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Abstract information — i.e., each data point (image in the database)
is labeled with a class name. However, complete data clas-

This paper makes two contributions. The first contribu- sification can be labor intensive when we have a huge col-
tion is an approach called the “customized-queries” ap- lection of data. In the absence of class label information,
proach (CQA) to content-based image retrieval. The sec-we must simultaneously find the features that best discrimi-
ond is an algorithm called FSSEM that performs feature nate the classes and at the same time find these classes. We
selection and clustering simultaneously. The customized-resort to unsupervised clustering, which allows us to cate-
gueries approach first classifies a query using the featuresgorize data based on its structure. The clustering problem
that best differentiate the major classes and then customizess made more difficult when we need to select the best fea-
the query to that class by using the features that best dis-tures simultaneously. To find the features that maximize our
tinguish the images within the chosen major class. This ap-performance criterion (e.g. retrieval precision), we need the
proach is motivated by the observation that the features thatclusters to be defined. Moreover, to perform unsupervised
are most effective in discriminating among images from dif- clustering we need the features or the variables which span
ferent classes may not be the most effective for retrieval ofthe space we are trying to cluster.

visually similar images within a class. This occurs for do- | this paper, we introduce a method for performing
mains in which not all pairs of images within one class have clustering and feature selection simultaneously using the
equivalent visual similarity, i.e. subclasses exists. Becauseexpectation-maximization (EM) algorithm [3]. We apply

we are not given subclass labels, we must simultaneouslythis method to a CBIR domain in which we have partial
find the features that best discriminate the subclasses and|ass information — for each image we know the “major”

at the same time find these subclasses. We use FSSEM ass, but images within each class can vary widely with

find these features. We apply this approach to content-basegespect to visual similarity. Our “customized-queries” ap-
retrieval of high-resolution tomographic images of patients proach (CQA) to indexing and retrieval in such domains
with lung disease and show that this approach radically im- was introduced in an earlier paper [4]. The approach first
proves the retrieval precision over the traditional approach classifies a query using the features that best differentiate
that performs retrieval using a single feature vector. the major classes and then customizes the query to that class
by using the features that best distinguish the images within
the chosen major class. This approach was motivated by the
1. Introduction observation that the features that are most effective in dis-
criminating among images from different classes may not

An effective approach to Content_based image retrieval be the most eﬁective for retrieval of Visua”y Similar imageS
(CBIR) represents each image in the database by a vector owvithin a class. This occurs for domains in which not all
feature values [5, 7, 11]. During retrieval, the query image’s Pairs of images within a given class have equivalent visual
feature vector is compared to the database vectors via théimilarity. For example in the domain of transportation clas-
chosen indexing scheme. For such approaches] the Choicérncation, the features that best dlStIﬂgUISh ail’p|anes from
of features to include in the image characterization is a crit- cars differ from the features that best distinguish commer-
ical factor in their ability to achieve high retrieval precision. Cial jets and stealth fighters. Such domains are appropriate
For many feature selection problems, including image char-candidates for our approach.
acterization for CBIR, a human defines the features thatare We have applied and evaluated this approach within
potentially useful and then a subset is chosen from this setASSERT [13], a CBIR system for medical images. Our
using an automated feature selection algorithm. Typically database of interest is high-resolution computed tomo-
feature selection is performed with respect to classification graphic (HRCT) images of the lungs. Each image in our
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Figure 1. (a) P-Emphysema image. (b) C-Emphysema image in subclass 1. (c) C-Emphysema image
in subclass 1. (d) C-Emphysema image in subclass 2.

database has a disease class label. The customized-queriage do not require the feature sets for classification and re-
approach is well suited to this domain because although atrieval to be the same. Chen and Bouman [2] developed an
given set of features may be ideal for the disease categoapproach that organizes images in “similarity pyramids” by
rization of a query image, those features may not always re-grouping images with the closest distances, as defined by an
trieve the images that are most similar to the query image. A L; norm distance metric, together. They used an agglomer-
guery image may differ visually from other images within ative (bottom-up) clustering algorithm to build the pyramid.
the same disease class on account of the severity of disThe resulting organization is used for indexing and brows-
ease and other such factors. Figure 1 illustrates this pointing purposes. In contrast, we group images according to
Notice that within the class Centrilobular Emphysema (C- disease classes and subclasses in order to emulate how ex-
Emphysema), Figure 1d is visually dissimilar to Figures 1b pert radiologists would categorize them. Furthermore, we
and 1c. A feature that distinguishes Paraseptal Emphysemase different feature sets for comparing similarity at each
(P-Emphysema) from C-Emphysema is the distance of thelevel and for each class. Chen and Bouman'’s approach used
“pathology bearing region (PBR)” [13] from the boundary the same feature set and similarity metric throughout the
of the lung, whereas the features that best discriminate theorganization of their hierarchy or “pyramid”.

images within class C-Emphysema are those that measure

the gray level intensity of the PBR. The PBR is the region . ) .

marked by the physician as the region of interest or dis- 3. The Customized-Queries Approach

eased region. The PBR’s are encircled by a white boundary
as shown in Figure 1. The traditional approach to content-based image re-

trieval tries to find one set of features that distinguishes the

different classes well and at the same time findsitest
2. Related Work images for retrieval. The customized-queries approach, on

the other hand, breaks this task into two levels: 1) find the

Forming a hierarchy of features for retrieval and storage set of features that distinguishes the different major classes,

has been explored by other researchers, but their end goalgnd 2) “customize” the query by using the specialized set
for doing so differ from ours. For example in the FourEyes of features in the query’s class to obtain the begnages
system [10], highly structured objects in images, such asto retrieve. To implement this approach we must first learn
buildings and trees, are represented hierarchically to facili-a classifier, thereby defining the “Level 1” features. For
tate structural comparisons with a query image. In “Texture each class we must then learn the features (we call “Level
features and learning similarity” by Ma and Manjunath [9], 2" features) that best cluster the images into visually similar
they used a hybrid neural network algorithm to learn sim- clusters.
ilarity by clustering in the texture feature space and then  The customized-queries approach is not to be confused
fine tuning the clusters using supervised learning. Theirwith a decision tree [12]. A decision tree is a super-
approach builds a hybrid neural network classifier that is vised learning (i.e. training examples with class labels are
applied during retrieval to classify the query as one of the provided) algorithm for classifying instances into classes.
given classes. Then they select thenost similar images  CQA is an approach to automate the customization of the
within that class cluster using Euclidean distance. Note thatquery (by modifying the feature representation based on an
the same feature set is used both for classification and forestimate of the query’s major class) for retrieval.
retrieval after classification. Our approach differs in that In Section 3.1, we describe the retrieval procedure. In



Sections 3.2 and 3.3 we present our approaches to findingdries to find the best set of features for delineating the dif-

the Level 1 and Level 2 features. ferent classes [8]. FSS adds the feature that when combined
with the current chosen set yields the largest improvement
3.1. The retrieval procedure in classification accuracy of the classifier. To estimate the

classification error, FSS uses ten-fold cross-validation. For

Using the Level 1 features, we first classify the query im- Our dataset using the FSS features gave a classification ac-
age using a one nearest neighdeNN) classifier. We used ~ curacy 0f93.33% + 0.70% which was slightly better than
1-NN because in a comparison 203, 4, 5-NN and deci-  the92.67% + 0.79% classification accuracy obtained using
sion trees]-NN yielded the lowest classification error. We all of the features. FSS chose eleven Level 1 features, which
measured the error using a ten-fold cross-validation, whichis @ substantial reduction from using alliaf5 possible fea-
randomly partitions the dataset into ten mutually exclusive tures (a complete listing of these features is given in [4]).
subsets. Classification error is computed with each partition
(or fold) as the test set and the rest as the training set. This3.3. Customizing the Level 2 features and clustering

is repeated ten times, one for each fold. The final estimate the Level 2 classes
for the classification error is the average of these estimates.
The 1-NN predicts a clasg’; for the query image. The On the first level we used the different disease classes

system then uses the Level 2 features associated with clasgssigned to the images in our database to perform feature
C; to retrieve thex most similar images as defined by Eu- selection. At the second level we are not given class labels,
clidean distance to the query image (i.e. usifN). Inthe  requiring us to use unsupervised clustering to group the im-
next two subsections, we will answer the following ques- ages within each disease class. In addition to learning the
tions: clusters, we also need to find the features that yield the best
clustering and the optimal number of clustdrsHence, we
need to simultaneously finkl, the clusters and the feature
set.

2. Within each class, how does one determine the dis- TO select the features, we experimented with both the

crimination boundaries among visually similar sub- trace(Sw)/trace(Ss) and thetrace(S,,'S,) criteria [6].
classes? and Sy is the within-class scatter matrix arty is the between

class scatter matrix, and they are defined as follows:
3. How does one customize the features within each

1. How does one determine the features for discriminat-
ing among the major classes?

class? Sy = E’{zl mE{(X — p)(X — ) Twi} = Y5 miss
Sb = Zi=1 ﬂ-l(iu”‘ k'_ MO)()u’l - Mo)T
3.2. Customizing the Level 1 features M, = EB{X}=%F mu

wherer; is the probability of class;, X is a random fea-

We treat each level as a separate classification anq feat'ure vector representing the image,is the mean vector of
ture selection problem. On the first level we use the given classw;, M, is the total mean across all data points or im-

|trr1]jage classes daStOL:L ca:}egones. I?ho:Jr doma!n ofdlntterest ges in the databasg; is the covariance matrix of class,
this corr(_ershpon S (t)h Ie |se|ase Ipab loogy ass?_ne dodgac ndE{-} is the expected value operatéf, measures how
image. ese pathology class labels are contirmed diag-g.,tered the samples are from their cluster meansSand

Noses obtained from medical records, hence we can CONmeasures how scattered the cluster means are from the total

sider these as ground truth labels. . mean [6]. We would like to select features that discriminate
To find the Leyel 1 features, we first extract all features our clusters best, i.e. we would like the distance between

from the query image. We call these the base features,each pair of samples in a particular cluster to be as close

I'p — {F, Fs, .., Fiv}. Then we use Feature Subset Se- together as possible and the cluster means to be as far apart
Iect|o.n_ (FSS) [8] wrappgd around th.e. '”Staf?ce'Basef' (1B) as possible with respect to the chosen similarity metric.
classifier (al-nearest-neighbor c[aSS|_f|er) using Mtﬁ? In Section 3.3.1 we describe our first ad hoc approach to
(we chose the forward search dlre.ct|o.n ppuon) to find the performing feature selection and clustering simultaneously.
subset of features froifig that best discriminate the Level 1 n Section 3.3.2 we present an approach based on the EM
classes. Other inducers such as decision trees or neural ne gorithm And finally in Section 4 we present experiments

\tlr\:?art(; gl?';luslgifki)eer lf)seecilljnsgl'iﬁg ic;ftlr?é ::rl?diézr\,\g:?;&eifcije?)r%usgoclﬁlomparing these two approaches to the traditional method,
) . hich performs retrieval using a single query vector.

to classify the query at Level 1. This means that we are us- ichp Ievaiusing a single query v

ing Euclidean distance as our dissimilarity metric and that

we are using nearest neighbor to identify the class to whichs;g’;é'h gstjtrcgr:gi\(/jlgriseai?ﬂ?aet‘ﬁrhe' o(r?grafiae;ﬁ:stoagésess
our query belongs. FSS is a greedy search algorithm thalts ability to cluster the data inté classes using thé-

LAvailable at http://www.sgi.com/Technology/mic. means clustering algorithm [6]. We then sort the features




feature subset selection [8]. Instead of using feature subset
selection wrapped around a classifier, we wrap it around a
clustering algorithm. The basic idea of our approach is to
search through feature subset space, evaluating each sub-
set, F;, by first clustering in spaceé; using the EM [3] al-
gorithm and then evaluating the resulting cluster using our
chosen clustering criterion. The result of this search is the
feature subset that optimizes our criterion function. Be-
cause there ar@” feature subsets, whereis the number

of available features, exhaustive search is impossible. To
search the features, sequential forward, backward elimina-
tion or forward-backward search can be used [6]. In this
paper we evaluate sequential forward selection. This is a

trace(Sw)/trace(Sb)

008 ‘ ‘ ‘ ‘ ‘ ‘ ‘ greedy search algorithm that adds one feature at a time.
: : ¢ ° p ! ’ ° ° This method adds the feature that when combined with the
current chosen set yields the largest improvement to our
Figure 2. The trace(Sw)/trace(Sy) criterion separability criterion. We use theace(S,,'S,) as our
value with respect to  k for C-Emphysema. criterion because it is invariant under any nonsingular lin-

ear transformation unlike therace(Sy)/trace(S,,) crite-

rion [6]. Transformation invariance means that oncéea-
in increasing order based on the value of our criterion for tures are chosen, any nonsingular linear transformation on
the clusters generated by the feature. Next, we pick thethese features does not change the criterion value. To clus-
bestn features that are not pairwise correlated by more ter our data, we currently choosethe number of clusters,
than50%. We need to check for correlation because many using the procedure described in Section 3.3.1. In the future
of our base features are highly correlated. We chose  we will automate our EM clustering algorithm to optimize
be the number of Level 1 features chosen by FSS as de4 simultaneously [1].
scribed in Section 3.2. We then cluster the data uging In the remainder of this section, we describe our appli-
means applied to the selected features and then compute cation of the EM algorithm and a modification to the basic
the trace(Sy)/trace(Sy) criterion. Note that other crite-  approach outlined above that speeds up the runtime.
ria for evaluating clustering performance could also be used  EM Clustering. We treat our data (the image vectors in
[6]. We repeat this procedure férranging fromtwo to ten.  our database) as @dimensional random vector and then

Since the criterion function is a decreasing function with re- model its density as a Gaussian mixture of the following
spect tok [6], we chooseék to be the smallest for which form:

the decrease in criterion value is no longer as significant k

as the previous decrease. For example Figure 2 shows the f(X;|®) = ijfj (X516;)
trace(Sw)/trace(Sy) criterion value with respect tb for j=1

C-Emphysema, resulting in a choicefof= 5. Once we es- L S

tablish the clusters obtained by the seleatdigatures and ~ wheref;(X;]6;) = —A——e 2(Xi7#i) 27 (Ximu) g

d 1
(2m)2 |51
e probability density function for clags 0; = (i, X;)
the set of parameters for the density functfo(X;|¢;),
; is the mean of clasg, ; is the covariance matrix of

the chosert, we define each of thieclusters to be a distinct

subclass. Using the generated subclass labels, we apply FS
to customize the features to be our Level 2 features for that
class. We chose to customize the features rather than retai lass;, «; is the mixing proportion of class (subject to

the features used for clustering in an attempt to improve our . . .
g P P the following constraintsi; > 0 andZ?zjL m; =1),kis

ability to discriminate among the subclasses and to reduceh ber of ¢l L Sddi ‘random d
the number of features required [4]. the number of clustersy; is ad-dimensional random data

vector,® = (m,m, -7k, 01,02, -0;) is the set of all
parameters, anfl( X;|®) is the probability density function

of our observed data poid; given the parametes. Here,

we made a standard assumption that our data is Gaussian.
However, future work will include testing the performance
of other distributions as well.

3.3.2. Feature subset selection and clustering us-
ing EM. A weak point of our previous approach is that it
considers the clustering ability of the features individually.
However to select the best feature subset for clustering, it
is important to assess the clustering ability of the features The X's are the data vectors we are trying to cluster
jointly. For example, weight and height are good features 1, clusteeri, we need to estimate the paramet€rsOne '
for discriminating people who are overweight from those method for estimating is to find & which maximizes the
who are not. But individually, height or weight does not log-likelihood, log f (X |®). A popular iterative optimiza-
provide as high discrimination power. tion algorithm to solving the maximum likelihood estimate
Our new method is inspired by the wrapper approach for for missing data problems is the expectation-maximization



(EM) algorithm [3]. In the clustering task, the missing data

is knowing to which cluster eacki; belongs. EM provides Table 1. The disease class distribution, query
us with “soft-clustering” information, i.e. a data poift; distribution and the number of clusters, k.
can belong to more than one cluster weighted by the proba-
bility of that data to belong to a cluster. Going through the [ Disease Class Databasel Query | k&
derivation, we obtain the following EM update equations Frequency| Frequency
[15]: C-Emphysema (CE) 314 18] 5
» pj(Xi|<I>§t’) 7r](-t) P-Emphysema (PE) 54 3|4
Elzij] = p(zi; = 1|X, @) = — GINNG) IPF 51 2|3
Do Ps(Xil®57) s EG 57 1|4
N Sarcoid (Sar.) 16 1|5
it = L Z E[z)] Aspergillus (Asper.) 12 1|5
et Bronchiectasis (Bron. 14 1|2
N
W = —i Y Blag] X
i i=1 selecting the Level 2 features, we excluded the PBR loca-
tion and size features that may capture systematic effects
t+1) _ _ 1 10y, — Dy _ o GFDNT : >y
R 23 Z Elei] (Xi — ") (X — ™) of the PBR markings made by our physician. Although
7 i=1

) - these features cluster the images well, the resulting cluster-

whereE[z;;] is the expected value of the probability that jng does not group the PBR’s according to visual similarity.
the dataX; belongs to clustef andZiN:1 E[z;;]isthe es-  This cuts down our initial feature spaceltt0 features.
timated number of data points in clagsIn the EM algo- Our experiments compare using just the Level 1 features
rithm, we start with an initial estimate of our parameters, for retrieval (the traditional approach) to our customized-
®, and then iterate using the update equations until converqueries approach, which first classifies the query image us-
gence. ing the Level 1 features and then uses the Level 2 features

The EM algorithm can get stuck at a local maximum, from the resulting class for retrieval. We also compare the
hence the initialization values are important. We used performance among the different methods for customizing
r = 10 random restarts oh-means and pick the one with  the Level 2 features. Specifically, we compare the results of
the highest maximum likelihood to initialize the parameters the following three methods:
[14]. We then iterate until convergence (likelihood does not
change by0.0001) or up ton iterations whichever comes Method 1: The traditional approach: Level 1 features are
first for each search step. We experimented with 20 and used for retrieval across the entire database using Eu-
n = 50 and and found that they yielded the same features clidean distance.
for our database. We limit the number of iterations because . .
EM converges asymptotically, i.e. convergence is very slow Method 2: The customized-queries approach: Level 1 fea-
when you are near the maximum. Moreover we oftendonot ~ tures classify the query image as one of the Level 1

require many iterations, because initializing withmeans classes. Then retrieve the nearest neighbors within

starts us at a high point on the hill of the space we aretrying ~ that class as measured by Euclidean distance over the

to optimize. corresponding Level 2 features. The Level 2 features
are obtained using our previous approach described in

4. Experimental Results Section 3.3.1.

Method 3: The customized-queries approach: Identical to

Our current database consists3@2 HRCT lung images Method 2 except that the Level 2 features are obtained
from 62 patients. These images yig@d5 pathology bearing using feature subset selection wrapped around EM.
regions (PBR) [13]. PBR’s are local image regions marked
by the physician as pathological. A single image may have In assessing the performance of Methods 2 and 3, we as-
several PBR’s and these PBR’s may have different diag-sumed an ideal classifier to classify the query as a Level 1
noses. Throughoutthe experiment we considered each PBRlass. We did this to isolate the effect of using the appropri-
as a data point, i.e. a single image with three PBR’s givesate Level 2 features in retrieving the images, i.e. the utility
us three data points. We uséd5 implemented features of customizing a query. This assumption is not too limiting
from ASSERT as our base features [13]. These featuressince the classification accuracy we obtained from a ten-
include measures of geometric properties (centroid, areafold cross-validation applied to BNN classifier using the
distance from boundary), gray level mean, standard devi-Level 1 features i93.33% + 0.70%.
ation, gray level histogram, area histogram, texture (using To determine which method is best, the radiologist in
co-occurrence matrix), and edginess measures of the locabur team was asked to evaluate the retrieval results for the
pathology bearing regions and of the global image [13]. In three methods. Throughout the test, the radiologist was not



Table 2. Results.

Disease Method 1 Method 2 Method 3

Class SATATNS]D] SATAINS|D[SD|[SATANS]D][SD
CE 28 58 69 0
PE 0 11 10
IPF
EG
Sar.
Asper.
Bron.
total
score -37
ret. precision 38.89% 82.41% 90.74%
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informed as to which method produced the retrieved im- tio of PBR area to lung area. These are the same features
ages. We used eighteen images selected randomly from théhat our domain experts chose for describing the structure
C-Emphysema class, three from P-Emphysema, two fromof C-Emphysema. Method 2 on the other hand picked only
IPF and one from each of EG, Bronchiectasis, Sarcoid andgray level mean features. Method 2 resulted in @¥y%
Aspergillus as test query images. We chose eighteen fronretrieval precision for the C-Emphysema class, whereas
C-Emphysema because it is the largest class in our collecMethod 3 resulted i98.61%. The features selected by
tion (51% of our database is of class C-Emphysema). The Method 2 were not able to capture the structure of the C-
disease class distribution and thehosen for each classis Emphysema class. Furthermore, note that the Level 2 fea-
shown in Table 1. The four images ranked most similar to tures chosen by Methods 2 and 3 are different for each dis-
the query image were retrieved for each method. Note thatease class and different from the Level 1 features as shown
allimages of the query patient are excluded from the searchin Table 3.
The user can choose from five responses: strongly-agree Our results show that it is not enough to retrieve images
(SA), agree (A), not sure (NS), disagree (D) and strongly- based on just the disease class. In addition, we need to find
disagree (SD) for each retrieved image. To measure the perthe best image within that class on the basis of visual simi-
formance of each method, the following scoring system waslarity. Obtaining better precision is very important in med-
used:2 for SA, 1 for A, 0 for NS, —1 for D and—2 for SD. ical image retrieval, because once the best match is found
The results are summarized in Table 2. doctors can compare the medical history of the two patients

Method 1 received a total 6£37 points, Method 2 gar-  and hopefully be able to use the same diagnosis and treat-
nered150 points and Method 3 receiveti’8 points. If ment. Moreover, the feature set that best discriminates the
SA and A are considered as positive retrievals and the resdisease classes is different from the feature set that best dis-
as negative retrievals, Method 1 resulted3#.89% re- criminates between visually similar subclasses within each
trieval precision. Method 2 resulted §2.41% precision disease class. Hence, there exists a need for customized
and Method 3 resulted i#0.74% precision. Notice thatthe  queries.
Method 1 precision is not the same as the accuracy obtained
for the Level 1 classifier because there were many case$. Conclusion
where the radiologist did not mark SA or A even though
Fhe retrieved images have the same diagnosis as the query \we introduced a customized-queries approach to CBIR
image. Note also that we cannot measure recall because Wg 4t first classifies a query using the features that best dif-
do not have the subclass labels. ferentiate the Level 1 classes and then customizes the query

From these results, we can see that customized queriego that class by using the features that best distinguish the
(Methods 2 and 3) dramatically improve retrieval precision |evel 2 classes within the chosen Level 1 class. Our ap-
compared to the traditional approach (Method 1) for this proach was motivated by the observation that the image fea-
domain. Moreover, our new method (Method 3) for feature tures that work best to discriminate among different classes
selection and clustering performed better than our previousare different from the features needed to retrieve the most
method (Method 2). visually similar images within each class. For the domain of

It is interesting to note that the features selected by HRCT images of the lung, our results show that given a cor-
Method 3 for the class C-Emphysema (the largest class inrect Level 1 classification the customized-queries approach
our database) are two features for uniformity of energy, oneyields 90.74% retrieval precision, whereas the traditional
for histogram, one for texture correlation and one for ra- single feature vector approach yields 0B8/89% retrieval



Table 3. The Level 1 and Level 2 features.

Level 1 Features

F1, F3, F8-9, F29, F32, F134, F136, F155, F205, F229

Centrilobular Emphysema F1, F35, F194

Level 2 Features Method 2 Method 3

Disease Class Feature Set Feature Set

Alveolar Proteinosis F22, F25, F177 F13, F247

Aspergillus F6 F175, F179

Bronchiectasis F20 F5, F165, F168, F175, F179-180, F204, F206-207, F217-218, K
Bronchiolitis Obliterans | F20 F6, F11, F17, F19, F199, F205, F256

F175, F203, F217-218, F239

F4, F173, F227, F229, F231

EG F1, F167 F7, F201
Hemorrhage F1 F202

IPF F72,F167, F220

Panacinar F44, F106, F19 F167
Paraseptal Emphysema | F1, F14, F193, F244 F8, F232
PCP F20 F4, F15, F17,
Sarcoid Fo4 F194

243

F170, F203, F239

precision. Moreover, the traditional approach requires that
one finds a set of features that both correctly classify the
qguery and retrieve visually similar images. Whereas the
customized-queries approach divides the problem into two
parts: First optimize the features for Level 1 classification,
then optimize the features for retrieving visually similar im-
ages within that class.

(5]

To select our Level 2 features, we introduced a gen- (g
eral method for performing feature selection and cluster-
ing simultaneously. Our experiments showed that it out- [7]
performed our previous ad-hoc approach. Future work will
investigate how this new method performs for other do-
mains, compare the performance of using different crite- -

rion functions, test other distributions (aside from Gaussian)
to model the data and incorporate the determination of the
number of clusters;, inside EM clustering.
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