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> If at time step t = 100, our population has reached it's long term
growth rate and the population is 1000, then at time step t = 101,
the population will be 2000, and so on.

» This means that our population is growing by 100% in each time
step.

> Leslie matrices ALWAYS have exactly one positive dominant
eigenvalue.
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Dominant Eigenvalue for Simple Wetland Model

Recall that the simple wetland model was:

u(t+1) 95 0 0 [u(t)
s(t+1)| = (.05 .88 0] |s(t)
d(t+1) 0 .12 1] |d(¢)
Finding the eigenvalues of the matrix, we need:
.95 — 0 0
=0

det(A—X)=|| 05 88-x 0
0 12 1-2

” (.95 — A\)(.88 — A)((1 — \) —0) =0

Thus the eigenvalues are A = .95, .88, 1. The largest is clearly then
A=1!
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Another Example - Eigenvalues of a Leslie Matrix

The long term growth rate of the Leslie matrix

0 4 3
A=105 0 O
0 025 0

is given by it's dominant eigenvalue:

>
0—X\ 4 3
det(A—A)=|05 0-X 0 |=0
0 025 0-2A

v

(—=A)(X\)? — 4(—0.5)) + 3(0.5)(0.25) = 0
—N4+20+3=0

We can use MATALB to find it's roots! \ = % 3*‘/5, —3-+/6

3
2°

v

v

v

The one with largest absolute value is A =
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» The one with largest absolute value is A= %

» so the long term growth rate is 5
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A=105 0 O
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>
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» so the long term growth rate is % - or the population grows by 50%
in each time step.
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0 4 3
A=105 0 O
0 025 0
is given by it's dominant eigenvalue:
>
0—A 4 3
det(A—X)=|05 0-2X 0 |=0
0 025 0—A\
> (=A)(N\)? — 4(—0.5)) + 3(0.5)(0.25) = 0

» =M 4+20+2=0
» We can use MATALB to find it’s roots! \ = %, _34‘/5, —3—

» The one with largest absolute value is A = %!

S

» so the long term growth rate is % - or the population grows by 50%
in each time step.



