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Abstract

Bayesian supervised classifiers are one of the most promising data mining
techniques for large scale applications. When the database is complete,
they provide an efficient and scalable solution to classification problems.
When some data are missing in the training set, methods exist to learn
these classifiers, albeit less efficiently, under the assumption that data are
missing at random. This paper describes the implementation of RoC, a
Bayesian classifier able handle incomplete databases with no assumption
about the pattern of missing data.
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1. Introduction

Classification is a common task performed by knowledge discovery systems and consists of
assigning a class label to a set of unclassified cases. Classification typically involves two
steps: first the system is trained on a set of data and then it is used to classify a new set
of unclassified cases. When the possible classes are known in advance and the system is
trained on a set of classified cases, the task is termed supervised classification.

Bayesian methods provide one of oldest methods to perform supervised classification. A
Bayesian classifier [4, 11] is trained by estimating the conditional probability distributions
of each attribute, given the class label, from a database. The classification of a case,
represented by a set of values for each attribute, is accomplished by computing the posterior
probability of each class label, given the attributes values, by using Bayes’ Theorem. The
case is then assigned to the class with the highest posterior probability. This classification
rule is optimal under a 0-1 loss [3] and assumes that mis-classification costs are equal. Other
classification rules that account for different mis-classification costs can be adopted but the
underlying approach relies on the ability to compute the conditional probability of each
class value.

The simplifying assumptions underpinning the Bayesian classifier are that the classes
are mutually exclusive and exhaustive and that the attributes are conditionally independent
once the class is known. These assumptions have been responsible for a form of ostracism
suffered by the Bayesian classifier that has been dismissed as naive, useful at most as ”straw
man” to evaluate more sophisticated techniques [3]. Notwithstanding these theoretical limi-
tations, recent empirical evaluations have found the Bayesian classifier surprisingly accurate
[9, 5]. Furthermore, the growing interest in large databases, mainly motivated by the efforts
to scale up machine learning methods to data mining tasks, has led to a new appreciation
of the computational advantages offered by the Bayesian classifier and, together with the
new empirical findings about their actual accuracy, has induced a process of rehabilitation.
As a matter of facts, the deprecated assumptions make both learning and classification very
efficient and therefore feasible to tackle large databases.

Unfortunately the learning efficiency, so precious to their success, is lost when the
database is not complete, that is, it records some entry as unknown. In this case, the
exact estimate of each conditional probability distribution, required to define a classifier,
is a mixture of the estimates that can be computed in each database generated by the
combination of all possible values of the missing entry, and the computational cost of this
operation grows exponentially in the number of missing data. This limitation could turn
out to be even more dangerous to the deployment of a Bayesian classifier in real-world
applications than its — almost forgiven — representational limitations, because missing
data are a frequent problem of observational databases, like those used in data mining and
knowledge discovery tasks.

Simple solutions to handle missing data are either to discard the cases with missing
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entries or to ascribe the missing entries to an ad hoc dummy value. These solutions are
extremely vulnerable to bias, because they assume that the missing data are not relevant to
the estimation of the probability distributions. More sophisticated techniques involve the
use of iterative or stochastic methods, such as the EM algorithm [2] or Gibbs Sampling [6].
Both methods rely on the assumption that data are Missing at Random [12], that is, the
probability that an entry is missing is independent of the unknown values in the database.
This assumption is not verifiable and, when violated, the resulting estimates suffer of a
dramatic decrease in accuracy [16]. However, even if the Missing at Random assumption
holds, the deficiencies of the two methods make them inappropriate for estimation in large
databases. The EM algorithm is notoriously slow and can easily end up in a sub-optimal
solution when the number of missing data is large. Gibbs sampling, compared to the EM
algorithm, provides measures of the estimation accuracy but the computational cost of this
method heavily depends on the absolute number of missing data, thus preventing its scal-
ability to large databases. A partial solution is provided by a deterministic method, called
Bound and Collapse (BC) [14]. BC does not rely, per se, on the Missing at Random as-
sumption but allows the user to specify any pattern of missing data, including the Missing
at Random assumption, if this is the case. Unfortunately, BC still requires an assump-
tion about the process generating missing data, and this information may not be readily
available.

This situation motivated the development of the robust Bayesian estimator (RBE) [13],
which does not rely on any assumption about the pattern of missing data. The RBE is based
on a entirely new view of incomplete data: with no information on the pattern of missing
data, an incomplete data set can only constrain the set of estimates that can be induced
from its completions. The RBE produces probability estimates that are robust with respect
to the pattern of missing data by providing probability intervals that contain the estimates
learned from all possible completions of the incomplete databases. Using this theory, we
have developed a Robust Bayesian classifier (RBC), which is trained on an incomplete data
set using the RBE and performs classification by propagating probability intervals. The
particular statistical model underlying the Bayesian classifier allows a closed-form solution
of both these operations and the definition of efficient algorithms to perform both of them.

This paper describes RoC, a computer program implementing the robust Bayesian clas-
sifier. The next section summarizes the principles of the robust Bayesian classifier and
identifies the main design issues of the implementation. Section 3 describes the implemen-
tation in some details and Section 4 describes the application of RoC to a relatively large
database, to describe behavior and performance of the program.

2. Bayesian Classifiers

A Bayesian classifier is defined by a set C of classes and by a set A of attributes. We denote
a generic class by ¢; € C and a generic attribute by A; € A. We assume that the classes
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Figure 1: Structure of a Bayesian classifier.
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are mutually exclusive and exhaustive, that is, one and only one class label can be true in
a given situation. In this way, we can regard the set C' of classes as a stochastic variable,
taking on one of the values ¢; with a probability that represents the unknown “state of the
world”.

Suppose our task is to classify a set of citizens in two classes: the class of citizens making
more than 50,0008 a year and the class of citizens earning no more than 50,0008 a year. The
set of classes will be defined, in this case, by two elements {>560,000,<=50,000} and the
variable C' will be in one of these states: ¢; =>50,000 or ¢o =<=50,000. The probability
p(C = ¢1) represents the chance that a citizen chosen at random earns more than 50,0008.
Also attributes can be regarded as stochastic variables and we assume that these variables
are discrete. Each attribute A;, like gender or education, will therefore take on one of
the values in a set {a;;}. For instance, gender will take on one of the two values male or
female, while education may take on one of the values primary, high school, college,
postgraduate. We denote the assignment A; = a;; and C' = ¢; respectively by a;; and c;.

The assumption that attributes are conditional independent given the class can be graph-
ically represented as a Bayesian Belief Network [8]. Figure 1 shows a graphical represen-
tation of a Bayesian classifier with 16 attributes. Each arrow represents a conditional
dependency between the classes and each attribute. Every (undirected) path between two
attributes passes through the clagss C' and this graphical structure encodes the assumption
that each attribute is conditionally independence of the others, given the clags. Intuitively,
this assumption means that, once we know the class label, knowledge of other attributes
values are irrelevant to A;.
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Suppose we are now given a database D. Each case in the database reports a set of
attributes values (also called instances), together with the class label of the case. The
training of a Bayesian classifier consists of the estimation of the conditional probability
distribution of each attribute, given the class, from the database D.

Let n(aix|cj) be the number of cases in which the attribute A; appears with value a;,
and the class is ¢;. The frequentist estimate of the conditional probability p(a;k|c;) is the
relative frequency of relevant cases in the database

n(ax|c;)

> n(aikle;)

k

plairlc;) =

Similarly, we can estimate the probability p(c;) as

n(c;)

p(e) = -

where n(c;) is the frequency of cases in the database with class ¢;, and n = Y7, n(cp) is
the size of the database. These estimates, however, are only a function of the data while,
in some situations, we may also want to take into account external information, such as an
expert’s opinion, in the estimation process. The Bayesian approach encodes this external
information as a set of prior probability distribution for each attribute, given the class,
and the clags. These distributions, in turn, can be regarded as the relative frequency of
imaginary cases upon which this prior assessment has been formulated. If we denote by
the number of imaginary cases encoding our prior probability p(aix|c;), we can write the
Bayesian estimate of p(aix|c;) as

ok + n(aik|c;)
aiklc;) = ——m——= 1
where o; = ) ; ;i is the sample size of the imaginary cases with class c¢; and encodes,
in some way, the confidence in our prior probability: the higher the number of imaginary
cases, the higher the confidence in our prior probability. Because of this, «; is called local

prior precision [7]. Similarly, the Bayesian estimate of p(c;) is given by

\_ o +nle)

plej) = a+n

where @ = 3, ; is the prior global precision and n =3} ; n(c;) is the number of instances
in the data set. Lack of prior knowledge about the problem at hand is usually represented
by letting o; = a/c, where ¢ is the number of classes, and o;, = «;/a;, where q; is the
number of values of the attribute A;. In this way, we have that, a priori, p(c;) = 1/c and
plaiklc;) = 1/a;. See [15] for further reference.
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Figure 2: The flow of tasks performed by RocC.

Once the classifier has been trained, we can use it for the classification of new cases. A
standard application of Bayes’ theorem let us calculate the probability of the class value
C = ¢; given the set of attribute values ey = {A1 = a1,-.., Am = G} 38

oy Tz plaiklei)p(es)
plejlen) = e T p(aslcn)p(en) @

and the case is assigned to the class with the largest posterior probability. An advantage of

the Bayesian classifier is that the assumption of conditional independence of the attributes
given the class allows us to iteratively compute p(c;|ex). We begin by computing

o) — — Platkle))p(e))
plejla) > h=1p(aik|cn)p(cn) ®)

and this value is used in the next iteration by letting

p(a2k|cj)p(cj|alk) (4)
> h=1p(azk|cn)p(cn|air)
and so on. The iterative application of this formula to all entries in each case will compute
the posterior probability distribution of the classes.

All these properties hold until the database is complete. When the database reports
some data as unknown, the computational efficiency of the Bayesian classifier is lost. In
this case, the exact estimate of each conditional probability distribution must be computed
as the mixture of the estimates for each database generated by the combination of all
possible values for each missing entry, and the computational cost of this operation grows
exponentially in the number of missing data. Current methods to cope with this problem
use approximate solutions based on the agsumption that data are Missing at Random or, at
least, that the pattern of missing data is known. Both assumptions can be unreasonable in
data mining applications as databases are often collected over time and little information
may be available about the collection procedure. Since an incorrect assumption about the
pattern of missing data can introduce a dramatic bias in the estimates, we would like to be
able to train a classifier without making any assumption about the mechanism generating

P(Cj|a1k, a2k) =
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Figure 3: Definition screen.

missing data. To this aim, we have devised a new robust Bayesian estimator [13] that does
not assume any pattern of missing data. The next section describes the integration of this
estimator in a complete program for supervised classification, called Roc.

3. A Robust Classifier

The aim of RoC is to extend the capabilities of the Bayesian classifier described in the
previous section to situations in which the database reports some entries as unknown. Thus,
ROC can train a Bayesian classifier from an incomplete database, and uses the classifier for
classification of new cases. To make RoC feasible for data mining applications, both training
and classification steps maintain the computational efficiency of the standard Bayesian
classifier. RoC interface is implemented as a set of sequential steps (called Wizard interface),
and we will follow these steps to describe the behaviour of the program. Figure 2 shows the
flow of the program steps.

3.1 Definition

RoC can either define a Bayesian classifier from a database or load a previously defined
classifier. In the former case, RoC needs first to define the components of the classifier, that
is identify the class variable and define the classes as well as the attributes values. This step
can be done automatically as RoC can define classes and attributes from a database of cases.



An Introduction to the Robust Bayesian Classifier

Robust Bayesian Classier

Class Selection

Choose which vamable represents the classes inthe dalabase. Yhen the
database containg continuous variables, you can setthe number of states
and the discretization mathod for each continous vanable, and override the
defaulivalues defined in the previous screen.

4 =] [Thiisthe class

2 MORE

i LESS

E

]

10

=

12

:i Hunbei of ghales:

CLASS - Discrehizston: I

bout tep Concel Previns | [ New | |

Figure 4: Class selection and discretization screen.

The format of the database has cases as rows and variables — either attributes or class —
as columns. The first row contains the names of the variables that are the names used then
by RoC to call the variables. RoC will then scan the cases to identify the possible values
of all variables in the database. The user is asked to set the maximum number of states
for a numeric variable to be considered an ordinal variable, that is, a variable with discrete
numeric states. When a variables passes this threshold, Roc will detect this variable to be
continuous.

RoC handles discrete variables only, so variables detected as continuous are discretized.
The user is allowed to define the number of discretized states for continuous variables
and it is allowed to choose between two unsupervised discretization methods. For each
continuous variable, the first method takes the minimum and the maximum value detected
in the database and divide the range between minimum and maximum in a set of equally
spaced intervals. The second discretization method splits the range between minimum and
maximum into intervals containing the same number of cases.

3.2 Class selection and Discretization

The second step of the process consists of choosing the variable in the database representing
the class. For each continuous attribute, the user can override both the default number of
discretized states and the discretization method set in the previous screen.
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Figure 5: Prior probability distribution assessment screen

3.3 Prior Probability Distributions

The core of a Bayesian approach to probability estimation is the possibility of setting
prior probability distributions representing information about the class distribution and the
dependence of each attribute on the class. In this screen, the user can set the conditional
probability distribution p(a;x|c;) of each attribute given the class, and the prior probability
p(c;) of each class. By default, RoC assumes these distributions to be uniform.

The user has also to set the prior precision o, described in the previous section. For each
attribute value a;;, the parameters o used in the estimation process will be computed as
plaik|c;) x p(e;) x o, where p(a;|c;) and p(c;) represent the prior conditional distributions
of the attribute A; given the class and the probability distribution over the class C, respec-
tively. The default value suggested by RocC is computed as |C| x max; A;, so that each oy,
in the classifier is at least 1. This value can be overridden.

3.4 Learning

The system is now ready to start the training session that consists of learning the conditional
probabilities {p(aix|c;)} and {p(c;)} from a data set D in which some attributes and class
values are unknown. RoC does not make any assumption about the mechanism underlying
missing data and it therefore uses the Robust Bayesian Estimator (RBE) introduced by
[13]. For each conditional probability p(a;x|c;) and each probability p(c;), the RBE returns
intervals containing all the consistent estimates of p(a;|c;) and p(c;). A consistent estimate
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Figure 6: Learning screen

is an estimate that can be computed in a consistent completion of D which, in turns, is any
complete database D, from which we can obtain D using some deletion process. The set
of consistent completions {D.} is given by all data sets in which the unknown entries are
replaced with one of the possible values of the unobserved variables. This section describes
the estimation procedure implemented in RoC to compute these probability intervals from
an incomplete data set.

The first step of the analysis is the definition of virtual frequencies that are used to find
the extreme points of the probability intervals. The unknown entries in the database give
rise to three types of incomplete cases that are relevant to the estimation of p(aix|c;):

e The attribute A; takes value a;; and the value of C is not observed, so that it can
take any of the c; value.

e C takes value c;, but the value of A; is missing, and can be any of the a;; values.

e Both values of A; and C are unknown.

We denote the frequency of these cases, respectively, by n(a;x|?), n(?|c;) and n(?|?). We
use these frequencies of incomplete cases to define the virtual frequencies nyqq(aix|c;) and
Nmin (@i |c;)- The quantity ny,qeq(aik|c;) is the maximum number of incomplete cases (A4;, C)
that can be completed as (aix,c;) and is given by

10
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Nmaz(@iklc;) = n(?|e;) + nlaix]?) +n(?|?) (5)

On the other hand, the virtual frequency ny,in(aix |c;) is the maximum number of incomplete
cases (A;,C) that can be ascribed to ¢; without increasing the frequency n(aix|c;) and is

Nmin(@iklc;) = n(?le;) + > nlain|?) +n(?]?) (6)
h#k

These virtual frequencies are used by the RBE to compute bounds on the set of consistent
estimates of p(aix|c;). The RBE returns the probability interval

[Pmin(@ik|cj) Pmaz(ai|cj)]

containing the set of consistent estimates of p(a;x|c;). The values ppin(aix|¢;) and pmaeg(aik|c))
are, respectively, the minimum and the maximum estimate of p(a;x|c;) that can be found
in the consistent completions of D and are respectively

A les) — o + nlaggc;)
Pmin (azk|C]) - a; + n(Cj) + Nin (aik|cj) (7)
o + nlaig|cj) +n aik|cs

aj + n(c;) + Nmaz(aik|c;)

where n(a;|c;) is the frequency of instances with A; = aj and C = ¢; and n(c;) =
Y i n(aiklc;). The proof is in [13]. We can similarly use the RBE to estimate the marginal
distribution of C. We note that the virtual frequencies nmin(c;) and npmeq(c;) are both
equal to the number of instances in which the class is not observed, say n(?). Hence, we
obtain

pminleg) = G )
) DA w

where n = }7;n(c;). When the data set is complete, then Equations 7 and 8 reduce to
Equations 1, and similarly Equations 9 and 10 return the estimate of p(c;).

Note that the use of the RBE to estimate probability intervals maintains the learning
locality of the standard Bayesian classifier trained on complete data, as each conditional
probability distribution is estimated independently of the others. This locality is usually
lost in methods like Gibbs sampling to estimate conditional probabilities from incomplete
data.

11



An Introduction to the Robust Bayesian Classifier

Robust Bayesian Classier

Database Statistics

Here are lhe stalistics ofyour database, foryou 10 assess the quality of the
information in your database, Wyou like, you can save these statistics on a
file atthe end of this session.

Properties of the databass adultrain: =

Humber of Clasass i
Hunher of Attributes = 14
Humber of Caszea : 32561
Misaing [Cases) : 2399
Mizsing [Clasa) = a

Missing [kttributes) : 4262
Claza Fregquency Disceiburion:
MORE 7341
LESS 24720

Shaout Cancel Freviows | Het |

Figure 7: Database statistics screen.

3.5 Database Statistics

When the learning process is complete, RoC returns some information about the database
in terms of summary statistics, as shown in Figure 7. Namely, the number of cases, classes
and attributes in the database; the number of incomplete class observations, incomplete
cases and missing entries; and the distribution of the classes.

3.6 Predictions

Once the classifier has been trained, it can be used to predict the class of new cases.
Unfortunately, we cannot directly apply Equation 2 to calculate the posterior probability of
each class given a set of attributes values to select the class with highest posterior probability,
because we are now handling probability intervals. We must devise two new methods i) to
compute the posterior probability distribution of the class and ii) to select the class label.
RoC implements an iterative procedure to compute posterior probability intervals of each
class given the set of attributes values, and two classification rules to assign the class label
on the basis of probability intervals.

Posterior Probability Intervals Let e = {a,...,aq,%} be attributes values of a new
case that we wish to assign to one class. We compute probability intervals for ¢;le, itera-
tively, as follows. The initialization step sets, for all j =1, ..., ¢

12
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Pmax (alk |Cj )pmaw (Cj)
Pmax (alk |Cj )pmaw (Cj) + Zl;éj Pmin (alk |Cl )pmin (Cl)

Pmax (Cj |alk) =
and

Prmin(01k|Cj)Pmin(cj)
Pmin (018]€5)Pmin(¢j) + Pmax (X125 plaix|c)p(cr))

where praz(32; p(aix|c)p(cr)) is the maximum value in the set of ¢ — 1 quantities

Pmin(cjlar) =

c

{pmaw (alk |Cg )pmaw (Cg) + Z Pmax (alk |Cl)pmin (Cl) }
I£3.9

for g # j. The first iteration step ends by replacing the original interval distribution of
C, [Pmin(¢j) Pmaz(cj)]; bY [Pmin(cjlair) Pmaz(cjlaix)]. The next iteration step repeats the
same procedure to compute [Pmin(cj|a1k, G2k) Pmax(Cjla1k, aox)] by replacing pmes(aix|c;)
and Prin (T1x|¢j) With prgeg(ask|c;) and ppin(zak|c;) and using the updated distribution of
Cla. By repeating the procedure for all a;;, we find the bounds [prmin(cjle) Pmaz(cjle)] on
the distribution of C|e. Ramoni and Sebastiani [13] show that the probability intervals for
Cle so found are sound, as they contain all possible conditional probabilities p(c;|e) that we
would compute by training the classifier on the set of consistent completions of D. When
the data set is complete, the RBE intervals reduce to the point estimates given in Equation

13
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2, and the procedure described in this section to compute conditional probability intervals
is equivalent to the procedure used by the standard Bayesian classifier. The procedure
maintaing the same complexity of the standard Bayesian classification, as each interval
propagation — to compute the interval distribution of the class variable given a set of
attribute values — needs to make ¢(c — 1) evaluations of linear forms.

Class Assignment Once we have computed the set of posterior probability intervals
for ¢jle, we are left with the problem of selecting the class label. The standard criterion
of selecting the class label with the highest posterior probability cannot be applied as is,
because our posterior probabilities are intervals rather than single values. The user is
given here the possibility of selecting one of two different criteria: the Stochastic dominance
criterion and the Weak dominance criterion.

The Stochastic dominance criterion [10] assigns the new case to the class c; if the min-
imum probability pmin(c;le) is larger than the maximum probability pmez(cn|e), for any
h # j. Stochastic dominance is the safest and most conservative criterion since the classi-
fication is independent of the distribution of missing data. When the probability intervals
are overlapping, the Stochastic dominance criterion is not applicable and we face a situation
of undecidability.

We have therefore introduced a weaker version of the Stochastic dominance criterion,
called Weak dominance, that works as follows. Each probability interval [pmin (c;|€) Pmaz (cjl€)]
is summarized into a point, representing a score assigned to p(c;|e). We then rank intervals
according to their scores and assign the new case to the class with the largest score. Since
we do not want to commit ourselves with a particular model for the missing-data mecha-
nism, we can assume that all mechanisms are equally likely, so that the probability g(c;)
that an unknown value of C must be assigned to ¢; is 1/c where ¢ is the number of classes.
We then define the robust classification score of cjle as

su(eyle) = Prin(&1NC = 1)y Praaltsl)

and assign the new case to the class having the largest score. The score is in the interval
[Pmin (Cj |e) Pmax (Cj |e)]

3.7 Cross Validation

RoC gives the user the opportunity to evaluate the classifier trained on a data set using
cross validation. Cross validation is the standard procedure adopted to evaluate classifiers,
although its validity is now under serious scrutiny. Using cross validation, the user can
evaluate the clagsifier on the same database by splitting it into n parts of roughly the same
size and by classifying each part after learning on the remaining n — 1 parts. The process
can be iterated for several times and the average number of correct answers will be taken
as a measure of the accuracy of the classifier. As the classification process with missing

14
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‘fou have successfully accomplished your fask! You can save the results
displayed inthe prevous window by entedng & flename in the fallowing slof
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butian Finish 1o el

IF Smarco'code\Fac\exampleshadulbthadul log

Thank you for using o

gbout | Cancd | Previous : | Finish

Figure 9: Final screen.

data can leave some cases unclassified, RoC returns also a measure of the coverage of the
clagsifier, that is, the number of cases for which a class was assigned.

The performance metrics returned are the same as the ones computed for a class pre-
diction session with reported classes, as show in Figure 8.

3.8 Congratulations!

The last screen of a session gives the user the opportunity to save the results of the session
(database statistics and either prediction results or cross validation results) on a log file.

3.9 Help

At any time, the user can hit the Help button an obtain a on-screen description of the
actions and options available in the current screen.

4. An Example

This section describes the application of RoC to one of the largest publicly available incom-
plete databases. The database is known under the name of Adult database, is described in
[9], and is available from the UCI Machine Learning repository [1]. The database reports
the values of 14 (8 continuous and 6 nominal) attributes over 48841 cases from the 1994
US Census. The database cases are classified into two classes: those who earn more than
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50,0008 a year and those who don’t. About the 7% of the cases is incomplete. The database
is distributed in two parts, a training set of 32561 cases and a test set of 16281 cases. The
task is to train the classifier on the first database and classify the cases of the second one.

We are interested in two performance measures: classification accuracy and coverage.
The classification accuracy measures the predictive quality of the classifier and it is given
by the percentage of cases in which the class label predicted by the classifier is equal to
the class label observed in the test set. The coverage is the proportion of cases that the
clagsifier is able to assign to a class and it is computed as the ratio between the number of
classified cases and the total number of cases in the database.

Current analysis of Bayesian classifiers remove incomplete cases from the database [9,
3, b]. If the incomplete cases are removed, the coverage of the resulting classifier is simply
the proportion of complete cases in the database and amounts to 93%. We discretized the
continuous attributes in ten equally spaced intervals and we run a Bayesian classifier on the
database with the incomplete casesremoved, both in the training and in the test set. The
resulting accuracy was 81.74%".

We then trained RoC on the whole training set and we used the resulting classifier to
predict the classes of the whole test set, using first the Stochastic dominance criterion and
then the Weak Stochastic dominance criterion. Under the first criterion, RoC achieved an
accuracy of 86.51%. This increase in accuracy was paid by a decrease of coverage to 87%.
The use of the Weak Stochastic dominance criterion brings the coverage to 100% and the
accuracy to 82.5%, still slightly better than the classifier with the cases with missing entries
removed.

We can combine accuracy and coverage in a single performance measure. We define such
a combined measure as the difference between the number ng of cases correctly classified
under the Stochastic dominance criterion — or the number n,, of cases correctly classified
under the the Weak dominance — and the number n, of cases correctly classified by the
Bayesian classifier using the reduced database. This measure may be regarded as a relative
gain in accuracy. To make relative this measure, the differences ny — n. and n,, — n. are
divided by the number of instances n in each data set. Under the Stochastic dominance
criterion, this combined measure amounts to -0.002. This means that even the remarkable
increase in accuracy of RocC fail to compensate for the loss in coverage by a 0.2%. Needless
to say, this measure can be meaningless in applications in which the accuracy plays a critical
role: in these cases, a loss of coverage means that a quota of the data will have to be carefully
reconsidered but we do not not have to pay the cost of classification errors. Under the Weak
Stochastic dominance criterion, this combined measure amounts to 0.7. This value means
that RoC achieves a relative gain of accuracy of 7%. This gain may appear small until we

!The note accompanying the Adult database in the distribution reports a 83.88% accuracy for the classifier,
probably due to a more sophisticated discretization method used by the author. Note that this increase of
accuracy does not change significantly the findings of our analysis.
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realize that it is achieved on a database with only a 7% of incomplete cases.

We must also note that the training phases took 29.3 seconds on a 300Mhz PC with
128MB RAM, showing that the computational cost of any increase in accuracy is still
reasonable and does not prevent the scalability of the Bayesian classifier.

5. Conclusions

This paper presents RoC, a Bayesian classifier able to handle incomplete databases with
no assumptions about the pattern of missing data. A simple application illustrates some
situations in which this ability can be useful to achieve higher accuracy with an associated
computational cost that does not impair the scalability of the technology to large databases.
RoC is available as a research prototype from the web site of the Bayesian Knowledge
Discovery project of The Open University at http://kmi.open.ac.uk/projects/bkd.
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