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ABSTRACT
This paper presents our winner solution for the KDD Cup
2006 problem. It is based on the results of three different
supervised learning techniques which are then combined in
a classifier committee, and finally a single solution is ob-
tained with a voting procedure. The voting procedure as-
signs weights to each member of the committee according to
their average performance on a ten-fold cross-validation test
and it also takes into account the confidence values returned
by the three algorithms. The final decision of the committee
is determined by means of a parameterized veto strategy,
which takes into consideration the maximal allowed error
rate beside the confidence values of the committee mem-
bers. The solution presented here won Task 2 and became
runner-up at Task 1 in the competition.

1. INTRODUCTION

1.1 Problem description
The object of KDD Cup 2006 was Computer Aided Detec-
tion (CAD) of a medical problem. The challenge was related
to the automatic identification of a serious and often fatal
lung disease, the so-called pulmonary embolism (PE), be-
ing the third most common cause of death in the US with
more than 650.000 cases occurring yearly. The competitors
had to build a series of automatic classifiers that were able
to decide with reasonably accuracy and with well-estimated
error rate the presence of PE at selected lung nodules.

The competitors were given pre-processed data of PE can-
didate regions. Each PE candidate corresponded to a voxel
(3D pixel) represented by a 116 long vector of descriptive
features. An additional data of patient ID (case identifier)
was also given. Beside the first 3 features corresponding
to the x, y z locations of the candidate, all other features
were normalized to [0, 1] range, but the range was arbitrar-
ily shifted within the [−1, 1] interval. The PE data was di-
vided into training and test sets. The training set contained
3033 candidates from 46 positive cases and 20 negative cases;
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1391 candidates of test set generated from 33 cases was held
back by the organizers until the evaluation phase has been
initiated by individual competitors. Candidates of training
data was labelled by 0 in case of non-PE, and obtained a
non-zero (> 0) identifier of PE region otherwise.

The challenge of KDD Cup 2006 is a supervised learning
problem, which consists of three different classification tasks.

1. The first classification task is to label individual PE’s.

2. The second classification task is to label each patient
as having PE or not.

3. The third classification task is to identify healthy pa-
tient with perfect confidence.

The evaluation of the solutions is based on the following
measures:

• Task 1: PE sensitivity – the number of PE’s correctly
identified. A PE is correctly identified if at least one
of the candidates associated with that PE is correctly
labelled as positive. Multiple correct identification of
same PE does not increases sensitivity score.

• Task 2: Patient sensitivity – the number of patients for
whom at least one true PE is correctly identified. The
correct identification of PE is determined as above.

• Task 3: Negative prediction value – the value TN/(TN+
FN). To qualify this task, the classifier must not label
any candidates of a healthy patient as PE.

As a system that often gives false positive prediction —
“cries wolf” — cannot be accept for clinical use, therefore
additional constraints are present concerning the false posi-
tive (FP) rate of solutions of Task 1 and Task 2. To test the
scalability of the solution three sub-tasks were given, where
organizers set up different limits for the maximal false pos-
itive rate per patient for Task 1 and Task 2. As a conse-
quence, the ideal solution is the one which maximizes the
sensitivity and also satisfies constraint on maximum allow-
able FP rate. Violation of maximal FP rate constraints in
any sub-tasks resulted in disqualification of the entire so-
lution from the given task. The following sub-tasks were
defined for Task 1 and Task 2:

1. Build a classifier that has FP rate per patient not ex-
ceeding 2.
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2. Build a classifier that has FP rate per patient not ex-
ceeding 4.

3. Build a classifier that has FP rate per patient not ex-
ceeding 10.

The expected solution of Task 3 was identified by the orga-
nizer as the “Holy Grail” of the CAD systems. The number
of available negative PE cases was very low in the train-
ing set (20 cases), and no additional training data had been
made available during the competition – in contrast of the
anticipation of the organizers. These facts motivated us to
turn to the realistic problems of Task 1 and Task 2, and
optimize our solutions for those.

1.2 Considerations about PE data set
The KDD Cup 2006 problem contains a number of peculiar-
ities that makes a real challenge to find a good solution for
it, and excludes the application of a single, off-the-shelf a
classifier algorithm:

• The training data is noisy; this can be explained by
the irregularly shaped PE regions. It also cannot be
excluded that the training set contains incorrectly la-
belled data, since candidates are labelled based on
proximity to a ground truth mark by an expert.

• The semantics of features is unknown; although a list
of feature names is given there is no other informa-
tion available. E.g., the spacial localization of neigh-
bor voxels is unknown. This fact makes it impossible
to exploit spatial correlation in multiple instances of a
PE.

• Feature values may be imprecise; feature values may
depend on different hardware settings and/or patients.

• The PE data set is quite small from machine learning
point of view, and is very imbalanced for both training
and evaluation. The positive candidates do not satisfy
the IID assumption (independent and identically dis-
tributed).

• There is an a priori preference on labelling because
the number of FP decisions are strictly limited in all
tasks and subtasks.

• The evaluation metrics are problem-driven, traditional
classifiers usually do not optimize for these.

As a consequence, we found that a good estimation on the
number of false positives is the key to increase the sensi-
tivity within the given limitations. In order to do so, we
decided to solve the problem by three different classifiers,
and then combine individual solutions into a single decision
in a classifier committee manner. We expected that these
three approaches either eliminate others’ weaknesses (false
positives) or validate real PEs.

The remaining part of the paper is organized as follows: Sec-
tion 2 presents the feature selection procedure we applied.
Section 3 describes the three different classifier approaches
that have been used to solve the problem, and Section 4
presents the voting mechanism by which the final judge-
ment has been obtained. Finally, Section 5 analyzes the
submitted solutions and Section 6 concludes the paper.

2. FEATURE SELECTION
Determination of the effective features in a classification
problem is a very important issue. Decreasing the size of
the feature set always improves the time requirement of the
algorithm and can often increase the performance of the
method as well. Surveys of feature selection algorithms are
given by Kittler and Devijver [11; 5], Siedlecki and Sklansky
[22].

In order to rank the elements of the feature set, one may ap-
ply e.g. one of the following well-known and simple search
methods: Sequential Backward Selection (SBS) [16], or Se-
quential Forward Selection (SFS) [11] search method. SBS
is a simple top-down search procedure where one feature at
a time is deleted from the current feature set. At each stage,
the attribute to be removed from the feature set is selected
from among the elements of the feature set so that the new
shrunk set of features yields a minimum value of the cri-
terion function used. SFS is the bottom-up counterpart of
SBS search method, where the one feature at a time, having
the largest effect on the criterion function, is added to the
current feature set.

We experimented with both selection technique on the PE
data set in conjunction with a simple multi-layer perceptron
algorithm. As criterion function we used the average of ar-
eas under ROC (receiver operating characteristic) curve for
evaluation.

Though the SFS method is much less time consuming in the
early phase, we found — in accordance with our previous
experiments [26]; similar results have also been reported in
the recent neural network related literature (see e.g. [7; 12])
— that SBS method produced better results. On the other
hand, time requirement of SBS is quite significant, there-
fore in order to save time on performing SBS, we applied
it by eliminating systematically two attributes at a time,
which attributes’ elimination degrades the sensitivity the
most on ten-fold cross-validation tests. The optimal value
of the criterion function has been attained at a feature set of
62 elements (see also Figure 1). Though, there is no drastic
improvement in the performance with these selected features
— the maximal and minimal values are 8. 315 and 8.0315
— in order to speed up some of the classifiers used in the
committee, in 2 out of the 3 classifiers we only employed this
feature set.

Figure 1: Determination of optimal feature set size by SBS
algorithm
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3. MEMBERS OF CLASSIFIER COMMIT-
TEE

After the feature selection phase, we applied three different
classifiers for prediction: a statistical one, a categorization
algorithm, and a multi-layer artificial neural network. They
served as members of the classifier committee. Now we de-
scribe them in detail.

In order to evaluate the three classifiers, we created ran-
domly ten 90/10 train/test splits from the training data in
such a way that the ratio of positive and negative samples
equals to the one for the entire corpus. When testing the
models, we applied ten-fold cross-validation based on the
splits.

3.1 The statistical approach
The first member of the classifier committee has been a sta-
tistical approach that we developed for the very problem of
KDD Cup 2006.

Despite of the fact that attribute values of data records could
have been noisy, we still assumed they can be characterized
by means of some interval based patterns, and these patterns
might have been extracted by some kind of linear combina-
tions or by a probabilistic model.

While our tests indicated no direct relevance between data
records which can be produced by a linear combination,
there were also indications that certain PE attribute values
concentrate in very specific intervals. On the other hand,
there can be found no value (nor interval) which could be
assigned uniquely for PEs, moreover the non-PEs (NEs) usu-
ally outnumbered the PEs for any values but for intervals.

How to define intervals? Since neither the PEs, nor the
NEs had no proportional distributions on any attributes it
seemed to be better to define intervals with different sizes.
For example, intervals can be defined by PE values with 0
and 1 for Task1, Task2, while NEs for Task3. In other words,
if there are N PEs in the training set then the corresponding
attribute values of PEs can divide the attribute’s range into
at most N + 1 intervals.

Let I be one of those intervals for an attribute A and P (I),
N(I) be the number of PEs and NEs on I, respectively,
and let P be a patient having an attribute value i ∈ I on
attribute A. We use the notation P (N+|A) and P (N−|A)
for probabilities of PE and NE according to an attribute A,
which are defined as follows:

P (N+|A) =
P (I)

P (I) + N(I)
= 1− P (N−|A).

The average value (and the entropy) of P (N+|A) probabil-
ities for all relevant attributes is the overall probability to
have a PE (or NE depending on tasks). Since the training
set is small, hence it may label PEs or NEs with high prob-
ability only because of lack of data. To avoid this problem
we also calculated the probabilities for values on overlap-
ping adjacent (2 ∼ 15) intervals (see also Figure 2). If the
probabilities remain high then it is treated as a valid PE
judgement.

Since these values are extremely low in general (0.3 at max-
imum) it was a problem to find a cutting ratio for PE and
NE judgements. We ordered the records according to their
probability values and we found reasonable on ten-fold cross-
validation tests that the cutting ratio should be set to a
value for which at most 3–10% of NEs of training data ex-

Figure 2: Histogram representation of probabilities calcu-
lated by the interval-based approach

ceeds the limit for Task1 and Task2 depending on different
subtasks, and 0% of PEs for Task3. According to cross-
validation tests, this method discovers about 60% of PEs
with a relatively high false positive rate (see also Table 1 for
evaluation).

3.2 HITEC: mistake-driven online classifier
The second member of the classifier committee was a vari-
ant of HITEC – the acronym stands for hierarchical text
classifier [23; 25].1 The learning module of HITEC fol-
lows the methodology of so-called online (or incremental)
mistake-driven algorithms.

3.2.1 Learning model of online mistake-driven clas-
sifiers

Online classifiers are considered to be one of the most effec-
tive learners that are particularly useful when the entire set
of training document is not available at once, or when the
semantic of the category may change in time after the ar-
rival of new samples [19]. At the problem of KDD Cup 2006
the organizers anticipated that new training data might be
available during the competition, hence the application of
an online classifier was justified.2

The core idea of online mistake-driven (OMD) learning model
was first proposed in the seminal paper of Littlestone [14].
It iteratively updates category weights corresponding to fea-
tures for each category. In this manner it builds up category
profiles represented as weighted feature vectors for each cat-
egory in the taxonomy.

OMD algorithms have typically three parameters: a thresh-
old θ, a promotion parameter α > 1 and a demotion para-
meter 0 < β < 1. After initializing the category weights, the
algorithm assigns a record to a category if its similarity to
the category profile exceeds θ. OMD algorithms may per-
form multiplicative or additive weight updating schema on
active features3. They update the category weights in the
following two cases of mistake (see also Figure 3):

1http://categorizer.tmit.bme.hu
2We note that despite the announcement no new training
data had been published during the competition.
3A feature is active if it has non-zero value in the record.
This is particularly important in text categorization context.
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1. True label is not found: If the algorithm guesses 0 and
the true label is 1 then all active weights are promoted
by multiplying them with α (multiplicative update) or
adding to them α > 0 (additive update).

2. Misclassification: If the algorithm guesses 1 but the
true label is 0 then all active weights are demoted by
multiplying them with β (multiplicative update) or de-
creasing them by α > 0 (additive update).

Figure 3: Learning of category profiles by means of weight
updating; the schema of mistake-driven online classifier
HITEC

In both cases non-active weights remain unchanged. A clas-
sifier may often commit both mistakes simultaneously.

Well-known instances of online mistake-driven algorithms
are Positive and Balanced Winnow [14] and its variants [4],
Perceptron [17], which has been applied to various problems
and has been thoroughly investigated from theoretical point
of view (see e.g. [14; 15; 1; 8]).

3.2.2 On the learning model of HITEC
HITEC has some key differences compared to classical OMD
algorithms, which makes it very effective to work on large
document corpora and huge topic taxonomies, the very arena
where HITEC was originally designed to perform well (see
also [23; 10; 24]). These are the followings:

• it is adapted to hierarchical category systems;

• it applies a novel weight updating method;

• it assigns each category a confidence value for each
prediction;

• it allows relaxed greedy category selection strategy, in
order to avoid high level mistake in the taxonomy.

Part of these features — see a detailed description in [24]
— are also favorable when the learning model of HITEC
is customized for the KDD Cup 2006 problem.4 The so-
phisticated weight updating method improved the effective-
ness of learning, the confidence values could be exploited
4At this process HITEC was tailored to comply with the
simple input data format, and its architecture was simplified
due to the binary categorization task.

at evaluation and the relaxed greedy strategy provided the
necessary information for the parameterized veto strategy
discussed in Section 4. This latter statement is based on the
behavior that HITEC tends to simultaneously select both
PE and non-PE categories with different confidence values
for certain records, which provided us additional possibility
to learn more about the problem’s characteristics.

3.2.3 Settings
There are two important parameters of training which al-
lows to make a trade-off between recall and precision. By
max-variance (vmax) one can specify the minimal deviation
(ratio) of relevance score of a category w.r.t. the best rele-
vance score (Φmax) to be considered as a solution. Setting
this value low (around 0.2), one can raise recall and lower
precision. By threshold (ϑ), one can specify the value of
minimal acceptable relevance score. Setting this value low
(0.01 ∼ 0.1 results in better recall values. HITEC selects a
category c if its evaluation function, Φ, satisfies

Φ(c) ≥ max{ϑ, Φmax · vmax}.

At the KDD Cup 2006 problem, where only very few positive
training samples were available and false positive decisions
were penalized strictly, our goal was to stimulate HITEC for
longer learning phase, and to avoid early — and possible —
wrong decision during training. To fulfill this requirement,
we learned experimentally by the ten-fold cross-validation
that vmax ≈ 0.2 and ϑ ≈ 0.1 allowed longer learning phase,
consequently, cautious decisions, which finally gave better
results.

Using the committee analogy, HITEC had two votes in the
classifier committee for a decision, because we created two
classifiers, one with the complete feature set (116 features)
and one with the selected feature set (62 features), termed
as HITEC-116 and HITEC-62 We decided to use HITEC
in two work points because this approach achieved the best
performance on the training set on most splits of ten-fold
cross-validation, and the two versions had different charac-
teristics. For more details see the evaluation in Section 5.

3.3 The neural network classifier
We decided to use feed-forward multi-layer artificial neural
networks (ANN) with two output neurons, one for PE and
one non-PE decision, but there were many open choices
about the particular neural network to be used. To find
the best network possible, we created a set of candidate net-
works, and selected the best performing one to be a member
in the classifier committee.

3.3.1 Collecting candidate neural networks
We collected the candidate neural networks with the follow-
ing steps:

1. Identification of open choices.

2. Defining set of options as answers to each identified
choice.

3. Generating candidate neural network for each combi-
nation of answers for open choices.

The identified open choices and their defined options were
the following:
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• Choice 1. Set of features
We had to determine the set of features to be used as
inputs. Our selected options were to use all features
or the selected features (see section 2) as inputs.

• Choice 2. Hidden layers
We had to determine the number of hidden layers to
use. Our selected options were to use no or one hidden
layer.

• Choice 3. Number of hidden neurons
We had to determine the number of hidden neurons.
Our selected options were to use the same, the half and
the quarter of the number of input neurons. (These
ratios are not exact. We used 66 and 33 for the half
and quarter of all features, and 33 and 16 for the half
and quarter of selected features.)

• Choice 4. Characteristic function of hidden
neurons
We had to determine the characteristic function to use
for the hidden neurons. Our selected options were the
linear and the logistic characteristic functions.

• Choice 5. Characteristic function of output
neurons
We had to determine the characteristic function to use
for the output neurons. Our selected options were the
linear and the logistic characteristic functions.

• Choice 6. Initial connection weights
We had to determine the initial connection weights.
Our selected options were to use all zeroes and ran-
dom weights with random seeds 1 to 5. (We used the
pseudo-random number generator of the development
platform in question).

3.3.2 Training issues
We used the standard gradient descent method for error
propagation with the same constant learning rate for all can-
didates.

We used a non-standard way of modifying the learning rate
during training. After each modification of the weights, we
checked, if the error rate has decreased. If it didn’t, we
undid the changes and halved the learning rate. We repeated
this until either the error rate decreased (in which case the
training step was successful) or the learning rate became
practically zero (in which case the training stopped). After
each successful training step, we increased the learning rate
by half.

3.3.3 Reducing the number of candidates
We didn’t have the computing resources to train all candi-
dates on all cross-validation splits. We assumed, that the ten
splits don’t differ enormously in their usefulness for train-
ing neural networks. So we trained all candidates on our
first cross-validation split, and dropped the candidates that
fulfilled at least one of the following criteria:

1. It had a lot worse validation error rate than some other
candidate.

2. It had a similar error rate than some other candidate,
but had more hidden neurons or more input neurons.
(We introduced that criterion due to our lack of com-
puting resources.)

By this procedure, we managed to drop almost ninety per-
cent of the candidates.

3.3.4 Evaluating candidates’ performance
The first step was to choose the cross-validation split to use
for candidate evaluation. Since the training set is small and
noisy, we aimed at choosing the split on which the candidates
tended to “overlearn” the least. We represented overlearning
with the difference between the final training error rate and
the validation error rate (i.e. overlearning rate).

For each split we generated the averages of the overlearning
rates of a small number of top performing candidates (that
is, the ones with the smallest validation error rates). The
split we considered to be the best for candidate evaluation
(i.e. evaluation split) was the one with the smallest average
overlearning rate.

The second step was to find the best candidate based on
their performance on the evaluation split.

We chose the candidate for which the following two condi-
tions held:

1. Its overlearning rate was in the bottom part of the
candidates.

2. Its validation error rate was the smallest of those sat-
isfying condition 1.

3.3.5 Chosen candidate
The neural network we chose had the following choice op-
tions:

• Choice 1.: It had input neurons for the selected fea-
tures.

• Choice 2.: It had one hidden layer.

• Choice 3.: It had 33 hidden neurons.

• Choice 4.: Hidden neurons had the logistic charac-
teristic function.

• Choice 5.: Output neurons had the logistic charac-
teristic function.

• Choice 6.: We used one of the random initial weight
sets.

3.3.6 Final neural network preparation and decision
The neural network with the above choices was then trained
with the complete evaluation cross-validation split.

On the ten-fold cross-validation tests, we found that the
network is quite accurate for labelling PEs, however, it finds
only a minor part (30–50%) of all possible true positives.

4. DECISION OF THE CLASSIFIER COM-
MITTEE

The original idea of classifier committees (a.k.a. ensembles)
is that, given a task that requires expert knowledge to per-
form, several experts may be better than one if their indi-
vidual judgments are appropriately combined [19]. The dif-
ferent classifiers are applied to the same task independently,
and their outcome are combined into a single decision. Clas-
sifier committees have been applied successfully to all kind
of classification problems. Numerous papers have reported
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that classifier committees have substantial advantages on
single-classifier approaches in the field of text categoriza-
tion [29; 18; 3], mining concept-drifting data streams [28],
gene data classification [2], etc. An ensemble based method
has also been used in the winner solution of KDD cup 2005
[20; 21].

A classifier committee can be characterized by the commit-
tee members (with possible multiplicity), and the choice of
a combination function. In [27] it was shown that classifier
members should be as independent as possible to form an
ideal committee.

Concerning the combination function several rules have been
investigated. The simplest one is the majority voting, where
the binary outputs of the k (odd number) classifiers are put
together, and the decision is taken that reaches the majority
of k+1

2
votes. Another policy is the weighted linear combi-

nation of committee members, where weights represent the
effectiveness of members. Certain combination functions se-
lects dynamically some classifiers at the classification of each
record, those ones that produced the best results at the val-
idation set on records being similar to the actual one. Ex-
ample of such rules are called dynamic classifier selection
and adaptive classifier combination [13].

In our experiments, three approaches formed the classifier
committee, where the statistical and neural network based
approaches had one vote each, and HITEC had two votes
(HITEC-62 and HITEC-116). We applied a novel strategy
to combine the binary decisions of the classifier to a single
one, that we call voting with parameterized veto strategy.
Intuitionally, a positive decision can be accepted, if there are
more pro-votes than contra-votes, allowing also neutral or
close-to-neutral votes. Confidence values of pro and contra
votes are cumulated and the decision is made based on the
margin between them.

The main points of our decision strategy were as follows. In
order to solve successfully the KDD Cup 2006 problem, one
had to simultaneously optimize for high sensitivity and low
FP rates. The different FP rates required different decision
strategy for each task and subtask. With the concept of veto
we could control the number of strength of PE decisions: if
any of the committee members voted for non-PE we consid-
ered its vote as a possible veto of PE decision. Obviously,
the strength of veto should depend on the effectiveness of the
classifier and the confidence value of non-PE vote. There-
fore we applied the parameterized veto strategy where this
factors were taken into consideration and we applied differ-
ent veto thresholds for different subtasks according to the
allowed FP rate.

As a consequence, for Task1 and Task2 we defined the fol-
lowing rules.

• Rule 1. If all committee members label a record as
PE then the committee’s decision is PE.

• Rule 2. If only three or two members label a record
as PE, and there is no veto (high confidence non-PE
vote) method(s) then we label it as PE.

• Rule 3. If only one classifier labels a record as PE
and there is not even a weak veto then the decision is
PE.

• Rule 4. It is non-PE otherwise.

Alternatively, the following equation can be viewed as an
approximation of these rules:

Decision( ~X) = (

P
i ηiP

+
i ( ~X)

P
i ηiP

−
i ( ~X)

> 1)

where ~X is the examined record, and ηi is a parameterized
weight of a certain approach which was calculated according
to its overall error rate and the maximum number of allowed
FP rate. ANN made a simple binary decision without confi-
dence value therefore probabilities were treated as 1 for the
given decision value while 0 for the other.

Note that, P+
i + P−i 6= 1 in general in classifier members

(except ANN), hence e.g. statistical model combines cut-
ting ratio with calculations of entropies of several different
settings, and HITEC evaluates PE and non-PE cases inde-
pendently. In other words it means that the same classifier
can simultaneously vote for PE and non-PE for the very
same record.

As a consequence, the veto parameter depends on

1. the allowed FP rates: 2, 4, 10;

2. the effectiveness of the classifier members that is cal-
culated based on the worst-case error rate experienced
on the ten-fold cross-validation tests to increase the re-
liability of the individual member and the entire com-
mittee.

3. the confidence values of the PE and non-PE votes (if
such information were produced by the classifier)

As we had no time to adjust all veto parameters according to
FP rates for each subtasks during the 24 hours submission
period, we optimized our solution for subtasks 1b and 2b.

5. EVALUATION
We performed tests on the ten-fold cross-validation splits
described in the beginning of Section 3.

We decided to apply HITEC at two settings because we
found that HITEC-116 and HITEC-62 have somewhat dif-
ferent characteristics, and these models performed the best
among the three approaches. HITEC-116 tended to give
more balanced prediction for all test splits, its recall was
ranged from 52% to 60% depending on the split and on the
settings of training. It often produced balanced (neutral
or close-to-neutral) decisions which could be advantageous
at the voting strategy. On the other hand, HITEC-62 was
likely to produce sharper decisions, it tended to overlearn
the actual split since its recall was ranged on a wider in-
terval from 50% to 71%. It very seldom produced balanced
decisions where both of PE’s and non-PE’s confidence value
was non-zero.

The test set originally contained 1391 records (156 true PEs)
from 23 patients, but during the evaluation data of two pa-
tients with identifiers 3111 and 3126 were removed, because
their data might have been corrupted, and organizer did not
intend to skew the results by using them. Therefore there
were 1297 records in the test set (137 true PEs), and the FP
rates were calculated based on 21 patients. Because many
competitors protested against the change in the test set, we
deem it worthwhile to investigate and publish our results for
both 21 and 23-patient cases.
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Table 1: Overall contributions of approaches for KDD Cup result

Approaches Combinations Task1 Task2

S
ta

ti
st

ic
a
l

A
N

N

H
it

ec
-6

2

H
it

ec
-1

1
6

S
ta

t
&

A
N

N

S
ta

t
&

H
it

ec
-6

2

S
ta

t
&

H
it

ec
-1

1
6

A
N

N
&

H
it

ec
-6

2

A
N

N
&

H
it

ec
-1

1
6

H
it

ec
-6

2
&

H
it

ec
-1

1
6

V
o
ti

n
g

fo
r

2
F
P

V
o
ti

n
g

fo
r

4
F
P

V
o
ti

n
g

fo
r

1
0
F
P

V
o
ti

n
g

fo
r

2
F
P

V
o
ti

n
g

fo
r

4
F
P

V
o
ti

n
g

fo
r

1
0
F
P

Number of true PEs (23) 43 42 32 77 22 22 36 24 33 27 51 80 90 49 64 98
Number of false PEs (23) 62 12 18 91 8 5 19 3 5 8 21 57 109 18 58 144
Uniquely found PEs (23) 6 7 3 27

Number of true PEs (21) 38 35 27 71 19 19 34 21 29 24 45 72 80 43 56 87
Number of false PEs (21) 58 12 13 89 8 4 19 3 5 7 20 54 102 17 54 135
Uniquely found PEs (21) 4 5 2 26

Table 1 summarizes the performances of the committee mem-
bers, their combinations and our submissions for Task 1 and
Task 2. It can be seen that HITEC-116 found in overall and
uniquely the most true PE (77 and 27, resp.), and produced
the highest recall. On the other hand, its precision was the
second worst among the four classifiers. In this regard, ANN
gave the least incorrect predictions (12 out of 52), but its
recall was low. The statistical approach and HITEC-62 pro-
duced in-between solutions, the former one had better recall,
while the latter one better precision, and importantly they
uniquely identified 6 and 3 true PEs, respectively. As it
will be shown next, the combination of the approaches gave
considerably better result than the individual ones. Preci-
sion, recall and FP rate values are tabulated in Table 2. For
HITEC-116 and HITEC-62 we applied threshold 0.48 and
0.55, respectively, on the confidence value of PE decision as
the condition of PE.

Analyzing the differences of our submissions for the 21 and
23 patients test sets we can state the following. The FP rates
of our submissions were very low, they reached maximally
the 63% (23) and 64% (21) of the limits, and the precision
values of both cases are about the same. By observing the
differences between recalls of our submission for 21 and 23
patients cases, we can see it is slightly higher at 4 of out the 6
subtasks for the 21 patients set, and slightly lower otherwise.
The maximal increase was 2.48%. As a conclusion, we can
state that our solution performed equally well on both test
sets.

The members of the classifier completed each others’ predic-
tion in the sense that 20, resp. 18 PEs were discovered by
all methods (23, resp. 21 patients cases, only 2 FPs among
them!), and about 61% of true PEs were labelled thus by
at least one of these approaches. One can also observe that
30–50% of the FPs have been eliminated by the combined
decision of the classifier committee. The strength of veto al-
gorithm can be illustrated by the fact that in case of Task 1a
112 PE votes promoted by at least two members of the com-
mittee were filtered by this strategy, 77 of the 112 were FP,
and only 35 were TP. In case of Task 2a the these numbers
are 81 FP and 38 TP out of 119 filtered PE votes.

At submission, we had assumed for qualification purposes
that the combined algorithm might have an 50% worst-case

Table 2: Precision, recall and FP rate values of individual
committee members and combined submissions (A: 23 pa-
tients case; B: 21 patients case)

Method/submission Precision (%) Recall (%) FP rate
Statistical 40.95 27.56 2.70
ANN 77.77 26.92 0.52
HITEC-116 45.83 49.35 3.96
HITEC-62 64.00 20.51 0.78
Task 1a 70.83 32.69 0.91
Task 1b 58.39 51.28 2.48
Task 1c 43.06 57.69 4.74
Task 2a 73.13 31.41 0.78
Task 2b 52.46 41.02 2.52
Task 2c 40.50 62.82 6.26

A: 23 patients case

Method/submission Precision (%) Recall (%) FP rate
Statistical 39.58 27.74 2.76
ANN 74.47 25.55 0.57
HITEC-116 44.38 51.82 4.23
HITEC-62 67.50 19.71 0.62
Task 1a 69.23 32.85 0.95
Task 1b 57.14 52.55 2.57
Task 1c 43.96 58.39 4.85
Task 2a 71.67 31.39 0.81
Task 2b 50.91 40.88 2.57
Task 2c 39.19 63.50 6.42

B: 21 patients case

error rate, however in the reality, it was significantly lower.
We investigated this factor, i.e. how we underestimated —
due to the lack of time for optimization — the performance
of the committee and particularly its parameterizable mem-
bers after the true labels of test data had become available
(as mentioned before we optimized HITEC and the commit-
tee for 4FP subtasks). It has been reasonable to check how
the selection of threshold parameters influences HITEC’s
performance. As it can be observed on Figure 4 we could
select these thresholds more efficiently. It is noteworthy to
remark that the high FP rate of HITEC’s solutions at low
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threshold can be balanced by the more conservative deci-
sions of the ANN and statistical method in the committee’s
decision. We remark that with the combination of HITEC-
116 and HITEC-62 and with very low threshold we could
achieve recall values around 92% (144/156 and 125/137 in
case of the two test sets) at about 23% precision.

The Task 1 and Task 2 (PE and patient sensitivity) of sub-
missions were evaluated according to their raw score on the
complete test set, as well as on a bootstrap estimate of their
mean performance and confidence interval on that mean [6;
9]. As noted by the organizers, “the bootstrap estimate
penalizes some competitors because they fail some rounds.
But this competition was designed to have very stringent
criteria and to force competitors to be fairly conservative.”

Our conservative solutions achieved scores 1.27 (as average
of: 2FP – 0.93, 4FP – 1.36, 10FP – 1.51) and 13.58 (as
average of 2FP – 11.50, 4FP – 14.34, 10FP – 14.90) for
Task 1 and Task 2, respectively.

6. CONCLUSIONS AND FUTURE RESEARCH
In this paper we presented our classifier committee based
method that has been applied for the KDD Cup 2006 prob-
lem. We applied a novel parameterized veto strategy to de-
termine the decision of the committee. We identify three key
points why our submission was successful. First, we applied
four different approaches to tackle the problem. Second, all
these algorithms are general in the sense that they have no
pre-assumptions on semantics of attributes. Third, some of
the algorithms allowed us to apply thresholding based on
confidence level. And finally, we optimized our solution for
4 false positive rate (subtasks 1b and 2b).

As we indicated at the evaluation, our submission was quite
timid in order to stay under FP rate limits. Plenty of room
left for the optimization of the method by tuning the mem-
bers of the classifier committee, increasing the number of
members in the committee, and creating better heuristics
for the parameterized veto strategy. In the future we intend
to investigate these issues.
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