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1
n

n

∑
i=0

(yi − ̂yi)2

Mean	Squared	Error	(MSE):

Divide	the	sum	of	squared	errors	by	the	
number	of	data	points	to	get	the	average	
(mean)	of	the	squared	errors.
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For	every	value	of	 ,	 	equals	 	
SubsGtute	 	for	

i ̂xi xi
xi ̂xi
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The	line	of	best	fit	is	 ̂y = β0 + β1 ̂x

=
1
n

n

∑
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(yi − β0 − β1xi)2

Least	Squares	Regression:	Find	the	values	
of	 	and	 	such	that	the	Mean	Squared	
Error	(MSE)	is	minimized.

β0 β1

Mean	Squared	Error	(MSE):

1
n

n

∑
i=0

(yi − ̂yi)2 =
1
n

n

∑
i=0

(yi − β0 − β1 ̂xi)2
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Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	
Mean	Squared	Error	(MSE)	is	minimized.

β0 β1

Solu8on:

β1 =
n

n
∑
i=0

xiyi −
n

∑
i=0

xi

n
∑
i=0

yi

n
n

∑
i=0

x2
i − ( n

∑
i=0

xi)
2

β0 =

n
∑
i=0

yi − β1

n
∑
i=0

xi

n

Lets	walk	through	the	proof…
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To	derive	the	values	of	 	and	 ,	we	calculate	the	parGal	
derivaGve	of	the	Mean	Squared	Error	(MSE)	w.r.t	 	and	 	and	
solve	the	two	equaGons	

β0 β1
β0 β1
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To	derive	the	values	of	 	and	 ,	we	calculate	the	parGal	
derivaGve	of	the	Mean	Squared	Error	(MSE)	w.r.t	 	and	 	and	
solve	the	two	equaGons	

β0 β1
β0 β1

Mean	Squared	Error	(MSE):
1
n

n

∑
i=0

(yi − ̂y)2 =
1
n

n

∑
i=0

(yi − β0 − β1xi)2

ParGal	derivaGves	w.r.t	 	and	 	we	get	two	equaGons:β0 β1
∂

∂β0

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0 eq(1)

∂
∂β1

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0 eq(2)

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1
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To	derive	the	values	of	 	and	 ,	we	calculate	the	parGal	
derivaGve	of	the	Mean	Squared	Error	(MSE)	w.r.t	 	and	 	and	
solve	the	two	equaGons	

β0 β1
β0 β1

Mean	Squared	Error	(MSE):
1
n

n

∑
i=0

(yi − ̂y)2 =
1
n

n

∑
i=0

(yi − β0 − β1xi)2

ParGal	derivaGves	w.r.t	 	and	 	we	get	two	equaGons:β0 β1
∂

∂β0

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0 eq(1)

∂
∂β1

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0 eq(2)

The	Mean	Squared	Error	(MSE)	
is	minimized	when	the	parGal	
derivaGve	is	zero

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1
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Solving	equaGon	1	(take	the	parGal	derivaGve	w.r.t	 ):β0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Chain	Rule	&	Power	Rule	
See	Tutorial	on	DerivaGves
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Solving	equaGon	1	(take	the	parGal	derivaGve	w.r.t	 ):β0

∂
∂β0

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Chain	Rule	&	Power	Rule	
See	Tutorial	on	DerivaGves
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Solving	equaGon	1	(take	the	parGal	derivaGve	w.r.t	 ):β0

∂
∂β0

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)
∂

∂β0

n

∑
i=0

(yi − β0 − β1xi) = 0

Chain	Rule	&	Power	Rule	
See	Tutorial	on	DerivaGves
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Solving	equaGon	1	(take	the	parGal	derivaGve	w.r.t	 ):β0

∂
∂β0

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)(−1) = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)
∂

∂β0

n

∑
i=0

(yi − β0 − β1xi) = 0

Chain	Rule	&	Power	Rule	
See	Tutorial	on	DerivaGves

Taking	the	parGal	derivaGve	of	 	

	 	

n

∑
i=0

(yi − β0 − β1xi)

∂
∂β0

n

∑
i=0

(yi − β0 − β1xi) = (−1)
See	Tutorial	on	DerivaGves
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Solving	equaGon	1	(take	the	parGal	derivaGve	w.r.t	 ):β0

∂
∂β0

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)(−1) = 0

⇒
n

∑
i=0

(yi − β0 − β1xi) = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)
∂

∂β0

n

∑
i=0

(yi − β0 − β1xi) = 0

Chain	Rule	&	Power	Rule	
See	Tutorial	on	DerivaGves

Divide	both	sides	by	−
2
n
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Solving	equaGon	1	(take	the	parGal	derivaGve	w.r.t	 ):β0

∂
∂β0

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)(−1) = 0

⇒
n

∑
i=0

(yi − β0 − β1xi) = 0

⇒
n

∑
i=0

yi − nβ0 − β1

n

∑
i=0

xi = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)
∂

∂β0

n

∑
i=0

(yi − β0 − β1xi) = 0

Chain	Rule	&	Power	Rule	
See	Tutorial	on	DerivaGves
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Solving	equaGon	1	(take	the	parGal	derivaGve	w.r.t	 ):β0

∂
∂β0

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)(−1) = 0

⇒
n

∑
i=0

(yi − β0 − β1xi) = 0

⇒
n

∑
i=0

yi − nβ0 − β1

n

∑
i=0

xi = 0 ⇒ β0 =

n
∑
i=0

yi − β1

n
∑
i=0

xi

n

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)
∂

∂β0

n

∑
i=0

(yi − β0 − β1xi) = 0

Chain	Rule	&	Power	Rule	
See	Tutorial	on	DerivaGves
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Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1
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∂
∂β1

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1
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∂
∂β1

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)
∂

∂β1

n

∑
i=0

(yi − β0 − β1xi) = 0

Chain	Rule	&	Power	Rule	
See	Tutorial	on	DerivaGves
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∂
∂β1

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)(−xi) = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)
∂

∂β1

n

∑
i=0

(yi − β0 − β1xi) = 0

Taking	the	parGal	derivaGve	of	 	

	 	

n

∑
i=0

(yi − β0 − β1xi)

∂
∂β1

n

∑
i=0

(yi − β0 − β1xi) = (−xi)
See	Tutorial	on	DerivaGves
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∂
∂β1

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)(−xi) = 0

⇒
n

∑
i=0

(yi − β0 − β1xi)(xi) = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)
∂

∂β1

n

∑
i=0

(yi − β0 − β1xi) = 0

Divide	both	sides	by	−
2
n
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∂
∂β1

1
n

n

∑
i=0

(yi − β0 − β1xi)2 = 0

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)(−xi) = 0

⇒
n

∑
i=0

(yi − β0 − β1xi)(xi) = 0

⇒
n

∑
i=0

xiyi − β0

n

∑
i=0

xi − β1

n

∑
i=0

x2
i = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒
2
n

n

∑
i=0

(yi − β0 − β1xi)
∂

∂β1

n

∑
i=0

(yi − β0 − β1xi) = 0
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⇒
n

∑
i=0

xiyi − β0

n

∑
i=0

xi − β1

n

∑
i=0

x2
i = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1
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⇒
n

∑
i=0

xiyi − β1

n

∑
i=0

x2
i −

n
∑
i=0

yi − β1

n
∑
i=0

xi

n

n

∑
i=0

xi = 0

⇒
n

∑
i=0

xiyi − β0

n

∑
i=0

xi − β1

n

∑
i=0

x2
i = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

SubsGtute	β0 =

n
∑
i=0

yi − β1

n
∑
i=0

xi

n
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⇒
n

∑
i=0

xiyi − β1

n

∑
i=0

x2
i −

n
∑
i=0

yi − β1

n
∑
i=0

xi

n

n

∑
i=0

xi = 0

⇒
n

∑
i=0

xiyi − β0

n

∑
i=0

xi − β1

n

∑
i=0

x2
i = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒ n
n

∑
i=0

xiyi − β1n
n

∑
i=0

x2
i −

n

∑
i=0

yi

n

∑
i=0

xi − β1 (
n

∑
i=0

xi)
2

= 0

Divide	both	sides	by	 	
and	simplify

n
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⇒
n

∑
i=0

xiyi − β1

n

∑
i=0

x2
i −

n
∑
i=0

yi − β1

n
∑
i=0

xi

n

n

∑
i=0

xi = 0

⇒
n

∑
i=0

xiyi − β0

n

∑
i=0

xi − β1

n

∑
i=0

x2
i = 0

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒ n
n

∑
i=0

xiyi − β1n
n

∑
i=0

x2
i −

n

∑
i=0

yi

n

∑
i=0

xi − β1 (
n

∑
i=0

xi)
2

= 0

⇒ n
n

∑
i=0

xiyi − β1n
n

∑
i=0

x2
i −

n

∑
i=0

xi

n

∑
i=0

yi + β1 (
n

∑
i=0

xi)
2

= 0
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Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒ n
n

∑
i=0

xiyi − β1n
n

∑
i=0

x2
i −

n

∑
i=0

xi

n

∑
i=0

yi + β1 (
n

∑
i=0

xi)
2

= 0
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Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒ n
n

∑
i=0

xiyi − β1n
n

∑
i=0

x2
i −

n

∑
i=0

xi

n

∑
i=0

yi + β1 (
n

∑
i=0

xi)
2

= 0

⇒ β1 (
n

∑
i=0

xi)
2

− β1n
n

∑
i=0

x2
i =

n

∑
i=0

xi

n

∑
i=0

yi − n
n

∑
i=0

xiyi

Add	 	

to	both	sides

n

∑
i=0

xi

n

∑
i=0

yi − n
n

∑
i=0

xiyi
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Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒ n
n

∑
i=0

xiyi − β1n
n

∑
i=0

x2
i −

n

∑
i=0

xi

n

∑
i=0

yi + β1 (
n

∑
i=0

xi)
2

= 0

⇒ β1 (
n

∑
i=0

xi)
2

− β1n
n

∑
i=0

x2
i =

n

∑
i=0

xi

n

∑
i=0

yi − n
n

∑
i=0

xiyi

Add	 	

to	both	sides

n

∑
i=0

xi

n

∑
i=0

yi − n
n

∑
i=0

xiyi
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Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒ n
n

∑
i=0

xiyi − β1n
n

∑
i=0

x2
i −

n

∑
i=0

xi

n

∑
i=0

yi + β1 (
n

∑
i=0

xi)
2

= 0

⇒ β1 (
n

∑
i=0

xi)
2

− β1n
n

∑
i=0

x2
i =

n

∑
i=0

xi

n

∑
i=0

yi − n
n

∑
i=0

xiyi

⇒ β1n
n

∑
i=0

x2
i − β1 (

n

∑
i=0

xi)
2

= n
n

∑
i=0

xiyi −
n

∑
i=0

xi

n

∑
i=0

yi
MulGply	both	sides	by	−1

https://arrsingh.com
https://creativecommons.org/licenses/by-nc-sa/4.0/


Copyright	(c)	2025,	Rahul	Singh,	licensed	under	CC	BY-NC-SA	4.0	(hDps://creaGvecommons.org/licenses/by-nc-sa/4.0/)	 22

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒ n
n

∑
i=0

xiyi − β1n
n

∑
i=0

x2
i −

n

∑
i=0

xi

n

∑
i=0

yi + β1 (
n

∑
i=0

xi)
2

= 0

⇒ β1 (
n

∑
i=0

xi)
2

− β1n
n

∑
i=0

x2
i =

n

∑
i=0

xi

n

∑
i=0

yi − n
n

∑
i=0

xiyi

⇒ β1n
n

∑
i=0

x2
i − β1 (

n

∑
i=0

xi)
2

= n
n

∑
i=0

xiyi −
n

∑
i=0

xi

n

∑
i=0

yi
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⇒ β1n
n

∑
i=0

x2
i − β1 (

n

∑
i=0
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2
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∑
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∑
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∑
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Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒ β1n
n

∑
i=0

x2
i − β1 (

n

∑
i=0

xi)
2

= n
n

∑
i=0

xiyi −
n

∑
i=0

xi

n

∑
i=0

yi

⇒ β1 n
n

∑
i=0

x2
i − (

n

∑
i=0

xi)
2

= n
n

∑
i=0

xiyi −
n

∑
i=0

xi

n

∑
i=0

yi

Factor	out	β1
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Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒ β1n
n

∑
i=0

x2
i − β1 (

n

∑
i=0

xi)
2

= n
n

∑
i=0

xiyi −
n

∑
i=0

xi

n

∑
i=0

yi

⇒ β1 n
n

∑
i=0

x2
i − (

n

∑
i=0

xi)
2

= n
n

∑
i=0

xiyi −
n

∑
i=0

xi

n

∑
i=0

yi

⇒ β1 =
n

n
∑
i=0

xiyi −
n

∑
i=0

xi

n
∑
i=0

yi

n
n

∑
i=0

x2
i − ( n

∑
i=0

xi)
2

Divide	both	sides	by	n
n

∑
i=0

x2
i − (

n

∑
i=0

xi)
2

https://arrsingh.com
https://creativecommons.org/licenses/by-nc-sa/4.0/


Copyright	(c)	2025,	Rahul	Singh,	licensed	under	CC	BY-NC-SA	4.0	(hDps://creaGvecommons.org/licenses/by-nc-sa/4.0/)	 23

Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	MSE	is	minimized.β0 β1

Solving	equaGon	2	(take	the	parGal	derivaGve	w.r.t	 :β1

⇒ β1n
n

∑
i=0

x2
i − β1 (

n

∑
i=0

xi)
2

= n
n

∑
i=0

xiyi −
n

∑
i=0

xi

n

∑
i=0

yi

⇒ β1 n
n

∑
i=0

x2
i − (

n

∑
i=0

xi)
2

= n
n

∑
i=0

xiyi −
n

∑
i=0

xi

n

∑
i=0

yi

⇒ β1 =
n

n
∑
i=0

xiyi −
n

∑
i=0

xi

n
∑
i=0

yi

n
n

∑
i=0

x2
i − ( n

∑
i=0

xi)
2

Q.E.D
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Least	Squares	Regression:	Find	the	values	of	 	and	 	such	that	the	
Mean	Squared	Error	(MSE)	is	minimized.

β0 β1

Solu8on:

β1 =
n

n
∑
i=0

xiyi −
n

∑
i=0

xi

n
∑
i=0

yi

n
n

∑
i=0

x2
i − ( n

∑
i=0

xi)
2

β0 =

n
∑
i=0

yi − β1

n
∑
i=0

xi

n
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Related	Tutorials	&	Textbooks

MulGple	regression	extends	the	two	dimensional	linear	model	introduced	in	Simple	Linear	Regression	to	k	+	1	
dimensions	with	one	dependent	variable,	k	independent	variables	and	k+1	parameters.	

Gradient	Descent	for	Simple	Linear	Regression
An	introducGon	to	the	Gradient	Descent	algorithm	and	a	deep	dive	on	how	it	can	be	used	to	opGmize	the	two	
parameters	 	and	 	for	Simple	Linear	Regression.	β0 β1
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