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The bivariate normal distribution
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MGF

Univariate
Mx(t) = E(exp(tX))

Rules:
Max(t) = Mx(at)
My ya(t) = e Mx(t)

n n
Y =) Xithen My(t) = [ ] Mx (1)
i=1 i=1

X; i.i.d. Mx(t) then My (t) = f[ Mx(t/n) = [Mx(t/n)]"
i=1
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MGF

Bivariate
Mx y(ti, &) = E(exp(t X + £Y))

Rule:
X and Y is independent iff My y(t1, &) = Mx(ty) - My(t).
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Bivariate normal and independence

If X and Y are bivariate normal with correlation p = 0, then this
means that X and Y are independent.
Proof: using the bivariate MGF.
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Maximum likelihood

Y= a+ BX + ¢, i=1,...,n,

and eq,...,ep are iid N(0, o2).

See Exercise 1 - for parameter estimation using Maximum
likelihood (ML), and notice that minimizing the sum of squared
differences equals maximizing the normal likelihood.
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Sum of Squares

Let y; = a+ bx;.

n n n
DWi-7E=>_Fi-7P+ > (i— )P
=1 =1 =1
T s, = ssa T sse

total=regression+error
Cross terms cancel due to the normal equations.
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Mindmap

We draw a mindmap of Chapter 1, Bingham and Fry (2010).
You contribute with one word or fact - and we connect these.
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