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Tree-augmented networks (TAN)
• Within naive Bayes, the only parent of a

feature is the class node.

• Within TAN (Friedman et al., 1997), the
parents of a feature are the class and at
most another feature, thus also modelling
correlated features.
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Credal classifiers
• Credal classifiers model prior near-

ignorance by the Imprecise Dirichlet
Model (IDM).

• They return the non-dominated classes in
posterior credal set K.

• Class c’ dominates c” iff:
minp∈K(p(c′|y)− p(c′′|y)) > 0

where y denotes the value of the features.

• There can be more non-dominated classes
(indeterminate classification).

• Usually, the accuracy of Bayesian clas-
sifiers drops on the instances indetermi-
nately classified by their credal counter-
parts.

Variants of the IDM
• We consider three variants of the IDM:

the global, the local and the extreme (EDM;
Cano et al., 2007).

EXAMPLE
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• The interval ofX1 is estimated identically
by all IDMs as
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n+s

]
.

• The probability interval of X2 is esti-
mated as follows:

Global IDM
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Local IDM

[
nx1x2
nx1+s ,

nx1x2+s

nx1+s

]
EDM

[
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]
;
[
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• αx1x2 is costrained by
∑
x2
αx1x2=αx1 in

the global IDM, but freely ranges between
0 and s in the local IDM.
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IDM for classification
• The global IDM has been computed

only for the naive credal classifier (NCC)
(Corani and Zaffalon, 2007).

• The local IDM is easier to compute, but
generates unnecessary indeterminacy.

• The EDM restricts the global IDM to its
extreme distributions, thus simplifying
the computation.

• The EDM treats the s hidden instances as
s rows of missing data, whose actual val-
ues are unknown yet identical across the
s instances.
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The EDM has still to be tested in classifica-

tion problems.

• We compared the NCC with EDM (NCC-
EDM) and the NCC with global IDM.

• NCC searches the minimum of p(c′|y) −
p(c′′|y) in (0, s) while NCC-EDM only
evaluates this difference in 0 and s.
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• Only on audiology NCC and NCC-EDM
return 22% different classification; in fact,
most features in this data set have very
skewed distributions (e.g., 225,1).

• EDM appears however as a reliable ap-
proximation of the global IDM. pippo

TANC
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• A credal TAN was proposed by Zaffalon
et al., (2003); it is referred to as TANC*.

• TANC* is based on the local IDM to keep
feasible the computation and assumes
missing data to be MAR.

• TANC* is reliable but returns many inde-
terminate classifications;
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We propose TANC that:

• is based on the EDM, to avoid the unneces-
sary indeterminacy of the local IDM;

• treats missing data as nonMAR, by consider-
ing as possible all the replacements for miss-
ing data, thus computing a set of likelihoods.

• although the possible likelihoods increase ex-
ponentially with the number of missing val-
ues, the computational complexity of TANC
does not.
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Experiments
• Several UCI data sets; 10-folds cross-

validation.

• The accuracy of the standard TAN
sharply drops on the instances indetermi-
nately classified by TANC.
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TANC vs. TAN

• We compare TANC against TANC*, by
means of discounted-accuracy:

d-acc =
1
N

N∑
i=1

(accurate)i
|Zi|

where |Zi| is the number of classes re-
turned on the i-th instance and accuratei
denotes whether the output of the classi-
fier includes the real class.

• TANC achieves higher d-acc than
TANC*, mainly due to the removal of
unnecessary indeterminacy.
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Missing data

• The determinacy of TANC quickly de-
creases with the number of missing data;
the TAN structure leads to higher indeter-
minacy than the naive one.
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