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Linear regressions 

from a Bayesian 
perspective


1. Linear regression with one 
covariate 

2. Joint posteriors  
3. Interpreting coefficients 

on log-scale 
4. Linear regression with 

many covariates 
5. Estimation and working 

with samples in R
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yi ⇠ Norm(μi, σ)

μi = α + βwi

α ⇠ Norm(0, 30)

β ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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yi ⇠ Norm(μi, σ)

μi = α + βwi

α ⇠ Norm(0, 30)

β ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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Value of μ depends 
on the person

Modeling income by gender



5

yi ⇠ Norm(μi, σ)

μi = α + βwi

α ⇠ Norm(0, 30)

β ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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μi = α for men 

μi = α + β for women

Modeling income by gender
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yi ⇠ Norm(μi, σ)

μi = α + βwi

α ⇠ Norm(0, 30)

β ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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Prior for each  
parameter
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yi ⇠ Norm(μi, σ)

μi = α + βwi

α ⇠ Norm(0, 30)

β ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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Stochastic 
relationship

Deterministic 
relationship
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yi ⇠ Norm(μi, σ)

μi = α + βwi

α ⇠ Norm(0, 30)

β ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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yi ⇠ Norm(μ, σ)

μ ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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No predictors One predictor
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Alternate expressions
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yi ⇠ Norm(μi, σ)

μi = α + βwi

α ⇠ Norm(0, 30)

β ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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yi ⇠ Norm(α + βwi, σ)

α ⇠ Norm(0, 30)

β ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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yi = α + βwi + εi
εi ⇠ Norm(0, σ)

α ⇠ Norm(0, 30)

β ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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One model, 
three representations



Joint posterior
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Pr(α, β, σ|D)
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When we estimate this model, 
we get a single joint posterior 
distribution for all three 
parameters:

What can we do with a 
joint posterior?



Working with the posterior
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Pr(α, β, σ|D)
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Data: 
Sample of 35,124 working 
adults in the United States

1.Describe the marginal 
posterior distributions
Pr(α|D), Pr(β|D), Pr(σ|D)
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Mean
Std. 
Dev. 2.5% 97.5%

α 10.382 0.009 10.364 10.400

β –0.434 0.013 -0.459 -0.408

σ 1.221 0.005 1.212 1.230



Working with the posterior
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Pr(α, β, σ|D)
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Data: 
Sample of 35,124 working 
adults in the United States

1.Describe the marginal 
posterior distributions
Pr(α|D), Pr(β|D), Pr(σ|D)
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2.Describe posterior 
probability of 
theoretically relevant 
scenarios  
Pr(β < 0|D)
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yi ⇠ Norm(μi, σ)

μi = α + βwi

α ⇠ Norm(0, 30)

β ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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Working with the posterior
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Pr(α, β, σ|D)
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Data: 
Sample of 35,124 working 
adults in the United States

1.Describe the marginal 
posterior distributions
Pr(α|D), Pr(β|D), Pr(σ|D)
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2.Describe posterior 
probability of 
theoretically relevant 
scenarios  
Pr(β < 0|D)
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3.Describe the ‘partial’ joint 
posterior distribution
Pr(α, β|D)

<latexit sha1_base64="e7xO+mRGi+6SWD5nqnCH7uxtBAs="></latexit><latexit sha1_base64="e7xO+mRGi+6SWD5nqnCH7uxtBAs="></latexit><latexit sha1_base64="e7xO+mRGi+6SWD5nqnCH7uxtBAs="></latexit><latexit sha1_base64="AKbvk205UBfLDoCZYYUIAbxSKGY="></latexit>

10.35 10.37 10.39 10.41 α

β

10.4110.41

−0
.4
8

−0
.4
6

−0
.4
4

−0
.4
2

−0
.4
0

s2
$b
1



Interpreting log-scale coefficients
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yi ⇠ Norm(μi, σ)

μi = α + βwi

α ⇠ Norm(0, 30)

β ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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μi = α for men 

μi = α + β for women

yi = log(incomei)

Mean
Std. 
Dev. 2.5% 97.5%

α 10.382 0.009 10.364 10.400

β –0.434 0.013 -0.459 -0.408

σ 1.221 0.005 1.212 1.230

<latexit sha1_base64="mCXDvadXVVYy4Trt5evt3R/0YLQ="></latexit>

eα ⇡ 32, 273

eβ ⇡ 0.648

e(α+β) = eα ⇥ eβ ⇡ 20, 9 0

exp(–0.434) ≈ 0.648:  
These results suggest that women make 
about 35.2% less than men on average

In general: if the outcome variable is on a 
log-scale, then exponentiating coefficient 
estimates (eα) gives multiplicative factors
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Modeling income
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compact 
notation: yi ⇠ Norm(μi, σ)

μi = α + β wi + β2agei + β3collegei
α, β , β2, β3 ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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Adding covariates
yi ⇠ Norm(μi, σ)

μi = α + β wi + β2agei + β3collegei
α ⇠ Norm(0, 30)

β ⇠ Norm(0, 30)

β2 ⇠ Norm(0, 30)

β3 ⇠ Norm(0, 30)

σ ⇠ Unif(0, 50)
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