Лабораторная работа
Регрессионный анализ больших данных
1. Выполните регрессионный анализ с помощью моделей: линейная, логистическая, ридж, лассо, полиноминальная регрессия. Выполните оценку точности моделей R2, коэффициентов уравнения, постройте графики исходных данных и результатов обучения. 
2. Разработайте программу на языке Python для регрессионного анализа данных
- LineEdit для разделения данных на обучающую и тестовые выборки данных
- LineEdit для задания степени полинома
Label1   для вывода информации пользователю: R2, коэффициентов уравнения, оценки точности моделей
RadioButton  для выбора модели  линейная, логистическая, ридж, лассо, полиноминальная регрессия
ListBox для выбора графиков распределения исходных данных
ChexBox1 - для выбора способа заполнения пропусков в данных
ChexBox2 - для выбора способа нормализации данных
TableView1 - Исходные данные
TableView2 - Статистика  данных с округлением до 0,01
TableView3 -  Результаты обучения  с тремя столбцами: ожидаемые, прогнозные, абсолютная ошибка.
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# 24

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

X = dataset.iloc[:, :-1]

y = dataset.iloc[:, -1]

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state= 38)

# 25

from sklearn.preprocessing import PolynomialFeatures
poly_reg = PolynomialFeatures(degree = 5)

X_poly = poly_reg.fit_transform(X)

lin_reg 2 = LinearRegression()

lin_reg_2.fit(X_poly, y)

# 26
plt.style.use(’seaborn’)
plt.scatter(X, y, color = 'red’, marker = 'o’, s = 35, alpha = 0.5,
label = 'Test data')
plt.plot(x, lin_reg 2.predict(poly_reg.fit_transform(x)), color = 'blue’, label='Model Plot')
plt.title('Predicted values vs Inputs')
plt.xlabel('Inputs’)
plt.ylabel(’Predicted Values'))|
plt.legend(loc = 'upper left')
plt. show()
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Pregnancies Glucose BloodPressure SkinThickness Insulin BMI DiabetesPedigreeFunction Age Outcome
Regularized Lasso Model 6 148 72 35 0 336 0627 50 1
1 85 66 29 0 266 0351 31 0

183 64 0 0 233 0672 32
lasso = Lasso(alpha=8.81)

Tasso. Fit(X_train,y_train) 8e 66 3 94 281 0167 21
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Lasso making many coeficients to zero. As mentioned above these are not used for model 768 rows x 9 columns

building

#1

import pandas as pd
print(lasso.score(X_train, y_train)) import matplotlib.pyplot as plt
print(lasso.score(X_test, y_test)) import seaborn as sns

0.8910435407965047

0.8679233223131171 sz
data.info()

<class ‘pandas.core.frame.DataFrame’>

RangeIndex: 768 entries, @ to 767

Data columns (total 9 columns):

Lasso is also used for feature selection and dimensionality reduction technique Column Non-Null Count Dtype

Lasso is getting 86% accuracy with nearly half the number of dimensions.

Pregnancies non-null

Glucose non-null  intea
8loodPressure non-null  intea4
skinThickness non-null  intea

, analyze web traffic, and improve your experience of ggle, Insulin non-null inte4
BMI non-null floatéa
DiabetespedigreeFunction non-null  floatea
insurance @ycsv Age non-null  intea
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import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns

# 2
data.info()

#3
data.isnull().sun()

#4
sns.set_style(‘whitegrid')
sns.countplot(x = ‘Outcome’, data=data)
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#5
sns.displot(data[‘Age'], kde=False)

#6
sns.displot(data[ ‘Pregnancies'], kde=False)

#7

X = data['BMI']

y = data['Age']
plt.title('BMI to Age')
plt.xlabel('BMI')
plt.ylabel('Age')
plt.bar(x,y,width = 4)
plt.show()

#8

x_age = data['Age']

y_Pregnancies = data[ 'Pregnancies’]
plt.title('Age and Pregnancies’)
plt.xlabel('Age')
plt.ylabel('Pregnancies’)
plt.scatter(x_age,y_Pregnancies,)
plt. show()
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#9
sns.countplot(x="Outcome", hue = ‘Pregnancies’, data = data)

# 10
data_1 = []
for 1 in range (0,len(data['Age'])):
if(data[ 'Outcome*].iloc[i] == 1):
data_1.append(data[ ‘Age"].iloc[i])

# 11
import numpy as np
np.mean(data_1)

# 12
data.columns

# 13

data_Pr = []
data_glu = []
data Bl = []
data_sk = []
data_tns = []
data_BM = []
data DI = []

for 1 in range (,len(data['Age'])):
if(data[ 'Outcome*].iloc[i] == 1):

data_Pr.append(data[ ‘Pregnancies’].iloc[1])
data_glu.append(data[ ‘Glucose' ].iloc[1])
data_B1.append(data[ ‘BloodPressure’ ].1iloc[1])
data_sk.append(data[ ‘SkinThickness'].iloc[i])
data_Ins.append(data['Insulin'].iloc[i])
data_BM.append(data[ ‘BMI'].1loc[i])
data_DI.append(data[ ‘DiabetesPedigreeFunction’].iloc[])

print (‘Mean of Pregnancies, Glucose, BloodPressure, SkinThickness, Insulin, BMI, DiabetesPedigreeFunction to Outcome 1: ')
print(‘Pregnancies: ',np.mean(data_Pr))

print(‘Glucose: *, np.mean(data_glu))

print('BloodPressure: *,np.mean(data_81))

print('skinThickness: ', np.mean(data_sk))

print(‘Insulin: *,np.mean(data_Ins))

print(‘BMI: ', np.mean(data_BM))

print('DiabetesPedigreeFunction: ',np.mean(data DI))
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# 14
column = ['Pregnancies’, 'Glucose’, ‘BloodPressure’, ‘SkinThickness', 'Insulin’,
'BMI', ‘DiabetesPedigreeFunction’, ‘Age']
mean = [np.mean(data_1), np.mean(data_Pr), np.mean(data_glu), np.mean(data_Bl), np.mean(data_sk),np.mean(data_Ins),
np.mean(data_BM),np.mean(data_DI)]
data_mean = pd.DataFrame({'Column’ : column, 'Mean':mean})
print(data_mean)

Column Mean
[} Pregnancies  37.067164
1 Glucose  4.865672
2 BloodPressure 141.257463
3 skinThickness  70.824627
4 Insulin  22.164179
5 BMI 100.335821
6 DiabetespedigreeFunction  35.142537
7 Age  0.550500
# 15

X = data[[ ‘Pregnancies’, ‘Glucose’, 'BloodPressure’, ‘skinThickness', ‘Insulin’,
‘BMI', 'DiabetesPedigreefunction’, ‘Age']]
data[ *Outcome' ]

y

# 16

from sklearn.model_selection import train_test_split

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state= 38)
from sklearn.linear_model import LogisticRegression

model = LogisticRegression()

model.fit(X_train, y_train)
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# 17
predict_train-model.score(X_train, y_train)
predict_train

0.7687296416938111

# 18
acc=model.score(X_test, y_test)
acc

0.7857142857142857

# 19
predict_test = model.predict(X_test)

# 20
print(‘Accuracy = '+ str(predict_test))
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0000
0010
0000
0000

©101100100010100100010000000011010011

oro®
coo
oo
coo
SIS
coo
roo®
o or
coo
S
oro®
o or
coo
coo
°or
o or
e
oro
oo
coo
koo
o or
oro®
B ooe
o or
oro
oo
o or
coo
coo
SR

[
)
0
o
)

cr oo

)

# 21
80 = model.intercept_
BO

array([-7.83539425])

# 22
8i = model.coef_
Bi

array([[ ©.12513779, ©.03719165, -0.01798794, ©.00186274, -0.00129246,
0.07876437, ©.61101296, 0.01465224]])
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# 23

from sklearn.metrics import classification_report
print(classification_report(y_test,predict_test))
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