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Abstract— Classifying large datasets without any a-priori infor-
mation poscs a problem especially inthe field of bioinformatics.
In this work; we explore -the task of classifying hundreds of
thousands of cell -assay images obtained by a-high-throughput
screening camera. The goal is to label a few selected examples
by hand .and. to auntomatically label the rest of the images
afterwards. Up to now, such images are classified by scripts and
classification techniques that are designed to tackle a specific
problem. We propose a new adaptive active clustering scheme,
based on an initial Fuzzy c-means clustering and Learning Vector
Quantization. This scheme can injtially cluster large datasets
unsupervised and then allows for adjustment of the: classification
by the user. Motivated by the concept: of active learning, the
learner tries to query the most *useful” examples in the learning
process ‘and theréfore keeps the costs for supervision at a low
level. A" framework for the classification of cell assay imuges
based on this tech is-introduced, We compare our approach
to other related techniques in this field based on several datasets,

1. INTRODUCTION

The development of high-throughput imaging instruments,
e.g. fluorescence microscope cameras, resulted in them be-
coniing -a-promising - tool-to--studythe effect of . agents on
different cell types. These devices are able to produce -more
than. 50,000 images per. day; -up-to now,.cell images are
classified by a‘biological expert- who writes & script-to-analyze
a cell assay. As the appearance of the cells in“different assays
changes, the seripts must be adapted individually. Finding the
relevant features to- classify-the cell ‘types- correctly: can: be
difficult and time-consuming for the user.

The -aim of our work is 10 design a classifier that is.both
able to learn the. differences between cell types-and:is easy. to
interpret. ‘As we are dealing with non-computer experts; we
need models that. can be grasped easily. We ‘usé the concept
of chstering to reduce the complexity of our image dataset.
Cluster analysis techniques have been widely used in-the area
of image database categorization.

Especially in our case, we have many mngle cell images
with a similar appearance that may nevertheless be categorized
in_different classes. Another case might be that the decision
boundary between “active” and. inactive” is not reflected
in.the numerical data. that is. extracted from the. cell -image.
Furthermore, the distribution of the different cell types in the
wholé image dataset is very likely to be skewed: Thorefore. the
resulis.of an automatic classification based on an unsupervxsed
clustering may not be satisfactory, thus we need to-adapt the
clustering ‘so that it reflects ‘the desired classification of the
user.

As we are dealing with a large amount of unlabeled data,
the user should label only a small subset to train the classifier.
Choosing randomly drawn examples from the dataset helps to
improve the classification accuracy but needs-a large number
of iterations to converge. Instead of picking redundant exam-
ples, it would be better to plck those that can “help”.to train
the classifier.

This is'why we'try 10 apply the concept of active learning to
this task, where our Iearning algorithm has control over which
parts of thé input domain it receives information about:from
the user. This concept is very similar to the human form of
learning, whereby problem domains are examined in an active
manner.

After introducing the Cell Assay Image Miner in Section II,
we propose a new clustering scheme that uses the Fuzzy c-
means ‘algorithm with noise detection, which is-described in
Section 1IL.° A sampling scheme that makes use: of the fuzzy
memberships is proposed in Section IV. We show:results in
Section V and diseuss related work in Section VI, before
drawing conclusions in Section VIL

I :CELL ASSAY IMAGE MINING

I this' section we introduce the Cell” Assay Image Miner, a
software to explore and categorize cell assay |mages A typxcal
cell assay 1mage is shown in Figure 1.

Fig. 1. Original cell iihagé taken by-a high-throughput screeni:_xg'mi'croscope

camer. =, E
Toidentify interesting substructures in one-image; the ofigi-

nal image must be segmented in order to calculate the features
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for each cell individually. Unfortunately, the appearance of
different cell types can vary dramatically. Therefore, different
methods for segmentation have to be applied according to the
different cell types. However, the individual L.CHS in one image
tend to look similar.

Currently, good results are obtained by an approach that
detects 2 cell nucleus in an image based on a trained neural
network. After this step, a region. growing is-performed in a
similar manner to the approach described in [1]. The result
of such a segmentation step is shown in Figure 2.

kig. 2,

_Segmented cell image.

After the image has been segmented, we can calculate the
features on each small subimage of a cell individually. The
feature extraction module calculates features of a cell image
based on the histogram (ﬁrst order stausms) or based on the

texture (second order staustlcs) There are also modules for the.

calculation of Zernike moments [2] and a line feature module
that samples points in.an 1mage along a vector. The histogram

features comprise the mean; variance, skewness, kuitosis, and:

entropy of the histogram, . -

The 14 texture teatures fmm Hamhck [3] represent statistics
of the co-occurrence matrix of the gray level image. Four co-
occurrence matrices -from. rizontak; -vertical, dxagonal and
antxdxagonal direction are, averaged to achneve rotation invari-
ance. These. features. provide mformauon about the smooth-
ness, conirast.or randomness of the image - or more general
statistics about the relative posmons of the gray levels wuhm
the image. . y

.. Currently, the dlficrent fealure modu,e are: nm mtegmred
to forma combined feature vector. One possibility. might be to
assign weights to.each feature-in-order-to control its influence
on the classification. At present, we use-the. feature modules
according to requirements of the cell assay images. In Figure 3
we show a table: with-the single cell images and the Haralick
features. The numerical: featares that we’ compute based. on
these images constitute our feature vectors: As-we can. see
from these preprocessing steps, the number of data points may
become very-large; as we segment thousands of images-into

small subimages (approximately 200 -small cell images per
original image), we reach an order of millions of images:

QOur goal is to classify the original images by classifying
each individual cell within.

At the beginning, we do not have any labe]ed instances,
but we can make use of a biological expert who is able to
provide a class label for each cell image ‘that is shown to
him. The problem is to classify the whole dataset with as
few labeling steps-as possible. 'We have a certain degree of
freedom considering the misclassification as the whole image
is classified by a majority decision over the small cell images.
If a clear majority decision can be made, the image is not
considered further, Borderline cases with equal distributions
of classes are sorted into a special container to be assessed
manually by the biological expeit. It becomes apparent that
this“approach allows for a rather high:fault tolerance, a
human will have no objections fo labeling a few xmag 3 by
hand rather than risk a misclassification:

In the next section we pmpose a scheme that tackles t}ns
special setting by first clustenng the whole unlabeled datasel
unsupervised and then ‘assigning class labels to the cluster
prototypes. This classification can then be adjusted by the user;
we propose a query function that tries to select the most useful
examples by taking into account the fuzzy memberships.

HI. FuzzY C-MEANS WITH NOISE DETECTION

The fuzzy c-means (FCM) algorithm 4] is a well-known
unsupervised learning technique that:can ‘be used 1o reveal the
undeslying structure of the data based on a similarity measure.
Fuzzy clustering allows each data pomt to belong to several
clusters, with a degree of membenhxp for each one. We use
the extended version from [5] for the added detection of noise.

LetT = & ;3 = 1,...;m beaset of feazure vectors for the
data items. to be clustercd W = g,k =1,...,casetof ¢
clustérs. V' is the mairix with coefl ficients whn,rc Ui k denotes
the membership of & to cluster k. Given a distance function
d, the fuzzy c-means algonthm with noise detection iteratively
mlmmlzes the followmg ob)ectlve funcuon wuh respect to v
and w f :
17l e P 2
Ay szkd(wk,x,) 1813 ( -
. d=l kel ’ . - Kk
m'e (1, 00) is the fuzzification parameter and indicates How
much’ the “clustérs are allowed tooverlap each-other. "The
first term corresponds to the normal fuzzy c-ineans: objecnve
funetion, wheréas the second term arisss from the noise cluster.
§is’ the distance from every datapoint o’ the rioise cluster e
This distance can’either be fixed of can be upda(ed inéach
iteration atwrdmg to the average interpoint distances. Gby:cts i
that e not close to-any of the cluster centers 1 aré therefore
detected-as-having a high membership to the noisé cluster. 7,
is subject to minimization unde: the constmim - 3

e

Vi o<2m<1 fe)

k=)
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Fig. 3. Table showing each cell with its corresponding mask and numerical features.

FCM is often used when there is no a-priori inform
available and thus can serve as an overview technique.,

IV. FROM CLUSTERING TO CLASSIFICATION

ation

Based on the prototypes obtained from the FCM algorithm,

we can classify the datasct by first providing the class
for each cluster prototype and then by assigning the class
of the closest prototype to each datapoint.

label
label

Datapoints that are detected as noise are remcved because

they do not help to enhance the classification. We will
reasons for doing so later.
In order to have enough information about the general

give

class

label of the cluster itself that represents our current hypothesis,

we perform a technique known as Cluster Mean selectior

1 [6).

Each cluster is split into subclusters; subsequently, the nearest
neighbor of each cluster prototype is sclected for the query

procedure. If the class distribution within the current cl
is not homogeneous, we replace the prototype with the p

uster
roto-

types of the subclusters. We call this the exploration phase, as

we are trying to get an overview of which kind of categ
exist in the dataset.

ories

A common problem is that the cluster structure does not
necessarily correspond to the distribution of the classes in the
dataset. The redefinition of cluster prototypes could increase
the classification accuracy. We make use of the Learning
Vector Quantization algorithm for this task, which is described

in the following section.

A. Learning Vector Quantization

Leaming Vector Quantization [7] is a so-called competitive
learning method. The detailed steps are given in Algorithm 1.

The algorithm works as follows: for each training pattern,
the ncarest prototype is identified and updated. The update
depends on the class label of the prototype and the training
pattern, If they possess the same class label, the prototype
is moved closer to the pattern, otherwise it is moved away.
The learning rate e controls the movement of the prototypes.
The learning rate is decreased during the learning phase,
a technique known as simulated annealing [8]. The LVQ
algorithm terminates if the prototypes stop to change sig-
nificantly. One basic requirement in the LVQ algorithm is

Algorithm 1 LVQ algorithm

1%

2

Choose R initial prototypes for each class my(k), m2(k),
w..,mp(k),k=1,2,..., K, e.g. by sampling R training
points at random from each class.

Sample a training point & randomly (with replacement)
and let mj(k) denote the closest prototype to . Let g;
denote the class label of Z; and g; the class label of the
prototype.

3: if g; = g; then {that is they belong to the same class}

4

move the prototype toward the training point:
mj(k) «— mj(k) + e(Zi ~ mj(k)), where € is the
learning rate.

: end if
: if g; # g; then {that is they belong to different classes}

move the prototype away from the training point:
m;(k) < mj(k) — €(&; — m;(k))*
: end if

9: Repeat step 2, decreasing the learning rate € to zero with

each itcration.
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that we can provide a class label for each fraining point
that is randomly sampled. We . assume that the training set is
unlabeled - however an expert can prov:de us ‘with class labels
for some selected examples. As we can only label a small set
of examples, wé need to opdmxze the: quenes ‘with a strategy
to boost the classmcanon accuracy: while keepmg the number
of queries at a -low Tevel: Jn the' next secuon ‘we propose a
query funcnon that auempts to solve thxs problem

B. Selection of Ex mples based on Fuwness

The selection of new examples is of particular importance as
it influences the performance of the classification. Assuming
access to a noiscless oracle it is vital to gain as much as
information as possible from the smallest possible number of
examples. If we act on the assumption that the underlying
structure found by the FCM algomhm aln:ady Anheres an

expect that the distance between Similar mages in-the feature
space is small, we can label datapoints close to the prototype
with a high confidence, whereas the confidence i Iower for
points lying between different clusters,

Area of Possible |
Confuslon '

Fig 4 ’l‘wo C'lustem that ove.rlnp it

To 1denufy the data’ pomts that lie on the fronuu' between
two' clusters; -we propose a-new procedure that is easily ap-

plicable in the fuzzy setting. Rather than dynarmically choosing

one example for the Jabeling procedure (which. would' slow
down the process), we focus on a selection technique that
selects a smiall batch-of V' samples (6" be labeled: Note  that
a-data ‘item*&;. is considered-as belonging to cluster & if vk

is the highest among-its ‘membership” values: If we consider -

the data points between two chisters, they tust have an almost
equal membership to both of them. The selection:is performed
in two steps: Initially; all” datapoints “ure” ranked ‘according
to their memberships to ¢luster prototypes; subsequently, the
most diverse examples are chosen from this pool:of examples
to avoid choosing “points ‘that are too close to each other.

The ranking is based on the fuzzy memberships and can be
expressed for each datapoint @ as follows:

Ve bE=1...¢ b#l
3)

Note that we also take into account the class label of each
cluster. Only if the clusters correspond to different classes is
the rank computed

After all datapoints are ranked, we.can select a. subset with
high ranks to perform the next step: diversity selection.: This
prevents the active clustering scheme from choosing ‘points
that are t0o close to each other (and therefore are together not
that interesting). We refer to the farthest-first-traversal -{10]
usually used in clustering. It selects the most diverse examples
by choosing the first point at random and the next points
as farthest away from the current. set of selected instances,
The distance d from a datapomt 7 to the set S is. dfcﬁned as
d(8, z) = minye g d(z, y), known as the min-max-distance,

While taking into account samples at the decision bound-
aries between clusxers, the current hypothesis should also be
verified. A cluster mean selection step as mentioned in the
exploration phase helps to consolidate the. classification.

We summarize the pmcedure we have developed 50 far in
the follnwmg section, :

Rank(&;) = 1 — (min |v; x — vigl)

c Adapnve Acnve Class:ﬁcanon

Our-adaptive  active -classification procedurc is based on .
a combination of the techniques that have. been mentioned
above.. All steps.are listed in Algorithm 2. We start to cluster
our dataset with .the fuzzy c-means algorithm, because we
expect dense regions in the feature space that are likely to bear
the same class label, Therefore, the. fuzzy c-means algorithm
gives. us a.good mmahzatlon and prevents us from labeling
unnecessary mstances. G

The nois¢ detection in the clustering procedure serves the

- same purpose:Rare datapoints that represent. borderlme cases

should not.be selected, as these noise labels would influence
the classification.in a negative way. Funhermore. these. sam-
ples would be useless for the classification. Hov»evcr, note that

" in this manner, we are able 10 present unusual and/ot’ ouu\cr

cases to the user, that could be interesting to him.

After a batch of N.examples has been selected from within
each cluster and from the borders of the clusters, the user
interaction takes place:‘the ‘expert has-to label each example.
The newly-labeled samples are then added to the current-set
of labeled samples L. After this- step, the cluster promtypesi d
can be moved based on ‘the training set L.

The-question is when to stop the movement of the prot(»
types. The simulated annealing in the LVQ algorithmwill siop
the-movement after a certain number of iterations.: However,
an acceplable solution may: be found-earlier, whlch is why we
propose further stopping criteria: g

1) Validity  Measures: Can give - iis mformauon of ‘the
quality” of the clustering [11}."We employ the within-cluster
variation and the between cluster variation as‘anindicator. This
descriptor can be useful for the initial selection of attributes.
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Algorithm 2 Adaptive Active Clustering Procedure
1t L0
2: Perform the fuzzy c-means dlgomhm with noise detection
(unsupervised),

: Filter out noise datapoints.

w

4; while Classification:accuracy needs improvement-do

5. -Select N-training examples within the clusters and from
the borders.

6. Ask the user for the labels of these samples, add:them
to L.

7. ‘Move the prototypes according to L.
8: - Decrease the learning rate ¢
9: end while

Naturally, the significance of this method decréases with: the
subsequent steps of labeling and adaptation of the cluster

prototypes.
2) Classification Grad:enr. “We can make usé of the al-

ready labeled examples to compare the previous to the riewly -

obtained results. After the labels of the samples inside and
between the clusters have been obtained, the cluster prototypes
are moved. The new classification of the:dataset is dérived by

assigning to each data point the class of its closest cluster

prototype. By comparing the labels given by the user to the
newly obtained labels from the classification, we can calculate
the ratio ‘of the number of correctly labeled samples to the
number of falsely labeled examples,

3) Tracking: Another indicator for acceptable classification
accuracy is to track the movement of the cluster prototypes. If
they stop ‘moving ‘because new examples do not augment the
current classification, we can stop the’procedure.

4) Visual Inspection; 1f the datapoints are linked to images

nting the ‘numerical features,
nage of the data tuple that is
closest to the cluswr prototype' ‘We display the images with
the highest membersmp 10 the ‘actial ¢luster and the samples
at the boundary between two_clustcrs if thcy are in different
classcs : &

V EXPERIMENTAL RFsum

As we do not hnve a completely labe]ed dataset. of cell

assay images, we demonstrate the effectiveness of our adaptive
clustering scheme first-on-an artificial dataset-and then on the
satimage dataset-ffom the: UCI Machine Leammg Reposntoxy
{12 '

Fxgum 5 shows: 1he 2~dxmensmnal testdata ina: scamrp!ot ;
The - different. gray- tones correspond to-the different classes-
in- this-dataset. This is a typical example for a dataset where.
the distribution of the classes.is.skewed. Figure- 6. clarifies. -

the difference between random selection on. the left side and
examples chosen with ranking and diversity selection on the

right side. The latter helps the LVQ algorithm to-improve the .

classification accuracy more quickly as can be seen:in Figure 7,

(as in the semng we desgnbe in Section TI), we can make

o8 v
o
GA'.. =
02

o0

03 0s

o "
. ‘u DA % o8 00, 2 S . o

I“xg 6. Dm'crent selection tcchniques mudom sclemon (left) zmd dnvcmty‘
selection (right)

which shows the classification errot in pereent over the number
of iterations of the LVQ algorithm:-
We compared the classification error-of the normal LVQ

-with random- selection -against -ouf samphng scheme on the

satimage dataset that contains 6,435 cases splitinto 6 classes in
a 36-dimensional feature space, Althoughi this dataset does not
inherit the structure for which our scheme has been developed,
it still perfomns better thar the normal: randoin selectmn, see
Figure 8. .

As-can be clearly seen, the. active sclecuon of datapoints
in the learning process of ‘the: LVQ - algorithm leads to a
significantly faster convergence of the classification; especially
at the first iterations. This: wrresponds totally: to our objective.
of keeping user interaction, at alow level.

VI.: RELA’I ED. Woxx

“There have. been a number of approaches (0 perform partial
supervision in the clustering process. In [13],.a clustering of
the dataset is obtained by first exploring the dataset with a
Farthest- First-Traversal and providing must.link ‘and cannot-
link.constraints. In the second Comoltdamphase, the initial
neighborhoods are. stabilized by, picking new examples ran-. .
domly from.the dataset and again hy prov1dmg constraints for
a pair of datapoints. ;

In [14], an approach for active, semi- supervnscd clustenng,

192



Fig. 8. Active vs. Random Selection on the Satimage Dataset

for image database categorization is investigated. Tt includes a
cost-factor for violating pairwise constraints in’ the objective
function of the Fuzzy c-means algorithm. The active selection
of ‘constraints looks for samples at the border of the least well-
defined cluster in the current iteratioii. In the work of [15],
Jabeled patterns are incorporated in the objéctive function :of
the Fuzzy ISODATA algorithm. All these approaches take a set
of Jabeled patterns or constraints as input before the clustering
process starts. These samples are selected randomly.

In [16), a_very similar approach has been- proposed that
selects the points to query based on the Voronoi diagram that
is induced by the reference vectors, The datapoints. to. query
are selected from. the set of Voronoi vemces with different
strategies,

The novelty of our’ approach is in lhe way that dula is
preclustered before supemsxon takes place whxch enhances
the class:ﬁcauon awumcy

VII. CONCLUSION

In this work,-we have addressed the problem of classifying
a large dataset when only a few labeled examples can be
provided by. the user. We have shown that the fuzzy c-means
algorithm is well-suited to be applied to stable initial clustering
and that it has the advantage that datapoints on the border
can easily be detected by scanning through their memberships
to the cluster prototypes. Based on'the labels of the selected
examples from the borders between clusters and the labeled
cluster prototypes, we have proposed to move the cluster
prototypes, similar to the Learning Vector Quantization (LVQ)
method. We have shown that the miisclassification rate can be
improved faster than in the normal LVQ method.

ACKNOWLEDGMENT

'f‘hls work was siipported by the DEG Research Training
Group GK-1042 "Explorative Analysis and Vieualizatxon of
Large Informauon Spaccs” :

REFERENCES

(1] -T. Jones, A. Carpcmer. and P. Golland, ’Voronm-based scgmcntanon
of cells on image manifolds,” Compuler Vision for Blomedlcal lmage
Applications LNCS, vol. 3765, 2005 &

[2]. E. Zernike, “Diffractiontheory of: the cut procedure. and. its improved
form, the phase contrast method,” Physica, vol. 1, pp. 689-704, 1934,

[3] R. Haralick, K. Shanmugam, and 1. Dinstein, “Textural features for im-
age classification,” JEEE Transactions on systems, man and cyberneétics,
1973,

(4] ¥. Bezdek, Pattern' Reécognition with Fuzzy Objrcnve anc:lon Algo-
rithmis.  New York: Pletum Press, 1981

[5] R. N. Dave, “Characterization and detection of noise m clustenng
Pattern Recogn. Left.; vol. 12, no. 11, pp. 657-664, 1991,

[6] B. Gabrys and L., Petrakieva, “Clombining labelled and unlabelled data
in the design of pattern classification systems,” [nternational Jourral of
Approximate Reasoning, 2004.

[7] T. Kohonen, Self-Organizing Maps. Heidelberg: Springer Verlag, 1995.

(8] S. Kirkpatrick, €. D. G, Jr, and-M. P. Vecchi, "“Optimization by

simulated annealing,” vol. 220 no. 4598, pp. 671-680, 1983.

H. Nguyen and A, Smeulders, “Active leaming using pre-clustering”

ICML; 2004,

Hochbaum and Shmoys, “A hest possible_heuristic for the k-center

problem,” Mathematics of Operations Research, vol 10, no. 2, pp. 180-

184, 1985.

[11] M, Windham, “Cluster validity for fuzzy clustering algorilhms. Fuzzy
. Sets and Systems, vol. §, pp 177185, 1981,

(12} C. B, D.J. Newman, S. Hettich and C. Mz, “UCK TepOsitory

. of  machine - Jearning daubascs T 1998, [Onhne] Available:

http://www.ics, uci. edw/~mleam/MLRepository. hm

S: Basn, A. Banerjee, and R. J, Mooney, “Active semi-supervision for
. pairwise ‘constrained clusteting” Proceedings- of the SIAM Intéernational

Conference on Data Mining (SDM-2004), 2004.

19
(o

=

113}

(14] N. Grire, M. Crucianu, and ‘N, Boujemaa, “Active scmn»supcmsed
1 g forimage database calegorization,” Content-Based Multimedia
Indermg 2005.

W. Pedryez and J: Waletzky, “Fuzzy clustering with partial supetvision,”

1EEE Transactions on:systems, man and cybernetics-Pars B; Cybernetics,
vol. 27, pp.- 177-185, 1997.

M. Hasenjiger and H. Ritier, “Active learning with lacal models," Neuml
Processing Letters, vol. 7, pp. 107-117,-1998. .

(15]

(16]

193



	Text1: Ersch. in: NAFIPS 2006 : 2006 Annual Meeting of the North American Fuzzy Information Processing Society ; Montreal, Canada, 3 - 6 June 2006 / IEEE. - Piscataway, NJ : IEEE Operations Center, 2006. - S. 188-193. - ISBN 1-4244-0363-4
	Text2: Konstanzer Online-Publikations-System (KOPS)
URL: http://nbn-resolving.de/urn:nbn:de:bsz:352-244036


