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bnlearn-package Bayesian network structure learning.

Description

Bayesian network structure learning via constraint-based, score-based and hybrid algorithms.

Details

Package: bnlearn

Type: Package
Version: 2.1

Date: 2010-06-13
License: GPLV2 or later

This package implements some algorithms for learning the structure of Bayesian networks.

Constraint-based algorithms, also known as conditional independence learners, are all optimized
derivatives of the Inductive Causation algorithm (Verma and Pearl, 1991). These algorithms use
conditional independence tests to detect the Markov blankets of the variables, which in turn are
used to compute the structure of the Bayesian network.

Score-based learning algorithms are general purpose heuristic optimization algorithms which rank
network structures with respect to a goodness-of-fit score.

Hybrid algorithms combine aspects of both constraint-based and score-based algorithms, as they
use conditional independence tests (usually to reduce the search space) and network scores (to find
the optimal network in the reduced space) at the same time.

Several functions for parameter estimation, parametric inference, bootstrap, cross-validation and
stochastic simulation are available. Furthermore, advanced plotting capabilities are implemented
on top of the Rgraphviz and lattice packages.

Available constraint-based learning algorithms

* Grow-Shrink (gs): based on the Grow-Shrink Markov Blanket, the first (and simplest) Markov
blanket detection algorithm (Margaritis, 2003) used in a structure learning algorithm.

* Incremental Association (1amb): based on the Markov blanket detection algorithm of the
same name (Tsamardinos et al., 2003), which is based on a two-phase selection scheme (a
forward selection followed by an attempt to remove false positives).

* Fast Incremental Association (fast . 1amb): a variant of JAMB which uses speculative step-
wise forward selection to reduce the number of conditional independence tests (Yaramakala
and Margaritis, 2005).

e Interleaved Incremental Association (inter .iamb): another variant of IJAMB which uses
forward stepwise selection (Tsamardinos et al., 2003) to avoid false positives in the Markov
blanket detection phase.

This package includes three implementations of each algorithm:
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* an optimized implementation (used when the opt imi zed parameter is set to TRUE), which
uses backtracking to roughly halve the number of independence tests.

* an unoptimized implementation (used when the optimized parameter is set to FALSE)
which is better at uncovering possible erratic behaviour of the statistical tests.

* acluster-aware implementation, which requires a running cluster set up with the makeCluster
function from the snow package. See snow integration for a sample usage.

The computational complexity of these algorithms is polynomial in the number of tests, usually
O(N?) (O(N*) in the worst case scenario), where N is the number of variables. Execution time
scales linearly with the size of the data set.

Available score-based learning algorithms

* Hill-Climbing (hc): a hill climbing greedy search on the space of the directed graphs. The
optimized implementation uses score caching, score decomposability and score equivalence
to reduce the number of duplicated tests.

* Tabu Search (tabu): a modified hill climbing able to escape local optima by selecting a
network that minimally decreases the score function.

Random restart with a configurable number of perturbing operations is implemented for both algo-
rithms.

Available hybrid learning algorithms

* Max-Min Hill-Climbing (mmhc): a hybrid algorithm which combines the Max-Min Parents
and Children algorithm (to restrict the search space) and the Hill-Climbing algorithm (to find
the optimal network structure in the restricted space).

* Restricted Maximization (rsmax2): a more general implementation of the Max-Min Hill-
Climbing, which can use any combination of constraint-based and score-based algorithms.

Other (constraint-based) local discovery algorithms

These algorithms learn the structure of the undirected graph underlying the Bayesian network,
which is known as the skeleton of the network or the correlation graph. Therefore all the arcs
are undirected, and no attempt is made to detect their orientation. They are often used in hybrid
learning algorithms.

* Max-Min Parents and Children (mmpc): a forward selection technique for neighbourhood de-
tection based on the maximization of the minimum association measure observed with any
subset of the nodes selected in the previous iterations (Tsamardinos, Brown and Aliferis,
2006).

All these algorithms have three implementations (unoptimized, optimized and cluster-aware) like
other constraint-based algorithms.
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Available (conditional) independence tests

The conditional independence tests used in constraint-based algorithms in practice are statistical
tests on the data set. Available tests (and the respective labels) are:

e discrete case (multinomial distribution)

mutual information: an information-theoretic distance measure. It’s proportional to the
log-likelihood ratio (they differ by a 2n factor) and is related to the deviance of the tested
models. Both the asymptotic y? test (m1i) and the Monte Carlo permutation test (mc-mi)
are implemented.

shrinkage estimator for the mutual information (mi-sh): an improved asymptotic x?
test based on the James-Stein estimator for the mutual information.

Pearson’s X?: the classical Pearson’s X ? test for contingency tables. Both the asymptotic
x? test (x2) and the Monte Carlo permutation test (mc—x2) are implemented.

Akaike Information Criterion (aict): an experimental AIC-based independence test,
computed comparing the mutual information and the expected information gain.

 continuous case (multivariate normal distribution)

linear correlation: linear correlation. Both the exact Student’s t test (cor) and the Monte
Carlo permutation test (mc—cor) are implemented.

Fisher’s Z: a transformation of the linear correlation with asymptotic normal distribution.
Used by commercial software (such as TETRAD II) for the PC algorithm (an R imple-
mentation is present in the pcalg package on CRAN). Both the asymptotic normal (z £)
and the Monte Carlo permutation test (mc—z £) are implemented.

mutual information: an information-theoretic distance measure. Again it’s proportional
to the log-likelihood ratio (they differ by a 2n factor). Both the asymptotic y? test (mi—g)
and the Monte Carlo permutation test (mc—mi—g) are implemented.

Available network scores

Available scores (and the respective labels) are:

* discrete case (multinomial distribution)

the multinomial log-likelihood (Loglik) score, which is equivalent to the entropy mea-
sure used in Weka.

the Akaike Information Criterion score (aic).

the Bayesian Information Criterion score (bic), which is equivalent to the Minimum
Description Length (MDL) and is also known as Schwarz Information Criterion.

the logarithm of the Bayesian Dirichlet equivalent score (bde), a score equivalent Dirich-
let posterior density.

the logarithm of the K2 score (k2), a Dirichlet posterior density (not score equivalent).

* continuous case (multivariate normal distribution)

the multivariate Gaussian log-likelihood (Loglik—g) score.
the corresponding Akaike Information Criterion score (aic—g).
the corresponding Bayesian Information Criterion score (bic—g).

a score equivalent Gaussian posterior density (bge).
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Whitelist and blacklist support

All learning algorithms support arc whitelisting and blacklisting:

* blacklisted arcs are never present in the graph.

* arcs whitelisted in one direction only (i.e. A — B is whitelisted but B — A is not) have the
respective reverse arcs blacklisted, and are always present in the graph.

* arcs whitelisted in both directions (i.e. both A — B and B — A are whitelisted) are present
in the graph, but their direction is set by the learning algorithm.

Any arc whitelisted and blacklisted at the same time is assumed to be whitelisted, and is thus
removed from the blacklist.

Error detection and correction: the strict mode

Optimized implementations of constraint-based algorithms rely heavily on backtracking to reduce
the number of tests needed by the learning procedure. This approach may hide errors either in
the Markov blanket or the neighbourhood detection phase in some particular cases, such as when
hidden variables are present or there are external (logical) constraints on the interactions between
the variables.

On the other hand in the unoptimized implementations the Markov blanket and neighbour detection
of each node is completely independent from the rest of the learning process. Thus it may happen
that the Markov blanket or the neighbourhoods are not symmetric (i.e. A is in the Markov blanket
of B but not vice versa), or that some arc directions conflict with each other.

The strict parameter enables some measure of error correction, which may help to retrieve a
good model even when the learning process would otherwise fail:

» if strict is set to TRUE, every error stops the learning process and results in an error mes-
sage.

e if strict issetto FALSE:
1. v-structures are applied to the network structure in lowest-p.value order; if any arc is
already oriented in the opposite direction, the v-structure is discarded.

2. nodes which cause asymmetries in any Markov blanket are removed from that Markov
blanket; they are treated as false positives.

3. nodes which cause asymmetries in any neighbourhood are removed from that neighbour-
hood; again they are treated as false positives (see Tsamardinos, Brown and Aliferis,
20006).

Author(s)

Marco Scutari
Department of Statistical Sciences
University of Padova

Maintainer: Marco Scutari <marco.scutari@gmail .com>
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Examples

library (bnlearn)
data (learning.test)

## Simple learning

# first try the Grow-Shrink algorithm

res = gs(learning.test)

# plot the network structure.

plot (res)

# now try the Incremental Association algorithm.
res2 = iamb(learning.test)

# plot the new network structure.

plot (res2)

# the network structures seem to be identical, don't they?
compare (res, res2)

# [1] TRUE

# how many tests each of the two algorithms used?
res$learning$ntests

# [1] 43
res2$learning$ntests
# [1] 50

# and the unoptimized implementation of these algorithms?

## Not run: gs(learning.test, optimized = FALSE)S$learning$ntests

# [1] 93

## Not run: iamb(learning.test, optimized = FALSE)$learning$ntests
# [1] 116
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## Greedy search
res = hc(learning.test)
plot (res)

## Another simple example (Gaussian data)
data (gaussian.test)

# first try the Grow-Shrink algorithm
res = gs(gaussian.test)

plot (res)

## Blacklist and whitelist use

# the arc B — F should not be there?

blacklist = data.frame(from = c("B", "F"), to = c("F", "B"))
blacklist

# from to

# 1 B F

# 2 F B

res3 = gs(learning.test, blacklist = blacklist)

plot (res3)

# force E - F direction (E -> F).

whitelist = data.frame(from = c("E"), to = c("F"))

whitelist

# from to

# 1 E F

res4 = gs(learning.test, whitelist = whitelist)

plot (resé)

# use both blacklist and whitelist.
res5 = gs(learning.test, whitelist
plot (resb)

whitelist, blacklist = blacklist)

## Debugging

# use the debugging mode to see the learning algorithms
# in action.

res = gs(learning.test, debug = TRUE)

res = hc(learning.test, debug = TRUE)

# log the learning process for future reference.

## Not run:

sink (file = "learning-log.txt")
res = gs(learning.test, debug = TRUE)
sink ()

## End (Not run)

# if something seems wrong, try the unoptimized version

# in strict mode (inconsistencies trigger errors):

## Not run:

res = gs(learning.test, optimized = FALSE, strict = TRUE, debug = TRUE)

## End (Not run)

# or disable strict mode to let the algorithm fix errors on the fly:

## Not run:

res = gs(learning.test, optimized = FALSE, strict = FALSE, debug = TRUE)

## End (Not run)
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alarm

ALARM Monitoring System (synthetic) data set

Description

The ALARM ("A Logical Alarm Reduction Mechanism") is a Bayesian network designed to pro-
vide an alarm message system for patient monitoring.

Usage

data (alarm)

Format

The alarm data set contains the following 37 variables:

CVP (central venous pressure): a three-level factor with levels LOW, NORMAL and HIGH.

PCWP (pulmonary capillary wedge pressure): a three-level factor with levels LOW, NORMAL
and HIGH.

HIST (history): a two-level factor with levels TRUE and FALSE.

TPR (total peripheral resistance): a three-level factor with levels LOW, NORMAL and HIGH.
BP (blood pressure): a three-level factor with levels LOW, NORMAL and HIGH.

CO (cardiac output): a three-level factor with levels LOW, NORMAL and HIGH.

HRRBP (heart rate / blood pressure): a three-level factor with levels LOW, NORMAL and HIGH.

HREK (heart rate measured by an EKG monitor): a three-level factor with levels LOW, NORMAL
and HIGH.

HRSA (heart rate / oxygen saturation): a three-level factor with levels LOW, NORMAL and
HIGH.

PAP (pulmonary artery pressure): a three-level factor with levels LOW, NORMAL and HIGH.
SAOQ2 (arterial oxygen saturation): a three-level factor with levels LOW, NORMAL and HIGH.
FIO2 (fraction of inspired oxygen): a two-level factor with levels LOW and NORMAL.

PRSS (breathing pressure): a four-level factor with levels ZERO, LOW, NORMAL and HIGH.
ECO2 (expelled CO2): a four-level factor with levels ZERO, LOW, NORMAL and HIGH.
MINV (minimum volume): a four-level factor with levels ZERO, LOW, NORMAL and HIGH.
MVS (minimum volume set): a three-level factor with levels LOW, NORMAL and HIGH.

HYP (hypovolemia): a two-level factor with levels TRUE and FALSE.

LVF (left ventricular failure): a two-level factor with levels TRUE and FALSE.

APL (anaphylaxis): a two-level factor with levels TRUE and FALSE.

ANES (insufficient anesthesia/analgesia): a two-level factor with levels TRUE and FALSE.
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* PMB (pulmonary embolus): a two-level factor with levels TRUE and FALSE.

e INT (intubation): a three-level factor with levels NORMAL, ESOPHAGEAL and ONESIDED.
e KINK (kinked tube): a two-level factor with levels TRUE and FALSE.

e DISC (disconnection): a two-level factor with levels TRUE and FALSE.

* LVV (left ventricular end-diastolic volume): a three-level factor with levels LOW, NORMAL
and HIGH.

e STKV (stroke volume): a three-level factor with levels LOW, NORMAL and HIGH.
e CCHL (catecholamine): a two-level factor with levels NORMAL and HIGH.

* ERLO (error low output): a two-level factor with levels TRUE and FALSE.

* HR (heart rate): a three-level factor with levels LOW, NORMAL and HIGH.

¢ ERCA (electrocauter): a two-level factor with levels TRUE and FALSE.

e SHNT (shunt): a two-level factor with levels NORMAL and HIGH.

* PVS (pulmonary venous oxygen saturation): a three-level factor with levels LOW, NORMAL
and HIGH.

e ACO2 (arterial CO2): a three-level factor with levels LOW, NORMAL and HIGH.

* VALV (pulmonary alveoli ventilation): a four-level factor with levels ZERO, LOW, NORMAL
and HIGH.

* VLNG (lung ventilation): a four-level factor with levels ZERO, LOW, NORMAL and HIGH.

e VTUB (ventilation tube): a four-level factor with levels ZERO, LOW, NORMAL and HIGH.

* VMCH (ventilation machine): a four-level factor with levels ZERO, LOW, NORMAL and HIGH.

Note

The R script to generate data from this network is shipped in the ‘network.scripts’ directory of this
package.

Source

Beinlich I, Suermondt HJ, Chavez RM, Cooper GF (1989). "The ALARM Monitoring System: A
Case Study with Two Probabilistic Inference Techniques for Belief Networks." In "Proceedings of
the 2nd European Conference on Artificial Intelligence in Medicine", pp. 247-256. Springer-Verlag.

Elidan G (2001). "Bayesian Network Repository".
http://www.cs.huji.ac.il/labs/compbio/Repository.

Examples

# load the data and build the correct network from the model string.

data (alarm)

res = empty.graph (names(alarm))

modelstring(res) = paste("[HIST|LVF] [CVP|LVV] [PCWP|LVV][HYP] [LVV|HYP:LVF]"

" [LVF] [STKV|HYP:LVF] [ERLO] [HRBP | ERLO:HR] [HREK | ERCA:HR] [ERCA]",

[HRSA|ERCA:HR] [ANES] [APL] [TPR|APL] [ECO2 |ACO2:VLNG] [KINK]",
[MINV|INT:VLNG] [FIO2] [PVS|FIO2:VALV] [SAO2|PVS:SHNT] [PAP |PMB] [PMB] ",

" [SHNT | INT:PMB] [INT] [PRSS|INT:KINK:VTUB] [DISC] [MVS] [VMCH|MVS]",

" [VTUB|DISC:VMCH] [VLNG|INT:KINK:VTUB] [VALV|INT:VLNG] [ACO2|VALV]",

"
"


http://www.cs.huji.ac.il/labs/compbio/Repository

arc operations

"[CCHL|ACO2:ANES:SAO2:TPR] [HR|CCHL] [CO|HR:STKV] [BP|CO:TPR]", sep = "")

## Not run:

# there are too many nodes for plot(), use graphviz.plot().
graphviz.plot (res)

## End(Not run)

arc operations Drop, add or set the direction of an arc

Description

Drop, add or set the direction of an arc.

Usage

set.arc(x, from, to, check.cycles = TRUE, debug = FALSE)
drop.arc(x, from, to, debug = FALSE)
reverse.arc(x, from, to, check.cycles = TRUE, debug = FALSE)

Arguments
x an object of class bn.
from a character string, the label of a node.
to a character string, the label of another node.

check.cycles aboolean value. If TRUE the graph is tested for acyclicity; otherwise the graph

is returned anyway.

debug a boolean value. If TRUE a lot of debugging output is printed; otherwise the

function is completely silent.

Details
The set . arc function operates in the following way:

« if there is no arc between from and to, the arc from — to is added.
* if there is an undirected arc between £from and t o, its direction is set to from — to.
* if the arc to — fromis present, it’s reversed.

e if the arc from — to is present, no action is taken.
The drop . arc function operates in the following way:

« if there is no arc between f£rom and t o, no action is taken.

* if there is an undirected arc between from and to, it’s dropped.

« if there is a directed arc between from and to, it’s dropped regardless of its direction.

The reverse.arc function operates in the following way:

« if there is no arc between from and t o, it returns an error.
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« if there is an undirected arc between £rom and t o, it returns an error.
* if the arc to — fromis present, it’s reversed.

e if the arc from — to is present, it’s reversed.

Value

set.arc and drop. arc return invisibly an updated copy of x.

Author(s)

Marco Scutari

Examples

data (learning.test)
res = gs(learning.test)

## use debug = TRUE for more information
## Not run:

set.arc(res, "A", "B", debug = TRUE)
drop.arc(res, "A", "B", debug = TRUE)
reverse.arc (res, "A", "D", debug = TRUE)

## End (Not run)

arc.strength Measure the strength of the arcs present in the network

Description

Strength of the probabilistic relations expressed by the arcs of the Bayesian network.

Usage
arc.strength(x, data, criterion = NULL, ..., debug = FALSE)
Arguments
X an object of class bn.
data a data frame containing the data the Bayesian network was learned from.
criterion a character string, the label of a score function, the label of an independence test
or bootstrap. See bnlearn-package for details on the first two possibil-
ities.

additional tuning parameters for the network score (if criterion is the la-
bel of a score function, see score for details), the conditional independence
test (currently the only one is B, the number of permutations) or the bootstrap
simulation (if criterion is set to bootstrap, see boot .strength for
details).
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debug

Details
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a boolean value. If TRUE a lot of debugging output is printed; otherwise the

function is completely silent.

If criterion is a conditional independence test, the strength is a p-value (so the lower the value,
the stronger the relationship). The only possible additional parameter is B, the number of permuta-

tions to be generated for each permutation test.

If criterion is the label of a score functioni, the strength is measured by the score gain/loss
which would be caused by the arc’s removal. There may be additional parameters depending on the

choice of the score, see score for details.

If criterionisbootstrap, the strength is computed as in boot . st rength. The additional
parameters are R, m, algorithmand algorithm. args; if the latter two are not specified, the
values stored in x are used.

Value

arc.strength returns an object of class bn.strength. See bn.strength class for

details.

Author(s)

Marco Scutari

See Also

choose.direction, score.

Examples

data (learning.test)

learning.test)

learning.test,

"B")

res = gs(learning.test)
res = set.arc(res, "A",
arc.strength (res,

# from to strength
# 1 A B 0.000000e+00
# 2 A D 0.000000e+00
# 3 B E 1.024198e-320
# 4 C D 0.000000e+00
# 5 F E 3.935648e-245
arc.strength(res,

# from to strength

# 1 A B -1166.9139

# 2 A D -1978.0531

# 3 B E -746.8954

# 4 C D -862.8637

# 5 F E -568.7816
res = set.arc(res, "B",

# A —> B and B -> A have the same strength because they

# are score equivalent.
arc.strength(res,

learning.test,

"A")

criterion = "aic")
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# from to strength

# 1 A D -1978.0531

# 2 B E -746.8954

# 3 C D -862.8637

# 4 F E -568.7816

# 5 B A -1166.9139

## Not run:

arc.strength(res, data = learning.test, criterion = "bootstrap",
R = 200, algorithm.args = list (alpha = 0.10))

# from to strength

# 1 A B 1

# 2 A D 1

# 3 B E 1

# 4 C D 1

# 5 F E 1

## End(Not run)

asia

asia

Asia (synthetic) data set by Lauritzen and Spiegelhalter

Description

Small synthetic data set from Lauritzen and Spiegelhalter (1988) about lung diseases (tuberculosis,
lung cancer or bronchitis) and visits to Asia.

Usage

data (asia)

Format

The asia data set contains the following variables:

D (dyspnoea), a two-level factor with levels yes and no.

T (tuberculosis), a two-level factor with levels yes and no.

L (lung cancer), a two-level factor with levels yes and no.

B (bronchitis), a two-level factor with levels yes and no.

A (visit to Asia), a two-level factor with levels yes and no.

S (smoking), a two-level factor with levels yes and no.

X (chest X-ray), a two-level factor with levels yes and no.

E (tuberculosis versus lung cancer/bronchitis), a two-level factor with levels ye s and no.
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Note

Lauritzen and Spiegelhalter (1988) motivate this example as follows:

“Shortness-of-breath (dyspnoea) may be due to tuberculosis, lung cancer or bronchitis, or none of
them, or more than one of them. A recent visit to Asia increases the chances of tuberculosis, while
smoking is known to be a risk factor for both lung cancer and bronchitis. The results of a single
chest X-ray do not discriminate between lung cancer and tuberculosis, as neither does the presence
or absence of dyspnoea.”

Standard learning algorithms are not able to recover the true structure of the network because of
the presence of a node (E) with conditional probabilities equal to both 0 and 1. Monte Carlo tests
seems to behvae better than their parametric counterparts.

The R script to generate data from this network is shipped in the ‘network.scripts’ directory of this
package.

Source

Lauritzen S, Spiegelhalter D (1988). "Local Computation with Probabilities on Graphical Structures
and their Application to Expert Systems (with discussion)". Journal of the Royal Statistical Society:
Series B (Statistical Methodology), 50(2), 157-224.

Examples

# load the data and build the correct network from the model string.
data (asia)

res = empty.graph (names (asia))
modelstring(res) = "[A][S]I[TIA][LIS]I[BIS][DIB:E][E|IT:L][X|E]"
plot (res)
bn class The bn class structure
Description

The structure of an object of the bn S3 class.

Details

An object of class bn is a list containing at least the following components:

* learning: a list containing some information about the results of the learning algorithm.
It’s never changed afterward.

— whitelist: a sanitized copy of the whitelist parameter (a two-column matrix,
whose columns are labeled from and to).

— blacklist: a sanitized copy of the blacklist parameter (a two-column matrix,
whose columns are labeled from and to).

— test: the label of the conditional independence test used by the learning algorithm
(a character string). The label of the network score is used for score-based and hybrid
algorithms, and "none" for randomly generated graphs.
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* nodes:

— mb:

bn class

— ntests: the number of conditional independence tests or score comparisons used in the
learning (an integer value).

— algo: the label of the learning algorithm or the random generation algorithm used to
generate the network (a character string).

— args: alist. The values of the parameters of either the conditional tests or the scores
used in the learning process. Only the relevant ones are stored, so this may be an empty

list.

*k

alpha: the target nominal type I error rate (a numeric value) of the conditional
independence tests.

iss: apositive numeric value, the imaginary sample size used by the bge and bde
scores.

phi: acharacter string, either heckerman or bottcher; used by the bge score.

k: a positive numeric value, the penalty per parameter used by the aic, aic-g,bic
and bic—g scores.

prob: the probability of each arc to be present in a graph generated by the ordered
graph generation algorithm.

burn. in: the number of iterations for the ic—dag graph generation algorithm to
converge to a stationary (and uniform) probability distribution.

max .degree: the maximum degree for any node in a graph generated by the ic—
dag graph generation algorithm.

max.in.degree: the maximum in-degree for any node in a graph generated by
the ic—dag graph generation algorithm.

max.out .degree: the maximum out-degree for any node in a graph generated by
the i c—dag graph generation algorithm.

a list. Each element is named after a node and contains the following elements:

the Markov blanket of the node (a vector of character strings).

— nbr: the neighbourhood of the node (a vector of character strings).

— parents: the parents of the node (a vector of character strings).

— children: the children of the node (a vector of character strings).

* arcs: the arcs of the Bayesian network (a two-column matrix, whose columns are labeled
from and to). Undirected arcs are stored as two directed arcs with opposite directions be-
tween the corresponding incident nodes.

Additional (optional) components under learning:

optimized: whether additional optimizations have been used in the learning algorithm (a
boolean value).

restrict: the label of the constraint-based algorithm used in the “Restrict” phase of a
hybrid learning algorithm (a character string).

rtest:

the label of the conditional independence test used in the “Restrict” phase of a hybrid

learning algorithm (a character string).

maximize: the label of the score-based algorithm used in the “Maximize” phase of a hybrid
learning algorithm (a character string).

maxscore: the label of the network score used in the “Maximize” phase of a hybrid learning
algorithm (a character string).
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Author(s)

Marco Scutari

bn.boot Parametric and nonparametric bootstrap of Bayesian networks

Description

Apply a user-specified function to Bayesian networks learned from bootstrap samples of the original
data.

Usage

bn.boot (data, statistic, R = 200, m = nrow(data),
sim = "ordinary", algorithm, algorithm.args = list (),
statistic.args = list (), debug = FALSE)

Arguments

data a data frame containing the variables in the model.

statistic a function or a character string (the name of a function) to be applied to each
bootstrap replicate.

R a positive integer, the number of bootstrap replicates.

m a positive integer, the size of each bootstrap replicate.

sim a character string indicating the type of simulation required. Possible values are
"ordinary" (the default) and "parametric".

algorithm a character string, the learning algorithm to be applied to the bootstrap replicates.

Possible values are gs, iamb, fast.iamb, inter.iamb, mmpc and hc.
See bnlearn-package and documentation of each algorithm for details.

algorithm.args

a list of extra arguments to be passed to the learning algorithm.
statistic.args

a list of extra arguments to be passed to the function specified by statistic.

debug a boolean value. If TRUE a lot of debugging output is printed; otherwise the
function is completely silent.

Value

A list containing the results of the calls to statistic.

Author(s)

Marco Scutari
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References

Friedman N, Goldszmidt M, Wyner A (1999). "Data Analysis with Bayesian Networks: A Boot-
strap Approach". In "UAI '99: Proceedings of the 15th Annual Conference on Uncertainty in
Artificial Intelligence", pp. 196-20. Morgan Kaufmann.

See Also

bn.cv, rbn.

Examples

## Not run:
data (learning.test)
bn.boot (data = learning.test, R = 2, m = 500, algorithm = "gs",
statistic = arcs)
[[1]]
from to
<arcs for the first replicate>

#
#
#
#
# [[2]1]

# from to

# <arcs for the second replicate>

## End (Not run)

bn.cv Cross-validation for Bayesian networks

Description

Perform a k-fold cross-validation for a learning algorithm or a fixed network structure.

Usage
bn.cv(data, bn, loss = NULL, k = 10, algorithm.args = list (),
loss.args = list (), fit = "mle", fit.args = list(), debug = FALSE)
Arguments
data a data frame containing the variables in the model.
bn either a character string (the label of the learning algorithm to be applied to
the training data in each iteration) or an object of class bn (a fixed network
structure).
loss a character string, the label of a loss function. If none is specified, the default

loss function is the Log-Likelihood Loss for both discrete and continuous data
sets. See below for additional details.

k a positive integer number, the number of groups into which the data will be split.
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algorithm.args
a list of extra arguments to be passed to the learning algorithm.

loss.args a list of extra arguments to be passed to the loss function specified by 1oss.

fit a character string, the label of the method used to fit the parameters of the new-
tork. See bn . fit for details.

fit.args additional arguments for the parameter estimation prcoedure, see againbn . fit
for details..

debug a boolean value. If TRUE a lot of debugging output is printed; otherwise the
function is completely silent.
Details

The following loss functions are implemented:

* Log-Likelihood Loss (Logl): also known as negative entropy or negentropy, it’s the negated
expected log-likelihood of the test set for the Bayesian network fitted from the training set.

* Gaussian Log-Likelihood Loss (Logl—-g): the negated expected log-likelihood for Gaussian
Bayesian networks.

¢ Classification Error (pred): the prediction error for a single node (specified by the target
parameter in 1oss.args) in a discrete network.

Value

An object of class bn.kcv.

Author(s)

Marco Scutari

References

Koller D, Friedman N (2009). Probabilistic Graphical Models: Principles and Techniques. MIT
Press.

See Also

bn.boot, rbn,bn.kcv-class.

Examples

bn.cv(learning.test, 'hc', loss = "pred", loss.args = list(target = "F"))

k-fold cross-validation for Bayesian networks

target learning algorithm: Hill-Climbing

number of subsets: 10

loss function: Classification Error
expected loss: 0.509

He o S S HE S
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bn.cv(gaussian.test, 'mmhc')

#
# k-fold cross-validation for Bayesian networks
#
# target learning algorithm: Max-Min Hill Climbing
# number of subsets: 10
# loss function: Log-Likelihood Loss (Gaussian)
# expected loss: 10.63062
#

bn.fit Fit the parameters of a Bayesian network

Description

Fit the parameters of a Bayesian network conditional on its structure.

Usage
bn.fit (x, data, method = "mle", ..., debug = FALSE)
Arguments
X an object of class bn.
data a data frame containing the variables in the model.
method a character string, either mle for Maximum Likelihood parameter estimation
or bayes for Bayesian parameter estimation (currently implemented only for
discrete data).
additional arguments for the parameter estimation prcoedure, see below.
debug a boolean value. If TRUE a lot of debugging output is printed; otherwise the
function is completely silent.
Value

An object of classbn.fit. Seebn.fit class for details.

Note

Due to the way Bayesian networks are defined it’s possible to estimate their parameters only if the
network structure is completely directed (i.e. there are no undirected arcs). See set.arc and
pdag2dag for two ways of manually setting the direction of one or more arcs.

The only supported additional parameter is the imaginary sample size (iss) for the Dirichlet pos-
terior distribution of discrete networks (see score for details).

Author(s)

Marco Scutari
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See Also

bn.fit utilities,bn.fit plots.

Examples

data (learning.test)

# learn the network structure.

res = gs(learning.test)
# set the direction of the only undirected arc, A - B.
res = set.arc(res, "A", "B")

# estimate the parameters of the Bayesian network.
fitted = bn.fit (res, learning.test)

bn.fit class The bn.fit class structure

Description

The structure of an object of the bn. £it S3 class.

Details

An object of class bn. fit is a list whose elements correspond to the nodes of the Bayesian net-
work. If the latter is discrete (i.e. the nodes are multinomial random variables) each node has class
bn.fit.dnode and contains the following elements:

* node: the label of the node.

* parents: the labels of the parents of the node.

* children: the labels of the children of the node.

* prob: the conditional probability table of the node given its parents.
If on the other hand the network is continuous (i.e. the nodes are Gaussian random variables) each
node has class bn. fit .gnode and contains the following elements:

* node: the label of the node.

* parents: the labels of the parents of the node.

* children: the labels of the children of the node.

* coefficients: the linear regression coefficients of the parents against the node.

* residuals: the residuals of the linear regression, that is response minus fitted values.

e fitted.values: the fitted mean values of the linear regression.

e sd: the standard deviation of the residuals.

Author(s)

Marco Scutari
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bn.fit plots Plot fitted Bayesian networks

Description

Plot functions for the bn.fit,bn.fit.dnode and bn. fit .gnode classes, based on the lat-
tice package.

Usage
## for Gaussian Bayesian networks.
bn.fit.ggplot (fitted, xlab = "Theoretical Quantiles",
ylab = "Sample Quantiles", main = "Normal Q-Q Plot"™, ...)
bn.fit.histogram(fitted, density = TRUE, xlab = "Residuals",
ylab = ifelse(density, "Density", ""),
main = "Histogram of the residuals", ...)
bn.fit.xyplot (fitted, xlab = "Fitted wvalues",
ylab = "Residuals", main = "Residuals vs Fitted", ...)
## for discrete Bayesian networks
bn.fit.barchart (fitted, xlab = "Probabilities",
ylab = "Levels", main = "Conditional Probabilities"™, ...)
bn.fit.dotplot (fitted, xlab = "Probabilities",
ylab = "Levels", main = "Conditional Probabilities", ...)
Arguments
fitted an object of class bn.fit,bn.fit.dnodeorbn.fit.gnode

xlab, ylab, main
the label of the x axis, of the y axis, and the plot title.

density a boolean value. If TRUE the histogram is plotted using relative frequencies, and
the matching normal density is added to the plot.

additional arguments to be passed to lattice functions.

Details

bn.fit.ggplot draws a quantile-quantile plot of the residuals.

bn.fit.histogram draws a histogram of the residuals, using either absolute or relative fre-
quencies.

bn.fit.xyplot plots the residuals versus the fitted values.

bn.fit.barchart andbn.fit.dotplot plotthe probabilities in the conditional probability
table associated with each node.

Value

The lattice plot objects. Note that if auto-printing is turned off (for example when the code is loaded
with the source function), the return value must be printed explicitly for the plot to be displayed.
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Author(s)

Marco Scutari

See Also

bn.fit,bn.fit class.

bn.fit utilities Utilities to manipulate fitted Bayesian networks

Description

Assign, extract or compute various quantities of interest from an object of classbn. fit,bn.fit .dnode
orbn.fit.gnode.

Usage

## methods available for "bn.fit"
## S3 method for class 'bn.fit':
fitted (object, ...)

## S3 method for class 'bn.fit':
coef (object, ...)

## S3 method for class 'bn.fit':
residuals (object, ...)

## S3 method for class 'bn.fit':
predict (object, node, data, ...)
## S3 method for class 'bn.fit':
logLik (object, data, ...)

## S3 method for class 'bn.fit':
AIC(object, data, ..., k =1)

## methods available for "bn.fit.dnode"
## S3 method for class 'bn.fit.dnode':
coef (object, ...)

## S3 method for class 'bn.fit.dnode':
predict (object, data, ...)

## methods available for "bn.fit.gnode"
## S3 method for class 'bn.fit.gnode':
fitted (object, ...)

## S3 method for class 'bn.fit.gnode':
coef (object, ...)

## S3 method for class 'bn.fit.gnode':
residuals (object, ...)

## S3 method for class 'bn.fit.gnode':
predict (object, data, ...)
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Arguments

object
node

data

Details

bn.fit utilities

an object of class bn.fit,bn.fit.dnodeorbn.fit.gnode.
a character string, the label of a node.

a data frame containing the variables in the model.

additional arguments (currently ignored).

a numeric value, the penalty per parameter to be used; the default k = 1 gives
the expression used to compute AIC.

coef (andits alias coefficients) extracts model coefficients (which are conditional probabil-
ities in discrete networks and linear regression coefficients in Gaussian networks).

residuals (andits alias resid) extracts model residuals and fitted (anditsalias fitted.values)
extracts fitted values from fitted Gaussian networks.

predict returns the predicted values for node for the data specified by data.

Value

predict returns a numeric vector (for Gaussian networks) or a factor (for discrete networks).

All the other functions return a list with an element for each node in the network (if object has
class bn. fit) or a numeric vector (if object hasclassbn.fit.dnode orbn.fit.gnode).

Author(s)

Marco Scutari

See Also

bn.fit,bn.fit-class.

Examples

data (gaussian.test)
res = hc(gaussian.test)

fitted

bn.fit (res, gaussian.test)

coefficients (fitted)

SA

$B

$C
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