
0

L
o
g
istic

R
e
g
re

ssio
n

1
.1

In
tro

d
u
c
tio

n

O
nly

partially
translated

at
this

tim
e

b
E
xam

ple:
S
hrinked

blood
vessels

Y
:

shrinked:
yes

(1)
/

no
(0)

erkl.:
B
reath

V
olum

e
(V
o
l
)

and
F
requency

(R
a
t
e
)

Z
ie

l:
P
〈Y

=
1
|
V
o
l
,R
a
t
e
〉

m
odellieren!



1

c
P
〈Y

i =
1
〉
=

h
〈x

(
1
)

i
,x

(
2
)

i
,...,x

(m
)

i
〉



2

0.0
0.5

1.0
1.5

2.0
2.5

3.0
3.5

4.0

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0

V
ol

Rate

0.1
0.3

0.5
0.7

0.9



3

P
〈Y

i =
1
〉
=

h
〈x

(
1
)

i
,x

(
2
)

i
,...,x

(m
)

i
〉

d
W

hy
is

an
ordinary

linear
regression

inadequate?

Y
i
=

β
0
+
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+

β
2 x

(
2
)

i
+

...
+

β
m

x
(m

)
i

+
E

i

•
W

hat
is

the
error

term
E

i
?

E
〈Y

i 〉
=

β
0
+

β
1 x

(
1
)

i
+
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=
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=
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=
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+
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=
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rädiktor ∑

j
β

j x
(j

)
i

.

π
i
=

logistische
F
unktion

〈 ∑
j
β

j x
(j

)
i

〉.



16

1
.2g

O
dds

ratio
(D

opp
elverhältnis):
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=
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=
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∑
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∑
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=
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