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Abstract

Cerebral aneurysms are weak or thin spots on blood ves-
sels in the brain that balloon out. While the majority of
aneurysms do not burst, those that do would lead to se-
rious complications including hemorrhagic stroke, perma-
nent nerve damage, or death. Yet, surgical options for treat-
ing cerebral aneurysms carry high risk to the patient. It
is vital for the doctors to accurately diagnose aneurysms
that have high probabilities of rupturing. In this applica-
tion, the patient dataset has many attributes, ranging from
patient profile to results from diagnostic test and features
extracted from brain images. Many of the attributes are dis-
crete and have missing values. The dataset is also highly
biased, with 15% unrupture cases and 85% rupture cases.
Building a classifier that unerringly predicts the unrupture
(rare) class is a challenge. In this paper, we describe a sys-
tematic approach to build such a classifier through suitable
combination of data mining algorithms. Our approach au-
tomatically determines the optimal combination of these al-
gorithms for a dataset. The system has an accuracy of 92%
and is currently being deployed at the Huashan Hospital.

1. Introduction

Cerebral aneurysm are common in adult populations,
however the majority of them are small and do not rup-
ture during a person’s lifetime [5]. Advances in imaging
technology have led to more aneurysms being detected in
an unruptured state, resulting in a heavier emphasis on the
correct treatment of unruptured aneurysms [19]. Studies on
rupture risk using standard statistical techniques have been
carried out to identify individual risk factors [12, 11]. How-
ever, the disease’s natural history, and reasons for rupture
remain largely unknown [5]. Hence the treatment of un-
ruptured aneurysms is still a controversial topic [8]. One
important consideration in determining an appropriate treat-
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ment is whether an aneurysm has a high probability of rup-
ture. Surgery for unruptured aneurysms carries high risk.
Yet, failure to perform surgery may result in death when the
aneurysm ruptures. Hence, it is critical to be able to accu-
rately predict aneurysm ruptures.

Existing approaches to building accurate predictors
range from decision trees [15, 7], to support vector ma-
chines [14], to Naive Bayes classifiers [17]. Many tech-
niques have also been investigated to handle special data
characteristics such as class imbalance [1, 18], irrelevance
and redundancy [6, 23], and unequal costs of misclassifica-
tions. However, their accuracy when used in combination is
not well established. These combinations are further com-
pounded by the bias experienced by different classification
algorithms on different datasets.

Our solution is to design a methodology that systemati-
cally determines the best combination of algorithms, draw-
ing these from sets of data-mining algorithms that perform
different tasks. The best combination is then used to build
a model for a prediction tool. Through a large-scale exper-
iment using our proposed methodology evaluated on a real
world hospital dataset and 12 UCI datasets [2], we make the
following contributions:

1. We describe the challenges faced in this domain that
are echoed in other domains and report the usefulness
of our methodology.

2. We show that strictly combining the best algorithms of
individual tasks often do not result in the optimal com-
bination. Further, for multiple ensembles, it is difficult
to establish the number of base algorithms to combine.

3. We implement an aneurysm rupture prediction tool us-
ing our experiment results. However, even with an ac-
curate system, the justification of predictions is vital
to the user. Thus, we propose an intuitive justification
scheme for a novice user.



2. Issues in Cerebral Aneurysm Rupture Pre-
diction

In this section, we discuss the three issues in devising a
predictor for cerebral aneurysm rupture. These issues are
also present in other prediction domains.

2.1. Flexible Class Definition & Labeling

In cerebral aneurysm rupture prediction, it is important
to allow for flexible class definition. This allows doctors
to have greater flexibility in adapting the prediction system
to suit current medical practices. The class label of each
patient record is automatically computed from a given defi-
nition. Here, we construct the class label based on a chosen
number of months, n, a patient has an unruptured aneurysm.
We choose n to correspond to the current regular consulta-
tion interval of patients at the hospital.

We use Ly to denote the class “will not rupture”. This
class refers to patients who have no prior surgery and: (1)
have not undergone surgery and are alive, or (2) have un-
dergone surgery more than n months after the detection of
the disease — indicating that the aneurysm remains unrup-
tured for at least » months. The class L corresponds to
“will rupture” and it refers to patients that have prior rup-
tures before surgery can be performed, or have died without
treatment. In our experiments for the aneurysm dataset, we
setn = 12.

2.2. Unequal Misclassification Costs

In designing a predictor for cerebral aneurysm rupture,
the uneven cost between false predictions is an important
factor. Predicting a false will rupture case is less costly
than predicting a false will not rupture case. Patients suf-
fering from a ruptured aneurysm have a high mortality rate
and survivors have a high morbidity rate. However, surgi-
cal treatment of unruptured aneurysms have mortality and
morbidity rates that although high, are much lower than the
ruptured case [5]. Patients will undergo surgical treatment if
doctors believe that their aneurysm is likely to rupture. For
an inaccurate prediction, there are two possible scenarios:

1. A will rupture case is misclassified. There is a high
chance the patient will die or be paralyzed.

2. A will not rupture case is misclassified. This will re-
sult in a patient needlessly suffering a traumatic brain
surgery.

From the above, it is evident that it is more important
to minimize scenario 1 than its counterpart. Hence there
should be a high precision for class Ly g.

2.3. Class Imbalance

Another factor that influences the design of the cerebral
aneurysm rupture predictor is the rare class problem. Only
a minority of patients with aneurysms will suffer from an
aneurysm rupture and there is a tendency to focus on more
serious cases of the disease. Unless long term efforts are in
place for record keeping of minor cases, a typical real world
dataset from a hospital is skewed towards ruptured cases as
the majority in contrast to the population distribution. As a
result, many medical datasets are imbalanced with L be-
ing the majority.

A
= B
JEL

b) Single and Multiple Ensembles

a) Filter combinations

>0 [l

Legend, algorithm types (left — right): Feature Selection/Transformation,
Class Imbalance, Classification, Ensemble

Figure 1. Algorithm Combinations
3. Methodology

Previous research has established many algorithms to
handle different aspects of data mining issues. Studies
have looked into filtering techniques for handling class
imbalance problems [1, 18], feature selection techniques
to reduce the high dimensionality problem in datasets [6,
23], classification techniques, and ensemble techniques for
building good predictors [4, 7, 3]. However, real world ap-
plications require identifying the best combination of these
algorithms such that they can produce the optimal predic-
tor [22, 13]. A multitude of variables are introduced when
determining the best combination of algorithms to employ
and the technique of determining the best is not well estab-
lished. A combination of algorithms may include prepro-
cessing using filters (Figure 1a), ensemble techniques such
as Bagging, or more complicated multiple classifier ensem-
ble methods like Stacking [3] (Figure 1b). Also, there may
be a need to change the class definition in accordance with
medical practice giving rise to a new dataset. Performance
of a combination of algorithms is dependent on the dataset,
thus the best combination must be re-evaluated. These con-
siderations justify the need for a structured reusable ap-
proach towards deriving the best combination from a finite
subset of combinations.



The life-threatening risk of an inaccurate prediction,
commonly associated with medical domains, calls for rig-
orous evaluation of algorithm combinations. The method-
ology we present is limited only by the computational time
required to evaluate larger datasets — a problem manageable
through distributed computing and the selection of more ef-
ficient algorithms.

The methodology given in Algorithm 1 depicts a frame-
work to limit the number of algorithm combinations by
specifying input sets of base algorithms for the tasks: clas-
sification (Cpqse), feature selection/transformation (F f.q),
class imbalance (F;,,;), single ensembles (E;), and multi-
ple ensembles (E,,). For simplicity, we define the binary
function,

o(G1,G2) ={g2091l91 € G1 A g2 € Ga}

where o is the function composition operator, G; and Go
are sets of functions. Like o, ¢ is asymmetric. Note that ¢ is
a binary operator and the notation G ¢ Gy is equivalent to
O(Gl, GQ)

Algorithm 1 Find Best Combination
: Input: d, Chase, F tea; Fims, E1, En, 0, 1
. Output: cpest — the best combination

. /* Stage 1 ¥/
Femp — Ffea UFimy U (Ffea < Fimb) U (Fimb <o Ffea)
Ccmb — Cbase U (chb <& Cbase)

AN A

: /* Evaluate runs 10-fold CV on d */
: EVALUATE(C b, d)

—_

: /* Stage 2, Single Ensembles */

12: C, « {c|c € Cemp ATank(c) < o}
13: S+ {C|C €2 AC =1}

14: Cse «— {e(C)le e E1 AC € S}

15:

16: /* Multiple Ensembles */

17: C,, — {c|c € Cemp Arank(c) < u}
18: N « {C|C €2°+ AC > 2}

19: Cppe — {e(C)le € E, AC € N}
20:

21: EVALUATE(Cse U Cppe, d)

22: Ciotal < Cemp U Cse U Chpe

23:

24: /* output the best */

25: output BEST(Ciotar)

The methodology comprises two Stages. In each stage,
combinations of these base algorithms are generated in a
structured manner. Each combination of algorithms is eval-
uated on the dataset, d. After Stage 1, the number of com-
binations to be evaluated in Stage 2 will be pruned by input
parameters, 0 € Z* and p € Z*. The details of the algo-
rithm and its inputs are described in the following sections.

3.1. Evaluation

Selecting the best combination of algorithms require a
metric for evaluation of prediction quality. By selecting a
metric that reflects the uneven costs of inaccurate predic-
tions, the methodology can internalize these costs and re-
ward combinations accordingly.

The cost of predicting a false Ly g is higher than predict-
ing a false Lr. The Precision for the class Ly g is calcu-
lated as % and the Recall as %,
where T'(X) and F'(X) denotes respectively, the number of
true or false predictions for the class label, X. To include
both Precision and Recall in the evaluation metric, we use
the weighted F-measure [16] given as,

(14 B) x Precision x Recall
B x Precision + Recall

g =

Since it is more important to predict Ly correctly com-
pared to L, we use Fj 5 as our evaluation metric, i.e. the
F-measure of Ly r with a heavier weight for Precision. To
evaluate an algorithm, 10-fold cross validation is performed
on the dataset and Fj 5 is calculated.

To place scoring emphasis on class L y g may seem con-
trary to the convention for predictions in medical domains.
However, in our case, this is justifiable as L is the minor-
ity class, resulting in our chosen metric being more sensitive
to misclassifications of L y p instances.

3.2. Base Classifiers

We use D to represent the set of all datasets, and M to
denote the set of all classification models. A classification
algorithm, ¢ : D +— M, takes a dataset as input and outputs
a classification model. Suppose C,;; is the infinite set of
all classification algorithms, we select a starting set of base
classifier algorithms, Cpgse C Cgyy, as one of the inputs for
Algorithm 1.

For our experiments, we selected six classification algo-
rithms for Cy,s.. They were chosen to represent different
approaches towards classification and are given as follows:

(1-2) C4.5 for decision trees [15] and a rule based variant.

(3-4) SMO, a variant of SVM with a linear kernel and
quadratic polynomial kernel for functions [14]

(5) Averaged One-Dependence Estimators (AODE) for
Bayes [17]

(6) 5 nearest neighbors lazy classification (using HVDM
[20] to evaluate distance) for instance based learning.

3.3. Filters

A filter algorithm, f : D — D takes an input dataset
and produces an output dataset with the same target feature.



Suppose F;; is the set of all filter algorithms, the function
cof e Cu,f € Fau Ac € Cyy, is a combination of a
filter and classification algorithm, i.e. building a model with
a dataset will first filter it with f and then build with c.

Feature selection and transformation algorithms can be
used to reduce irrelevant and redundant data, improving
classifier accuracy [6]. We use these techniques to evalu-
ate the quality of features from a dataset that has missing
values. For our application, feature selection is useful since
there is imperfect domain knowledge. We select a start-
ing set of feature selection and transformation algorithms,
Ffoo C Fqy, as one of the inputs for Algorithm 1.

A total of eight filter algorithms were chosen for F ¢, in
our experiment. They are:

(1) FCBF that uses the Symmetrical Uncertainty (SU)
metric to analyze relevance and redundancy [23]

(2-4) Filtering features, by analyzing relevance only using
the SU metric, that exceed the threshold values of 0.02,
0.03 and 0.04

(5-7) Principle Component Analysis (PCA) and select the
top 2, 3, and 4 features

(8) PCA to transform all features back to feature space
after the initial transformation to reduce noise.

Most real world datasets have rare class or rare cases
[18]. Several filter methods exist for addressing the imbal-
ance problem that can lead to better rare class classifica-
tion accuracy than without them [1]. These filter algorithms
modify datasets by creating or removing records.

Predicting the minority class accurately is of paramount
importance. Thus, we choose 17 filter algorithms as
Fimnp C Fyyy for our experiment. Most of these algorithms
either sample or create synthetic instances until a certain
minority to majority class ratio. Unless otherwise stated,
each algorithm was used in two minority to majority class
ratio variants of 1 : 2 and 1 : 1. They are:

(1-2) Random over-sampling minority class

(3-4) Random under-sampling majority class

(5) Tomek Links used to under-sample the majority class
without conforming to the ratio

(6-7) Synthetic
(SMOTE)

(8-9) SMOTE followed by Tomek Links. SMOTE was
modified to create synthetic instances up to a specified
minority to majority ratio.

(10-11) Cluster-Based Over-sampling

(12-13) Cluster-Based SMOTE — SMOTE is used to create
synthetic instances instead of over-sampling

(14-15) Cluster-Based Over-sampling followed by Tomek
Links

(16-17) Cluster-Based SMOTE followed by Tomek Links.

Minority Over-sampling TEchnique

Note that algorithms (1) — (9) are selected from those in-
vestigated in [1], while algorithms (10) — (17) are selected
or modified from [9]. We also modify the cluster-based al-
gorithms to allow inflation to a given minority to majority
class ratio.

There is no established convention on the sequence in
which the two filter types, frea € Freq and fimp € Fimp,
should be applied. Thus they may be combined in two dif-
ferent ways, giving functions freq © fims and fimp © frea
where freq © fimp, fimb © frea € Fay. Hence the combina-
tion of filters,

chb = Ffea U Fimb U (Ffea < Fimb) U (Fimb <& Ffea)

in Algorithm 1, Line 5. Using F.,,,;5, and Cy ¢, we combine
them to give a new set of classification algorithms, C.,,,;, =
Chase U (Femp © Cpase), as shown in Algorithm 1, Line 6
and illustrated in Figure la.

For Stage 1, each ¢ € C,,,; is evaluated in Algorithm
1, Line 9 using the method described in Section 3.1 and the
algorithms are ranked (in descending order) according to
their Fy 5 values.

3.4. Ensembles

Ensembles are meta-classification algorithms used to en-
hance base classification algorithms. Single ensembles use
one classification algorithm, build different models by vary-
ing the dataset (e.g. Bagging) and finally combine the vari-
ous models. Multiple ensembles use multiple classification
algorithms and a strategy (e.g. meta-classifier in Stacking)
to combine their predictions. Both ensemble techniques
have been shown to perform better than the original base
classification algorithm(s) without modifications [7, 3].

For our purposes, ensemble algorithms are not further
nested within each other due to the computational time in-
curred. Also, we introduce two greedy pruning parameters
o and p to limit the number of ensemble combination eval-
uations. These parameters are based on the assumption that
the best ensemble algorithm will consists of the top o and p
algorithms from Stage 1 for single and multiple ensembles
respectively.

Let E,;; be the set of all ensemble algorithms and 2X
denote power set of X. The function, e : 2Cau s Cu,
is an ensemble algorithm that maps a set of classification
algorithms, C € 2€a!, to an ensemble classification algo-
rithm, e(C) € C,y;. The resulting algorithm combinations
are illustrated schematically in Figure 1b. Note that C can
contain any classifier algorithm illustrated in Figure 1a.

For single ensembles, there is no guarantee that the best
combination can be found solely based on evaluating en-
sembles of the best algorithm from Stage 1 — a base classi-
fier that performs poorer than another might perform better
after Bagging is applied to each. However, to reduce the



Dataset # fea. size¢ min.(%) maj.(%) miss.(%) num.(%) nom.(%) class (min, max)
ecoli 7 336 10.42 89.58 0.00 100.00 0.00 imU, remainder
glass 9 214 7.94 92.06 0.00 100.00 0.00 vehic_win_float, remainder
flags 29 194 8.76 91.24 0.00 6.90 93.10 white, remainder
aneurysm 77 414 14.98 85.02 14.83 58.44 41.56 Lyrgr,Lgr

sponge 45 76 7.89 92.11 0.64 0.00 100.00 AMBOS_BLANDO, DURO!
Z00 17 101 9.90 90.10 0.00 5.88 94.12 invertebrate, remainder
vehicle 18 846 23.52 76.48 0.00 100.00 0.00 van, remainder
hepatitis 19 155 20.65 79.35 5.67 31.58 68.42 DIE, LIVE

autos 25 205 13.17 86.83 1.15 60.00 40.00 3, remainder?
credit-german 20 1000 30.00 70.00 0.00 35.00 65.00 bad, good
haberman 3 306 26.47 73.53 0.00 66.67 33.33 2,1

wine 13 178 26.97 73.03 0.00 100.00 0.00 3, remainder
primary-tumor 17 339 8.55 91.45 3.90 0.00 100.00 ovary, remainder

L “p.Sustrato’ as class feature

2 ‘symboling’ as class feature

Table 1. Datasets characteristics & description

number of single ensemble evaluations, we only consider
the top o algorithms. From Algorithm 1, Lines 12 to 14,
the set of classification algorithms from the evaluated set of
C.mp to be combined is C, = {c|c € C.pp A rank(c) <
o}

In the single ensemble case, only one classification al-
gorithm is combined. Let S = {C|C € 2€- A C = 1}
be the set of algorithm sets to combine that each contains
a single member. We select a set of single ensemble algo-
rithms, E; C Egy;, as input to Algorithm 1. Then, the set
of single ensemble algorithm combinations to evaluate is
C,c ={e(C)lec E; AC € S}.

For our experiment, we selected 0 = 20. The follow-
ing two single ensemble algorithms investigated in [7] are
selected for the input E; in our experiment:

(1) Bagging using 10 sampled datasets
(2) AdaBoost for 10 rounds

For multiple ensemble algorithms, it is difficult to deter-
mine the optimal number of models to combine [10]. Using
a subset of the algorithms combined may out-perform the
full set. However, to reduce the number of evaluations, we
only combine subsets from size 2 to u of the top p algo-
rithms from the evaluated set of C,,,;. From Algorithm
1, Lines 17 to 19, the set of top p algorithms whose sub-
sets are to be used in multiple ensemble combinations is
C, = {c|c € Cemp Arank(c) < p}.

In the multiple ensemble case, two or more classifiers in
C, may be combined per ensemble. Let N = {C|C €
2Cu A C > 2}, be the set of algorithm sets to combine. We
select a set of multiple ensemble algorithms, E,, C E;,
as input to Algorithm 1. Then, the set of multiple ensemble
algorithm combinations to evaluate is C,,. = {e(C)le €
E,ANC e N}

For our experiment, we selected ;1 = 6. Five multiple
ensemble algorithms are selected, namely:

(1) Voting — unweighted sum of base algorithm predic-
tions

(2-5) Stacking [3] using AODE, SMO SVM with linear
and quadratic polynomial kernels, and C4.5 as meta-
classfication algorithms

After evaluating the ensemble classifier algorithms given
by C,e U C,,e (Algorithm 1, Line 21), the set, Cippqr =
Cemp U Cge U G, s set of all evaluated classifier algo-
rithms. Ranking C;,:q; and taking the top performer will
produce the best combination of data mining algorithms for
the dataset (Algorithm 1, Line 25).

4. Experiment Results

The evaluation of the combinations of algorithms are
done using the algorithms in WEKA [21] augmented with
those absent (notably those that address class imbalance is-
sues). We implemented a client-server application to capi-
talize on distributed computing. The server distributes com-
binations for clients to evaluate and consolidates the results.
Communication between the client and the server is done
over TCP/IP.

We carried out experiments on the aneurysm dataset and,
12 UCI datasets [2] with varying minority class rarity to fur-
ther investigate the effects of our methodology on other do-
mains. A total of more than 50000 models were evaluated.
Many of the UCI datasets were modified into binary class
problems by merging other classes to create a rare class.
Table 1 summarizes the details of the datasets.

4.1. Score Improvement

Figure 2 plots the majority/minority class ratio versus the
gain in Fj 5 score. For each dataset, the gain in score is
measured by subtracting the score for the best base classifi-
cation algorithm from score of the best algorithm combina-
tion. We observe that all of the datasets show positive gains
and a majority of the datasets gain between 5 to 15 points
with the mean gain being 10.2 points.



Figure 3 shows the gain in Fj 5 scores at post Stage 1
and Stage 2 respectively. The mean gain at post Stage 1 is
7.7 points and mean gain between Stage 1 and Stage 2 is
2.5 points. This shows that most of the improvement made
by our methodology is in Stage 1. For very large datasets,
where ensemble techniques become infeasible, Stage 2 of
the methodology may be discarded. However, for predict-
ing aneurysm ruptures, a wrong prediction may be fatal —
any increase in accuracy is desirable. Hence, our method-
ology is best suited when the benefits of accurate classifi-
cation far outweigh the cost of the extra computation time
incurred.
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4.2. Filter Combination

Figure 4 shows the Fj 5 scores for the two sequences in
which feature selection and class imbalance algorithms may
be applied. Most of the datasets perform better when class
imbalance is addressed before feature selection. However,
this is not always the case as seen in the flags dataset.

Combining the best filter algorithms for each task may
not always result in the optimal combination. Using Table
2 as the legend, Table 3 illustrates this for the aneurysm
dataset. SUy g2 (ranked 7) feature selection out-performs
SUg.o4 (ranked 8) when used alone. Yet, when used in
combination with a class imbalance algorithm, combina-
tions that contain SUy o4 (ranked 1 and 2) out-perform
those with SUj o2 (ranked 3 and 4). Furthermore, although
over-sampling (ranked 5) may out-perform Cluster Based
SMOTE (ranked 6), when used with feature selection, the
converse is true. Hence it is justifiable for our methodology
to enumerate various filter combinations to find the most
accurate solution.

4.3. Multiple Ensemble Combination

For multiple ensembles, the optimal number of base clas-
sification algorithms to be combined is hard to establish.
This is illustrated by observing the combinations in Table
4b that are tied at rank 2. They have the same measure of
accuracy but involve different number of base algorithms.
Thus there is no direct relationship between performance
and number of algorithms combined.

Strictly combining only the top n classification algo-
rithms from Stage 1 will not always yield the best combina-
tion. In Table 4b, the ranked 1 combination combines algo-
rithms at rank 1, 2, and 4 from Table 4a and performs better



than the combination at rank 7 that combines algorithms at
rank 1 to 3. Thus, the unique characteristics of each base
algorithm subset determines the combination’s accuracy in-
stead of the individual accuracy of each algorithm. These
observations justify the need evaluate subsets of the top u
Stage 1 combinations in our methodology.

Symbol Description

AODE Averaged One Dependence Estimators
CSMOTE,  Cluster-Based SMOTE to a ratio of n
OSampley, Over-sampling to a ratio of n

SMOTE, Synthetic Minority Over-sampling TEch-

nique to a ratio of n
SUp, Relevance feature selection using Symmetri-
cal Uncertainty with threshold of m

Tomek Under-sampling both classes using Tomek
Links
Vote Voting

Table 2. Legend for combination Symbols

Fo.5 Combination

70.37 CSMOTELQ > SU0A04 > AODE
66.67 OSAMPLE;.2>SUp.0a> AODE
63.70 CSMOTE1.2>SUp.p2>AODE
61.11 OSAMPLELQDSUO_OQ > AODE
60.58 OSAMPLE 2> AODE

6042 CSMOTE1.2>AODE

60.37 SUp.o2> AODE

5886 SUp.oa> AODE

00 I[N N[k W~

Note: > depicts the sequence of algorithms applied.

Table 3. Aneurysm dataset: comparison of
some filter combination algorithms

5. Diagnosis Tool & Prediction Justification

The best combination of algorithms from our experiment
(Table 4b) was used in the implementation of an aneurysm
rupture prediction tool. Using our proposed methodology,
it is very likely that the top combination of algorithms will
consist of an ensemble technique. This results in the classi-
fication model being unable to provide human understand-
able reasoning. Hence, we implemented two user functions
in the prediction tool that will aid doctors in exploring pre-
diction reasoning.

First, when editing a patient’s record as shown in Fig-
ure 5, the prediction tool displays an “on-the-fly” predic-
tion (top-right, circled) based on the current set of values
entered in the form. This user function allows doctors to
immediately see the effects of varying the values of features
that they believe are crucial. Next, a nearest neighbors re-
port (Figure 6) can be generated for each patient record that
is based on training instances. This report contains a ba-
sic visualization of the class distribution of the ten nearest

Fo.5 Combination

7037 CSMOTE.2> SUg.0a> AODE

66.67 OSAMPLELQ I>SUO,Q4 >AODE

6649 SMOTE1.2>Tomek> SUgy s> AODE
66.32 SMOTELQ > Tomek > SUvog > AODEFE

BRSNS R

a) Post stage 1 top 4 combinations

Combination

VOte({CSMOTE1;2 > SUp.04a > AODE,
OSAMPLELQ > SU0,04 > AODE,
SMOTELQ DTOTYLE]{:DSU(),(BDAODE})
VOte({CSMOTE1;2 > SUp.04a > AODE,
OSAMPLE1;2 > SU0,04 > AODE,
SMOTELQ > Tomek > SU()_04 > AODE7
SMOTEl;Q > Tomek > SUO.OS > AO[)E'7
SMOTEj:.1>SUp.oa> AODE})
Vote({CSMOTEn.2 > SUp.0a > AODE,
SMOTEl;Q > Tomek > SU0,04 > AO[)E'7
OSA]\/[PLELQ > SU()_()g > AODE})
VOte({C'SMOTEl;Q > SUp.04a > AODE,
SMOTEl;Q > Tomek > SU0A03 > AODE'7
OSAMPLELQ > SU()_()g > AODE})
VOte({CSMOTEl;Q > SUp.04a > AODE,
OSAMPLELQ > SU0A04 > AODE'7
SMOTFE1.o>Tomek>SUg o4 DAODE})

F0_5 Acc
1 7337 92.03

2 7174 9155

2 7174 9155

2 7174  91.55

7 70.88 91.30

b) Some post Stage 2 combinations showing the need to combine subsets
of top algorithm combinations of Stage 1

Table 4. Aneurysm dataset: selected algo-
rithm combinations

neighbors. Also, the features used to evaluate the nearest
neighbors can be automatically determined using the cur-
rent selected features used in prediction. However, although
such tools are useful to doctors, we recognize that they do
not completely reflect the underlying classification model.
More advanced rule extraction techniques may need to be
employed in future if robust justification is needed.

6. Conclusion

To the best of our knowledge, this paper introduces the
first attempt to use a variety of data mining algorithms to
predict ruptures of cerebral aneurysms. We have detailed
the challenges faced and presented a generic methodology
to find the best combination of algorithms. From the results
of experiments on various datasets, we demonstrate the im-
provement in predicting rare classes, and show that it is not
optimal to merely combine the algorithms that perform best
on individual tasks. Hence we justify the need to rigorously
evaluate combinations to find a near optimal classification
algorithm.

Our methodology can be used in other domains that
share similar problems of class imbalance and unequal mis-
classification costs to achieve a mean improvement of 10.2
points in Fy 5 score. The best combination from our exper-
iment for predicting aneurysm ruptures achieves 92% accu-



racy and is implemented within a prediction tool for use at
the hospital together with user functions to aid understand-
ing of prediction reasoning.
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