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1. Introduction

We have developed a method to identify and count Circulat-
ing Tumour Cells (CTGCs) in fluorescence microscope images.
CTCs are viable cells that detached from primary tumour sites
and disseminate via the bloodstream as seeds for secondary
tumours In other organs The detection and enumeration of
rarely occurring CTCs is an important diagnostic tool in evalu-
ating the progression of disease and the effectiveness of treat-
ment [1].

4. Histogram representation of cells

0.6 . . 0.6 . . 1 0.6

0.4r 4 0.4r 0.4r
0.2r 4 0.2r 0.2r .
4 - IS | Nn unn s 21 sanznnennnz 1 sldlN

200 0 100 200 0 100 200

0 100
0.6 . 0.6 0.6
u[m 1 0.4 0.4} -
0.2 1 0.2 0.2} ]
0 100

200 0 100 200 0 100 200

. 0.6
0.6 .
0.6 .
0.4 0.4 .
' 0.4 7
D.2 | D.z 1 0.2_ T
0 100

200 0 100 200 0 100 200
0.6 ; ; 0.6 ; ; 0.6

.ﬂ.-{1 s N
0.2r 1 0.2 1 0.2r

0 100 200 0 100 2ﬁD 0 100 200
Red Green Blue

Each ROI, whether it contains a CTC or not, is described by a
RGB-histogram based on the colour content of the ROI. The
histograms of individual ROIls are compared with class his-
tograms that are learned using maximum likelihood. The dif-
ference between histograms of data points, y,, and the class
histograms, H,., are measured by quadratic-form divergence

Dy = \/(yn — H.)A(y, — H.). The divergence within a class is
assumed to follow a half normal distribution
p(ynlc; He, o) = 2N (D 4(yn, H.), 0, 0.).

where o. denotes the standard deviation of the normal distri-
bution.

5. Generative Model

The classification of cells is made based on the probability
function p(c|y,) which express the probability that the data
point, y,, belongs to class c.

p(Yn|c)p(c)
> p(ynlc)p(c)’

The trained generative mixture model can be used for clas-
sification of an unknown data point that is presented by cal-
culating the posterior probability using Bayes theorem. The
appropriate class is then chosen by taking

ple|m) ==,

p(dyn) —

c* = argmax(p(cly,; 0)),

C

l.e. we assign the data point to the class that maximises its
posterior probability. The probabilistic model can be trained
unsupervised, supervised or semi-supervised. For unsuper-
vised learning we use the Expectation Maximisation algorithm
where we maximize the data log likelihood,

log(L(0)) = 2_: log(p(yn; 9)).
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2. Data Collection
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The data of this study were generated by a technology that can collect CTCs in vivo
using a functionalized and structured medical wire (FSMW) [2]. The tip of such a wire
Is functionalized by the application of EpCAM antibodies and is inserted into the cubital
vein of a patient. It is left there for 30 minutes during which the antibody-coated tip is
collecting CTCs from the blood that flows past. After collection of CTCs, the samples are
stained and CTCs are manually enumerated directly on the FSMW using fluorescence
microscopy.

3. Data and ROl Identification

The identification of regions of interest (ROIs) are
found through the following steps:

Contrast Normalisation using a Naka-Rushton fil-
ter.

Blue Channel Thresholding CTCs are exhibiting
colloquialized EpCAM and DAPI staining (blue and
green channels) regions of increased blue is found
by thresholding

Watershed Segmentation Regions above thresh-
old are decided with using the watershed algo-
rithm. Our dataset consisted of 61 images in which
the watershed algorithm found 35545 foreground re-
gions.

Morphological screening Found ROIls are
screened based on size and roundness to elimi-

. . . . . nate regions that obviously are not cells. This left
us with 617 ROIls being considered as possible

CTCs.

6. Results

The accuracy, precision and recall of the individual classifiers on the complete data set.
The first row shows the results of the ROI identification step where ROls that possibly
contained CTCs are separated from debris using a decision tree. Furthermore, the re-
sults of histogram-based retrieval are shown for the classifiers SVM with RBF-kernel,
unsupervised and semi-supervised NBC. The ROI identification process captures al-
most all the CTCs that we have in the data set (recall being 0.96) but about half of the
ROIls do not contain CTCs (precision is 0.51). The identified ROls are then classified
using NBC or SVM which greatly increase the precision of the CTC detection metod. In
conclusion we have a classifier which with high accuracy (~0.9) is able to identify CTCs.
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