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Ĉ
o
v
(σ̂

,β̂
0
)

Ĉ
o
v
(σ̂

,β̂
1
)

V̂
a
r(σ̂

)



=



−
∂
2L

(β
0
,β

1
,σ

)

∂
β
20

−
∂
2L

(β
0
,β

1
,σ

)
∂
β
0
∂
β
1

−
∂
2L

(β
0
,β

1
,σ

)
∂
β
0
∂
σ

−
∂
2L

(β
0
,β

1
,σ

)
∂
β
1
∂
β
0

−
∂
2L

(β
0
,β

1
,σ

)

∂
β
21

−
∂
2L

(β
0
,β

1
,σ

)
∂
β
1
∂
σ

−
∂
2L

(β
0
,β

1
,σ

)
∂
σ
∂
β
0

−
∂
2L

(β
0
,β

1
,σ

)
∂
σ
∂
β
1

−
∂
2L

(β
0
,β

1
,σ

)
∂
σ
2

 −
1

P
a
rtia

l
d
e
riv

a
tiv

e
s

a
re

e
v
a
lu

a
te

d
a
t

β̂
0
,β̂

1
,σ̂

.

1
7

-
1
7

S
t
a
n
d
a
rd

E
rro

rs
a
n
d

C
o
n
fi
d
e
n
c
e

In
t
e
rv

a
ls

fo
r
P
a
ra

m
e
t
e
rs

•
L
o
g
n
o
rm

a
l
M

L
e
stim

a
te

s
fo

r
th

e
c
o
m

p
u
te

r
tim

e
e
x
p
e
rim

e
n
t

w
e
re

θ̂
=

(β̂
0
,β̂

1
,σ̂

)
=

(4
.4

9
,.2

9
0
,.3

1
2
)

a
n
d

a
n

e
stim

a
te

o
f

th
e

v
a
ria

n
c
e
-c

o
v
a
ria

n
c
e

m
a
trix

fo
r

θ̂
is

Σ̂
θ̂

=


.0

1
2

−
.0

0
3
7

0
−

.0
0
3
7

.0
0
2
1

0
0

0
.0

0
2
9


.

•
N
o
rm

a
l-a

p
p
ro

x
im

a
tio

n
c
o
n
fi
d
e
n
c
e

in
te

rv
a
l
fo

r
th

e
c
o
m

p
u
te

r

e
x
e
c
u
tio

n
tim

e
re

g
re

ssio
n

slo
p
e

is

[β
1˜
,

β̃
1
]
=

β̂
1 ±

z
(.9

7
5
) ŝe

β̂
1
=

.2
9
0±

1
.9

6
(.0

4
6
)
=

[.2
0
,

.3
8
]

w
h
e
re

ŝe
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[Ŝ
(t;

x
0
] Ψ̂

(
x
).

•
S
e
tu

p
m

o
re

c
o
m

p
lic

a
te

d
w

h
e
n

th
e
re

a
re

t
ie

s
.

1
7

-
6
8

P
ic
c
io

t
t
o

Y
a
rn

F
a
ilu

re
D

a
t
a

C
o
x

P
H

M
o
d
e
l
S
u
rv

iv
a
l
E
s
t
im

a
t
e
s

(
L
in

e
a
r
A
x
e
s
)

T
housands of C

ycles

Probability

  0
 50

100
150

200

0.0

0.2

0.4

0.6

0.8

1.0
90 m

m

60 m
m

30 m
m

1
7

-
6
9

P
ic
c
io

t
t
o

Y
a
rn

F
a
ilu

re
D

a
t
a

C
o
x

P
H

M
o
d
e
l
S
u
rv

iv
a
l
E
s
t
im

a
t
e
s

(
o
n

W
e
ib

u
ll

P
ro

b
a
b
ility

S
c
a
le

s
)

.003

.005

.01

.02

.03

.05 .1 .2 .3 .5 .7 .9

.98

  5
 10

 20
 50

100
200

Proportion Failing

T
housands of C

ycles

90 m
m

60 m
m

30 m
m

1
7

-
7
0

P
ic
c
io

t
t
o

Y
a
rn

F
a
ilu

re
D

a
t
a

C
o
x

P
H

M
o
d
e
l
S
c
h
o
e
n
fe

ld
R
e
s
id

u
a
ls

v
e
rs

u
s

T
im

e

• •
• • •

•• • •• •• •• • • •• •• •• ••• • • • • •• •• • •• • • •• •• • •• •• •

• • •• •• • •• •• •• •• •• •• •• •• ••
• •• • •• • •• • •• ••• ••• ••

••

• ••• •• •
• • •• •• •

• ••• •
•• •• •• • ••

T
housands of C

ycles

Shoenfield Residuals

20
40

60
80

100

-0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4

1
7

-
7
1

G
e
n
e
ra

l
F
a
ilu

re
T

im
e

T
ra

n
s
fo

rm
a
t
io

n
G

ra
p
h

0.0
0.5

1.0
1.5

2.0
2.5

3.0

0.0

0.5

1.0

1.5

2.0

2.5

3.0

T
im

e at Level  
x

0

Time at Level x

decelerating
transform

ation

accelerating and
decelerating
transform

ation

accelerating
transform

ation

1
7

-
7
2



G
e
n
e
ra

l
F
a
ilu

re
T

im
e

T
ra

n
s
fo

rm
a
t
io

n
M

o
d
e
l

A
g
e
n
e
ra

l
tim

e
tra

n
sfo

rm
a
tio

n
m

o
d
e
l
is

T
(
x
)
=

Υ
[ T

(
x
0
),

x
]

w
h
e
re

x
0

a
re

so
m

e
b
a
s
e
lin

e
c
o
n
d
itio

n
s.

W
e

a
ssu

m
e

th
a
t

Υ
( t,

x
)

sa
tisfi

e
s

th
e

fo
llo

w
in

g
c
o
n
d
itio

n
s:

•
Υ

( t,
x
)

is
n
o
n
n
e
g
a
tiv

e
,
i.e

.,
Υ

( t,
x
)
≥

0
fo

r
a
ll

t
a
n
d

x
.

•
F
o
r

fi
x
e
d

x
,
Υ

( t,
x
)

is
m

o
n
o
to

n
e

in
c
re

a
sin

g
in

t.

•
F
o
r

a
ll

x
,
Υ

( 0
,
x
)
=

0
.

•
F
o
r

x
0

th
e

tra
n
sfo

rm
a
tio

n
is

th
e

id
e
n
tity

tra
n
sfo

rm
a
tio

n
,

i.e
.,

Υ
( t,

x
0
)
=

t
fo

r
a
ll

t.

1
7

-
7
3

G
e
n
e
ra

l
F
a
ilu

re
T

im
e

T
ra

n
s
fo

rm
a
t
io

n
M

o
d
e
l

T
h
is

g
e
n
e
ra

l
a
s
s
u
m

e
d

tra
n
sfo

rm
a
tio

n
m

o
d
e
l
im

p
lie

s:

•
T

h
e

d
istrib

u
tio

n
o
f

T
(
x
)

c
a
n

b
e

d
e
te

rm
in

e
d

fro
m

th
e

d
is-

trib
u
tio

n
o
f

T
(
x
0
)

a
n
d

x
.
In

p
a
rtic

u
la

r,
tp (

x
)
=

Υ
[ tp (

x
0
),

x
]

fo
r

0
≤

p
≤

1
.

•
In

a
p
lo

t
o
f

T
(
x
0
)

v
e
rsu

s
T
(
x
)

I
T
(
x
)
e
n
tire

ly
b
e
lo

w
th

e
d
ia

g
o
n
a
l
lin

e
im

p
lie

s
a
c
c
e
le

ra
tio

n
.

I
T
(
x
)

e
n
tire

ly
a
b
o
v
e

th
e

d
ia

g
o
n
a
l
lin

e
im

p
lie

s
d
e
c
e
le

ra
-

tio
n
.

I
O

th
e
r

T
(x

)s
im

p
ly

a
c
c
e
le

ra
tio

n
so

m
e
tim

e
s

a
n
d

d
e
c
e
le

r-

a
tio

n
o
th

e
r

tim
e
s.

T
h
e

c
d
fs

o
f

T
(
x
)

a
n
d

T
(
x
0
)

c
ro

ss.

I
S
c
a
le

tim
e

tra
n
sfo

rm
a
tio

n
s
a
n
d

p
ro

p
o
rtio

n
a
l
h
a
z
a
rd

m
o
d
e
l

a
re

sp
e
c
ia

l
c
a
se

s.

1
7

-
7
4

O
t
h
e
r
T
o
p
ic
s

in
F
a
ilu

re
-T

im
e

R
e
g
re

s
s
io

n

•
M

o
d
e
ls

w
ith

n
o
n
-lo

c
a
tio

n
-sc

a
le

d
istrib

u
tio

n
s.

•
N
o
n
lin

e
a
r

re
la

tio
n
sh

ip
re

g
re

ssio
n

m
o
d
e
l.

•
F
a
tig

u
e
-lim

it
re

g
re

ssio
n

m
o
d
e
l.

•
S
p
e
c
ia

l
to

p
ic

s
in

re
g
re

ssio
n
:

ra
n
d
o
m

e
ff
e
c
ts

m
o
d
e
ls,

n
o
n
-

p
a
ra

m
e
tric

S
A
F
T

re
g
re

ssio
n

m
o
d
e
ls,

p
a
ra

m
e
tric

P
H

re
g
re

s-

sio
n

m
o
d
e
ls.

1
7

-
7
5


