import pandas as pd

import numpy as np

import seaborn as sns

import matplotlib.pyplot as plt

import statsmodels.api as sm
import scipy.stats as stats

from sklearn.metrics import r2 score, mean absolute percentage error
from sklearn.model selection import train test split
from sklearn.linear model import LinearRegression

sns.set()
pd.options.display.max columns = None

# sm.OLS(y, sm.add constant(X)).fit().summary()

df = pd.read csv("dataset 2task final.csv")
df.head()

landmarks n map quality rent cost route rating

0 107.450712 12.224891 3.175834 116.521789
1 97.926035 13.715135 2.986853 104.642491
2 109.715328 7.688631 1.768171 106.745418
3 122.845448 12.268211 0.667700 124.682481
4 96.487699 8.523100 2.803592 100.959460

sns.pairplot(df)
<seaborn.axisgrid.PairGrid at 0x28344697af0>
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landmarks n map quality
landmarks n 1.000000 0.288614
map quality 0.288614 1.000000
rent cost -0.444132 -0.066426
route rating 0.909559 0.387550

sns.heatmap(df.corr(), vmin=-1, vmax=1, annot=True)
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df.columns
Index(['landmarks n', 'map quality', 'rent cost', 'route rating'l],

dtype='object')

13 NpefaHanusa BULHO, YTO y LiesieBOM NepeMeHHO route_rating ecTb CUMIbHO BblpaXkKeHHas
koppensumsa ¢ landmarks_n (0.91), Tak)ke BbipaXkeHHY0 IMHEHYO B3aMMOCBS3b BUAHO U3
rpacdurkoB pairplot, noaToMy MoxxHO nNpegnonoxuTb 4To landmarks_n cunbHoO BNusieT Ha
route_rating

# modell
y = df["route rating"]

X1 = sm.add constant(df["map quality"])
modell = sm.OLS(y, X1).fit()
tabl = modell.summary()

X2 = sm.add constant(df[["map quality", "landmarks n"]])
model2 = sm.OLS(y, X2).fit()
tab2 = model2.summary()

X3 = sm.add constant(df[["map _quality", "landmarks n", "rent cost"]])
model3 = sm.OLS(y, X3).fit()
tab3 = model3.summary()



tab1

13 Tabnuubl Mogenu 1 BUIAHO, 4TO : intercept = 82.2426 (t: 31.506, p_value: 6nm3ko k 0) b1 =
2.3840 (t: 9.382, p_value: npubnusutensHo 0)

rating = b1 * map_quality + intercept + e

€ - HEOODBACHEHHbIN LWWYM

tabl

<class 'statsmodels.iolib.summary.Summary'>

OLS Regression Results

Dep. Variable: route rating R-squared:
0.150
Model: OLS Adj. R-squared:
0.148
Method: Least Squares F-statistic:
88.02
Date: Sun, 23 Nov 2025 Prob (F-statistic):
2.29%e-19
Time: 10:47:36 Log-Likelihood:
-1932.4
No. Observations: 500 AIC:
3869.
Df Residuals: 498 BIC:
3877.
Df Model: 1
Covariance Type: nonrobust
coef std err t P>|t] [0.025
0.975]
const 82.2426 2.610 31.506 0.000 77.114
87.371
map quality 2.3840 0.254 9.382 0.000 1.885
2.883
Omnibus: 0.511 Durbin-Watson:
1.979

Prob(Omnibus): 0.775 Jarque-Bera (JB):



0.621

Skew: -0.033 Prob(JB):
0.733

Kurtosis: 2.840 Cond. No.
52.3

Notes:

[1] Standard Errors assume that the covariance matrix of the errors is
correctly specified.

tab2

13 Tabnuubl Mogenu 2 BUAHo, 4To : intercept = 23.6367 (t: 14.125, p_value: 6nu13ko k 0) b1 =
0.8391 (t: 7.380, p_value: npubnusntensHo 0) (map_quality) b2 = 0.7409 (t: 47.080, p_value:

npnénusutenoHo 0) (landmarks_n)

rating = b2 * landmarks_n + b1 * map_quality + intercept + e

€ - HEOODBACHEHHbIN LIYM

tab2

<class 'statsmodels.iolib.summary.Summary'>

OLS Regression Results

Dep. Variable:
0.844

Model:

0.844

Method:

1348.

Date:
1.77e-201
Time:

-1508.0

No. Observations:

3022.

Df Residuals:
3035.

Df Model:

Covariance Type:

route rating

OLS

Least Squares
Sun, 23 Nov 2025
10:47:36

500

497

2

nonrobust

R-squared:
Adj. R-squared:

F-statistic:

Prob (F-statistic):

Log-Likelihood:
AIC:

BIC:



coef std err t P>|t] [0.025

const 23.6367 1.673 14.125 0.000 20.349
26.924

map quality 0.8391 0.114 7.380 0.000 0.616
1.062

landmarks n 0.7409 0.016 47.080 0.000 0.710
0.772

Omnibus: 1.740 Durbin-Watson:
2.016

Prob(Omnibus): 0.419 Jarque-Bera (JB):
1.616

Skew: -0.047 Prob(JB):

0.446

Kurtosis: 3.262 Cond. No.

768.

Notes:
[1] Standard Errors assume that the covariance matrix of the errors is
correctly specified.

tab3

<class 'statsmodels.iolib.summary.Summary'>

OLS Regression Results

Dep. Variable: route rating R-squared:

0.847

Model: OLS Adj. R-squared:
0.846

Method: Least Squares  F-statistic:

912.1

Date: Sun, 23 Nov 2025 Prob (F-statistic):
2.15e-201

Time: 10:47:36 Log-Likelihood:
-1504.5

No. Observations: 500 AIC:



3017.

Df Residuals: 496 BIC:
3034.
Df Model: 3
Covariance Type: nonrobust
coef std err t P>|t] [0.025
0.975]
const 26.7211 2.026 13.190 0.000 22.741
30.702
map_quality 0.8608 0.113 7.598 0.000 0.638
1.083
landmarks n 0.7201 0.017 41.238 0.000 0.686
0.754
rent cost -0.5842 0.219 -2.666 0.008 -1.015
-0.154
Omnibus: 1.985 Durbin-Watson:
2.017
Prob(Omnibus): 0.371 Jarque-Bera (JB):
1.843
Skew: -0.076  Prob(JB):
0.398
Kurtosis: 3.256 Cond. No.
938.
Notes:

[1] Standard Errors assume that the covariance matrix of the errors 1is
correctly specified.

tab3

n3 Tabnuubl Mogenu 3 BUAHO, 4To : intercept = 26.7211 (t: 13.190, p_value: 6num3ko k 0)
b1=0.8608 (t: 7.598, p_value: npubnusutenbHo 0) (map_quality)

b2 =0.7201 (t: 41.238, p_value: npubnusutenbHo 0) (landmarks_n)

b3 =-0.5842 (t: -2.666, p_value: npubnusumtenbHo 0.008) (rent_cost)



rating = b3 * rent_cost + b2 * landmarks_n + b1 * map_quality + intercept + e

€ - HEOODBACHEHHbIN LWWYM

def

X
y

Sns.
SIISE

f(x):
return 82.2426 + 2.3840 * x

np.linspace(0, 17, 100)
list(map(f, x))

scatterplot(x=df["map quality"], y=df["route rating"])
lineplot(x=x, y=y, color="red")

<Axes: xlabel='map quality', ylabel='route rating'>
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Ha rpacwKe Bbllle Mbl BUAWM, YTO JIMHEHANA CBA3b Mexay map_quality u route_rating He Takas
CUNIbHAsA 1 U3-33 3TOrO0 HEMHOIO OTKJIOHEHA OT HACTOALLEro TPEHAA, NO3TOMY nocse
nobasneHus B Mogenu 2 nepemeHHol landmarks_n, koTopas MMeeT CUIbHYIO NIMHENHYo
B3aMMOCBSA3b C LeneBoi, KoadpuumneHT b0 ymeHbLUaeTcs

B Mmogenu 1: Bonbuoin b0, b1 n3-3a cnabot nuHelHoM B3auMocBa3mn

B Mogenu 2: [lobaBnseTcs nepeMeHHas MMeOLLAs CUNbHYIO CBA3b C LeN1eBOW, MO3TOMY 3HAYeHUS
b1 n b0 ymeHbLwatoTCS



B mopenu 3: B Mogenu y)xe ecTb nepeMeHHas CBA3aHHas C LLesieBON CUNIbHOWN IMHENHOM CBA3bIO,
NnosToMy fobaBfieHNe eLLE OfHOW NePEMEHHON, UMEOLLEeN HEBbICOKYHO JIMHENHYIO CBA3b C
LesieBOl U He CKOPPENIMPOBaHHON CUSIBHO C APYrMMUN NPEeLUKTOPaMM, MPaKTUYECKN HE UBMEHSET
Mopesb

B Mmozenun 2 mbl BAnM, 4to R2 paseH 0.844, xota B Mogenn 1 oH paseH 0.150. 9To obbacHsieTcs
TeM, UTo fobaBnaeTcs NnepeMeHHast CUJIbHO CBA3aHHasl C LileN1IeBOM, YTO NO3BONSIET MOLeNN
NydLLUe onncaTb M3MEHYMOCTb AaHHbIX. B Mopgenu 3 R2 paseH 0.847 npakTu4eckn He U3MeHSeTCs,
TK HE HapyLLATCA NPeAnoNoXeHUs IMHEHON perpeccnn N [obaBfieHHasi NepeMeHHast umeeT
YMEepEeHHY0 B3aUMOCBSI3b C LieNeBOo.

def scaler(x):
return (x - x.mean()) / x.std()

df["route rating"] = scaler(df["route rating"])
df["rent cost"] = scaler(df["rent cost"])
df["landmarks n"] scaler(df["landmarks n"])
df["map quality"] scaler(df["map quality"])

df.mean().round(5)

landmarks n -0.0
map quality -0.0
rent cost -0.0
route rating -0.0

dtype: float64
df.std().round(5)

landmarks n 1
map_quality 1
rent cost 1.
route rating 1
dtype: float64

[cNoNoNo)

# modell
y = df["route rating"]

X1 = sm.add constant(df["map quality"])
modell = sm.OLS(y, X1).fit()
tabl = modell.summary()

X2 = sm.add constant(df[["map quality", "landmarks n"]1])
model2 = sm.OLS(y, X2).fit()
tab2 = model2.summary()

X3 = sm.add constant(df[["map quality", "landmarks n", "rent cost"]])
model3 = sm.OLS(y, X3).fit()
tab3 = model3.summary()



tabl

<class 'statsmodels.iolib.summary.Summary'>

OLS Regression Results

Dep. Variable: route rating R-squared:
0.150
Model: OLS Adj. R-squared:
0.148
Method: Least Squares F-statistic:
88.02
Date: Sun, 23 Nov 2025 Prob (F-statistic):
2.29%e-19
Time: 11:33:04 Log-Likelihood:
-668.28
No. Observations: 500 AIC:
1341.
Df Residuals: 498 BIC:
1349,
Df Model: 1
Covariance Type: nonrobust
coef std err t P>|t] [0.025
0.975]
const -1.527e-15 0.041 -3.7e-14 1.000 -0.081
0.081
map quality 0.3875 0.041 9.382 0.000 0.306
0.469
Omnibus: 0.511 Durbin-Watson:
1.979
Prob(Omnibus): 0.775 Jarque-Bera (JB):
0.621
Skew: -0.033 Prob(JB):
0.733
Kurtosis: 2.840 Cond. No.
1.00




[1] Standard Errors assume that the covariance matrix of the errors is
correctly specified.

tab2

<class 'statsmodels.iolib.summary.Summary'>

OLS Regression Results

Dep. Variable: route rating R-squared:
0.844
Model: OLS Adj. R-squared:
0.844
Method: Least Squares F-statistic:
1348.
Date: Sun, 23 Nov 2025 Prob (F-statistic):
1.77e-201
Time: 11:33:04 Log-Likelihood:
-243.93
No. Observations: 500 AIC:
493.9
Df Residuals: 497 BIC:
506.5
Df Model: 2
Covariance Type: nonrobust
coef std err t P>|t| [0.025
0.975]
const -1.527e-15 0.018 -8.63e-14 1.000 -0.035
0.035
map _quality 0.1364 0.018 7.380 0.000 0.100
0.173
landmarks n 0.8702 0.018 47.080 0.000 0.834
0.907
Omnibus: 1.740 Durbin-Watson:
2.016
Prob(Omnibus): 0.419 Jarque-Bera (JB):
1.616
Skew: -0.047 Prob(JB):

0.446



Kurtosis:
1.35

3.262

Cond. No.

Notes:

[1] Standard Errors assume that the covariance matrix of the errors 1is

correctly specified.

tab3

<class 'statsmodels.iolib.summary.Summary'>

OLS Regression Results

Dep. Variable: route rating R-squared:
0.847
Model: OLS Adj. R-squared:
0.846
Method: Least Squares F-statistic:
912.1
Date: Sun, 23 Nov 2025 Prob (F-statistic):
2.15e-201
Time: 11:33:04 Log-Likelihood:
-240.37
No. Observations: 500 AIC:
488.7
Df Residuals: 496  BIC:
505.6
Df Model: 3
Covariance Type: nonrobust
coef std err t P>|t] [0.025
0.975]
const -1.532e-15 0.018 -8.72e-14 1.000 -0.035
0.035
map quality 0.1399 0.018 7.598 0.000 0.104
0.176
landmarks n 0.8459 0.021 41.238 0.000 0.806
0.886
rent cost -0.0525 0.020 -2.666 0.008 -0.091

-0.014



Omnibus: 1.985 Durbin-Watson:
2.017

Prob(Omnibus): 0.371 Jarque-Bera (JB):
1.843

Skew: -0.076 Prob(JB):

0.398

Kurtosis: 3.256 Cond. No.

1.77

Notes:
[1] Standard Errors assume that the covariance matrix of the errors is
correctly specified.

Mopoenb 1

coef std err t P>|t| [0.025
0.975]

const -1.527e-15 0.041 -3.7e-141.000 -0.081 0.081
map_quality 0.3875 0.0419.382 0.000 0.306 0.469

Mopoenb 2

coef std err t P>|t| [0.025
0.975]

const -1.527e-15 0.018 -8.63e-14 1.000 -0.035 0.035 map_quality 0.1364 0.018 7.380 0.000
0.100 0.173 landmarks_n 0.8702 0.018 47.080 0.000 0.834 0.907

Monoenb 3

coef std err t P>|t| [0.025
0.975]

const -1.532e-15 0.018 -8.72e-14 1.000 -0.035 0.035 map_quality 0.1399 0.018 7.598 0.000
0.104 0.176 landmarks_n 0.8459 0.021 41.238 0.000 0.806 0.886 rent_cost -0.0525 0.020 -
2.666 0.008 -0.091-0.014



3MeHeHne nHTepnpuTaumm kosgpdurumeHToB: KoaddurumeHTbl 0603Ha4YaOT HAa CKOMTbKO
CTaHOAPTHbIX OTKIIOHEHWI U3MEHUTCS PEUTUHT NMPU M3MEHEHUM OLHOIO HakbntogeHWs Ha 1
CTaHOapTHOE OTKJIOHEHMWe

HuHamuka: [a, AnHaMMKa NoMeHsa1ach, USMEHUITUCh eNHULbI U3MepeHUns
R2 Oo/Mocne 10.150 0.150 2 0.844 0.844 3 0.847 0.847

He M3MeHnnNca, naHHble He NOMeHANN CbOpMy cBOero pacnpepgeneHund, no3ToMy 3aBUCUMOCTHU
OCTaJinCb Npe>xXxHNMU

[obaBneHne pocTonpemMeyaTelbHOCTEN CUITbHO YMEHbLUMIO KO3 PULMEHT NPpU NPOMETKE,
MeXaHU3M: NoAN curbHee OpPMUPYIO CBOE BreYaTIEHME NCXOAS U3 06BbEKTOB pPaan KOTOPbIX
OHW Mpuexanu, 4em 13 yaobCcTB HaBMUraumm

r = pd.DataFrame(np.random.uniform(low=-20, high=20, size=(500, 100)))

dfl = pd.concat([df, r], axis=1l)

dfl.head()

landmarks n map quality rent cost route rating 0
1 \
0 0.499235 1.058435 0.950923 0.819942  9.687565 -
15.077700
1 -0.147874 1.789997 0.783040 -0.128036  0.237954 -
13.871729
2 0.653094 -1.168416 -0.299587 0.039779  1.458164 -
5.957025
3 1.545159 1.079701 -1.277200 1.471172 19.603952
16.529862
4 -0.245595 -0.758775 0.620239 -0.421945 19.228614
10.998124

2 3 4 5 6 7 \

0 9.807899 15.345861 -3.616467 7.245967 -16.022545 2.093153
1 -0.510739 -12.466214 16.436578 -8.685849 -14.706605 -15.072360
2 10.841322 -3.077807 9.164573 -10.862530 6.542134 -17.921809
3  0.059574 19.992759 16.022936 2.416236 16.159903 -8.073260
4 -12.169271 -6.957821 14.502267 -1.999887 -18.635762 18.072804

8 9 10 11 12 13

B

\
-12.061624 -2.385074 -14.327938 19.535791 6.276852 -14.001110
.215649

19.869840 16.870688 11.887373 15.267239 0.305008 17.177949 -
. 742402

6.213017 -7.254765 -5.461104 17.027171 -9.872446 -17.545570 -
.465480

-8.209458 -15.347937  2.251537 8.112514 -2.478972 -15.092095
.637841

OQOWNNORNO K
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-14.
.037972
.314951
.956609

438025

78

.981776
.038945
.178366
.119315
.130072

84

.573394
.067873
-13.
-18.
.429537

538196
136011

90

.416757
.647540
-13.

-7.

609996
247537

.406653

-10

-5.

-19

13

17
13

1
=
w

-13.

1.

927281 -12.
541527 -0.
. 995932
61
.693114 8
.264766 -10
.569003 -6
.362837 -19
.470601 1
67
.266500 1
.665957 14
.151856 -9
.677573 8
.942819 11
73
.192626 -5.
.096596 8
.127836 -17
.436022 18.
.937289 -7.
79
.910982 -17
.899395 -3
346312 4
.114039 -13
.879733 5
85
. 752855 16
.031663 -2
.387265 6
.677388 16
.861143 8
91
.108037 8
.915618 -9
.220980 -5
.218976 4
.511814 13

601026

623068

102720

62

.545285
.539283
.234705
.389279
.637323

68

.046057
. 146907
.684972
.768751
.781188

74
281844

.983718
.520821

538744
360500

80

.661260
.630170
. 778866
. 745054
.070055

86

. 778179
.300623
.659399
.866716
.181338

92

.151335
.240361
.258637
.698488
.890510

11.

17

13.

10

10

15

-2.

-4,

14

12.

10

11

18.

16.

-13
-0
13

14.

14,

13.

.614408 -

.313358 -

392678

63
.044708
.036543
561594
.319503
.080043

69
690019
410311
. 742955
.656302
655544

75
.540304
.683404
.357475
.433698
348843

81
839192
. 942430
.090306
399063
.872274

87
118966
.959986
370502
. 188810
.057933

93
185133
199250
.859394
.839964
.667269



94 95 96 97 98 99
0 14.279869 10.377212 -1.542171 -1.519252 -19.969274 -17.336690
1 1.086564 -1.748646 15.992691 -4.814905 3.528778 -2.829255
2 1.563921 -12.486986 10.514131 17.019963 18.586428 8.566414
3 2.931654 18.376224 -7.193748 -7.295949 -14.032403 2.210238
4  3.493981 2.460247 5.570439 1.758346 9.068501 0.559029
# modell
y = dfl["route rating"]
X = sm.add constant(dfl.drop(columns=["route rating"]))
model = sm.OLS(y, X).fit()
tab = model.summary()
tab
<class 'statsmodels.iolib.summary.Summary'>

OLS Regression Results
Dep. Variable: route rating R-squared:
0.877
Model: OLS Adj. R-squared:
0.845
Method: Least Squares F-statistic:
27.36
Date: Sun, 23 Nov 2025 Prob (F-statistic):
2.26e-130
Time: 11:54:55 Log-Likelihood:
-185.48
No. Observations: 500 AIC:
579.0
Df Residuals: 396 BIC:
1017.
Df Model: 103
Covariance Type: nonrobust
coef std err t P>|t] [0.025

0.975]
const -0.0046 0.019 -0.240 0.810 -0.042
0.033
landmarks n 0.8515 0.023 37.201 0.000 0.807



0.897

map_quality 0.1470
0.187
rent cost -0.0444
-0.001
0 0.0003
0.004
1 -0.0021
0.001
2 -0.0009
0.002
3 -0.0028
0.001
4 0.0032
0.007
5 0.0003
0.004
6 -0.0010
0.002
7 -0.0019
0.001
8 9.849e-05
0.003
9 0.0016
0.005
10 0.0006
0.004
11 -0.0015
0.002
12 -0.0014
0.002
13 -0.0006
0.003
14 -0.0022
0.001
15 -0.0006
0.003
16 0.0016
0.005
17 0.0010
0.004
18 0.0009
0.004
19 0.0008
0.004
20 0.0019
0.005
21 -0.0044

-0.001

.020
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.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

. 246

.993

.188

.259

.541

.637

.866

. 146

.624

.153

.058

.978

.364

.893

.841

371

.289

.363

. 945

.545

.512

.487

.065

.531

.000

.047

.851

.209

.589

.102

.063

.884

.533

.250

.954

.329

.716

.373

.401

711

.198

.716

.345

.586

.609

.627

.287

.012

.107

.088

.003

.005

.004

.006

.000

.003

.004

.005

.003

.002

.003

.005

.005

.004

.006

.004

.002

.003

.003

.003

.002

.008



22
0.002
23
0.003
24
0.007
25
0.003
26
0.005
27
0.002
28
0.000
29
0.002
30
0.005
31
0.002
32
0.005
33
0.001
34
0.003
35
0.004
36
0.002
37
0.004
38
0.004
39
0.000
40
0.003
41
0.006
42
0.002
43
0.001
44
0.001
45
0.001
46

-0.

.0013

.0004

.0036

.0007

.0021

.0011

.0031

.0015

.0011

.0014

.0017

0026

-6.632e-05

0

-0

0.

.0005

.0018

0003

.0003

.0029

.0002

.0028

.0009

.0029

.0022

.0029

.0002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.766

.228

.991

.438

.264

.640

.742

.870

.644

.829

.963

.549

.038

.259

.036

.198

.200

.743

.092

.603

.545

.621

.275

.671

.097

.444

.820

.047

.662

.207

.523

.082

.385

.520

.408

.336

.122

.969

.796

.301

.843

.841

.082

.926

.110

.586

.106

.203

.096

.923

-0.

-0.

005

004

4.48e-05

-0.

004

.001

.005

.007

.005

.002

.005

.002
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.003

. 005

.003

.003
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.003

.001

.004

.006

.006

.006

.004



0.003

47 0.0007
0.004

48 -0.0024
0.001

49 -0.0011
0.002

50 -5.95e-05
0.003

51 -0.0007
0.003

52 0.0010
0.004

53 -0.0034
-5.51e-07

54 0.0014
0.005

55 0.0019
0.005

56 0.0004
0.004

57 -0.0002
0.003

58 -0.0022
0.001

59 0.0005
0.004

60 0.0026
0.006

61 -0.0023
0.001

62 0.0039
0.007

63 0.0009
0.004

64 0.0009
0.004

65 0.0029
0.006

66 0.0011
0.004

67 -0.0009
0.002

68 0.0010
0.004

69 0.0017
0.005

70 -4.707e-05

0.003

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.406

.409

.666

.034

414

.588

. 966

.812

.078

272

.089

.303

.288

.511

.384

.209

.522

.544

.689

.706

.552

.587

e

.029

.685

.160

.506

.973

.679

.557

.050

417

.282

.786

.929

.193

7173

.132

.167

.028

.602

.586

.092

.481

.581

.558

.328

.977

.003

.006

.004

.003

.004

.002

.007

.002

.002

.003

.004

.005

.003

.001

.006

.000

.002

.002

.000

.002

.004

.002

.002

.003



71 -0.

-0.000

72 -0.
0.002

73 -0.
0.001

74 -0.
0.002

75 -0.
0.002

76 -0.
0.001

77 0.
0.004

78 -0.
0.002

79 -0.
0.003

80 -0.
0.003

81 -0.
0.003

82 -0.
0.003

83 0.
0.003

84 -0.
0.000

85 0.
0.005

86 -0.
0.002

87 0.
0.006

88 0.
0.005

89 0.
0.006

90 -0.
0.003

91 -0.
0.001

92 -0.
0.002

93 0.
0.005

94 -0.
0.002

95 0.

0037

0010

0021

0012

0009

0024

0008

0017

0002

0007

0002

0008

0001

0031

0017

0016

0025

0014

0024

0005

0026

0014

0021

0010

0014

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.002

.158

.576

.218

.695

.558

.416

.440

.983

.151

.383

.110

.452

.083

.703

.046

.916

.461

.842

.379

.279

477

.799

.264

.571

.825

.032

.565

.224

.488

.577

.158

.660

.326

.880

.702

.913

.652

.934

.089

.296

.360

.145

.400

.169

.781

. 140

.425

.207

.568

.410

.007

.004

.006

.005

.004

.006

.003

.005

.004

.004

.004

.004

.003

.007

.001

.005

.001

.002

.001

.004

.006

.005

.001

.004

.002



96 -0.0022 0.002 -1.303 0.193 -0.006
0.001

97 -0.0004 0.002 -0.239 0.812 -0.004
0.003

98 -0.0015 0.002 -0.910 0.363 -0.005
0.002

99 -0.0016 0.002 -0.938 0.349 -0.005
0.002

Omnibus: 0.912 Durbin-Watson:

2.106

Prob(Omnibus): 0.634 Jarque-Bera (JB):

0.738

Skew: -0.078 Prob(JB):

0.691

Kurtosis: 3.106 Cond. No.

25.9

Notes:

[1] Standard Errors assume that the covariance matrix of the errors is

correctly specified.

0.877

R2 ctan 0.877, OH Bbile, 3TO He O3HAYaEeT, YTO MOZAe/b CTana Aydlle, TK HanpUMep 3TO MOFAC

BbI3BaHO C/1ly4aMHOCTbIO MW MPOYUM


R2 стал 0.877, он выше, это не означает, что модель стала лучше, тк например это могло быть
 вызвано случайностью или прочим 
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