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SOFTWARE IN ALGEBRAIC STATISTICS

In this tutorial we will introduce algstat, an R package for algebraic
statistics.

Software for algebraic geometry:
Bertini

CoCoA-5

LattE

Macaulay2

Risa/Asir

Sage

Singular

Software for algebraic statistics:
4ti2

GraphicalModels.m2 (Macaulay2 package)
Bigatti & Caboara’s algebraic statistics (CoCoA-5 package)
Algstat (R package)
. . .

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 2 / 29



SOFTWARE IN ALGEBRAIC STATISTICS

In this tutorial we will introduce algstat, an R package for algebraic
statistics.

Software for algebraic geometry:
Bertini

CoCoA-5

LattE

Macaulay2

Risa/Asir

Sage

Singular

Software for algebraic statistics:
4ti2

GraphicalModels.m2 (Macaulay2 package)
Bigatti & Caboara’s algebraic statistics (CoCoA-5 package)
Algstat (R package)
. . .

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 2 / 29



SOFTWARE IN ALGEBRAIC STATISTICS

In this tutorial we will introduce algstat, an R package for algebraic
statistics.

Software for algebraic geometry:
Bertini

CoCoA-5

LattE

Macaulay2

Risa/Asir

Sage

Singular

Software for algebraic statistics:
4ti2

GraphicalModels.m2 (Macaulay2 package)
Bigatti & Caboara’s algebraic statistics (CoCoA-5 package)
Algstat (R package)
. . .

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 2 / 29



SOFTWARE IN ALGEBRAIC STATISTICS

In this tutorial we will introduce algstat, an R package for algebraic
statistics.

Software for algebraic geometry:
Bertini

CoCoA-5

LattE

Macaulay2

Risa/Asir

Sage

Singular

Software for algebraic statistics:
4ti2

GraphicalModels.m2 (Macaulay2 package)
Bigatti & Caboara’s algebraic statistics (CoCoA-5 package)
Algstat (R package)
. . .

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 2 / 29



SOFTWARE IN ALGEBRAIC STATISTICS

In this tutorial we will introduce algstat, an R package for algebraic
statistics.

Software for algebraic geometry:
Bertini

CoCoA-5

LattE

Macaulay2

Risa/Asir

Sage

Singular

Software for algebraic statistics:
4ti2

GraphicalModels.m2 (Macaulay2 package)
Bigatti & Caboara’s algebraic statistics (CoCoA-5 package)
Algstat (R package)
. . .

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 2 / 29



THE PURPOSE OF THIS TUTORIAL

Introduce algstat, an R package for algebraic statistics. We will focus for
the most part on log-linear models for contingency tables, Markov
bases, and the Metropolis algorithm.

Robbiano (⇠ 2002): "We designed
CoCoA to be user-friendly."

Our goal is to design a friendly software
package for algebraic statistics in R .

Friendly, for us, means a software that
statisticians and general data analysts
can willingly use.

The input must be data.
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ALGSTAT V0.0.2 (CRAN VERSION)

algstat is an R package.

It is currently available through R’s main package repository, CRAN.
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ALGSTAT V0.0.2 (CRAN VERSION)

algstat is an R package.

It is currently available through R’s main package repository, CRAN.

http:

//cran.r-project.org/web/packages/algstat/index.html

The latest version is available on github.

https://github.com/dkahle/algstat
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WHAT IS R ?

R is a free software
environment for statistical
computing and graphics.

To download R , got to
www.r-project.org

R is the most reasonable
platform for the dissemination
of algebraic statistics methods.

. . . not necessarily for
implementing them.
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CHALLENGES

R has no base support for symbolic computing.
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CHALLENGES

R has no base support for symbolic computing.

No base support for multivariate polynomial structures or operations.

However it does have . . .

Basic multivariate polynomial support through David Kahle’ mpoly
package.

Access to the system.

So we can farm out computations to computer algebra systems (á la Sage).

Rcpp package to incorporate C++ code for very fast implementations
(Metropolis-Hastings algorithm).
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ALGSTAT DESIGN

David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

Basic algstat strategy

4ti2 via
LattE-Integrale

For computation of  Markov 
bases for M-H algorithm 
proposal distribution

C++ For MCMC 
sampling

Bertini

Solution to systems 
of multivariate 
polynomials

Coming soon!
Macaulay2

Algebraic geometry 
and commutative 
algebra

Coming soon!

mpoly representations 
as needed
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GETTING ALGSTAT

1. Download and install R

2. Download and install
LattE integrale and
Bertini.

3. Follow the code to the left
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ALGSTAT METHODS

A package = functions + data

algstat has many functions

Many are experimental

However, the functions for
exact inference in multi-way
tables are quite stable
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COMPUTATIONAL ALGEBRA (R +mpoly + Bertini)

Bertini functions
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ANALYSIS OF CONTINGENCY TABLES

David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

Exact inference in log-linear models for multi-way tables
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ANALYSIS OF CONTINGENCY TABLES

David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

Exact inference in log-linear models for multi-way tables
Consider the contingency table

Political affiliationPolitical affiliation

Dem Rep

Personality
Introvert 3 7 10

Personality
Extrovert 6 4 10

9 11 20

The standard method tells us to
1. Compute Pearson’s chi-squared statistic, and 

Q : Are personality and political 
affiliation independent?

2. Compute the p-value based on the chi-squared 1 distribution

3. Decide whether it is reasonable (i.e., reject independence if p is small)
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ANALYSIS OF CONTINGENCY TABLES
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Exact inference in log-linear models for multi-way tables
Consider the contingency table

Political affiliationPolitical affiliation

Dem Rep

Personality
Introvert 3 7 10

Personality
Extrovert 6 4 10

9 11 20

Q : Are personality and political 
affiliation independent?

Fisher’s method tells us to (this is the so-called “exact test”)
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2. Compute the p-value by summing the probabilities of the tables with 
smaller probabilities
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affiliation independent?

Fisher’s method tells us to (this is the so-called “exact test”)

1. Compute the probability of every table, conditional on the marginals
There are n = 10 such tables
There probabilities are hypergeometric

2. Compute the p-value by summing the probabilities of the tables with 
smaller probabilities
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8 2
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9 1
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David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

Exact inference in log-linear models for multi-way tables
Consider the contingency table

Political affiliationPolitical affiliation

Dem Rep

Personality
Introvert 3 7 10

Personality
Extrovert 6 4 10

9 11 20

Q : Are personality and political 
affiliation independent?

Fisher’s method tells us to (this is the so-called “exact test”)

1. Compute the probability of every table, conditional on the marginals
There are n = 10 such tables
There probabilities are hypergeometric

2. Compute the p-value by summing the probabilities of the tables with 
smaller probabilities

3. Decide whether it is reasonable
LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 11 / 29



ANALYSIS OF CONTINGENCY TABLES IN R

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 12 / 29



ANALYSIS OF CONTINGENCY TABLES IN R

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 12 / 29



ANALYSIS OF CONTINGENCY TABLES IN R

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 12 / 29



ANALYSIS OF CONTINGENCY TABLES IN R

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 12 / 29



ANALYSIS OF CONTINGENCY TABLES IN R

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 12 / 29



ANALYSIS OF CONTINGENCY TABLES IN R

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 12 / 29



GENERATING RANDOM TABLES

PROBLEM

What happens when the entries in the table are too small to be confident
on asymptotic methods, but the number of tables with given row and
column sums is too large to enumerate?
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GENERATING RANDOM TABLES

PROBLEM

What happens when the entries in the table are too small to be confident
on asymptotic methods, but the number of tables with given row and
column sums is too large to enumerate?

We would like to generate a sample of random tables from the set of all
nonnegative integer table with given row and column sums.

Generating Random Tables

Problem
Generate a random table from the set of all nonnegative k1 � k2
integer tables with given row and column sums.

r1
r2
r3

c1 c2 c3 c4

Fisher’s Exact Test, Missing Data Problems

Seth Sullivant (NCSU) Algebraic Statistics June 10, 2012 2 / 28
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RANDOM WALK
Random Walk

2 2 2 6
2 2 2 6
4 4 4

+

1 0 �1 0
�1 0 1 0
0 0 0

=

3 2 1 6
1 2 3 6
4 4 4

3 2 1 6
1 2 3 6
4 4 4

+

1 �1 0 0
�1 1 0 0
0 0 0

=

4 1 1 6
0 3 3 6
4 4 4

��
1 �1 0

�1 1 0

�
,

�
1 0 �1

�1 0 1

�
,

�
0 1 �1
0 �1 1

��

allow for a connected random walk
over these contingency tables.

Seth Sullivant (NCSU) Algebraic Statistics June 10, 2012 3 / 28
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CONNECTING LATTICE POINTS IN POLYTOPES

DEFINITION

Let A : Zn! Zd a linear transformation and b 2 Zd.

A

�1[b] := {x 2 Nn | Ax = b} (fiber)

B ⇢ kerZ A

Let A

�1[b]B be the graph with vertex set A

�1[b] and edge set u — v for
every u and v in A

�1[b] such that u� v 2 ±B . (Markov graph)
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B ⇢ kerZ A

Let A

�1[b]B be the graph with vertex set A

�1[b] and edge set u — v for
every u and v in A

�1[b] such that u� v 2 ±B . (Markov graph)

PROBLEM

Given A and b, find finiteB ⇢ kerZ A such that A

�1[b]B is connected.
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CONNECTING LATTICE POINTS IN POLYTOPES

DEFINITION

Let A : Zn! Zd a linear transformation and b 2 Zd.

A

�1[b] := {x 2 Nn | Ax = b} (fiber)

B ⇢ kerZ A

Let A

�1[b]B be the graph with vertex set A

�1[b] and edge set u — v for
every u and v in A

�1[b] such that u� v 2 ±B . (Markov graph)

PROBLEM

Given A and b, find finiteB ⇢ kerZ A such that A

�1[b]B is connected.

DEFINITION

IfB ⇢ kerZ A is a set such that A

�1[b]B is connected for all b, thenB is a
Markov basis for A.

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 15 / 29



2-WAY TABLES

Let A : Zk1⇥k2 ! Zk1+k2 defined by

A(u) =
�
u1+, . . . , u

k1+; u+1, . . . , u+k2

�

= vector of row and column sums of u

kerZ(A) =
�
u 2 Zk1⇥k2 | row and column sums of u are 0
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2-WAY TABLES

Let A : Zk1⇥k2 ! Zk1+k2 defined by

A(u) =
�
u1+, . . . , u

k1+; u+1, . . . , u+k2

�

= vector of row and column sums of u

kerZ(A) =
�
u 2 Zk1⇥k2 | row and column sums of u are 0

 

Markov basis consists of the 2
�

k1
2

��
k2
2

�
moves like

0
@

0 0 0 0
1 0 �1 0
�1 0 1 0

1
A
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3-WAY TABLES

Let A : Zk1⇥k2⇥k3 ! Zk1k2+k1k3+k2k3 defined by

A(u) =

0
@
 X

i3

u

i1i2i3

!

i1,i2

;

 X

i2

u

i1i2i3

!

i1,i3

;

 X

i1

u

i1i2i3

!

i2,i3

1
A

= all 2-way margins of the 3-way table u
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3-WAY TABLES

Let A : Zk1⇥k2⇥k3 ! Zk1k2+k1k3+k2k3 defined by

A(u) =

0
@
 X

i3

u

i1i2i3

!

i1,i2

;

 X

i2

u

i1i2i3

!

i1,i3

;

 X

i1

u

i1i2i3

!

i2,i3

1
A

= all 2-way margins of the 3-way table u

Markov basis depends on k1, k2, k3, contains moves like:
✓

1 �1
�1 1

◆ ✓
�1 1

1 �1

◆

but also non-obvious moves like:

0
@

1 �1 0
�1 1 0

0 0 0

1
A
0
@
�1 1 0

0 0 0
1 �1 0

1
A
0
@

0 0 0
1 0 �1
�1 0 1

1
A
0
@

0 �1 1
0 0 0
0 1 �1

1
A
0
@

0 1 �1
0 �1 1
0 0 0

1
A
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FUNDAMENTAL THEOREM OF MARKOV BASES

DEFINITION

Let A : Zn! Zd. The toric ideal I

A

is the ideal

hpu � p

v | u, v 2 Nn, Au= Avi ⇢ K[p1, . . . , p

n

],

where p

u = p

u1
1 p

u2
2 · · ·p

u

n

n

.
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FUNDAMENTAL THEOREM OF MARKOV BASES

DEFINITION

Let A : Zn! Zd. The toric ideal I

A

is the ideal

hpu � p

v | u, v 2 Nn, Au= Avi ⇢ K[p1, . . . , p

n

],

where p

u = p

u1
1 p

u2
2 · · ·p

u

n

n

.

THEOREM (DIACONIS-STURMFELS 1998)
The set of movesB ⇢ kerZ A is a Markov basis for A if and only if the set of

binomials {pb

+ � p

b

� | b 2B} generates I

A

.
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FUNDAMENTAL THEOREM OF MARKOV BASES

DEFINITION

Let A : Zn! Zd. The toric ideal I

A

is the ideal

hpu � p

v | u, v 2 Nn, Au= Avi ⇢ K[p1, . . . , p

n

],

where p

u = p

u1
1 p

u2
2 · · ·p

u

n

n

.

THEOREM (DIACONIS-STURMFELS 1998)
The set of movesB ⇢ kerZ A is a Markov basis for A if and only if the set of

binomials {pb

+ � p

b

� | b 2B} generates I

A

.

0
@

0 0 0 0
1 0 �1 0
�1 0 1 0

1
A �! p21p33 � p23p31
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TORIC VARIETIES = LOG-LINEAR MODELS

DEFINITION

The variety V

A

= V(I
A

) is a toric variety. The statistical model
M

A

= V(I
A

)\�
m

is a log-linear model.
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A

= V(I
A

) is a toric variety. The statistical model
M

A

= V(I
A

)\�
m

is a log-linear model.

M
A

= {p 2�
m

| log p 2 rowspan A} .
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TORIC VARIETIES = LOG-LINEAR MODELS

DEFINITION

The variety V

A

= V(I
A

) is a toric variety. The statistical model
M

A

= V(I
A

)\�
m

is a log-linear model.

M
A

= {p 2�
m

| log p 2 rowspan A} .

Fisher’s exact test: Does the data u fit the modelM
A

?

Toric Varieties = Log-linear Models

Definition
The variety VA = V (IA) is a toric variety. The statistical model
MA = V (IA) � �m is a log-linear model.

MA = {p � �m : log p � rowspan A}.
Fisher’s exact test: Does the data u fit the model MA?

u/||u||

Seth Sullivant (NCSU) Algebraic Statistics June 10, 2012 8 / 28
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ALGEBRAIC REPRESENTATION OF LOG-LINEAR MODELS

David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

Algebraic representation of log-linear models

Traditional
representation
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ALGEBRAIC REPRESENTATION OF LOG-LINEAR MODELS

David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

Algebraic representation of log-linear models

Traditional
representation

Algebraic
representation Compute

the moves
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ALGEBRAIC REPRESENTATION OF LOG-LINEAR MODELS

David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

Getting algstat

Algebraic representation

Compute
the moves
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Algebraic representation

Compute
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TESTING INDEPENDENCE IN THE POLITICS DATASET

David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

Exact inference in log-linear models for multi-way tables
Consider the contingency table

Political affiliationPolitical affiliation

Dem Rep

Personality
Introvert 3 7 10

Personality
Extrovert 6 4 10

9 11 20

Q : Are personality and political 
affiliation independent?
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THE METROPOLIS ALGORITHM

David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

The Metropolis algorithm

Moves : (This table/model only has one move.)

OBSERVED

0 10
9 1

1 9
8 2

2 8
7 3

3 7
6 4

4 6
5 5

5 5
4 6

6 4
3 7

7 3
2 8

8 2
1 9

9 1
0 10

1 2 3 4 5 6 7 8 9 10
CURRENT
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David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

The Metropolis algorithm

Moves : (This table/model only has one move.)

OBSERVED

0 10
9 1

1 9
8 2

2 8
7 3

3 7
6 4

4 6
5 5

5 5
4 6

6 4
3 7

7 3
2 8

8 2
1 9

9 1
0 10

1 2 3 4 5 6 7 8 9 10

1. Pick a move (here there’s only one)
CURRENT

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 23 / 29
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1. Pick a move (here there’s only one)

2. Pick a direction +/–
3. Move with a probability p (p is easy to compute; depends on the current and proposed state, but not the big sum)
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1/2 1/2
Moves : (This table/model only has one move.)
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2. Pick a direction +/–
3. Move with a probability p (p is easy to compute; depends on the current and proposed state, but not the big sum)

4. Record your steps

CURRENT

4

The Metropolis algorithm

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 23 / 29



THE METROPOLIS ALGORITHM

OBSERVED

0 10
9 1

1 9
8 2

2 8
7 3

3 7
6 4

4 6
5 5

5 5
4 6

6 4
3 7

7 3
2 8

8 2
1 9

9 1
0 10

1 2 3 4 5 6 7 8 9 10

David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases
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4

The Metropolis algorithm
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Moves : (This table/model only has one move.)

1. Pick a move (here there’s only one)

2. Pick a direction +/–
3. Move with a probability p (p is easy to compute; depends on the current and proposed state, but not the big sum)

4. Record your steps

CURRENT

runif(1) < p

4, 5

The Metropolis algorithm
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David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

1/2 1/2
Moves : (This table/model only has one move.)

1. Pick a move (here there’s only one)

2. Pick a direction +/–
3. Move with a probability p (p is easy to compute; depends on the current and proposed state, but not the big sum)

4. Record your steps

CURRENT

4, 5, 5

The Metropolis algorithm
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The Metropolis algorithm
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The Metropolis algorithm
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THE METROPOLIS ALGORITHM
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David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

Moves : (This table/model only has one move.)

1 24 333 1470 3149 3173 1492 339 18 1

The Metropolis algorithm
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David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

Moves : (This table/model only has one move.)

1 24 333 1470 3149 3173 1492 339 18 1
-27.9 -27.9-24.1 -21.6 -20.1 -19.3 -19.3 -20.1 -21.6 -24.1

Un-normalized 
log-likelihoods

The Metropolis algorithm
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Same order as 
the probabilities=

The Metropolis algorithm
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LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 23 / 29



THE METROPOLIS ALGORITHM

OBSERVED

0 10
9 1

1 9
8 2

2 8
7 3

3 7
6 4

4 6
5 5

5 5
4 6

6 4
3 7

7 3
2 8

8 2
1 9

9 1
0 10

1 2 3 4 5 6 7 8 9 10

David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

1 24 333 1470 3149 3173 1492 339 18 1
-27.9 -27.9-24.1 -21.6 -20.1 -19.3 -19.3 -20.1 -21.6 -24.1

p-value  ≈ % of samples with un-normalized log-likelihoods ≤ observed table

The Metropolis algorithm

LUIS GARCÍA–PUENTE (SHSU) ALGEBRAIC STATISTICS 2015 23 / 29



THE METROPOLIS ALGORITHM

OBSERVED

0 10
9 1

1 9
8 2

2 8
7 3

3 7
6 4

4 6
5 5

5 5
4 6

6 4
3 7

7 3
2 8

8 2
1 9

9 1
0 10

1 2 3 4 5 6 7 8 9 10

David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

1 24 333 1470 3149 3173 1492 339 18 1
-27.9 -27.9-24.1 -21.6 -20.1 -19.3 -19.3 -20.1 -21.6 -24.1

p-value  ≈ % of samples with un-normalized log-likelihoods ≤ observed table

1 + 24 + 333 + 1470 + 1492 + 339 + 18 + 1
10000

.3778

The Metropolis algorithm
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David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

The Metropolis-Hastings algorithm

1 24 333 1470 3149 3173 1492 339 18 1
-27.9 -27.9-24.1 -21.6 -20.1 -19.3 -19.3 -20.1 -21.6 -24.1

p-value  ≈ % of samples with un-normalized log-likelihoods ≤ observed table

1 + 24 + 333 + 1470 + 1492 + 339 + 18 + 1
10000

.3778

2. Compute the p-value by summing the probabilities of the tables with 
smaller probabilities

From a previous slide...
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David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

The Metropolis-Hastings algorithm

1 24 333 1470 3149 3173 1492 339 18 1
-27.9 -27.9-24.1 -21.6 -20.1 -19.3 -19.3 -20.1 -21.6 -24.1

p-value  ≈ % of samples with un-normalized log-likelihoods ≤ observed table

1 + 24 + 333 + 1470 + 1492 + 339 + 18 + 1
10000

.3778

2. Compute the p-value by summing the probabilities of the tables with 
smaller probabilities

Equal to Monte Carlo error

From a previous slide...
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C++ part
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statistic based on observed table using the MLE for the expected.
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% of tables with stat ≥ observed 
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Monte Carlo error  computed as in the std CLT confidence interval



HOW R AND ALGSTAT DO IT
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SD of stats of sampled tables using MLE for the expected 
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MODEL FITTING

Project 1:

A. Use hierarchical to find a
log-linear model that may seem to fit
the dataset drugs.

B. Investigate the dataset haberman
under the no 3-way interaction
model.
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NO 3-WAY INTERACTION MODEL

Project 2:

Use algstat to recover your favorite
result in the seminal paper by
Diaconis and Sturmfels:
https://projecteuclid.org/

download/pdf_1/euclid.aos/

1030563990

Or any other of your favorite articles
or books such as Lectures on Algbraic
Statistics [Chapter 1].
https://math.berkeley.edu/

~bernd/owl.pdf
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LATTE FUNCTIONALITY

David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

> spec <- c("x + y <= 10", "x >= 1", "y >= 1")
> count(spec)
[1] 45

LattE functionality

> 
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LATTE FUNCTIONALITY

David J. Kahle, Ph.D. Algebraic Statistics in R : Markov Bases

> spec <- c("x + y <= 10", "x >= 1", "y >= 1")
> count(spec)
[1] 45

LattE functionality

>   count(c(
+   "x11 + x12 == 10",
+   "x21 + x22 == 10",
+   "x11 + x21 == 9",
+   "x12 + x22 == 11",
+   "x11 >= 0", "x21 >= 0", "x12 >= 0", "x22 >= 0"
+ ))
[1] 10
> countTables(politics)
[1] 10
> data(HairEyeColor)
> eyeHairColor <- margin.table(HairEyeColor, 2:1)
> eyeHairColor
       Hair
Eye     Black Brown Red Blond
  Brown    68   119  26     7
  Blue     20    84  17    94
  Hazel    15    54  14    10
  Green     5    29  14    16
> countTables(eyeHairColor)
[1] "1225914276768514"
> 

Diaconis and Sturmfels (1998)
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MIXING TIMES

Project 3:

Analize the mixing times for the
MCMC of your favorite dataset and
log-linear model.
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CONTACT

Thank you!

lgarcia@shsu.edu

http://www.shsu.edu/~ldg005
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