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MASTINO is built on the top of the package DEAL, developed by
S. G. Battcher and C. Dethlefsen (2003).

DEAL

MASTINO

Using data structures and functions already implemented in DEAL, (i.e.
network definition, prior on parameter, BDe metric, etc. etc.),
MASTINO provides various functions and methods enhancing the
learning of Conditional Gaussian Bayesian Networks from data.
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MASTINO is a suite of R functions to learn Bayesian Networks from data

It is born by the implementation of the new methods for learning BNs from
data | proposed in my PhD thesis, entitled “Learning Probabilistic Networks
in Large and Structured Domains” and successfully defended last February
at the Department of Statistics of the University of Florence, Italy.
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MASTINO is freely downloadable as collection of R functions from my website:
www.ds.unifi.it/mascherini
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In particular, in MASTINO the P-metric, (M.Mascherini and F.M. Stefanini,
2005), a new original metric to evaluate Bayesian Networks using prior
information on structures, and the MGA algorithm, (M.Mascherini and F.M.
Stefanini, 2005), a genetic algorithm to search for the best Conditional
Gaussian Bayesian Networks, are implemented as well as numerous others
utility functions to manage with BNs.

MASTINO
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The P-metric: a

new metric to
evaluate (CG-)BNs
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MGA Algorithm: A
genetic algorithm to
search for the best
(CG-)BNs.

Utility functions:
comparison of two BNs,
etc. etc.




The MGA algorithm is a population-based heuristic strategy to search for
the best conditional gaussian bayesian networks maximizing the BDe
metrics, extended for CG-BNs by S. G. Bgttcher (2005).

1) Individuals (CG-Bayesian Networks) are
randomly generated!

2) Individuals reproduce themselves in the

Offspring production process
} 3) According to a given metric, Individuals are
EMEMMMM

selected and die!
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Steps 2 and 3 are iterated until the stop
condition is reached
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When all the random BNs are coded as Connectivity Vectors, the Offspring
Production process can start and new individuals are randomly created.
Although the crossover and the mutational operators are maintained, the
Offspring Production process here adopted quite differ by the process
implemented by Larranaga: it improves the genetic variability of the population
that permits to reach a faster convergence and avoiding local maxima.
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PUISIS 1, 1
The admissibility of the structure entailed by the new individual is checked by
testing the fulfilment of CG-BN properties and DAG requirements. A random
elimination of inadmissible arcs is performed if the test fails.

Then population is resized to the original size following the elitist criterion
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A random population of size K of BNs is created, where each BN is created
using methods implemented in DEAL.

Then, following the Larranaga (1996) approach, each Bayesian Network Bi
is represented as a Connectivity Matrix CM of dimension (n by n), where
each element, cjj , satisfies: cij = (1ifjis a parent of i, 0 otherwise).

CL%I CL»j CL»k
CJ—>| Cj—>j CJ—>I
CM (Bi) =
_Ck—>i Ck—>j Ck—)k_

Then, the Connectivity Matrices are linearized in individuals (Connectivity Vectors)

CV(Bi)=(c11,C12,C13,...,cnn), and the population of K strings will be the starting
population of genetic algorithm.
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The entire algorithm is coded as an R function, composed by many other R
functions.....

MGA(data, immigration rate, mutation rate, crossover, size of pop, n.iter)

new.breediRg
network
Jjointprior
rubuy ld.bn2
getnetwork mettiimmigrati

generate.bn

individuals
generate.pop
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R Console

A simple example!

i1 HASTINO

[1] "## L Suite of Functions to Learn Bayesian Networks ##"

"
——

> prior=jointprior (net)

Ty maip i ane 33

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

:

> populacion = Heh(at,0.05,0.01,0.5, 10, 11|

R2.3.0 - A Language and Envronment

 RGui - [R Graphics: Device 2 (ACTIVE)]

Salva cronolagia... Ridmensiona  Finestre.

1] “## V. 1.06 #
1] "h #in
(11 "H# HASS THILIANG HASCHERTNT #in
[l “## nassherfos . uniti. it #
[1] "## wov.ds.unifi.it/maschering #n
S #n
[1] "##  Learning Probabilistic Networks in Large and  #§"
1] "é# Structured Domains . #n
[1] "##  PhD Thesis - University of Florence, Ttaly  #4"
11

5

> data(rats)

> arerats
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A simple example!

Score: -160.2244
Relscore: 1

88 4 Esplo.

A simple example!

I RGui
Fie Salvacronologia... Ridmensiona Finestre,

;R Console i R Graphics: Device 2 (ACTIVE)

[BEIES

HEX

[1] "mumero reti corretee:
BE 1
1] " o
[1] "Newly generated metuorkst @
1 !
[1] "Immigrated networks:"
1

@
[1] "tempo di esecuzione: 18.84" -
[2] "tempo i esecuzione: 0.48 Z
[3] "tempo di esecuzione: 13.5300000000000" S
{4] "empo di esecuzione: Na S
[5] "tempo di esecuzions: NA™ o
> populacion[[1]]
## 4 ( 2 discrete+ 2 ) nodes;score= -160.224392846267 ; =
1 Sex aiscrese(2) T
3 Drug diserete(3)
3 w1 continuous() 2
] Wz continuous () 3
| 28

= 48 manual pof

We tested the algorithm with several Machine Learning benchmark dataset

with successful results

8
Using the KSL case study, Badsberg 2
(1995), included in DEAL, the :
convergence to the real network is : g
achieved after an average number of ]
iterations equal to 84.57. g

8 7

60 80 100

iterations

In general, the number of iterations required for the convergence is lower
than other genetic algorithm approaches (Larranaga, 1996).

Obviously, the time of computation depends by the size of the networks, it
varies from few seconds (rats data) to one hour (ML benchmark datasets) or



The P-metric is a new metric to evaluate BN exploiting prior information on
structures that the expert can have.

Most of the approaches developed in the literature to elicit

the a-priori distribution on BNs structures require a full specification of graphs,

(Buntine, 1991; Heckerman 1994). Unfortunately, an expert can have more
knowledge about one part of the domain than another making unfeasible a
coherent complete specification of the prior structure distribution

We proposed a prior elicitation procedure for DAGs which exploits weak prior

knowledge on DAG's structure and on network topology.

SPrior (Bs) = Sfmr (Bs) + S:”or (Bs)

the first part encodes the the second part encodes the belief the
elicitation of the belief over arcs, expert has over the resulting
when available. topology of the candidate structure.
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A simple example!
EASTIND aE"
[1] "## 4 Suite of Functions to Learn Bayesian Networks #§"
[ #t v. 1.06 s
[1] "## i
[11 "#8 MASSIMILTANG MASCHERINT #H"
(1 "# mascherfids.unifi. it P
[1] "## wuw.ds.unifi. it/mascherini i
[11 "#8 #H
[1] "## Learning Prokbabilistic Networks in Large and  ##"
[1] "## Structured Domains. #Hn
[1] "#8 PhD Thesis - University of Florence, Italy i
Loading Tcl/Tk interface o
; datairats)
; net=network (df)
RZ 3.0 - A Language and Environment
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Defined the prior elicitation procedures, we then develop a new quasi-
Bayesian score function, the P-metric, to evaluate BN and to perform
structural learning following a score-and-search approach

SP—metric(B) = Sprior(B) : P(Dl B!é)

BDe likelihood

In MASTINO we have implemented functions to encode the prior elicitation

procedures and the P-metric, using Greedy Search heuristic strategy to find the

best BNs.

Pmetric(network , alpha, class bound, ProbabilityVector)

We tested this new methods with several ML benchmark dataset with successful

results, even if, for more complex databases we faced the computational

limitations of the R environment and some strange behaviour of the BDe metric
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A simple example!

BEE

RComsole EER

> belief-macrix(c(0.02,0.01,2,4,1,3),2,3)
> peliet
1 2] L3
(1, 002z 1
(z,] 0.01 4 3
>
> PU=includeBelief [belief, net.2)
> o_x=c(1,0)

>
e
>
>
>

Rest.nu=Pmetric.searchnet.2,df, prior,0.5,0.5,Fvif

R.2.3.0- A Language and
Ty



A simple example!

Fie Salvacronclogia... Ridimensiona  Finestre.

I~ R Graphics: Device 2 (ACTIVE)

[11 " 2z | -8e.8333784838838
[11 " 3 | -87.8137471355792

-3.55032289356266 |
-3.55032288356266 |

1

1
[4] " 4 | -76.8704379833672 | -3.550322609356266 |
[ " § | -129.506176504024 | -1.59933655677534 |
[1] " 6 | -88.2996797392824 | -3.55032280356266 |
{1 " 7 | -87.5661924939043 | ~-3.55032289356266 | Score: -12.599
[1] " 8 | -B1,3539548628995 | -3.55032289356266 | Relscore: 1
(1) -78.87044 [Sex] [Drug] [Wl|Drug] (V2]
[1 " 1 | -119.551594826127 | ~-1.05098633478732 |
[1 " 2z | -80.0784283135089 | -3.55032289356266 |
(1 " 3 | -102.19509437266 | -2.71023892020947 |
[1] " & | -143.627855071834 | -0.759252585422146 |
[1] " 5 | -79.5447295669075 | -3.55032283356266 |
[1] " & | -76.8112423235295 | -3.55032269356266 |
[1 " 7 | -72.5990046925247 | ~-3.55032289356266 |
[1] " 8 | -87.625388153742 | -3.55032289356266 |
(2) ~72.589 [Sex] [Drug] [V1| Drug] [¥2171]
[ " 1 | -113.280161535285 | -1.95098633478732 |
[1 " z | -73.8060050226664 | ~-3.55032280356266 |
{1 " 3 | -95.9236610818176 | ~-2.71023852020847 |
[1 " 4 | -93.7183601624048 | -2.71023892020947 |
[1] " 5 | -95.4164377708726 | -2.71023892020847 |
[1] " & | -81.3539548628996 | ~-3.55032289356266 |
(1 " 7 | -76.870437983367z | -3.55032283356266 |
[1] " 8 | -143.627855071834 | -0.759252585422146 ||
Total 1.5 add 0.32 rem 0.0z turn 0 sort 1.17 choose 0.
-1

/4 start _ 5 [ € TonR 1 Mas A6, | o manual par

THE PROBLEMS!

Computational Burden ‘

DEAL is afflicted by the same problem! We found that the
problem arises especially during the sort phase of the greedy
search.

A question naturally arises:

Itis R the perfect environment when dealing with problem with this
size of complexity???

Who knows?? | just know that at the moment large networks
are untreatable using DEAL or MASTINO...
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THE PROBLEMS!

Computational Burden ‘
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We tested our algorithms using a IBM e-server, a dual processor
computer equipped equipped with 2xAMD Opteron 2.0GHz (1MB L2
Cache) with 5giga RAMs and the operative system is Red Hat Enterpriser
Linux AS Ver.4.

Running several tests with ML benchmark datasets we found that
the out of memory error is often invoked.

The Out of Memory error arises when dealing with networks handling
more than 27 (discrete) nodes and/or when using large sample
space.

Larger sample size -> Lower size of the network supported

THE PROBLEMS!

BDe metric implemented in DEAL ‘

Testing our package MASTINO, we massively used the package DEAL.

During my tests, I've found that often the learned network converges
towards a complete networks and not to the true network
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Checking the results, it seems that the BDe metric implemented in
DEAL appears to be greatly dependant by the imaginary sample size
of the jointprior function.




THE PROBLEMS!

ASIA Network (Lauritzen et al., 1988) ‘
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Sample size | Total number | Correct Arcs Wrong Directed | Incorrect Missing
of arcs Arcs Added Arcs | Arcs

500 27 2/8 6 19 0

1500 26 1/8 7 18 0

3000 26 1/8 7 18 0

5000 26 1/8 7 18 0

Visitto Asia?

Original

Conclusion!

Here we have presented the package MASTINO, to learning BNs from data.

MASTINO is build on the top of the package DEAL and provides
various methods to learn BNs from data

MASTINO was tested with several Machine Learning benchmark
dataset with successfully results.

Unfortunately there is a strong limitation: for real networks the problem of
the computational burden arises, making unfeasible the process of
structural learning.
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THE PROBLEMS!

HGH Network reduced to 20 variables, (Le et al., 2005)

Sample size | Total number | Correct Arcs Wrong Directed | Incorrect Missing
of arcs Arcs Added Arcs | Arcs
500* 48 1/33 18 29 14
1500** 40 1/33 18 21 14
3000*** 19 0/33 7 12 26
5000%*** 10 0/33 5 5 33

*  Stopped by out of memory error after 49 iterations
**  Stopped by out of memory error after 40 iterations
*+* Stopped by out of memory error after 19 iterations
*xxx Stopped by out of memory error after 10 iterations
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