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Linear Regression

# import Libraries

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
import seaborn as sns

# read file
df = pd.read csv('Salary dataset.csv')

# drop first column
df = df[['YearsExperience', 'Salary']]

Basic EDA

drow a regression line that will show the relation between both columns, our 'YearsExperience' is input data and 'Salary' is output.

sns.lmplot(x='YearsExperience', y='Salary', data=df)

# Set axis labels and plot title

plt.xlabel('Years of Experience')

plt.ylabel('Salary"')

plt.title('Relationship between Years of Experience and Salary')

Text (0.5, 1.0, 'Relationship between Years of Experience and Salary')

Relationship between Years of Experience and Salary
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X
y

df[['YearsExperience']]
df[['Salary']]

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=2)

# using sklearn library to apply model
from sklearn.linear model import LinearRegression

lr = LinearRegression()

lr.fit(X train,y train)

| v LinearRegression

iLinearRegression()'

y pred = lr.predict(X test)



y pred

array([[36834.632103011],
[34920.71472592],
[67457.3101364 1,
[59801.64062805],
[92338.23603852],
[81811.69046455]])

y test

Salary
1 46206.0
0 39344.0
14 61112.0
9 57190.0
21 98274.0
19 93941.0

plt.scatter(X,y)

plt.plot(X train,lr.predict(X train),color='pink")
plt.xlabel('Years of Experience')
plt.ylabel('Salary"')

Text(0, 0.5, 'Salary')
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bl = lr.coef
print('Slop :- ', bl)
Slop :- [[9569.58688543]]
b0 = lr.intercept
print('Intercept :- ', bO)
Intercept :- [23437.21046341]

# our equaltion is y pred = bO + (bl*x)

# for x = 2.1 we have predict y
x =2.1

y x pred = b0 + (bl*x)

y X _pred

array([[43533.3429228111)

Sketch code of Simple Linear Regression

Now, we have to find the best value for b0 and b1, for that we have the formula for both b0 and b1

class Linearsketch:
def _ init (self):
self.b® = None




self.bl = None

def fit(self,X train, y train):

num = 0
den = 0
for i in range(X train.shape[0]):
num = num + ((X train.values[i] - X train.values.mean())*(y train.values[i] - y train.values.mean()
den = den + ((X train.values[i] - X train.values.mean())*(X train.values[i] - X train.values.mean()
self.bl = num/den
self.b® = y train.values.mean() - (self.bl * X train.values.mean())

print(self.b0,self.bl)

def predict(self, X test):
return self.b0 * X test.values + self.bl

1rl = Linearsketch()
lrl.fit(X train,y train)

[23437.21046341] [9569.58688543]

lrl.predict(X test)

array([[ 42381.6815342 1,
[ 37694.23944152],
[117380.7550171 1,
[ 98630.986646371,
[178317.50222195],
[152536.5707122 1])

print('Value of b0, bl from sklearn.linear model :- ', b0O,bl)
print('Value of b0, bl from our linear mode :- [23437.21046341] [9569.586885431]")

Value of b0, bl from sklearn.linear model :- [23437.21046341] [[9569.58688543]]
Value of b0, bl from our linear mode :- [23437.21046341] [9569.58688543]]

from sklearn.metrics import mean absolute error,mean squared error,r2 score

print("R2 score",r2 score(y test,y pred))
r2 = r2 score(y test,y pred)

R2 score 0.8886956733784561

print("MAE",mean_absolute error(y test,y pred))

MAE 6802.779572073905

print("MSE",mean squared error(y test,y pred))

MSE 56137509.99782566

print("RMSE",np.sqrt(mean squared error(y test,y pred)))
RMSE 7492.49691343451

MultiLinear Regression

df = pd.read csv('advertising.csv.xls')

df



TV Radio Newspaper Sales

0 2301 37.8 69.2 221
1 445 393 451 104
2 172 459 69.3 12.0
3 1515 413 58,5 16.5
4 180.8 10.8 584 17.9
195 382 3.7 13.8 7.6
196 94.2 4.9 8.1 14.0
197 177.0 9.3 64 148
198 2836 42.0 66.2 255
199 2321 8.6 8.7 184

200 rows x 4 columns

X
y

df[['TV', 'Radio', 'Newspaper']]
df[['Sales']]

X train,X test,y train,y test = train test split(X,y,test size=0.2,random state=2)

1rl = LinearRegression()
lrl.fit(X train,y train)
y predtl = lrl.predict(X test)
r2 _score(y test,y predtl)

0.8407131803267819

lrl.coef

array([[0.05536768, 0.102883 , 0.00233839]1])

lrl.intercept

array([4.49983137])

Sketch code of Multiple Linear Regression

class MultipleLinearRegression:

def init (self):
self.coef = None
self.intercept_ = None

def fit(self,X train,y train):
X train = X train.to numpy()
y train =y train.to numpy()

X train = np.insert(X train,0,1,axis=1)

# calcuate the coeffs

betas = np.linalg.inv(np.dot(X_train.T,X train)).dot(X train.T).dot(y_train)
self.intercept = betas[0]

self.coef = betas[l:]

def predict(self,X test):
y pred = np.dot(X test,self.coef ) + self.intercept
return y pred

1r = MultipleLinearRegression()
lr.fit(X train,y train)

y pred = lr.predict(X test)
y pred



array([[15.81794247],
[10.15032354],
[ 8.26737799],
[18.25580684],
[18.064664071,
[17.24354571],
[ 8.81294515],
[22.04513076],
[12.38208193],
[21.03691149],
[ 9.58287515],
[20.13791992],
[10.69692702],
[ 9.05217041],
[17.194037671,
[10.33653542],
[ 8.63490536],
[17.27389797],
[18.24930692],
[19.29279069],
[18.94026036],
[19.46168254],
[11.11298733],
[10.6675807 1,
[18.0316489 1,
[14.58414874],
[16.58323824],
[ 9.27911751],
[18.82160438],
[17.18558892],
[20.11211809],
[16.22950562],
[15.87936272],
[14.05507975],
[ 7.89699942],
[12.12455603],
[21.74608041],
[21.4076981 1,
[19.58225049],
[19.5004270911)

r2 score(y test,y pred)
0.8407131803267822

lr.coef

array([[0.05536768],
[0.102883 1,
[0.00233839]])

lr.intercept_

array([4.49983137])
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