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Abstract

In this paper we propose a new type of distance-based
classifier. Traditionally, these classifiers are instance-
based: they classify a test instance by computation of a sim-
ilarity measure between that instance and the instances in
the training-set and assigning it the same class of the most
similar k instances. This method is simple but has some
disadvantages, among which there is the greater sensitivity
to the local presence of noise in the training-set, the need
to compute many similarity measures and the difficulty to
decide the value of k.

In our approach the classifier is model-based: it first
constructs a probabilistic model for each class based on a
selection of the itemsets, weighted by their probability to
appear in the training data instances of the given class.
Then it uses these class models to predict the class of test
instances by calculating the distance between the test in-
stance and each of the class model. We have experimented
with four different proximity measures and different met-
rics of itemsets selection on a large collection of datasets
from UCI archive. We show that our methods has many
benefits. It reduces the number of distance computations.
It improves classification accuracy of state-of-the art clas-
sifiers, like decision trees, SVM, k-nn, Naive Bayes, rule-
based classifiers and association rule-based ones. Finally,
it is less sensitive to overfitting and to noise. We perform
also an automatic tuning of the algorithmic parameters like
the itemsets frequency threshold and the itemsets selection.

1 Introduction

Classification is the part of predictive learning in which
the class label of test instances is predicted starting from
the class label of instances in a training-set. In this pa-
per we have designed a new distance-based classifier with
the intention of solving some of the well known limitations
of traditional Instance Based Learners (IBL). In general,
IBLs perform classification by using directly single train-

ing instances and thus they do not learn any classification
model. They are also known asLazy Learnersbecause
perform classification operation only when the classifica-
tion for a new test instance is required [2, 6, 7, 19, 20]. A
typical instance-based classifier isKnn (K Nearest Neigh-
bors).Knncalculates proximity between a test instance and
each one of all the training instances for selectingk nearest
neighbors of the test instance1. AmongK nearest neighbors
(training instances) the class label of the nearest neighbors
is assigned as the class label of the test instance.Majority
voting [7, 19] is used to assign a class label to a test in-
stance: it will be the class of the majority of the training in-
stances in the k-nn set. The most used proximity measure is
Euclidean distance or cosine similarity: with instances de-
scribed by the values ofn attributes, proximity is computed
between two instances where each instance is thought as a
vector in ann-dimensional space.

These classifiers are simple and powerful but some of the
well known limitations ofKnnare given below:

• If there are many training instances thenKnn requires
many distance calculations as well.

• k-nn has the problem of model over-fitting. Model
over-fitting is the following situation in which: 1) the
classifier relies too much on the training data for its
predictions and is not able to generalize its model to
new test data. 2) Over-fitting is exemplified by the
observation of the classification errors respectively in
the training set and in the test set: as soon as an in-
creased number of training instances is met the clas-
sification model increases its specialization. The mis-
classification error on the training set continues to de-
crease whilst the error on test instances starts to in-
crease again. More precisely we can say that in model
over-fitting the training error is quite low compared to
the test error.

Successive research [20] has tried to improve these clas-
sifiers by reductionist approaches and edited versions, in

1All training instances are checked when no index or optimizations are
available.
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which an incremental learning occurs, by generalization of
training instances with prototypes, and so on, and improve-
ments mainly focused in providing a better usage of the stor-
age space and similarity-based indexes. Further research
has tried to overcome these limitations with a different strat-
egy: on one side, [8] has tried to join instance-based learn-
ing with rule-based learning in a multi-strategy system, in
which the rules are generated from the observation of sin-
gle training instances; on the other side, classical methods
of generation of classification rules and decision rules [11]
by rule covering (such as RIPPER) have been compared
with methods directly based on association rules and fre-
quent patterns [3, 4, 12, 13, 14]. In particular, [4] has ob-
served the power of using frequent patterns in classification
by studying with Fisher score and Information Gain their
direct relationship with the most discriminative and infor-
mative patterns of the classes. In addition, [3, 12] have
answered the problem of selection of the association rules
from the abundance of the frequent rules generated by the
algorithms of frequent pattern mining by the almost total
elimination of the task of rule pruning. They keep a very
large number of rules giving the priority to frequent, accu-
rate and discriminative rules.

The above observations and stated limitations ofKnnare
the main motivating force behind our approach. Similarly
to [3, 4, 12] we also keep an abundance of frequent pat-
terns (in our case they are itemsets - frequent within each
class). We retain them with the idea that they collectively
are able to provide a model of the class. Such a model is
thus an ensemble of the single itemsets in which the item-
sets are weighted by their conditional probability given the
class. Then the proximity of single test instances is com-
puted to predict their class. However, differently by tra-
ditional instance-based learners which compute distances
between a test instance and single training instances, our
proximity measure is computed between the test instance
and the global class model. We exemplify this situation in
Figure 2. Thus we overcome the critical and risky deci-
sion of which representative instances to keep to represent
classes. We think that such a class model could be more
reliable and robust against the risk of overfitting in which
classifiers incur both as a consequence of instance and rule
selection. In addition, it allows a reduction of the number of
necessary distance computations w.r.t. IBLs. With the ex-
perimental section we will demonstrate that our classifier is
more robust to overfitting, to the presence of noise not only
w.r.t. K-nn, but also w.r.t. many other learners, including
rule-based and association-rules-based ones.

In the following sections we are going to present a de-
tailed description of our new classifier along with some ex-
perimental results. They aim to verify that improvements
are due not only thanks to mechanisms of distance computa-
tions on probabilistic models but also thanks to the adopted

measure of itemsets selection.

2 MBL: The New Model-Based Learner

Our new classifier first constructs a classification model
(model for each class) from the given set of training data
instances and then uses this model to predict the previously
unknown class label of test instances by calculating the dis-
tance between the test instance and each of the class model.

We construct the class model by means of the generation
of a probabilistic description of the class. This description is
made by the set of itemsets that are frequent in the instances
of the class. In Section 2.2 we discuss in more detail class
models based on itemsets.

2.0.1 Benefits of class-model.

We construct the class model by a probabilistic description
of the class that is more robust to the presence of noise in
some local portions of the dataset. Figure 1 exemplifies a
noise case with the presence of training instances with a
different class label in a region characterized by certain fea-
tures. By the use of a probabilistic description of the entire

Figure 1. Misclassification of some examples
by Knn due to the presence of noise.

set of training examples belonging to the class, the most
frequent features contribute more to reduce the distance of
instances with the same features. Without this probabilistic
model description, the presence of noise in local portions
of the training set could determine a wrong prediction for
some test instances in the noisy region.

In this approach our main assumption is that it is possible
to achieve two main benefits by our new classifier overKnn:
1) The new classifier builds a generalization (classification)
model and this generalization model is quite useful to avoid
noisy data. Thus our classifier should do less over-fitting
compared toKnn, which does not maintain any generaliza-
tion model. According to this observation it is not a Lazy
Learner.
2) The new classifier makes less distance computations as
it calculates the distance between test instance and class
model in contrast to theK nearest neighborclassifier where
for making a prediction the distances between a test instance
and each one of all the training instances are calculated.
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Figure 2. Difference between our classifier
and Knn.

2.1 Association analysis

We apply association analysis to construct the model
of each class. Association analysis [1] is the process of
discovering hidden relationships among attribute values by
finding out the existing frequent sets of items (itemsets).
In a dataset of examples, we can describe the regulari-
ties in the examples of the different classes, by extract-
ing frequent itemsets in which an item is an attribute-value
pair. An itemset describes recurrent values in instances at-
tributes: for continuous attributes, it is very difficult tofind
a real recurrent value. Thus, usually continuous attributes
are discretized in intervals. We used the same supervised-
discretization step described in [9] for continuous attributes
(a discretizer which chooses the intervals that present a
higher correlation with the target class).

An itemset is considered frequent if it occurs in a dataset
with a frequency that is equal or higher than a minimum
frequency threshold which is generally supplied by the user
(given in order to eliminate mainly noisy and spurious pat-
terns). As we will see in Section 2.4, we perform a se-
lection of the itemsets in order to: (1) reduce computational
workloads, (2) identify the important itemsets for the char-
acterization and prediction of each class, (3) select the right
cardinality level of the itemsets.

2.2 Multi-dimensional Feature Space De-
termined by Itemsets

We construct the descriptive model of a class by means
of the frequent itemsets extracted from the examples of that
class. The model is probabilistic since for each itemset we
store the probability with which the itemset has been ob-
served in the class (conditional probability of the itemset
given the class).

All possible frequent itemsets from a set of examples can
be shown in a lattice structure. Since the lattice is exponen-
tially large in the number of items and because itemsets at
different levels of the lattice might have dependencies, in
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Figure 3. Vector Creation for a Class and a
Test Instance in the Two-Dimensional Feature
Space.

order to create the model of a class we select only the fre-
quent itemsets of a certain level in the lattice. We call the
itemsets at levell l-itemsets.

Each level of the lattice is a possible multi-dimensional
space in which a class might be represented. A differ-
ent choice of the levell gives rise to a different multi-
dimensional space whose total number of dimensions is de-
termined by the number of frequentl-itemsets in the ex-
amples of that class. We call this multi-dimensional space
the feature spaceof the model in which anyl-itemset is a
different feature. Anyl-itemset occurring frequently in the
examples of a class is one of the dimensions of this multi-
dimensional space. The class model is represented as a vec-
tor in this space. This vector has as many components as
the l-itemsets in the feature space: a single vector compo-
nent is a real value that is the probability with which the
corresponding itemset occurs in the examples of that class.
Thus the class model is probabilistic.

Similarly, any test instance can be seen as a vector in
the same multi-dimensional space. However, it is not prob-
abilistic: it has a 1 or a 0 value in correspondence to each
l-itemset of the feature space: 1 or 0 are chosen according to
the presence of absence of thel-itemset in the instance. The
class model vector construction is exemplified in Figure 3
taking in consideration the lattice levell = 2. In this sim-
ple example we refer to a dataset with boolean attributes,
in which the possible items are only{A,B,C,D} and a test
instance is described by the items ABC.

2.3 Construction and Operation of MBL

Our model-based learner (MBL) is based on distances
computed between a test instance and each class in the
multi-dimensional feature space. Distances are computed
as exemplified by Figure 3.
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Figure 4. Structure of our model-based
learner (MBL).

In our classifier we used association algorithms to gener-
ate the frequent itemsets. We extract the frequent itemsets
of a given cardinality from the given input training instances
of the different classes. After a choice of the itemsets cardi-
nality l the multi-dimensional feature space of representa-
tion is selected and thel-itemsets are used for constructing
vectors for the respective classes and for each test instance.
Then we calculate the distances between the test instance
vector and the training class vectors. Higher is the proba-
bility of an itemset in one class higher will be the weight of
that itemset in the class model and lower will be its contri-
bution to the distance of test instances with that itemset.

Prediction of class label for the test instance is made ac-
cording to the result of this distance calculation. Prediction
rule is quite simple: the class with the smallest distance (or
highest similarity) is predicted as the class for the test in-
stance.

2.4 Itemsets Selection

In the model construction for each class, we want to con-
sider a selection of the itemsets to reduce the complexity of
the class model (overfitting), the computational workloads,
improve each class model such that it characterizes effec-
tively the class and correctly performs predictions. We have
tried different mechanisms for itemsets selection reported
in classification literature. Here, for the sake of space, we
report results on two of them: classification accuracy (also
known as confidence of class association rules) and entropy.

(1) Classification accuracy is a classical measure in rule-
based classifiers and association-rules-based classifiersthat
gives the priority to rules for which the lower classification
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Figure 5. Error rate on Wisconsin-Breast-cancer
with class models built on different number
of itemsets.

error is expected. It is employed in CBA [14], RIPPER [5],
etc.

(2)∆ is a measure proposed in [15] for the determination
of the existing dependencies among the items in an itemset.
It seems appropriate to determine the right level of speci-
ficity of the itemsets (cardinality).

Since a dependency in the items of an itemset can be ‘in-
herited’ from the existing dependencies among the items of
the subsets [18] we need to contrast intrinsic dependencies
in the itemset with the inherited ones.∆ makes this job. It
is defined by the difference between the probability of an
itemset and a reference probability, estimated in the con-
dition of maximum entropy of the itemset. This condition
can be considered as a generalized condition of indepen-
dence of the subsets in the itemset. Higher is∆ higher is
the evidence that the existing dependency among the items
is intrinsic to the itemset and it is not due to dependencies
already present in the subsets.

We adopt∆2 to rank the itemsets, identify (at the top of
the ranking) the most important ones for the class character-
ization task and select the itemsets cardinality (feature space
and lattice levell). Then, we perform our model-based clas-
sification in this reduced feature space.

As regards the percentage of itemsets to be retained in
class models, we tested many selection thresholds in the
itemsets ranking. By decreasing the percentage of the item-
sets retained, first we observed an improvement on the clas-
sification accuracy. This is a well-known effect of feature
selection due to elimination of noisy features and simplifi-
cation of the feature space (curse of dimensionality prob-

2∆ was normalized by the itemset probability since∆ is lower for low
probability itemsets.



lem). Then, continuing to decrease the selection percentage
the classifier gets a minimum of classification error and then
starts to increase again. In Figure 5 we report a typical dia-
gram on the misclassification rate w.r.t. a different number
of itemsets in class models. This behavior motivates us to
employ Algorithm 1 to select the itemsets from the ranking.

Algorithm 1 Itemsets Selection Algorithm on∆-based
Ranking.

1: Input: D dataset
2: Input: F set of frequent itemsets ranked by∆.
3: Input: r percentage of ranking reduction at each itera-

tion
4: Output: reducedF based on classification error.
5: prevError = 100%
6: exit-loop=FALSE
7: repeat
8: – Build and test class models by calling MBL algo-

rithm (dist is a distance formula) –
9: error=MBL(D, F, dist)

10: IF (prevError - error)> errTolerance THEN
11: prevError = error
12: eliminate fromF the bottom part equal to r%
13: ELSE exit-loop=TRUE
14: until exit-loop
15: return F

It takes in input the ranking of frequent itemsets (F) by
decreasing value of significance andr, the percentage of re-
duction of the ranking at each iteration. The algorithm calls
our model based classifier (MBL, that will be described
in detail as Algorithm 2) which constructs the class mod-
els and computes the distance of any test instance to each
class, makes its prediction and updates the classification er-
ror. The error returned at each iteration is compared with the
error obtained at previous iteration. When the difference in
error reaches convergence (minimum) the procedure stops,
otherwise it continues to eliminate r% of the itemsets at the
bottom of the ranking.

In the next sections we show how we initialized the val-
ues of the other parameters: itemsets cardinality (lattice
level l) and minimum itemsets frequency (freq).

2.4.1 Selection of itemsets cardinality

The choice of itemsets cardinality is a critical factor. Setting
the cardinality to a too high value will give a little number
of frequent itemsets (since it is not probable that the dataset
contains a high number of instances with many attributes at
the same values); setting a too low value will give too many
itemsets that are not able to catch a sufficient number of
recurrent attributes and are not characteristic of the classes.
We propose and experimented with two strategies.
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Figure 6. Misclassification on Wisconsin-Breast-
cancerby class model-based classifier on fre-
quent itemsets at different levels of minimum
support.

(1) The value of cardinalityl could be determined from
dataset to dataset, with a wrapper approach, by cross-
validation. The performance (accuracy) of the classifier is
evaluated with respect to the adoption of different feature
spaces (itemsets with different cardinalities). The best per-
forming feature space is determined by selecting the cardi-
nality of the itemsets at which the classifier has the highest
accuracy. Unfortunately, this strategy has a high computa-
tional workload.

(2) The second strategy consists in selection of the car-
dinality l by observation of the most frequent value of car-
dinality of the itemsets at the top of the ranking. This sec-
ond strategy requires only the extraction of frequent item-
sets and their ranking based on the value of∆.

We experimented with the two strategies and we saw in
practice, from several datasets used in the experiments, that
almost always the values chosen by the two methods agree.
We report in experiments of Section 3 the value of support
threshold adopted case by case.

2.4.2 Selection of itemsets minimum frequencyfreq

In the diagram of Figure 6 we show the trend of classifica-
tion error of our model-based classifier with an increasing
threshold of minimum support of frequent itemsets. Fig-
ure 6 shows also a typical behavior of misclassification of
rule-based classifiers based on the rules minimum support
threshold (also called rule coverage). It is clear that there is
an optimal value at which the classifier performs best but in
some cases the best work-point could be at a too much low
value that makes the number of itemsets to explode expo-
nentially.

In order to set the minimum threshold of frequency for



frequent itemsets mining algorithms, the user/analyst is usu-
ally forced to adopt a trial and error procedure to decide an
appropriate value for this threshold. Thus we decided to
make a step ahead by application of a novel procedure ex-
plained in the following.
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Figure 7. Histogram on number of itemsets in
class malignantof Wisconsin-Breast-cancer: real
histogram (left); estimated one by indepen-
dence of items (right).
In the left part of Figure 7 we show the real histogram

plotting the total number of itemsets extracted and their
values of support. If we knew it, we could derive from
it the more suitable minimum support threshold given the
amount of available main memory for storing the class mod-
els (which, differently from the support threshold, is a sys-
tem requirement and usually is already known in advance):
it is sufficient to sum-up the number of itemsets taken from
the histogram starting from the highest support value and
moving towards the left until the maximum memory size is
reached or the support reached is 0. (In other words we con-
sider the histogram as a probability density function of the
itemsets on the support domain, and compute the area under
it from right to left). Unfortunately, the itemset-supporthis-
togram is usually not available. We propose to estimate it
by the knowledge of the singletons probabilities (easy to ob-
tain) under the hypothesis of statistical independence. The
right part of Figure 7 shows the estimated histogram. You
can notice that the estimated one resembles the real one
with the difference that the number of expected itemsets are
higher (especially at lower support values). We decided to
employ the estimated histogram (and not the real one) as a
conservative choice which allows to select a lower number
of itemsets (and in any case it is consistent with the memory
requirements).

Another step further is to decide to compute the his-
togram not from the overall dataset but from a sample, only.
Figure 8 shows the expected total number of itemsets by
progressive sampling. It can be observed that a simple sam-
ple of only 10% of the dataset allows to estimate correctly
the order of magnitude of this parameter. The amount of
sampling required can be estimated by monitoring the con-
vergence between the estimated total number of itemsets.

We have experimented with four different proximity
measure techniques: 1)Euclidean, 2) Cosine, 3) Jaccard
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Figure 8. Total number of itemsets from
Wisconsin-Breast-cancerdataset with progres-
sive sampling at frequency threshold=0.01.

and 4)Extended Jaccard[19].

Euclidean Distance : d
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Jaccard: f11

f11+f10+f01

is a similarity measure that can be applied to vectors with
boolean components (bit-words). It is asymmetric and
considers only the vector components which are equal to
1. f11 is the number of 1 matches betweenX vector and
Y vector,f10 is the number of vector components in which
Xi is 1 andYi is 0;f01 is the viceversa.

Extended Jaccard : X∗Y
||X||2∗||Y ||2−X∗Y

where

X ∗ Y =
∑n

i=1
Xi ∗ Yi

is an extension of Jaccard measure to continuous values.
A schema of our classifier is shown in Figure 4. The

pseudo-code of our model-based classification algorithm is
given as Algorithm 2. It uses cross-validation for the com-
putation of the classification error. While calculating the
training error we have used the same dataset both for train-
ing and testing. For calculating the test error we have used
Ten fold cross validation technique [16].

3 Experimental Evaluation

We have performed classification experiments with
our model-based classifier on several datasets from
the Machine Learning Repository, maintained by
UCI as a service to the machine learning community
(http://archive.ics.uci.edu/ml/). We compared the classifi-
cation performances of our classifier with many well known
classification algorithms:Knn [2], J48 [17] (an implemen-



Algorithm 2 MBL: Our Model-Based Distance Learning
Algorithm.

1: Input: D dataset
2: Input: distance formuladist() on 2 vectors
3: Input: Fi: set of frequent itemsets for class Ci

4: Output: class prediction for each test instancej
5: Output: classification error
6: initialize to empty the misclassification matrix
7: for all Fold-num = 1 .. TotFoldersdo
8: Divide dataset D into Test set (take fold = Fold-num)

and Training set (D - Test set)
9: – Build class models –

10: for all class Ci in Training setdo

11: build class vector
→

Ci based on Fi
12: end for
13: – Make predictions –
14: for all instance j in Test setdo

15: extract itemsets and build instance vector
→
j

16: for all class Ci do

17: Calculate distancedist(
→

Ci,
→
j )

18: end for
19: Output for instance j the class Ci:

argmini{dist(
→

Ci,
→
j )}

20: Update misclassification matrix M
21: end for
22: end for
23: return classification error.

tation of Decision Trees),Naive Bayes[19], SVM [10] and
decision table [11], CBA [14] and RIPPER [5] as represen-
tative learners for conjunctive rules-based classifiers. We
used the implemented version of these classifiers that is
available inWeka(http://www.cs.waikato.ac.nz/ml/weka/),
a collection of machine learning algorithms for data mining
tasks.

The overall results of our experiments are presented in
Figure 9 and Figure 10.

In Figure 9 we have added some additional information
about the datasets like the number of attributes, total num-
ber of instances per class (separated by commas) and the
total number of classes. Notice that some datasets contain
only categorical attributes, while others contain also contin-
uous ones. Since itemsets are usually extracted from cat-
egorical attributes (from continuous attributes very hardly
itemsets would have sufficient frequency) we performed a
preprocessing step consisting in a supervised discretization
of continuous attributes by means of a method based on
MDL [9] that minimizes the entropy of the class given the
interval of discretization. In rare cases we obtained constant
value attributes for all the instances in the datasets. In these
cases we decided to discard the attribute.

Our model-based learner is included in the Tables in two
versions: the learner with the class model built on itemsets
selected by accuracy/confidence (indicated byConf) and the
one with itemsets selected by∆. This distinction is nec-
essary in order to clearly determine if the superior perfor-
mances of our classifier are due to the itemsets selection
method or to the adoption of the mechanism of distance-
based computation on a probabilistic model. It comes out
that ∆ is preferable to rule accuracy for the selection of
itemsets since it allows the classifier to obtain higher or
equal accuracy with a lower number of itemsets.

Tables also contain some important information about
our classifier for each experiment like the frequency thresh-
old used for itemsets, the itemsets length (which determines
the multi-dimensional feature space) and the percentage of
retained features. In the Tables the best results (with lower
classification error in test) are shown in bold. You can no-
tice that, apart rare exceptions, our model-based learner out-
performs the other learners.

The Tables reports also the error rate of Training/Test
obtained by the learners. It is clear that our model-based
classifier performs less overfitting, but more important, it
usually performs less errors in test. Furthermore, the differ-
ence between test and training error is lower, especially if
compared toKnn.

As regards the computational workload, in comparison
with k-nn, we included also the total number of distance
computations performed by MBL (= number of itemsets
multiplied by the number of classes) and by an IBL like
k-nn (= number of instances multiplied by the number of
attributes). This comparison clearly shows that MBL is su-
perior.

We also have performed the experiments with different
proximity measures and observed that among the four prox-
imity techniques used by us the Euclidean Distance and Co-
sine Similarity measures perform equally well and have the
outstanding performance.

These good results highlight some important conclu-
sions: 1) our model-based classifier is a valid one, that per-
forms better than state of the art classifiers, like SVM, CBA,
RIPPER, decision tables,Knn, decision trees and Naive
Bayes. 2) If we compare the confidence-based version of
our MBL with CBA and decision tables (that adopt the same
measure for rule selection) our learner almost always out-
performs rule based classifiers. 3) Ranking of the itemsets
by ∆ provides an effective feature selection method. This
can be noticed since the test error is often lower then by
confidence and it requires less itemsets.

3.1 Experiments with Noise

One of the believed benefits of a model-based classifier is
that it is supposed to be more robust to the local presence of



Dataset Our Classifier Knn
Name Number of Number of Number of instances Itemset Frequency Test Training Retained Test Retained Total Test Training Total

attributes classes per class length threshold error ∆ error ∆ features∆ error ( Conf.) features (Conf.) number of error error number of
distance computations distance computations

Analcatdata-Bankruptcy 7 2 25,25 3 0.01 8 8 100% 8 100% 9 ∗ 2 = 18 16 0 50 ∗ 6 = 300

Analdata-cyyoung8092 11 2 24,200 3 0.05 15.78 14.61 90% 17.7 80% 55*2=110 29.89 0 97 ∗ 10 = 970

Analcatdata-Creditscore 7 2 27,73 4 0.01 1 1 100% 1 100% 8 ∗ 2 = 16 1 1 100 ∗ 6 = 600

Analcatdata-Lawsuit 5 2 245,19 3 0.01 1.06 1 90% 1.1 90% 6 ∗ 2 = 12 3.78 0 264 ∗ 4 = 1056

BioMed 9 2 75,134 5 0.02 11.9 10.94 90% 13.7 90% 131 ∗ 2 = 262 11.96 3.34 208 ∗ 8 = 1664

Credit-a 16 2 307,383 3 0.3 10.79 8.93 60% 11.2 75% 370 ∗ 2 = 740 18.84 0.57 690 ∗ 15 = 10350

Diabetes 9 2 500,268 3 0.05 17.66 15.41 85% 19.3 90% 132 ∗ 2 = 264 29.81 0 768 ∗ 8 = 6144

Haberman 4 2 225,81 2 0.01 23.19 20.37 90% 24.8 90% 23 ∗ 2 = 46 31.69 1.96 306 ∗ 3 = 918

Horse 28 2 99,201 3 0.4 15.3 11.7 80% 17.9 80% 269 ∗ 2 = 538 35 2.66 300 ∗ 28 = 8400

HD 14 2 165,138 3 0.2 15.39 14.39 90% 16.38 85% 234*2=468 23.76 0 303 ∗ 13 = 3939

Hepatitis 20 2 32,123 4 0.3 14.07 13.41 90% 16.3 90% 1112 ∗ 2 = 2224 19.35 3.22 155 ∗ 19 = 2945

Heartstatlog 14 2 150,120 3 0.1 14.29 13.42 70% 17.7 85% 172 ∗ 2 = 344 24.81 4.44 273 ∗ 13 = 3510

Monks1 5 2 62,62 5 0.05 44.67 41.94 100% 44.67 100% 313 ∗ 2 = 626 50 15.32 164 ∗ 6 = 984

Mushroom 23 2 4208,3916 4 0.5 0 0 77% 1.7 83% 334 ∗ 2 = 668 0 0 8124 ∗ 22 = 178728

Prnsynth 3 2 125,125 2 0.01 12 11.5 90% 12.69 90% 7 ∗ 2 = 14 13.6 0 250 ∗ 2 = 500

Titanic 4 2 711,1490 2 0.01 20.08 19.7 87% 21.7 91% 12 ∗ 2 = 24 21.08 20.94 2201 ∗ 3 = 6603

Vote 17 2 267,168 4 0.2 3 2.9 87% 4.1 92% 807 ∗ 2 = 1614 3.1 0 435 ∗ 16 = 6960

Wisconsin-Breast-Cancer 10 2 458,241 4 0.05 2.27 2.27 75% 4.39 89% 356 ∗ 2 = 712 5 0.42 699 ∗ 9 = 6291

Bupa 7 3 145,200 3 0.05 31.07 30.9 95% 36.6 100% 8 ∗ 3 = 24 37.10 0 345 ∗ 6 = 2070

Cars 9 3 73,79,254 5 0.01 21.9 19.43 95% 20.9 90% 131 ∗ 3 = 393 18.22 0 406 ∗ 7 = 2842

Cmc 10 3 629,333,511 4 0.05 45.1 43.7 87% 47.6 93% 582 ∗ 3 = 1746 55.66 4.54 1473 ∗ 9 = 13257

Iris 5 3 50,50,50 4 0.05 4 1.45 100% 4 100% 9 ∗ 3 = 27 4.66 0 150 ∗ 4 = 600

Irish 6 3 37,325,138 4 0.05 1.28 1.05 61% 5.7 83% 28 ∗ 3 = 84 3.2 0.2 500 ∗ 5 = 2500

Tae 6 3 49,50,52 2 0.05 52.66 49.39 90% 54.69 90% 18 ∗ 3 = 54 37.74 3.33 151 ∗ 5 = 755

Wave 22 3 1657,1647,1696 4 0.1 12.79 10.7 79% 15.69 93% 72 ∗ 3 = 216 23.1 0 5000 ∗ 21 = 10500

Wine 14 3 59,71,48 3 0.5 3.29 1.7 87% 3.9 94% 633 ∗ 3 = 1899 5.06 0 178 ∗ 13 = 2314

Grubdamage 9 4 49,41,46,19 4 0.05 53.59 51.47 90% 55 100% 84 ∗ 4 = 336 60.64 0 155 ∗ 8 = 1240

Hypothiroid 30 4 3481,194,95,2 4 0.5 0.39 0.33 82% 1.7 90% 58 ∗ 4 = 232 8.48 0 3772 ∗ 29 = 109388

Vehicle 19 4 212,217,218,199 4 0.2 25.39 22.13 86% 32.7 95% 1100 ∗ 4 = 4400 30.14 0 846 ∗ 18 = 15228

Analdata-Dmft 5 6 127,132,124,155,136,123 3 0.1 74.29 73.87 95% 79.1 100% 6 ∗ 6 = 36 82.93 50.06 797 ∗ 4 = 3188

Glassp 10 6 70,76,17,13,9,29 3 0.01 30.37 29.19 100% 30.8 95% 132 ∗ 6 = 792 29.43 0 214 ∗ 9 = 1926

Page 7 5 4913,329,28,88,185 4 0.1 2.39 1.96 88% 3.7 80% 169 ∗ 5 = 845 3.98 0.25 5473 ∗ 10 = 54730

Ecoli 8 8 143,77,52,35,20,5,2,2 5 0.05 14.39 13.78 90% 13.3 90% 12 ∗ 8 = 96 19.64 0 336 ∗ 7 = 2352

Yeast 9 10 463,429,244,163,51,44,35,30,20,5 3 0.1 41.1 36.7 90% 43.1 90% 136 ∗ 10 = 1360 47.7 0 1484 ∗ 8 = 11872

Figure 9. Classification results in comparison with Knn.

noise in data. In order to establish concretely this claim we
experimented with the same datasets with a variable amount
of added noise. This was again done by a Weka filter which
selects randomly a certain percentage of data instances and
changes their target class. This simulates a variable amount
of noise in some local portions of the dataset.

Figure 12 shows the diagram of classification error by all
the learners with an increasing level of noise inWisconsin-
Breast-cancerdataset. We let vary the amount of noise from
a minimum amount of 5% until a maximum of 20%. In Fig-
ure 11 instead we show the misclassification results by all
the classifiers on all the datasets at the extremes of the noise
interval. We can observe that our model-based classifier is
much more robust than others with respect to noise, and
the superiority increases as the amount of noise increases.
Indeed, its classification accuracy on test noisy data is su-
perior than all the other ones. This result can be explained
from the overall structure of the class model, based on the
entire collection of itemsets weighted by their probability of
occur in an instance of the class.
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Figure 12. Misclassification rate at different
levels of noise.



Non Associative Classifiers Rule Based Classifiers

Dataset Our Classifier J48 NB SVM D-table Ripper
CBA

name
( Supp = 1%, Conf = 50% )

Test error Test error Training error
Test error Training error Test error Training error Test error Training error Test error Training error Test error Training error Test error Training error

(Conf.) ∆ ∆

Analcatdata-Bankruptcy 8 8 8 22 4 16 8 14 0 10 10 10 10 8.5 6
Analdata-cyyoung8092 17.7 15.78 14.61 19.58 15.46 31.95 30.92 24.73 6.18 22.68 13.4 20.61 14.43 18.44 3.09
Analcatdata-Creditscore 1 1 1 1 1 1 1 23 19 1 1 1 1 1 1

Analcatdata-Lawsuit 1.1 1.06 1 1.89 1.13 3.40 3.40 6.43 4.92 1.14 1.14 1.14 1.4 7.98 1.14
BioMed 13.7 11.9 10.94 10.52 7.17 9.56 9.56 12.44 10.04 15.78 3.82 8.13 7.17 12.25 6.7

Bupa 36.6 31.07 30.9 31.30 15.36 44.63 43.18 41.73 41.73 36.81 36.81 36.8 36.8 42.65 36.8
Credit-a 11.2 10.79 8.93 13.91 9.28 22.31 21.73 41.73 41.73 14.34 11.44 13.47 14.2 13.47 5.5
Diabetes 19.3 17.66 15.41 26.17 15.36 23.69 23.69 22.56 22.52 22.39 11.33 23.6 19.92 27.1 20.7

Haberman 24.8 23.19 20.37 27.12 19.28 23.85 23.52 26.47 26.14 25.49 21.56 27.45 25.8 26.26 23.86
Horse 17.9 15.3 11.7 29 17 33.66 31.66 29.33 17.33 19 10.66 15.66 12.33 21.38 1.67
HD 16.38 15.39 14.39 22.44 7.29 16.50 15.84 15.84 13.2 20.79 13.2 18.81 12.54 18.24 4.45

Hepatitis 16.3 14.07 13.41 16.12 7.74 14.48 14.19 14.83 11.61 18.06 3.22 23.2 14.1 19.8 1.29
Heartstatlog 17.7 14.29 13.42 23.33 8.51 16.29 14.81 15.92 14.81 15.92 11.85 17.8 13.3 22.8 10

Monks1 44.67 44.67 41.94 50 45.16 50 41.12 50 42 50 50 50.8 41.12 50 28.23
Mushroom 1.7 0 0 0 0 4.17 4.11 4.79 4.12 0 0 0 0 0.17 0
Prnsynth 12.69 12 11.5 15.2 11.6 16.8 15.6 14 14.4 12.4 12.4 12.8 12.4 12.8 12.4
Titanic 21.7 20.08 19.7 21.08 20.94 22.12 22.17 22.39 22.39 21.12 20.94 21.08 20.94 22.12 22.17
Vote 4.1 3 2.9 31.30 15.36 44.63 43.18 41.73 41.73 4.82 2.98 4.5 3.4 6.5 2.99

Wisconsin-Breast-Cancer 4.3 2.27 2.27 5.43 1.85 4.00 3.86 3 3 3.86 2.28 3.7 3 4.7 1.4
Cars 20.9 21.9 19.43 27.58 25.61 29.31 24.86 18.22 0 26.84 11.33 25.61 21.92 24.54 20.94
Cmc 47.6 45.1 43.7 47.86 28.85 49.21 48.60 51.79 49.83 45.34 39.5 48.74 47.3 52.63 57.3
Iris 4 4 1.45 4 2 4 4 4 3.33 6 4 5.3 4 7.1 4
Irish 5.7 1.28 1.05 1.4 1.4 3 2.8 1.4 1.4 14.8 12.4 1.4 1.4 1.8 1.6
Tae 54.69 52.66 49.39 40.39 11.92 45.69 41.72 45.69 45.69 52.98 52.98 65.56 65.56 84.6 56.29

Wave 15.69 12.79 10.7 24.06 3.94 18.98 19.1 12.84 12.52 25.62 24.86 24.5 19.9 18.92 16.06
Wine 3.9 3.29 1.7 6.17 1.12 3.37 1.12 1.68 0.56 3.37 0 4.49 1.12 6.23 0

Grubdamage 55 53.59 51.47 66.45 28.38 54.19 34.83 53.54 27.73 60 53.74 61.93 56.12 64.82 47.1
Hypothiroid 1.7 0.39 0.33 0.42 0.18 4.71 4.51 5.38 6.3 0.6 0.37 4.8 0.71 1.6 0.76

Vehicle 32.7 25.39 22.13 27.54 3.07 55.2 53.66 25.65 23.75 31.44 23.64 32.03 25.76 29.46 20.33
Analdata-Dmft 79.1 74.29 73.87 80.67 60.97 78.41 72.77 78.8 72.28 82.05 78.16 80.55 77.54 89 80.55

Glassp 30.8 30.37 29.19 33.17 3.73 51.40 44.4 43.92 39.53 23.83 17.75 29.4 21.02 26.8 16.8
Page 3.7 2.39 1.96 3.12 1.51 9.15 9.90 7.07 7.01 3.41 2.17 3.38 2.68 6.8 4.77
Ecoli 13.3 14.39 13.78 15.77 14.28 14.58 11.90 15.77 14.28 20.23 14.28 21.21 18.75 27.49 13.69
Yeast 43.1 41.1 36.7 44 18.19 42.38 40.83 42.93 42.18 42.58 34.29 41.30 38.34 66.29 68.8

Figure 10. Classification results in comparison with popula r classifiers.

4 Conclusions

In this paper we have proposed a new distance-based
classifier which is model-based and not instance-based. The
class model is built on the frequent itemsets extracted from
the instances of each given class in the training set. The
adoption of a model-based distance is an advantage be-
cause it reduces the chance of model overfitting. We have
validated this claim by several experiments on many avail-
able UCI datasets in which we have shown that our model-
based classifier outperforms traditional classifiers such as
Knn. We have also experimented with different techniques
of itemsets ranking and selection: accuracy and an entropy
based measure (∆). Itemsets selection allows to reduce the
number of itemsets. From the experiments, the number of
retained itemsets reaches in the best cases 60% of the orig-
inal number of itemsets, at a given lattice levell. Experi-
ments showed that the observed good performance of our
classifier is due not only to the mechanism of model-based
distance computation but also to the effectiveness of∆.

We performed experiments on an increasing level of
noise in data showing that our model-based classifier is
more robust than the other classifiers and reaches better
classification accuracy on noisy data.

We included also an experiment on the minimum support
threshold which shows that there exists an optimal value.
Finally, as regards the settings of the parameters (minimum
itemsets frequency and itemsets cardinality) we showed a
framework based on progressive sampling and histograms
generation, that allows to automatically initialize theseval-
ues.
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