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Summary of Simple Linear Regression Using OLS

x

y

y = β0 + β1x

x
y

Population regression line: E [Y |X] = µy|x = β0 + β1x

Take a sample to make estimate β0 and β1 using OLS:

ŷ = µ̂y|x = β̂0 + β̂1x, where β̂1 =

󰁓n
i=1(xi − x̄)(yi − ȳ)󰁓n

i=1(xi − x̄)2
, β̂0 = ȳ − β̂1x̄
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Sampling Distribution of The Coefficients in OLS

Population regression line:

E [Y |X] = µy|x = β0 + β1x

take a sample OLS regression line:

µ̂y|x = β̂0 + β̂1x

µ̂y|x, β̂0, β̂1 have nice distributions

β̂0 ∼ N
󰀣
β0,

σ2
󰂃󰁓n

i=1(xi − x̄)2
·
󰁓n

i=1 x
2
i

n

󰀤

β̂1 ∼ N
󰀣
β1,

σ2
󰂃󰁓n

i=1(xi − x̄)2

󰀤

µ̂y|x ∼ N
󰀣
µy|x, σ

2
󰂃 ·

󰀥
1

n
+

(x− x̄)2
󰁓n

i=1(xi − x̄)2

󰀦󰀤
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Sampling Distribution of The Coefficients in OLS - Example

Population regression line:

F = β0 + β1 · C

β0 = 32

β1 = 1.8

σ2
󰂃 = 4
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Sampling Distribution of The Coefficients in OLS - Example

β̂0 β̂1

µ̂y|x=20 µ̂y|x=25 µ̂y|x=30
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95% Confidence Interval for µ̂y|x

F = 34.85 + 1.69 · C
95% confidence interval of E [F |C]

5/7



What Is σ2
󰂃 ?

β̂0 ∼ N
󰀣
β0,

σ2
󰂃󰁓n

i=1(xi − x̄)2
·
󰁓n

i=1 x
2
i

n

󰀤

β̂1 ∼ N
󰀣
β1,

σ2
󰂃󰁓n

i=1(xi − x̄)2

󰀤

µ̂y|x ∼ N
󰀣
µy|x, σ

2
󰂃 ·

󰀥
1

n
+

(x− x̄)2
󰁓n

i=1(xi − x̄)2

󰀦󰀤

In reality, we rarely know σ2
󰂃 , what is the

best estimate for σ2
󰂃 ?

s2y =

󰁓n
i=1(yi − ȳ)2

n− 1
?

good estimate for the vari-

ance of the entire popula-

tion of y, not for σ2
󰂃

We denote the best estimate for σ2
󰂃 as s2󰂃. Since σ2

󰂃 =

Var (󰂃|x), intuitively, we should use:

s2󰂃 = MSE =
SSE

n− 2
=

󰁓n
i=1(yi − ŷi)

2

n− 2

When using s2󰂃 to estimate σ2
󰂃 , we introduce some

error, those distributions become tn−2
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Is There A Linear Relationship Between x And y ?

H0: no linear relationship

H1: some linear relationship

󰀻
󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰀿

󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰁁󰀽

Use Pearson’s r :

Use Regression slope :

Use var. :

H0 : ρ = 0

H1 : ρ ∕= 0

r
󰁳

(1− r2)/(n− 2)
∼ tn−2

H0 : β1 = 0

H1 : β1 ∕= 0

β̂1 − β1󰁹󰁸󰁸󰁸󰁷
MSE

n󰁓
i=1

(xi − x̄)2

∼ tn−2

H0 : most var. is NOT explained by the regression

H1 : most var. is explained by the regression

MSR

MSE
∼ F(1, n− 2)
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