbl 06yunTb Hally MOAENb IMHENHON
perpeccumn Ha oby4aroLleM Habope AaHHbIX.

reg_1 = LinearRegression()
reg 1.fit(X_train_1, Y_train_1)

LinearRegression(copy_X=True, fit_intercept=True, n_jobs=None, normalize=False)

OueHnM 3¢ deKTUBHOCTb HaLLEN MOAENN HA TPEHVPOBOUHOM Habope AaHHbIX.

y_train_predict_1 = reg_1.predict(X_train_1)
rmse = (np.sqrt(mean_squared_error(Y_train_1, y_train_predict_1)))
r2 = round(reg_1.score(X_train_1, Y_train_1),2)

print("The model performance for training set")
print (M ----- e ")
print('RMSE is {}'.format(rmse))

print('R2 score is {}'.format(r2))

The model performance for training set

RMSE is 6.557180458295626
R2 score is 0.51

W Ha TectoBOM Habope.

y_pred_1 = reg_l.predict(X_test_1)
rmse = (np.sqrt(mean_squared_error(Y_test_ 1, y pred_1)))
r2 = round(reg_1.score(X_test_1, Y _test_1),2)

print("The model performance for test set")
print (M ----m e ")
print("Root Mean Squared Error: {}".format(rmse))
print("R”*2: {}".format(r2))

The model performance for test set

Root Mean Squared Error: 6.792994578778734
R*2: 0.37

MbI y>xe paHee 3aMeTUAN NHENHYO 3aBUCMOCTb Mexay RM 1 Price n daktnyeckn nckanm npsmyto,

NPOXOAALLYHO Yepes TOUKN Hanay4ywmm o6pa3om. MocTporM HalngeHHYo NpAaMyto.

prediction_space = np.linspace(min(X_rooms), max(X_rooms)).reshape(-1,1)
plt.scatter(X_rooms,y price)

plt.plot(prediction_space, reg_1l.predict(prediction_space), color = 'black', linewidth = 3)
plt.ylabel('value of house/1000($)")

plt.xlabel('number of rooms")

plt.show()
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PeweHne 3aga4m MHOXXECTBEHHOW JIMHEMHOW perpeccnm

MocTpovMm Tenepb AMHENHYHO MOZEb, YUNTbIBAOLLYHO 3aBMCMMOCTb Price He oT ogHon nepemeHHon RM, a
oT Bcex 13 npun3HaKkos.

B 3TOM cnyyae, pasymeetcs, y>ke HEBO3MOXHa BU3yanm3aLna MOAENN Ha NAOCKOCTH.

Mpexae Bcero chopmMmpyem BXo4 Mogenn X 1 BbIXO4, Y.

X
y

bos.drop('PRICE', axis = 1)
bos[ 'PRICE"]

Takxe pazobbeM gaHHble Ha TPEHVPOBOYHYHO 1 TECTOBYHO BbIGOPKMN.

X_train, X_test, y_train, y test = train_test_split(X, y, test_size=0.2, random_state=42)

Hopmanunsauusa gaHHbIX

Cneayrownin atan nepes obyyeHMeM MOAeNM -- HOpManusaums AaHHbIx. Kak Mbl yxxe BUAENN, NpU3HaKu
MEHSAIOTCS B Pa3HbIX AMana3oHax U UX HY>XHO NPUBECTU K OA4HOMY MacLuTaby.

MprBeseM nepemeHHble K Arana3oHy nmeHenus [0,1], ncnonb3ys MinMaxScaler.

scaler = MinMaxScaler()

scaler.fit(X_train) # obyuyaem scaler monbko Ha mpeHupoBoyHom Oamaceme
X_train_norm = scaler.transform(X_train)

X_test_norm = scaler.transform(X_test)

/1 mocTpovM Moaenb MHOXECTBEHHOW NIMHENHOW perpeccuu.

reg_all = LinearRegression()



reg_all.fit(X_train_norm, y_train)
LinearRegression(copy_X=True, fit_intercept=True, n_jobs=None, normalize=False)

OueHnM 3 PeKTUBHOCTb MOAENV Ha TPEHUPOBOYHOM AaTaceTe.

y_train_predict = reg_all.predict(X_train_norm)
rmse = (np.sqrt(mean_squared_error(y_train, y_train_predict)))
r2 = round(reg_all.score(X_train_norm, y train),2)

print("The model performance for training set")
print (M ----m e ")
print('RMSE is {}'.format(rmse))

print('R2 score is {}'.format(r2))

The model performance for training set

RMSE is 4.6520331848801675
R2 score is 0.75

Ha tectoBoM.

y_pred = reg_all.predict(X_test_norm)
rmse = (np.sqrt(mean_squared_error(y_test, y pred)))
r2 = round(reg_all.score(X_test_norm, y test),2)

print("The model performance for training set")
print (M ----m e ")
print("Root Mean Squared Error: {}".format(rmse))
print("R”2: {}".format(r2))

The model performance for training set

Root Mean Squared Error: 4.928602182665338
R"2: 0.67

Kak MOXHO BUAETb, NCMoAb3ys BCe 13 NPU3HAKOB, @ HE OAMH, Mbl JOOMANCL BO/bLUEN TOYHOCTUM MOAENN.

3akaroueHune

VTak, Mbl mo3HakoMuUAnch ¢ bubanotekon sklearn s3bika Python ana MawmMHHOro obyyeHus, 3arpysmam
Habop AaHHbIX Boston Housing, npoaHannsvpoBanu ero, pasaenvav AaHHble Ha TPEHUPOBOYHbIV U
TeCTOBbIV HabOpbl, MOCTPOUAN OAHOMEPHYIO N MHOXXECTBEHHYH MOZAE/IN IMHENHON perpeccum n oLeHnmn
nx 3¢pHeKTUBHOCTb.



