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https://aiinarabic.com/glossary/supervised-learning/
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y = mx+c X Y |x=X | Y=Y |(x—xX)%|(x—=X)(y—¥)
Y e 1 | 3 2 | -06 4 1.2
2 | 4 1 0.4 1 -0.4
3 2 0 -1.6 0 0
4 4 0.4 1 0.4
5 5 1.4 4 2.8
3 36 I=10 ZX=4
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m =04
c=24
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Actual vs Predicted Value
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Dependent Varable

. Regression line

X y | y-y)° Yy 0 -) (3 -)°

1 3 -0.6 0.36 2.8 -0.8 0.64

2 4 0.4 0.16 3.2 -0.4 0.16

3 ¢ 16 256 3.6 0 0

4 4 0.4 0.16 4.0 0.4 0.16

5 5 1.4 1.96 4.4 0.8 0.64
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Linear Regression Logistic Regression Polynomial Regression
* When there is a linear « When the dependent variable is « When the power of independent
relationship between binary (0/ 1, True/ False, Yes/ No) in variable is more than 1.
independent and dependent nature.
variables.
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model <- Im(weight ~ height, data = mydata)
model <- Im(Jsk ~ ¢, data = @bl ac18)

model stores the created linear regression model.

weight is the dependent variable (what we're trying to predict).

height is the independent variable (what we're using to predict weight).

data frame containing both weight and height variables.
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#tsimple regression model by B laadl
Irmodel<-Im(medv~Istat,data =Boston)
summary(lrmodel)

« Residuals:
. Min 1Q Median 3Q Max
e -15.168 -3.990 -1.318 2.034 24.500

e Coefficients:

0.1 °

. Estimate Std. Error t value Pr(>|t]|)
 (Intercept) 34.55384 0.56263 61.41 <2e-16 ***
« Istat -0.95005 0.03873 -24.53 <2e-16 ***
« Signif. codes: O “***’ (0.001 “**’ 0.01 “*’ 0.05 °.

« Residual standard error: 6.216 on 504 degrees of freedom

« Multiple R-squared: 0.5441, Adjusted R-squared:

« F-statistic: 601.6 on 1 and 504 DF, p-value: < 2.2e-16

0.5432

1



>summary(model)
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new_data <- data.frame(height =70) # Example data point
predicted weight <- predict(model, new_data)
cat("Predicted weight for height 70:", predicted weight)
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> predict2<-predict(model, testing_data)
>predict2
4 10 11 15 18 23 24
29.405335 19.632603 20.174332 19.120567 16.947674 16.143685 13.823632
27 29 30 42 44 50 51



# Linear Regression in Machine Learning
#We will split the data into training and testing sets

> set.seed(2)

> split<-sample.split(Boston$medv,SplitRatio = 0.7)
>Split

[1] TRUE FALSE TRUE FALSE FALSE TRUE TRUE FALSE FALSE TRUE TRUE

TRUE [13] TRUE TRUE TRUE TRUE TRUE TRUE FALSE TRUE FALSE TRUE
FALSE FALSE......
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# dividing the data with the ratio 0,7
training_data<-subset(Boston,split=="TRUE")
testing_data<-subset(Boston,split=="FALSE")

J)SJ\MLJCJM

training data <- filter(data, row number () <= 0.7 * _hul
nrow (data) )
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testing data <- filter (data, row number () >0.7 _hull e
o — *

nrow(data)) .
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Thank you
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