
Categorical Data Analysis with Graphics

Outline

Overview: Categorical Data and Graphics

Methods for discrete distributions

Hanging rootograms
Robust distribution plots

Methods for two-way frequency tables

Fourfold displays
Sieve diagrams

Mosaic displays and loglinear models for n-way tables

Mosaic displays
Mosaic matrices

Logistic and logit regression

Logit plots, effect plots
Diagnostic plots

Color version of these slides:
http://www.math.yorku.ca/SCS/sugi/sugi28.pdf
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Categorical Data Analysis with Graphics

Graphical Methods for Categorical Data

If I can’t picture it, I can’t understand it. Albert Einstein

Getting information from a table is like extracting sunlight from a cucumber.

Farquhar & Farquhar, 1891

Tables vs. Graphs

Tables are best suited for look-up— read off exact numbers

Graphs are better for showing patterns, trends, anomalies, making

comparisons

Visual presentation as communication: what do you want to say?
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Categorical Data Analysis with Graphics

Categorical Data Analysis

Methods of analysis for categorical data fall into two main categories:

Non-parametric, randomization-based methods
make minimal assumptions
useful for hypothesis-testing
SAS: PROC FREQ
• Pearson Chi-square
• Fisher’s exact test (for small expected frequencies)
• Mantel-Haenszel tests (ordered categories: test for linear association)

Model-based methods
Must assume random sample (possibly stratified)
Useful for estimation purposes
Greater flexibility; fitting specialized models (e.g., symmetry)
More suitable for multi-way tables
SAS: PROC LOGISTIC, CATMOD, GENMOD , INSIGHT (Fit YX)
• estimate standard errors, covariances for model parameters
• confidence intervals for parameters, predicted Pr{response}
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0
8

0
.
6
2
8
9
0

1
.
8
8
4
2
3

4
4

0
.
0
0
4
0
1

1
.
0
5
2

2
.
8
7
4
9
3

3
.
2
6
9
1
2

5
1

0
.
0
0
0
5
3

0
.
1
3
8

2
.
3
1
9
4
8

1
.
9
8
9
9
2

6
1

0
.
0
0
0
0
6

0
.
0
1
5

8
.
0
1
2
6
7

2
.
8
9
5
6
8

=
=
=
=
=
=

=
=
=
=
=
=
=

=
=
=
=
=
=
=

2
6
2

0
.
9
9
9
9
9

2
6
1
.
9
9
8
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H
an

g
&

ro
o

t
th

em
→

H
an

g
in

g
ro

o
to

g
ram

s

Tukey
(1972,1977):

shifthistogram
bars

to
the

fitted
curve→

judge
deviations

vs.
horizontalline.

plot √
freq→

sm
aller

frequencies
are

em
phasized.

%
g
o
o
d
f
i
t
(
d
a
t
a
=
m
a
d
i
s
o
n
,
v
a
r
=
c
o
u
n
t
,
f
r
e
q
=
b
l
o
c
k
s
,

d
i
s
t
=
p
o
i
s
s
o
n
,
o
u
t
=
f
i
t
)
;

%
r
o
o
t
g
r
a
m
(
d
a
t
a
=
f
i
t
,
v
a
r
=
c
o
u
n
t
,
o
b
s
=
b
l
o
c
k
s
)
;

Sqrt(frequency)

-
2 0 2 4 6 8

1
0

1
2

N
u

m
b

e
r
 o

f O
c
c
u

r
r
e

n
c
e

s
0

1
2

3
4

5
6
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W
h

at’s
w

ro
n

g
w

ith
h

isto
g

ram
s?

D
iscrete

distributions
often

graphed
as

histogram
s,w

ith
a

theoreticalfitted
distribution

superim
posed.

%
g
o
o
d
f
i
t
(
d
a
t
a
=
m
a
d
i
s
o
n
,
v
a
r
=
c
o
u
n
t
,
f
r
e
q
=
b
l
o
c
k
s
,

d
i
s
t
=
p
o
i
s
s
o
n
)
;

Frequency

0

2
0

4
0

6
0

8
0

1
0
0

1
2
0

1
4
0

1
6
0

N
u
m

b
e
r
 o

f O
c
c
u
r
r
e
n
c
e
s

0
1

2
3

4
5

6

P
roblem

s:

largestfrequencies
dom

inate
display

m
ustassess

deviations
vs.

a
curve

S
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O
rd

p
lo

ts

O
R
D
P
L
O
T

m
acro

%
o
r
d
p
l
o
t
(
d
a
t
a
=
m
a
d
i
s
o
n
,
c
o
u
n
t
=
C
o
u
n
t
,
f
r
e
q
=
b
l
o
c
k
s
)
;

D
iagnoses

distribution
as

N
egB

in
E

stim
ates

p̂
=

0
.5

7
6s

lo
p

e
 =

    0
.4

2
4

in
te

rc
e

p
t=

-0
.0

2
3

ty
p

e
: N

e
g

a
tiv

e
 b

in
o

m
ia

l
p

a
rm

: p
 =

 0
.5

7
6

In
sta

n
ce

s o
f ’m

a
y’ in

 F
e
d
e
ra

list p
a
p
e
rs

Frequency Ratio, (k n(k) / n(k-1))

0 1 2 3 4 5 6

O
c
c
u

rre
n

c
e

s
 o

f ’m
a

y
’

0
1

2
3

4
5

6

S
U

G
I28

21
M

ichaelFriendly

C
ategoricalD

ata
A

nalysis
w

ith
G

raphics

O
rd

p
lo

ts:
D

iag
n

o
se

fo
rm

o
f

d
iscrete

d
istribu

tio
n

H
ow

to
tellw

hich
discrete

distributions
are

likely
candidates?

O
rd

(1967):
for

each
ofP

oisson,B
inom

ial,N
egative

B
inom

ial,and
Logarithm

ic
S

eries
distributions,

plotofk
p

k /
p

k
−

1
againstk

is
linear

signs
ofinterceptand

slope→
determ

ine
the

form
,give

rough
estim

ates
of

param
eters

S
lope

Intercept
D

istribution
P

aram
eter

(b)
(a)

(param
eter)

estim
ate

0
+

P
oisson

(λ
)

λ
=

a
−

+
B

inom
ial(n,p)

p
=

b/
(b−

1
)

+
+

N
eg.

binom
ial(n,p)

p
=

1−
b

+
−

Log.series
(θ

)
θ

=
b

θ
=

−
a

F
itline

by
W

LS
,using √

n
k

as
w

eights

S
U
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I28
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w
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R
o

bu
st

d
istribu

tio
n

p
lo

ts:
P

o
isso

n

O
rd

plots
lack

robustness

one
discrepantfreqency,n

k
affects

points
for

both
k

and
k

+
1

R
obustplots

for
P

oisson
distribution

(H
oaglin

and
Tukey,1985)

F
or

P
oisson,plotco

u
n

t
m

etam
eter

=
φ

(n
k )

=
lo

g
e (k

!n
k /N

)
vs.k

Linear
relation⇒

P
oisson,slope

gives
λ̂

C
Ifor

points,diagnostic
(influence)

plot
P
O
I
S
P
L
O
T

m
acro

S
U

G
I28
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O
rd

p
lo

ts

O
ther

distributions:

s
lo

p
e
 =

    1
.0

6
1

in
te

rc
e
p
t=

-0
.7

0
9

ty
p
e
: L

o
g
a
rith

m
ic

 s
e
rie

s
p
a
rm

: th
e
ta

 =
 1

.0
6
1

B
u
tte

rfly sp
e
cie

s co
lle

cte
d
 in

 M
a

la
ya

Frequency Ratio, (k n(k) / n(k-1))

0

1
0

2
0

3
0

4
0

N
u
m

b
e
r c

o
lle

c
te

d
0

1
0

2
0

3
0

Logarithm
ic

series

s
lo

p
e
 =

   -
0
.6

5
7

in
te

r
c
e
p
t=

1
0
.9

4
6

ty
p
e
: B

in
o
m

ia
l

p
a
r
m

: p
 =

  0
.3

9
6

O
rd

 p
lo

t: F
a
m

ilie
s in

 S
a
xo

n
y

Frequency Ratio, (k n(k) / n(k-1))

1 2 3 4 5 6 7 8 9

1
0

N
u
m

b
e
r o

f m
a
le

s
0

1
2

3
4

5
6

7
8

9
1
0

1
1

1
2

B
inom

ial
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P
O
I
S
P
L
O
T

m
acro

:
o

u
tp

u
t

C
urvilinear

relation→
distribution

is
not

P
oisson

slope =
    0.228

intercept=
-1.530

lam
bda:  m

ean =
 0.656

       exp(slope) =
 1.256

Instances of ’m
ay’ in F

ederalist papers

Poisson metameter, ln(k!  n(k) / N)-5 -4 -3 -2 -1 0 1 2 3

N
um

ber of O
ccurrences

0
1

2
3

4
5

6

P
oissonness

plot

0

1

2

3

4

5

6

Influence plot

Parameter change-0.7

-0.6

-0.5

-0.4

-0.3

-0.2

-0.1

0.0

0.1

0.2

0.3

0.4

S
caled Leverage

2
3

4
5

6
7

8
9

10

Influence
plotfor

change
in

λ
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G
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O
I
S
P
L
O
T

m
acro

:
exam

p
le

1
t
i
t
l
e
"
I
n
s
t
a
n
c
e
s
o
f
’
m
a
y
’
i
n
F
e
d
e
r
a
l
i
s
t
p
a
p
e
r
s
"
;

2
d
a
t
a
m
a
d
i
s
o
n
;

3
i
n
p
u
t
c
o
u
n
t
b
l
o
c
k
s
;

4
l
a
b
e
l
c
o
u
n
t
=
’
N
u
m
b
e
r
o
f
O
c
c
u
r
r
e
n
c
e
s
’

5
b
l
o
c
k
s
=
’
B
l
o
c
k
s
o
f
T
e
x
t
’
;

6
d
a
t
a
l
i
n
e
s
;

7
0

1
5
6

8
1

6
3

9
2

2
9

10
3

8
11

4
4

12
5

1
13

6
1

14
;

15
%
p
o
i
s
p
l
o
t
(
d
a
t
a
=
m
a
d
i
s
o
n
,
c
o
u
n
t
=
c
o
u
n
t
,
f
r
e
q
=
b
l
o
c
k
s
)
;
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C
o

n
tin

g
en

cy
tab

les

Tw
o-w

ay
tables

2×
2

tables
—

V
isualize

odds
ratio

(F
F
O
L
D

m
acro)

2×
2×

k
tables

—
H

om
ogeneity

ofassociation
r×

3
tables

—
Trilinear

plots
(T
R
I
P
L
O
T

m
acro)

r×
c

tables
—

V
isualize

association
(S
I
E
V
E

program
)

r×
c

tables
—

V
isualize

association
(M
O
S
A
I
C

m
acro)

S
quare

r×
r

tables
—

V
isualize

agreem
ent(A

G
R
E
E

program
)

n-w
ay

tables

F
itloglinear

m
odels,visualize

lack-of-fit—
(M
O
S
A
I
C

m
acro)

Test&
visualize

partialassociation
—

(M
O
S
A
I
C

m
acro)

V
isualize

pairw
ise

association
—

(M
O
S
M
A
T

m
acro)

V
isualize

conditionalassociation
—

(M
O
S
M
A
T

m
acro)

V
isualize

loglinear
structure

—
(M
O
S
M
A
T

m
acro)

C
orrespondence

analysis
and

M
C

A
—

(C
O
R
R
E
S
P

m
acro)
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G
en

eralized
ro

bu
st

d
istribu

tio
n

p
lo

ts

O
ther

distributions:
A

nalogous
plots,for

suitable
countm

etam
eter,φ

(n
k )

vs.k
.

Linear
relation⇒

correctdistribution,slope
gives

param
eter

estim
ates

C
Ireflectvariability

ofthe
individualcounts,n

k
D
I
S
T
P
L
O
T

m
acro

%
d
i
s
t
p
l
o
t
(
d
a
t
a
=
m
a
d
i
s
o
n
,
c
o
u
n
t
=
c
o
u
n
t
,
f
r
e
q
=
b
l
o
c
k
s
,

d
i
s
t
=
n
e
g
b
i
n
)
;

s
lo

p
e

(b
) =

 -0
.9

9
2

in
te

rc
e

p
t=

 -0
.6

5
4

n
:  a

/lo
g

(p
) =

 1
.4

1
3

p
:    1

-e
(b

) =
 0

.6
2

9

Count metameter

-1
0 -9 -8 -7 -6 -5 -4 -3 -2 -1 0

N
u

m
b

e
r o

f O
c
c
u

rre
n

c
e

s
0

1
2

3
4

5
6
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S
tan

d
ard

an
alysis:

P
R
O
C

F
R
E
Q

p
r
o
c
f
r
e
q
d
a
t
a
=
b
e
r
k
e
l
e
y
;

w
e
i
g
h
t
f
r
e
q
;

t
a
b
l
e
s
g
e
n
d
e
r
*
a
d
m
i
t
/
c
h
i
s
q
;

O
utput:

S
t
a
t
i
s
t
i
c
s
f
o
r
T
a
b
l
e
o
f
g
e
n
d
e
r
b
y
a
d
m
i
t

S
t
a
t
i
s
t
i
c

D
F

V
a
l
u
e

P
r
o
b

-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-

C
h
i
-
S
q
u
a
r
e

1
9
2
.
2
0
5
3

<
.
0
0
0
1

L
i
k
e
l
i
h
o
o
d
R
a
t
i
o
C
h
i
-
S
q
u
a
r
e

1
9
3
.
4
4
9
4

<
.
0
0
0
1

C
o
n
t
i
n
u
i
t
y
A
d
j
.
C
h
i
-
S
q
u
a
r
e

1
9
1
.
6
0
9
6

<
.
0
0
0
1

M
a
n
t
e
l
-
H
a
e
n
s
z
e
l
C
h
i
-
S
q
u
a
r
e

1
9
2
.
1
8
4
9

<
.
0
0
0
1

P
h
i
C
o
e
f
f
i
c
i
e
n
t

0
.
1
4
2
7

H
ow

to
visualize

and
interpret?
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M
eth

o
d

s
fo

r
2×

2
tab

les

B
ickeletal.(1975):

data
on

adm
issions

to
graduate

depatm
ents

atU
.C

.B
erkeley

in
1973.

A
ggregate

data
for

the
six

largestdepartm
ents:

Table
3:

A
dm

issions
to

B
erkeley

graduate
program

s

A
dm

itted
R

ejected
Total

%
A

dm
itted

M
ales

1198
1493

2691
44.52

F
em

ales
557

1278
1835

30.35

Total
1755

2771
4526

38.78

E
vidence

for
gender

bias?

G
2(1

)
=

9
3
.7

,χ
2(1

)
=

9
2
.2

,
p

<
0
.0

0
0
1

O
dds

ratio,θ
=

O
dds

(A
dm

it
|M

ale
)

O
dds

(A
dm

it
|F

em
ale

)
=

1
.8

4

M
ales

84%
m

ore
likely

to
be

adm
itted.
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F
o

u
rfo

ld
d

isp
lays

fo
r

2×
2×

k
tab

les

D
ata

in
Table

3
had

been
pooled

over
departm

ents
S

tratified
analysis:

one
fourfold

display
for

each
departm

ent
E

ach
2×

2
table

standardized
to

equate
m

arginalfrequencies
S

hading:
highlightdepartm

ents
for

w
hich

H
a

:
θ

i 6=
1

S
e

x
: M

a
le

Admit?: Yes

S
e

x
: F

e
m

a
le

Admit?: No

5
1

2
3

1
3

8
9

1
9

D
e

p
a

rtm
e

n
t: A

     
S

e
x
: M

a
le

Admit?: Yes

S
e

x
: F

e
m

a
le

Admit?: No

3
5

3
2

0
7

1
7

8

D
e

p
a

rtm
e

n
t: B

     
S

e
x
: M

a
le

Admit?: Yes

S
e

x
: F

e
m

a
le

Admit?: No

1
2

0
2

0
5

2
0

2
3

9
1

D
e

p
a

rtm
e

n
t: C

     

S
e

x
: M

a
le

Admit?: Yes

S
e

x
: F

e
m

a
le

Admit?: No

1
3

8
2

7
9

1
3

1
2

4
4

D
e

p
a

rtm
e

n
t: D

     
S

e
x
: M

a
le

Admit?: Yes

S
e

x
: F

e
m

a
le

Admit?: No

5
3

1
3

8

9
4

2
9

9

D
e

p
a

rtm
e

n
t: E

     
S

e
x
: M

a
le

Admit?: Yes

S
e

x
: F

e
m

a
le

Admit?: No

2
2

3
5

1

2
4

3
1

7

D
e

p
a

rtm
e

n
t: F

     

O
nly

one
departm

ent(A
)

show
s

association;θ
A

=
0
.3

4
9
→

w
om

en
(0

.3
4
9
)
−

1
=

2
.8

6
tim

es
as

likely
as

m
en

to
be

adm
itted.
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F
o

u
rfo

ld
d

isp
lays

fo
r

2×
2

tab
les

Q
u

arter
circles

:
radius∼

√
n

ij ⇒
area∼

freq
u

en
cy

In
d

ep
en

d
en

ce
:

A
djoining

quadrants≈
align

O
d

d
s

ratio
:

ratio
ofareas

ofdiagonally
opposite

cells
C

o
n

fi
d

en
ce

rin
g

s
:

V
isualtestofH

0
:
θ

=
1
↔

adjoining
rings

overlap
S

ex: M
ale

Admit?: Yes

S
ex: F

em
ale

Admit?: No

1198
1493

557
1278

C
onfidence

rings
do

notoverlap:
θ
6=

1
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T
h

e
F
O
U
R
F
O
L
D

p
ro

g
ram

an
d

th
e
F
F
O
L
D

m
acro

T
he

F
O
U
R
F
O
L
D

program
is

w
ritten

in
S

A
S

/IM
L.

T
he

F
F
O
L
D

m
acro

provides
a

sim
pler

interface.
P

rinted
output:

(a)
significance

tests
for

individualodds
ratios,(b)

tests
of

hom
ogeneity

ofassociation
(here,over

departm
ents)

and
(c)

conditional
association

(controlling
for

departm
ent).

P
lotby

departm
ent:

b
e
r
k
4
f
.
s
a
s

1
%
i
n
c
l
u
d
e
c
a
t
d
a
t
a
(
b
e
r
k
e
l
e
y
)
;

23
%
f
f
o
l
d
(
d
a
t
a
=
b
e
r
k
e
l
e
y
,

4
v
a
r
=
A
d
m
i
t
G
e
n
d
e
r
,

/
*
p
a
n
e
l
v
a
r
i
a
b
l
e
s

*
/

5
b
y
=
D
e
p
t
,

/
*
s
t
r
a
t
i
f
y
b
y
d
e
p
t

*
/

6
d
o
w
n
=
2
,
a
c
r
o
s
s
=
3
,

/
*
p
a
n
e
l
a
r
r
a
n
g
e
m
e
n
t
*
/

7
h
t
e
x
t
=
2
)
;

/
*
f
o
n
t
s
i
z
e

*
/

A
ggregate

data:
firstsum

over
departm

ents,using
the

T
A
B
L
E

m
acro:

8
%
t
a
b
l
e
(
d
a
t
a
=
b
e
r
k
e
l
e
y
,
o
u
t
=
b
e
r
k
2
,

9
v
a
r
=
A
d
m
i
t
G
e
n
d
e
r
,

/
*
o
m
i
t
d
e
p
t

*
/

10
w
e
i
g
h
t
=
c
o
u
n
t
,

/
*
f
r
e
q
u
e
n
c
y
v
a
r
i
a
b
l
e
*
/

11
o
r
d
e
r
=
d
a
t
a
)
;

12
%
f
f
o
l
d
(
d
a
t
a
=
b
e
r
k
2
,
v
a
r
=
A
d
m
i
t
G
e
n
d
e
r
)
;
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W
h

at
h

ap
p

en
ed

h
ere?

S
im

pson’s
paradox:

A
ggregate

data
are

m
isleading

because
they

falsely
assum

e
m

en
and

w
om

en

apply
equally

in
each

field.

B
ut:Large

differences
in

adm
ission

rates
across

departm
ents.

M
en

and
w

om
en

apply
to

these
departm

ents
differentially.

W
om

en
applied

in
large

num
bers

to
departm

ents
w

ith
low

adm
ission

rates.

(T
his

ignores
possibility

ofstructuralbias
againstw

om
en:

differentialfunding
of

fields
to

w
hich

w
om

en
are

m
ore

likely
to

apply.)

O
ther

graphicalm
ethods

can
show

these
effects.
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S
ieve

d
iag

ram
s

H
eight/w

idth∼
m

arginalfrequencies,n
i+

,n
+

j

A
rea∼

expected
frequency,∼

n
i+

n
+

j

S
hading∼

observed
frequency,n

ij ,color:
sign(n

ij −
m̂

ij ).
In

d
ep

en
d

en
ce

:
S

how
n

w
hen

density
ofshading

is
uniform

.

G
reen

     

H
azel     

B
lu

e      

B
ro

w
n

     B
lack     

B
ro

w
n

     
R

ed
       B

lo
n

d
     

Eye Color 

H
air C

o
lo

r

5         
29        

14        
16        

15        
54        

14        
10        

20        
84        

17        
94        

68        
119       

26        
7         
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Tw
o

-w
ay

freq
u

en
cy

tab
les:

S
ieve

d
iag

ram
s

co
u

n
t∼

area
W

hen
row

/colvariables
are

independent,n
ij ∼

n
i+

n
+

j

⇒
each

cellcan
be

represented
as

a
rectangle,w

ith
area

=
height×

w
idth∼

frequency,n
ij

G
reen                                    

H
azel                                    

B
lue                                     

B
row

n                                    

B
lack                                    

B
row

n                                    
R

ed                                      
B

lond                                    

Eye Color                                

H
air C

o
lo

r                               

Expected frequencies: H
air Eye C

olor D
ata

11.7                                     
30.9                                     

7.7                                      
13.7                                     

17.0                                     
44.9                                     

11.2                                     
20.0                                     

39.2                                     
103.9                                    

25.8                                     
46.1                                     

40.1                                     
106.3                                    

26.4                                     
47.2                                     

  64                                     

  93                                     

 215                                     

 220                                     

 108                                     
 286                                     

  71                                     
 127                                     

 592                                     
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S
ieve

d
iag

ram
s

V
ision

classification
data

for
7477

w
om

en

H
ig

h
                       

2
                          

3
                          

L
o

w
                        

H
ig

h
                       

2
                          

3
                          

L
o

w
                        

Right Eye Grade            

L
e
ft E

y
e
 G

r
a
d

e
             

U
n

a
id

e
d

 d
is

ta
n

t v
is

io
n

 d
a
ta
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S
ieve

d
iag

ram
s

E
ffect

o
rd

erin
g

:
R

eorder
row

s/cols
to

m
ake

the
pattern

coherent

B
lu

e      

G
reen

     

H
azel     

B
ro

w
n

     B
lack     

B
ro

w
n

     
R

ed
       B

lo
n

d
     

Eye Color 

H
air C

o
lo

r

20        
84        

17        
94        

5         
29        

14        
16        

15        
54        

14        
10        

68        
119       

26        
7         
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M
o

saic
d

isp
lays

an
d

L
o

g
-lin

ear
M

o
d

els

H
artigan

and
K

leiner
(1981),Friendly

(1994,1999):

W
id

th∼
one

setofm
arginals,n

i+

H
eig

h
t∼

relative
proportions

ofother
variable,p

j
|
i
=

n
ij /

n
i+

⇒
area∼

freq
u

en
cy,n

ij
=

n
i+

p
j
|
i

1
1

9
8

1
4

9
3

5
5

7
 

1
2

7
8

M
a

le
    

F
e

m
a

le
  

Admitted Rejected

M
o

d
e

l: (G
e

n
d

e
r)(A

d
m

it)

Standardized
residuals:  

<-4 -4:-2-2:-0 0:2 2:4 >4
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ieve

d
iag

ram
s:

E
xam

p
le

s
i
e
v
e
2
.
s
a
s

1
p
r
o
c
i
m
l
;

2
%
i
n
c
l
u
d
e
i
m
l
(
s
i
e
v
e
)
;

3
*
-
-
f
r
e
q
u
e
n
c
y
t
a
b
l
e
;

4
t
a
b
=

{
1
5
2
0

2
6
6

1
2
4

6
6
,

5
2
3
4

1
5
1
2

4
3
2

7
8
,

6
1
1
7

3
6
2

1
7
7
2

2
0
5
,

7
3
6

8
2

1
7
9

4
9
2

}
;

8
*
-
-
v
a
r
i
a
b
l
e
a
n
d
l
e
v
e
l
n
a
m
e
s
;

9
v
n
a
m
e
s
=

{
’
R
i
g
h
t
E
y
e
G
r
a
d
e
’
’
L
e
f
t
E
y
e
G
r
a
d
e
’
}
;

10
l
n
a
m
e
s
=

{
’
H
i
g
h
’
’
2
’
’
3
’
’
L
o
w
’
,

11
’
H
i
g
h
’
’
2
’
’
3
’
’
L
o
w
’
}
;

12
t
i
t
l
e

=
{
’
U
n
a
i
d
e
d
d
i
s
t
a
n
t
v
i
s
i
o
n
d
a
t
a
’
}
;

13
*
-
-
G
l
o
b
a
l
o
p
t
i
o
n
s
;

14
f
o
n
t
=
’
h
w
p
s
l
0
1
1
’
;

15
r
u
n
s
i
e
v
e
(
t
a
b
,
v
n
a
m
e
s
,
l
n
a
m
e
s
,
t
i
t
l
e
)
;

16
q
u
i
t
;
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M
o

saic
d

isp
lays

D
epartm

ents×
G

ender:

D
id

departm
ents

differ
in

the
totalnum

ber
ofapplicants?

D
id

m
en

and
w

om
en

apply
differentially

to
departm

ents?

A       B       C       D       E       F       

M
a

le
    

F
e

m
a

le
  

M
o

d
e

l: (D
e

p
t)(G

e
n

d
e

r)

M
odel

[D
ept]

[G
ender]:

G
2(5

)
=

1220.6.
N

o
te

:
D

epartm
ents

ordered
A

–F
by

overallrate
ofadm

ission.
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S
h

ad
in

g
:

S
ign

and
m

agnitude
ofP

earson
χ

2
residual,

d
ij

=
(n

ij −
m̂

ij )/ √
m̂

ij
(or

L.R
.G

2)

S
ign:−

negative
in

red;+
positive

in
blue

M
agnitude:

intensity
ofshading:|d

ij |
>

0
,2

,4
,...

In
d

ep
en

d
en

ce
:

R
ow

s≈
align,or

cells
are

em
pty!

E
.g.,aggregate

B
erkeley

data,independence
m

odel:

1
1

9
8

1
4

9
3

5
5

7
 

1
2

7
8

M
a

le
    

F
e

m
a

le
  

Admitted Rejected
M

o
d

e
l: (G

e
n

d
e

r)(A
d

m
it)

Standardized
residuals:  

<-4 -4:-2-2:-0 0:2 2:4 >4
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E
.g.,Jointindependence

(nullm
odel,A

dm
itas

response)
[G

2(1
1
)

=
877.1]:

A       B       C       D       E       F       

M
a

le
    

F
e

m
a

le
  

A
d
m

itte
d

R
e
je

c
te

d

M
o
d
e
l: (D

e
p
tG

e
n
d
e
r)(A

d
m

it)
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M
o

saic
d

isp
lays

fo
r

m
u

ltiw
ay

tab
les

G
eneralizes

to
n

-w
ay

tables:
divide

cells
recursively

C
an

fitany
log-linear

m
odel(e.g.,3-w

ay),

Table
4:

Log-linear
M

odels
for

T
hree-W

ay
Tables

M
o

d
el

M
o

d
elsym

b
o

l
In

d
ep

en
d

en
ce

in
terp

retatio
n

M
utualindependence

[A
][B

][C
]

A
⊥

B
⊥

C

Jointindependence
[A

B
][C

]
(A

B
)⊥

C

C
onditionalindependence

[A
C

][B
C

]
(A

⊥
B

)|C
A

lltw
o-w

ay
associations

[A
B

][A
C

][B
C

]
(none)

S
aturated

m
odel

[A
B

C
]

(none)

e.g.,the
m

odelfor
conditionalindependence

(A
⊥

C
|B

):

[A
B

][B
C

]≡
lo

g
m

ij
k

=
µ

+
λ

Ai
+

λ
Bj

+
λ

Ck
+

λ
A

B
ij

+
λ

B
C

j
k

E
ach

m
osaics

show
s:

D
A

TA
(size

oftiles)
(som

e)
m

arg
in

alfrequencies
(spacing→

visualgrouping)
R

E
S

ID
U

A
L

S
(shading)

—
w

hatassociations
have

been
om

itted?
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S
o

ftw
are

fo
r

M
o

saic
D

isp
lays

D
em

o
n

stratio
n

w
eb

ap
p

let:
h
t
t
p
:
/
/
w
w
w
.
m
a
t
h
.
y
o
r
k
u
.
c
a
/
S
C
S
/
O
n
l
i
n
e
/
m
o
s
a
i
c
s
/

R
uns

the
current

version
ofm

osaics
via

a
cgi-script

C
an

run
sam

ple
data,upload

a
data

file,enter
data

in
a

form
.

C
hoose

m
odelfitting

and
display

options
(notallsupported).

D
o

cu
m

en
tatio

n
&

so
ftw

are
:

h
t
t
p
:
/
/
w
w
w
.
m
a
t
h
.
y
o
r
k
u
.
c
a
/
S
C
S
/
m
o
s
a
i
c
s
.
h
t
m
l

E
xam

p
les

:
M

any
in

V
C

D
and

on
w

eb
site

S
A

S
/IM

L
m

o
d

u
les

:
m
o
s
a
i
c
s
.
s
a
s

program

E
nter

frequency
table

directly
in

S
A

S
/IM

L,or
read

from
a

S
A

S
dataset.

M
ostflexible:

•
S

elect,collapse,reorder,re-labeltable
levels

using
S

A
S

/IM
L

statem
ents

•
S

pecify
structural0s,fitspecialized

m
odels

(e.g.,quasi-independence)
•

Interface
to

m
odels

fitusing
P
R
O
C
G
E
N
M
O
D
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M
o

saic
d

isp
lays

fo
r

m
u

ltiw
ay

tab
les

V
isualfitting:

P
attern

oflack-of-fit(residuals)→
“better”

m
odel—

sm
aller

residuals
“cleaning

the
m

osaic”→
“better”

m
odel—

em
pty

cells
bestdone

interactively!

-4
.2

4
.2

 
4

.2
 -4

.2

A       B       C       D       E       F       

M
a

le
    

F
e

m
a

le
  

A
d

m
itte

d
R

e
je

c
te

d

M
o

d
e

l: (D
e

p
tG

e
n

d
e

r)(D
e

p
tA

d
m

it)

E
.g.,

A
dd

[D
ept

A
dm

it]
association→

C
onditionalindependence:

F
its

poorly,overall(G
2(6

)
=

21.74)

B
ut,only

in
D

epartm
entA

!
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C
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A
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w
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G
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o

ftw
are

fo
r

M
o

saic
D

isp
lays

O
th

er
im

p
lem

en
tatio

n
s

:

JM
P

and
S

A
S

/IN
S

IG
H

T
both

provide
rudim

entary
m

osaic
displays

(tw
o-w

ay
only,no

interface
w

ith
m

odel-fitting
engines

(sham
e!).

T
he

R
-P

roject(h
t
t
p
:
/
/
w
w
w
.
r
-
p
r
o
j
e
c
t
.
o
r
g

)
now

provides
the

v
c
d

package,im
plem

enting
m

ostofthe
graphicalm

ethods
from

V
C

D
.

Truly
interactive

m
osaic

displays
have

been
im

plem
ented

in:
•

Lisp-S
tat(V

iS
ta)—

h
t
t
p
:
/
/
f
o
r
r
e
s
t
.
p
s
y
c
h
.
u
n
c
.
e
d
u
/
r
e
s
e
a
r
c
h
/

•
Java

(M
ondrian)—

h
t
t
p
:
/
/
h
t
t
p
:
w
w
w
1
.
m
a
t
h
.
u
n
i
-
a
u
g
s
b
u
r
g
.
d
e
/
M
o
n
d
r
i
a
n
/
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fo
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M
o
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D

isp
lays

M
acro

in
terface

:
m
o
s
a
i
c

m
acro,t

a
b
l
e

m
acro,m

o
s
m
a
t

m
acro

m
o
s
a
i
c

m
acro

E
asiestto

use:
•

D
irectinputfrom

a
S

A
S

dataset
•

N
o

know
ledge

ofS
A

S
/IM

L
required

•
R

eorder
table

variables;collapse,reorder
table

levels
w

ith
t
a
b
l
e

m
acro

•
C

onvenientinterface
to

partialm
osaics

(B
Y
=

)

t
a
b
l
e

m
acro

C
reate

frequency
table

from
raw

data
C

ollapse,reorder
table

categories
R

e-code
table

categories
using

S
A

S
form

ats,e.g.,1
=
’
M
a
l
e
’

2
=
’
F
e
m
a
l
e
’

m
o
s
m
a
t

m
acro

M
osaic

m
atrices—

analog
ofscatterplotm

atrix
(Friendly,1999)
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m
o
s
a
i
c

m
acro

exam
p

le:
B

erkeley
d

ata

m
o
s
a
i
c
9
m
.
s
a
s

1
g
o
p
t
i
o
n
s
h
s
i
z
e
=
7
i
n
v
s
i
z
e
=
7
i
n
;

23
%
i
n
c
l
u
d
e
c
a
t
d
a
t
a
(
b
e
r
k
e
l
e
y
)
;

45
*
-
-
a
p
p
l
y
c
h
a
r
a
c
t
e
r
f
o
r
m
a
t
s
t
o
n
u
m
e
r
i
c
t
a
b
l
e
v
a
r
i
a
b
l
e
s
;

6
%
t
a
b
l
e
(
d
a
t
a
=
b
e
r
k
e
l
e
y
,

7
v
a
r
=
A
d
m
i
t
G
e
n
d
e
r
D
e
p
t
,

8
w
e
i
g
h
t
=
f
r
e
q
,

9
c
h
a
r
=
Y
,
f
o
r
m
a
t
=
a
d
m
i
t
a
d
m
i
t
.
g
e
n
d
e
r
$
s
e
x
.
d
e
p
t
d
e
p
t
.
,

10
o
r
d
e
r
=
d
a
t
a
,
o
u
t
=
b
e
r
k
e
l
e
y
)
;

1112
%
m
o
s
a
i
c
(
d
a
t
a
=
b
e
r
k
e
l
e
y
,

13
v
o
r
d
e
r
=
D
e
p
t
G
e
n
d
e
r
A
d
m
i
t
,
/
*
r
e
o
r
d
e
r
v
a
r
i
a
b
l
e
s
*
/

14
p
l
o
t
s
=
2
:
3
,

/
*
w
h
i
c
h
p
l
o
t
s
?

*
/

15
f
i
t
t
y
p
e
=
j
o
i
n
t
,

/
*
f
i
t
j
o
i
n
t
i
n
d
e
p
.

*
/

16
s
p
l
i
t
=
H
V
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9
0
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.
0
9
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F

-
1
.
1
5
7

-
1
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9
0

0
.
0
9
5
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M

-
2
.
7
7
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2
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6
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.
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.
1
5
2

S
U

G
I28

58
M

ichaelFriendly



C
ategoricalD

ata
A

nalysis
w

ith
G

raphicsI
N
F
L
G
L
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m
acro

:
E

xam
p

le

B
erkeley

data,m
odel[A

D
][G

D
]↔

L
ij

=
α

+
β

D
ept

i

g
e
n
b
e
r
k
1
.
s
a
s

1
%
i
n
c
l
u
d
e
c
a
t
d
a
t
a
(
b
e
r
k
e
l
e
y
)
;

2
*
-
-
m
a
k
e
a
c
e
l
l
I
D
v
a
r
i
a
b
l
e
,
j
o
i
n
i
n
g
f
a
c
t
o
r
s
;

3
d
a
t
a
b
e
r
k
e
l
e
y
;

4
s
e
t
b
e
r
k
e
l
e
y
;

5
c
e
l
l
=
t
r
i
m
(
p
u
t
(
d
e
p
t
,
d
e
p
t
.
)
)
|
|

6
g
e
n
d
e
r
|
|

7
t
r
i
m
(
p
u
t
(
a
d
m
i
t
,
y
n
.
)
)
;

89
%
i
n
f
l
g
l
i
m
(
d
a
t
a
=
b
e
r
k
e
l
e
y
,

10
c
l
a
s
s
=
d
e
p
t
g
e
n
d
e
r
a
d
m
i
t
,

11
r
e
s
p
=
f
r
e
q
,

12
m
o
d
e
l
=
a
d
m
i
t
|
d
e
p
t
g
e
n
d
e
r
|
d
e
p
t
,

13
d
i
s
t
=
p
o
i
s
s
o
n
,

14
i
d
=
c
e
l
l
,

15
g
x
=
h
a
t
,
g
y
=
s
t
r
e
s
c
h
i
)
;
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D
iag

n
o

stic
p

lo
ts

fo
r

G
en

eralized
L

in
ear

M
o

d
els

I
N
F
L
G
L
I
M

m
acro:

Influence
plots

for
generalized

linear
m

odels
(W

illiam
s,1987)

F
it:
P
R
O
C

G
E
N
M
O
D

;calculates
additionaldiagnostic

m
easures

(H
atvalue,C

ook’s

D
,etc.)

P
lot:

m
easures

ofresidual(G
Y

=∆
χ

2,χ
2

residual)
vs.

leverage
(G
X

=
hatvalue),

bubble
size

(area,radius)∼
C

ook’s
D

.

→
w

hich
cells

have
undue

im
pacton

fitted
m

odel?

A
M

+

A
M

-
A

F
+

A
F

-

B
M

+

B
M

-

C
M

-
C

F
+

C
F

-
D

M
-

D
F

-
E

M
-

E
F

+

E
F

-
F

M
-

F
F

-

Adjusted Pearson residual-5 -4 -3 -2 -1 0 1 2 3 4 5

Leverage (H
 value)

0.3
0.4

0.5
0.6

0.7
0.8

0.9
1.0
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D
iag

n
o

stic
p

lo
ts

fo
r

G
en

eralized
L

in
ear

M
o

d
els

H
A
L
F
N
O
R
M

m
acro:

H
alf-norm

alplotofresiduals
(A

tkinson,1981)

P
lotordered

absolute
residuals,|r|(i)

vs.
expected

norm
alvalues,|z|(i)

S
tandard

norm
alconfidence

envelope
notsuitable

for
G

LM
s

S
im

ulate
reference

‘line’and
envelope

w
ith

sim
ulated

confidence
intervals

···
g
e
n
b
e
r
k
1
.
s
a
s

1
%
h
a
l
f
n
o
r
m
(
d
a
t
a
=
b
e
r
k
e
l
e
y
,

2
c
l
a
s
s
=
d
e
p
t
g
e
n
d
e
r
a
d
m
i
t
,

3
r
e
s
p
=
f
r
e
q
,

4
m
o
d
e
l
=
d
e
p
t
|
g
e
n
d
e
r
d
e
p
t
|
a
d
m
i
t
,

5
d
i
s
t
=
p
o
i
s
s
o
n
,
i
d
=
c
e
l
l
)
;
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I
N
F
L
G
L
I
M

m
acro

:
E

xam
p

le

A
M

+

A
M

-
A

F
+

A
F

-

B
M

+

B
M

-

C
M

-
C

F
+

C
F

-
D

M
-

D
F

-
E

M
-

E
F

+

E
F

-
F

M
-

F
F

-

Adjusted Pearson residual-5 -4 -3 -2 -1 0 1 2 3 4 5

Leverage (H
 value)

0.3
0.4

0.5
0.6

0.7
0.8

0.9
1.0

A
llcells

w
hich

do
notfit(|r

i |
>

2
)

are
for

departm
entA

.

M
ales

applying
to

deptA
have

large
leverage⇒

large
influence

(C
ook’s

D
)
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R
esp

o
n

se
variab

le
:

B
inary

response:
success/failure,vote:

yes/no

O
rdinalresponse:

none,som
e,severe

depression

P
olytom

ous
response:

vote
Liberal,Tory,A

liance,N
D

P

E
xp

lan
ato

ry
variab

les
:

Q
uantitative

regressors:
age,dose

Transform
ed

regressors: √
a
g
e,log(dose)

P
olynom

ialregressors:
age

2,age
3,···

C
ategoricalpredictors:

treatm
ent,sex

Interaction
regessors:

treatm
ent×

age,sex×
age
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E
F

+ A
F

+ A
M

- A
M

+

A
F

-

Absolute Std Deviance Residual0 1 2 3 4 5

E
xpected value of half norm

al quantile

0
1

2
3

P
oints

w
ith

largest|residual|
labeled

T
he

m
odelfits

w
ell,exceptin

departm
entA

.
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L
o

g
istic

reg
ressio

n
m

o
d

els:
B

in
ary

resp
o

n
se

F
ittin

g
:
P
R
O
C

L
O
G
I
S
T
I
C

(or
R
O
B
U
S
T

m
acro—

M
-estim

ation)

D
ata:

•
Frequency

form
(from

P
R
O
C

F
R
E
Q

)—
w

hen
allpredictors

are
discrete

•
C

ase
form

—
w

hen
any

predictors
are

quantitative

M
odels:

•
C
L
A
S
S

statem
ent(V

7+
)—

no
need

for
dum

m
y

variables

•
discrete

predictors

•
can

specify
order

and
param

eterization
(effect,polynom

ial,reference
cell)

•
M
O
D
E
L

statem
ent—

allow
s
G
L
M

syntax,e.g.,

m
odelB

etter
=

S
ex

—
Treat—

A
ge

@
2;
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L
o

g
istic

reg
ressio

n
m

o
d

els:
B

in
ary

resp
o

n
se

F
or

a
binary

response,Y
∈

(0
,1

),letx
be

a
vector

ofp
regressors,and

π
i

be
the

probability, P
r(Y

=
1|x

).

T
he

logistic
regression

m
odelis

a
linear

m
odelfor

the
log

odds,or
logit

that
Y

=
1

,given
the

values
in

x
,

lo
g
it(π

i )≡
lo

g (
π

i

1−
π

i )
=

α
+

x
Ti

β

=
α

+
β

1 x
i1

+
β

2 x
i2

+
···+

β
p x

ip

A
n

equivalent(non-linear)
form

ofthe
m

odelm
ay

be
specified

for
the

probability,
π

i ,itself,

π
i
=

{
1

+
ex

p
(−

[α
+

x
Ti

β
])}

−
1

T
he

logistic
m

odelis
a

linear
m

odel
for

the
log

odds,butalso
a

m
ultiplicative

m
odelfor

the
odds

of“success,”

π
i

1−
π

i
=

ex
p
(α

+
x

Ti
β

)
=

ex
p
(α

)
ex

p
(x

Ti
β

)

so,increasing
x

ij
by

1
increases

lo
g
it(π

i )
by

β
j ,and

m
ultiplies

the
odds

by
e

β
j.
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E
xam

p
le:

A
rth

ritis
treatm

en
t

d
ata

P
redictors:

S
ex,Treatm

ent(treated,placebo),A
ge

R
esponse:

im
provem

ent(none,som
e,m

arked)

C
onsider

firstas
binary

response:
N

one
vs.

(S
om

e
or

M
arked)=

‘B
etter’

D
ata

in
case

form
:

a
r
t
h
r
i
t
.
s
a
s

1
d
a
t
a
a
r
t
h
r
i
t
;

2
l
e
n
g
t
h
t
r
e
a
t
$
7
.
s
e
x
$
6
.
;

3
i
n
p
u
t
i
d
t
r
e
a
t
$
s
e
x
$
a
g
e
i
m
p
r
o
v
e
@
@
;

4
c
a
s
e
=
_
n
_
;

5
b
e
t
t
e
r

=
(
i
m
p
r
o
v
e
>
0
)
;

*
-
-
M
a
k
e
b
i
n
a
r
y
r
e
s
p
o
n
s
e
;

6
d
a
t
a
l
i
n
e
s
;

7
5
7
T
r
e
a
t
e
d
M
a
l
e

2
7
1

9
P
l
a
c
e
b
o
M
a
l
e

3
7
0

8
4
6
T
r
e
a
t
e
d
M
a
l
e

2
9
0

1
4
P
l
a
c
e
b
o
M
a
l
e

4
4
0

9
7
7
T
r
e
a
t
e
d
M
a
l
e

3
0
0

7
3
P
l
a
c
e
b
o
M
a
l
e

5
0
0

10
.
.
.
(
o
b
s
e
r
v
a
t
i
o
n
s
o
m
i
t
t
e
d
)

11
5
6
T
r
e
a
t
e
d
F
e
m
a
l
e
6
9
1

4
2
P
l
a
c
e
b
o
F
e
m
a
l
e
6
6
0

12
4
3
T
r
e
a
t
e
d
F
e
m
a
l
e
7
0
1

1
5
P
l
a
c
e
b
o
F
e
m
a
l
e
6
6
1

13
7
1
P
l
a
c
e
b
o
F
e
m
a
l
e
6
8
1

14
1
P
l
a
c
e
b
o
F
e
m
a
l
e
7
4
2

15
;
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L
o

g
istic

reg
ressio

n
m

o
d

els:
B

in
ary

resp
o

n
se

V
isu

alizatio
n

:

G
oal:

see
and

understand
the

data
and

fitted
m

odel

L
O
G
O
D
D
S

m
acro:

P
lotobserved

responses,fitted
and

sm
oothed

probabilities

M
odelplots:

•
O
U
T
P
U
T

statem
ent→

•
fitted

π̂
i ,low

er/upper
(1−

α
)

C
I,and/or

•
fitted

logit,(α
+

x
Ti

β̂
)±

z
1
−

α
/
2 se(lo

g
it)

•
P

lotw
ith

standard
procedures

(P
R
O
C
G
C
H
A
R
T

,G
P
L
O
T

)

•
U

tility
m

acros
(B
A
R
S

,L
A
B
E
L

,P
O
I
N
T
S

,P
S
C
A
L
E

,etc.)
for

custom
displays

E
ffectplots—

plothierarchicalsubsetofeffects,averaging
over

those
not

included.

I
N
F
L
O
G
I
S

m
acro:

Influence
plots

for
logistic

regression
m

odels

A
D
D
V
A
R

m
acro:

A
dded

variable
plots

for
new

predictors
or

transform
ations

of

old
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L
O
G
O
D
D
S

m
acro

:
E

m
p

iricallo
g

it
p

lo
ts

L
in

earity
:

Is
a

linear
relation

realistic?

S
m

o
o

th
in

g
:

D
iscrete

data
often

requires
sm

oothing
to

see!

T
he

L
O
G
O
D
D
S

m
acro:

S
how

the
data:

P
lot(0/1)

responses
[stacked

or
jittered]

D
ivide

X
into

groups
(e.g.,deciles),em

pricallogit,lo
g (

y
i +

1
/
2

n
i −

y
i +

1
/
2 )

,for
each

Linear
logistic

regression,plus
sm

oothed
curve

(L
O
W
E
S
S

m
acro)

1
%
i
n
c
l
u
d
e
c
a
t
d
a
t
a
(
a
r
t
h
r
i
t
)
;

2
%
l
o
g
o
d
d
s
(
d
a
t
a
=
a
r
t
h
r
i
t
,

3
x
=
a
g
e
,
y
=
B
e
t
t
e
r
,

/
*
v
a
r
s
t
o
p
l
o
t

*
/

4
s
m
o
o
t
h
=
0
.
5
,

/
*
L
O
W
E
S
S
s
m
o
o
t
h
i
n
g
p
a
r
a
m
e
t
e
r
*
/

5
p
l
o
t
=
l
o
g
i
t
)
;

/
*
p
l
o
t
o
n
l
o
g
i
t
s
c
a
l
e

*
/
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A
n
a
l
y
s
i
s
o
f

M
a
x
i
m
u
m
L
i
k
e
l
i
h
o
o
d
E
s
t
i
m
a
t
e
s

S
t
a
n
d
a
r
d

W
a
l
d

P
a
r
a
m
e
t
e
r

D
F

E
s
t
i
m
a
t
e

E
r
r
o
r

C
h
i
-
S
q
u
a
r
e

P
r

>
C
h
i
S
q

I
n
t
e
r
c
e
p
t

1
-
4
.
5
0
3
3

1
.
3
0
7
4

1
1
.
8
6
4
9

0
.
0
0
0
6

s
e
x

F
e
m
a
l
e

1
1
.
4
8
7
8

0
.
5
9
4
8

6
.
2
5
7
6

0
.
0
1
2
4

t
r
e
a
t

T
r
e
a
t
e
d

1
1
.
7
5
9
8

0
.
5
3
6
5

1
0
.
7
5
9
6

0
.
0
0
1
0

a
g
e

1
0
.
0
4
8
7

0
.
0
2
0
7

5
.
5
6
5
5

0
.
0
1
8
3

O
d
d
s

R
a
t
i
o
E
s
t
i
m
a
t
e
s

P
o
i
n
t

9
5
%

W
a
l
d

E
f
f
e
c
t

E
s
t
i
m
a
t
e

C
o
n
f
i
d
e
n
c
e
L
i
m
i
t
s

s
e
x

F
e
m
a
l
e

v
s

M
a
l
e

4
.
4
2
7

1
.
3
8
0

1
4
.
2
0
4

t
r
e
a
t
T
r
e
a
t
e
d
v
s

P
l
a
c
e
b
o

5
.
8
1
1

2
.
0
3
1

1
6
.
6
3
2

a
g
e

1
.
0
5
0

1
.
0
0
8

1
.
0
9
3

P
aram

eter
estim

ates
(reference

cellcoding):

β
1

=
1
.4

9
⇒

F
em

ales
e
1
.4

9=
4.43

tim
es

m
ore

likely
to

be
better

than
M

ales
β

2
=

1
.7

6
⇒

Treated
e
1
.7

6=
5.81

tim
es

m
ore

likely
to

be
better

than
P

lacebo
β

3
=

0
.0

4
8
7
⇒

odds
ratio=

1.05⇒
odds

ofim
provem

entincrease
5%

each
year.

O
ver

10
years,odds

ofim
provem

entm
ultiplied

by
e
1
0
×

0
.0

4
8
6

=
1
.6

3
,a

63%
increase.
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P
R
O
C

L
O
G
I
S
T
I
C

:
M

o
d

elfi
ttin

g
an

d
p

lo
ttin

g

S
pecify

ordering
ofresponse

levels
(o
r
d
e
r
=

or
d
e
s
c
e
n
d
i
n
g

options)

S
pecify

param
eterizations

for
C
L
A
S
S

variables

O
U
T
P
U
T

statem
entto

getfitted
logits

and
probabilities

g
l
o
g
i
s
t
1
c
.
s
a
s

···
12
p
r
o
c
l
o
g
i
s
t
i
c
d
a
t
a
=
a
r
t
h
r
i
t
d
e
s
c
e
n
d
i
n
g
;

3
c
l
a
s
s
s
e
x
(
r
e
f
=
l
a
s
t
)
t
r
e
a
t
(
r
e
f
=
f
i
r
s
t
)
/
p
a
r
a
m
=
r
e
f
;

4
m
o
d
e
l
b
e
t
t
e
r
=
s
e
x

t
r
e
a
t

a
g
e
;

5
o
u
t
p
u
t
o
u
t
=
r
e
s
u
l
t
s

6
p
=
p
r
o
b
l
=
l
o
w
e
r
u
=
u
p
p
e
r

7
x
b
e
t
a
=
l
o
g
i
t
s
t
d
x
b
e
t
a
=
s
e
l
o
g
i
t
/
a
l
p
h
a
=
.
3
3
;

T
he

outputincludes:T
y
p
e
I
I
I
A
n
a
l
y
s
i
s
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