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Abstract. Bayesian Networks are increasingly used to represent conditional in-
dependence relations among variables and causal information in problem domains
in which decisions are based on probabilistic reasoning. Structural learning is NP-
hard therefore the database of observed cases must be often supplemented with
search heuristics based on prior information. In this paper we present a software
package for R, called MASTINO, that extends the existing DEAL package by pro-
viding new tools for learning Bayesian Networks and Conditional Gaussian net-
works in a score-and-search framework, such as the score function P-metric and
the M-GA genetic algorithm. MASTINO is freely available under the terms of the
GNU General Public License Version 2, and it has been recently submitted to be
part of the CRAN repository. Meanwhile it can be downloaded from the website:
http://statind. jrc.it/mastino.
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1 Introduction

Bayesian Networks (BNs), Cowell et al. (1999), are a widespread tool in many
areas of artificial intelligence and statistics because of efficient algorithms
which make probabilistic inference effective in highly structured problem do-
mains. BNs are suited to represent conditional independence relationships
but they have been extended to represent causal information, Spirtes et al.
(2000), and utility of decisions, so that probabilistic expert systems are in-
creasingly developed in areas ranging from technology to medical problem
domains.

Inference about the structure of a BN, also called structural learning, has
been proved to be a NP-hard problem, Chickering (1995). Structural learning
is typically performed by combining expert’s priori knowledge with the infor-
mation contained in a database of cases. Several heuristics have been shown to
work in practice and it seems that specialized problem domains take benefits
from problem-dependent tuning. A software package for R, (R Development
Core Team, 2008), suited to quickly implement hypothesized heuristics and
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to test them against standard benchmarks in structural learning is therefore
welcome.

Structural learning of Bayesian Networks has been first implemented in R
by Bgttcher and Dethlefsen (2003), who wrote the DEAL package in which
the BDe metric was implemented for learning Conditional Gaussian (CG)
networks, Bottcher (2005). A Greedy Search algorithm with random restart
is the search engine optimizing the BDe score.

In this paper we present MASTINO, a R package that provides new tools
for learning BNs and CG networks. MASTINO extends DEAL in several
ways. In particular, the P-metric score function is implemented to evalu-
ate CG newtorks under strong but partial prior information on the struc-
ture, Mascherini and Stefanini (2005b, 2007). The M-GA genetic algorithm
is based on a new population-based heuristic aimed at a robust search for
the best CG network, Mascherini and Stefanini (2005). The suite of func-
tions includes some utilities to help with the manipulation of BNs and CG
networks. MASTINO is freely available under the terms of the GNU Gen-
eral Public License Version 2, and it can be downloaded from the website:
http://statind. jrc.it/mastino. The package works under a R version
>=2.4.1 and it has been recently submitted to be part of the CRAN repos-
itory, therefore it should be soon available for download among contributed
packages.

This paper starts with Section 2 in which Bayesian Networks are shortly
described and structural learning of Bayesian Networks is introduced in the
score-and-search approach. New methods implemented in MASTINO are ex-
plained. Then, Sections 3 and 3 describe two simple examples together with
the corresponding R code and conclusions and issues to be addressed by fur-
ther research concludes the paper. For the discussion of more complex real
data examples we address the reader to Mascherini and Stefanini (2007).

2 Learning Bayesian Networks

A BN is a graph-based representation of random variables encoding their joint
probability distribution in a compact way. For terminology and theoretical
aspects on BNs, we refer to Cowell et al. (1999). In this paper discrete BNs
are shortly defined as a directed acyclic graph (DAG) D = (V, E) where V is
a finite set of vertices and F is a finite set of directed edges between vertices.
The DAG D encodes the structure of the Bayesian Networks. To each vertex
v € V in the graph corresponds a discrete random variable X,. The set
of variables associated with the graph D is X = (X,)yev. For shortness,
sometimes the label v also indicates the correspondent random variable X,,.
In addition, for each vertex v a set of parents, pa(v), is defined. A conditional
probability table (CPT) is attached to every pair (v, pa(v)). Thus the set P
of all local probability distributions p(z, | Zpe)) is obtained. The joint
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probability distribution is defined through the factorization:

p(a?) = H p(xv | xpa(v))

veV

In order to completely specify a Bayesian Network for X, we must therefore
specify a DAG D and a set P of local probability distributions, operatively
CPTs. Note that nodes at the tail of directed edges reaching node v denote
the random variables in the conditional distribution of X,,, thus a conditional
independence assertion is associated to the lack of one or more directed edges.
Further conditional independence relations may be read from the graph by
exploiting separation theorems. CG-BNs are probabilistic Networks in which
both continuous and discrete random variables are present. To ensure exact
local computation, discrete random variables are not allowed in CG-BNs to
have continuous parents. A method to perform parameter and structural
learning in CG-BNs has been recently described in Bgttcher (2005), where a
comprehensive discussion is performed.

The set of directed edges E on V defines a DAG, the structure of a BN.
Structural learning of BNs may be performed following two main different
approaches. In the first approach, learning follows the original PC schema,
Spirtes et al. (2000), which performs statistical tests to produce a list of
conditional independency relations. In the second approach, called “score-
and-search”, algorithms compare candidate DAG structures according to a
given score, also called metric, which is used as objective function during
optimization. Widely used scores include BIC, AIC and MDL. The most
important score from the Bayesian standpoint is the BDe metric, Heckerman
et al. (1995), in which a candidate DAG structure Bs on a fixed set of nodes
V' is supported by observed data if the conditional posterior distribution of
B, given observed data is large.

The above metrics have been all successfully used in actual learning tasks.
Despite the recognized possibility of improving the learning process by ex-
ploiting prior information, attempts to elicit prior beliefs on networks struc-
ture in a quantitative way are still quite limited in the literature.

Mascherini and Stefanini (2005, 2007) proposed a new score function, the
P-metric, which mixes prior beliefs and experimental information following
the BDe assumptions, Heckerman et al. (1994). In particular, the P-metric
encodes the a-priori belief on the structure of a candidate network B, by a
score function Sprior(Bs) which captures some local and some global network
features. Local features are defined by score component Sg(BS) that describe
beliefs on the presence of oriented edges, each one marginally considered. Par-
tial prior beliefs on network topology is encoded by score component S7(B;),
which takes the form of an expected degree of connectivity, for example the
expected number of parents for one child, and it is scaled according to the
Kullback-Leibler distance, (Kullback et al., 1951).
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The proposed score function Sprior(Bs) combines the two components
S8(Bs) and S7(Bs) on the logarithmic scale:

| 0w [[EBINT | La-a)=KLPyli2u)
Sprior(Bs) =1 g[( P({@})> Pl (1)

where the role of o, 0 < a < 1, is to balance the relative strength of com-
ponents due to edge orientation and to network topology. A value oo = 1 is
suited to perform learning without accounting for the network topology com-
ponent. According to the prior belief, the most plausible structure is obtained
by maximizing the score Sprior(Bs) with respect to Bs.

Our Bayesian-inspired metric, called P-metric, mixes the elicited prior
information and experimental information in a way close to Heckerman et
al. (1994). The Bayesian Dirichlet with Equivalence metric, (BDe), assigns
the same likelihood value to structures which are likelihood equivalent, i.e.
DAGs encoding the same assertions on conditional independence relations.
The equivalence is obtained by choosing BN parameters through a prior pro-
cedure in which Dirichlet hyperparameters are defined using the notion of
equivalent sample size. Then, the P-metric defining the score of a candidate
structure B given a complete database of cases D is, on the log scale:

lOg (SP—metric(Bs)) = ﬂz ' log(Sprior(Bs)) + ”BDe(D | Bsa 9) (2)

The role of the parameter (3, is to calibrate the strength of the prior score
with respect to the likelihood function. The value of 8, depends on the size of
the problem domain and on the sample size of cases as well as on the elicited
belief. Clearly for 3, = 0 the P-metric is equal to the BDe metric, if a uniform
prior distribution over structures is chosen in the BDe. In MASTINO the P-
metric is implemented with the Pmetric() function. The best network using
the P-metric can be found by two heuristic strategies: the greedy search,
Pmetric.search() and the perturbated hill-climb, p.hill.climb(), that
are an extension of the algorithms already implemented in DEAL.

Focusing on the heuristic strategies, in order to search the best Condi-
tional Gaussian Bayesian Networks using the BDe metric, in MASTINO a
genetic algorithm, named M-GA, (Mascherini et al. (2005)), is implemented
with the MGA() function.

Genetic algorithms (GAs) have been first used by Larranaga et al. (1996)
to search for optimal discrete BN structures. The GA implemented in MASTINO
is a modification of the method proposed by Larranaga et al. (1996) which
also works with CG networks. In the M-GA the single crossover point of
Larrafiaga et al. (1996) is extended and the two parents of a new individual
equally contribute to offsprings on a gene by gene basis, taking part bit by bit
in the creation of the new individual string, to maintain or increase the ge-
netic variability of the population of candidates. Furthermore, a fixed number
of randomly generated networks is added at each generation as immigrants.
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3 Examples

The ASIA network is a small fictitious and well-known Bayesian network,
Lauritzen et al. (1988), for calculation of the probability of a patient having
tuberculosis, lung cancer or bronchitis given values taken by some other vari-
ables, like visit-to-Asia which is one if the patient recently visited Asia. The
problem domain is here quite rich, for example shortness-of-breath, called
dyspnoea (D), may be due to different factors, like tuberculosis (T), lung
cancer (L), and bronchitis (B). Then a recent visit to Asia, (A), increases
the risk of tuberculosis, while smoking, (S), is known to be a risk factor for
both lung cancer and bronchitis. Results of a single chest X-ray, (X), do not
discriminate between lung cancer and tuberculosis, (E), as neither does the
presence or absence of dyspnoea. All the 8 variables of the model are binary
and the dataset included in MASTINO contains 1500 cases.

In MASTINO, the initialization of a network precedes the score-and-
search step of structural learning. Being based on the package DEAL, the
library MASTINO can be used to learn both discrete and CG networks. In
particular MASTINO exploits the representation of a Bayesian Network as
an object of class network defined in DEAL. Networks are generated from a
dataframe, and discrete variables must be specified factors. In Bgttcher et al.
(2003) a complete description of the DEAL functions is provided. Network
building is performed using DEAL resources:

> 1library (MASTINO); data(asia); df = asia; net=network(df)

Parameter learning follows the Bayesian approach. Parameters of the
joint distribution of variables in the network are determined by the function
newprior (), that is based on the function jointprior () defined in DEAL.
To improve the learning process fully discrete and CG networks are treated
as different objects by setting automatically the parameters of the master
prior function, Bgttcher (2003):

> prior=newprior(net); net.2=getnetwork(learn(net,df,prior))

After defining the prior distribution the P-metric may be used to learn
the structure using expert’s belief. We assume that the available prior infor-
mation was partially quantified by experts concerning three pairs of nodes:
(A,T), (S,L) and (L, T). The expert states that the node ” Tuberculosis” (T)
is not reputed to have any effect on ”Visiting Asia” (A), so the probability
of the event A « T was set to be equal to 0.01, and the remaining proba-
bilities are set to capture a slight effect of the event ”Visiting to Asia” on
”Tuberculosis”; then, ”Smoking” (S) was believed to have an effect on ”Lung
Cancer” (L) but ”Lung Cancer” did not have any effect on ”Smoking”. The
probability of those events was set to P(S — L) = 0.6 and P(S «— L) =0.01
respectively. Finally, no effects between ”Lung Cancer” and ” Tuberculosis”
(T) was believed to exist, so the probability of the event L </~ T was set
equal to 0.8. For simplicity, the prior information elicited above was then en-
coded in MASTINO using vectors, where the first value is equal to the prior
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probability, the second is the identificative number (ID) of the parent node

and the last is the ID of the child node:
> bell=c(0.01,5,3); bel2=c(0.55,3,5); bel3=c(0.6,4,6)

> beld=c(0.01,6,4); bel5=c(0.1,6,5); bel6=c(0.1,5,6)

The six vectors are then merged into a matrix and they are included in
MASTINO using the dedicated function:

> belief=rbind(bell,bel2,bel3,beld, belb, bel6)

> PV=includeBelief (belief, net)

Prior information on network topology was defined by requiring that 80%
of network nodes has at most one parent, q-x=c(0.8,0.2); cl=1. The set of
input parameters in the P-metric function must be specified before structural
learning. In particular the strength of the prior information, 8 and the im-
portance of the local features, a;, must be specified. Mascherini and Stefanini
(2007) numerically explored the effect of several different pairs of parame-
ter values on the overall score. The P-metric seemed not highly sensitive to
the precise numerical choice of two parameters. Based on these results, here
we set S = 0.5, i.e the strength of the prior information is reduced of 50%,
and a=0.75, because due to the small size of the network the local features
are considered more important than the global features. Structural learning
takes place by invoking Pmetric.search or P.hill.climb, which respec-
tively extend the greedy search algorithm and the perturbated hill climbing
implemented in DEAL:

> alpha= 0.75; beta=0.5; best.gs=

Pmetric.search(net.2, df, prior, beta, alpha, PV, cl, qx)

> best.hc=p.hill.climb(net.2, df, prior, beta, alpha, PV, cl,

q-x)

DEAL provides functions to plot learned networks. In this case study the
two algorithms converged to the same network presented in Figure (1, a).
The comparison of these two networks is performed by means of function
compareBN, which gives a summary of the similarities of the two networks in
terms of correct/wrong arcs:

> plot(best.gs[[1]]1); plot(best.hc[[1]])

> compareBN(best.gs[[1]],best.hc[[1]])

The comparison of the learned network with the original ASTA network
shows that a total of 7 arcs (correct + reverse oriented) out of 8 are suc-
cessfully identified by MASTINO. Although in the network learned using the
P-metric one arc is missing, these findings suggest the overall effectiveness
of our algorithms. In particular, the P-metric outperforms other algorithms
as the BDE metric implemented in DEAL and PC-NPC algorithms imple-
mented in the commercial software HUGIN, Andreassen et al. (1989). In fact,
the P-metric correctly identified a total of 7 arcs in the best case against a
total of 5 arcs discovered by the PC and NPC algorithms. The comparison of
computer runs performed with the BDe metric implemented in DEAL shows
an unexpected feature of the DEAL implementation: if prior parameters are
automatically set by DEAL then the learning algorithm discover a total of 7
arcs out of 8 but it also adds other 17 incorrect arcs. On other hands, if prior
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parameters are manually set then a total of 5 arcs are correctly identified by
the BDe metric implemented in DEAL (Figure 1, b).

RATS is a network created by simulated data available in DEAL. The
dataset is structured in 24 rats (12 females, 12 males) receiving a randomized
assignment of one drug among three products for loosing weight. The weight
loss for each rat is noted after one and two weeks. The variable included in the
dataset are: Sex (discrete, binary), Drug (discrete, trinomial), W1 (numeric,
weight loss, one week), W2 (numeric, weight loss, second week). The aim is to
assess the effects of Drugs on the rats’ weight loss. The network is initialized

as described above:
> data(rats); df = rats; net=network(df); prior=newprior(net)

> net.2=getnetwork(learn(net,df,prior))

After network initialization, structural learning of a CG network is per-
formed by invoking the MGA() function, a population-based algorithm per-
forming stochastic search in the space of CG networks. According to the
literature, we set the following parameter values: immigration rate = 0.05;
mutation rate = 0.01; crossover = 0.5; population size = 10; number of gener-
ations = 10. Besides setting different values for parameters of the M-GA algo-
rithm, the user must specify at least a dataframe of observations: >best .MGA
= MGA(df,0.05,0.01,0.5,10,10). The 10 best structures from one run are
contained into the list best.MGA. The graphical representation of the best
structure is obtained by executing the function plot. The best network found
by M-GA is equal to the original network and also to the network learned
using the autosearch function implemented in DEAL. Values of the BDe score
for top scored structures along generations are easily obtained and plotted

as the output of the commands below shows:
>plot(best.MGA[[1]]); best.DEAL=autosearch(net.2, df, prior)

>compareBN(best.MGA[[1]], best.DEAL[[1]])

4 Conclusion

In this paper we presented MASTINO, a R package to learn Bayesian Net-
works following a score-and-search approach, which extends the DEAL pack-

Algorithm |Correct and Reverse|Missing|Incorrect
Oriented Arcs | Added
PC 5 3 0
NPC 5 3 1
BDephrar 7 1 17
BDeppar 5 3 2
P-metric 7 1 0

(b) *prior parameters automatically set; **prior pa-
rameters manually specified.

(a) Learned structure.

Fig. 1. Structural learning of the ASTA network in MASTINO [a]. Performances of
some learning algorithms are compared at a sample size equal to 1500 [b].
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age. The score metric, called P-metric, is implemented to evaluate structures
using an informed score and the M-GA genetic algorithm is coded to perform
a robust search in the space of CG networks. Although some computational
constraints of R limit the use of MASTINO to problem domains with few vari-
ables, the package represents an original implementation of a set of recently
proposed tools. Further work could be directed towards making MASTINO
suited to learn large sized networks. A preliminary inquiry seems to suggest
that a low-level recoding will both make MASTINO independent on DEAL
and increase its speed up to handle reasonably large problems domains.
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