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Abstract. DNA Image Cytometry is a method for early cancer diagno-
sis and grading of cancer, using a photomicroscopic system to measure
the DNA content of nuclei. Specifically for the prostate, this method can
be used to distinguish between clinically insignificant, non-aggressive tu-
mors, and those which need to be removed or irradiated. This decision is
based on the analysis of the DNA distribution among examined nuclei.
However, even trained personnel usually requires more than 40 minutes
for collecting the requested number of nuclei. Considering a shortage of
skilled personnel, reducing the interaction time with the system is de-
sired. Towards this end, a training set consisting of 47982 Feulgen stained
nuclei and features mainly based on the nucleus morphology are used to
train a Random Forest classifier. A motorized microscope was used to au-
tomatically scan ten slides from a test set and classify their nuclei. Using
the leaving one out strategy, the classifier achieved a classification rate
of 90.93% on the training set. For the test set, the resulting DNA distri-
bution of each measurement was evaluated by a pathological expert. The
DNA grades of malignancy of the automated measurement were identi-
cal to the grades of the corresponding manual reference measurements in
all cases. Interaction time required for grading was reduced to approxi-
mately five minutes per case for manually validating the classified nuclei
in diagnostically relevant DNA ranges.

1 Introduction

Thanks to developments in the early detection of cancer and cancer treatment,
the chance of survival has increased in the past years [1]. However, recent studies
show that especially for the prostate, the established PSA test leads to overdiag-
nosis and overtreatment of prostate cancer [2]. Unnecessary prostate resections
with the risk of leaving the patient impotent or incontinent result. An approach
to reduce overtreatment is the Active Surveillance approach: Only if progression
of a cancer has been identified by regular clinical follow-up, curative therapy is
recommended.



2 D. Friedrich et al.

Fig. 1. Relevant types for classification. The first row shows two cancercell nuclei,
whose DNA content is used for grading. The second row shows cells from the immune
system and a fibroblast, which can be used for the calibration of the system. The last
row shows artifacts which must be excluded from the measurements. The contours
extracted from the segmentation mask are shown in blue, the DNA content of the
nuclei after calibration is given in brackets and with suffix D.

(a) Low aggressive cancer-
cell nucleus (0.99D)

(b) Highly aggressive can-
cercell nucleus (2.94D)

(c) Granulocyte (1.02D) (d) Lymphocyte (0.99D) (e) Fibroblast (1.02D)

(f) Artifact (9.86D) (g) Artifact (4.42D)

DNA Image Cytometry (DNA-ICM) may be a suitable technique for grading
prostate cancer malignancy in Active Surveillance [3], it is based on estimating
the DNA content of hundreds of cancercell nuclei. To prepare the specimens,
cancercell nuclei are extracted via enzymatic cell separation from core biop-
sies, sedimented, fixated on glass slides and stained according to Feulgen. For
this specific stain, the uptake of dye in the nucleus is proportional to its DNA
content. By measuring the attenuation of light when passing through Feulgen
stained nuclei with a microscope system and a digital camera, an estimate of
the integrated optical density of the nuclei can be computed [4]. If the system
is calibrated with nuclei of normal DNA content, for instance with fibroblasts
or cells of the immune system, the DNA content of cells under analysis can be
estimated. The grading of prostate cancer is then based on the DNA distribution
of the cells on the slide. A DNA distribution of a non-aggressive tumor shows
only a peak at the normal DNA content. Cancers which grow faster reveal a
second significant peak at two times the normal DNA distribution, as the cells
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have to replicate the DNA content before cleavage. Even more aggressive cases
contain cells with DNA content higher than 2.2 times the normal DNA content,
or a significant scatter of DNA contents.

A prognostic DNA-ICM measurement consists of examining all fields of view
(FOV) on the glass slide which contain nuclei, focusing on each of these FOVs
and deciding whether an object can be used for calibration, should be analyzed
or needs to be rejected (see Fig. 1). If a nucleus is to be included in the conven-
tional, manual measurement, the examiner clicks on the corresponding nuclei in
a live view of the camera image, and then automated segmentation and DNA
content estimation of this nucleus are performed in software. For a valid DNA-
ICM measurement, the consensus report of the European Society for Analytical
Cellular Pathology prescribes that at least 300 cancercell nuclei and 30 reference
nuclei for calibration need to be collected [4]. However, even trained personnel
requires usually more than 40 minutes for this task. With most of the schools for
cytotechnicians in Germany being already closed, a shortage of skilled personnel
can be foreseen. Consequently, a reduction of the interaction time of cytopatho-
logical experts with the system is desired.

We therefore developed a classifier for Feulgen stained nuclei of the prostate
in order to identify nuclei from cancerous cells among reference nuclei and arti-
facts. Our classifier was first trained on a training set which has been classified
by a pathological expert (A.B.). Subsequently, the classifier was applied to clas-
sify test set data which has been collected with a motorized microscope with
an autofocus system. Diagnostically relevant nuclei were presented in an image
gallery and manually reviewed, before the DNA distribution was used for grad-
ing the malignant potential of the respective cancer. Finally, grading results of
automated and manual measurements on the test set were compared.

2 Methods and Material

Prostate cells of microdissected cancer foci in core needle biopsies from 19 pa-
tients were deposited on glass slides by centrifugation and stained according to
Feulgen. From this dataset, nine slides were declared as training set and scanned
manually. All objects in each field of view on the slides were collected using a
Motic BA410 microscope with 40x objective (NA=0.65), a Motic 285A camera
(1360x1024) and the MotiCyte-I software for segmentation and estimation of
the DNA of the nuclei. The collected nuclei were classified by a cytopathologist
into the classes: Cancer cell, Granulocyte, Lymphocyte, Fibroblast and Artifact.
This gold standard, comprising a total of 47982 objects, and features from Ro-
denacker et al. [5] were used to train a Random Forest classifier [6]. For this
classifier, several subsets of the gold standard are selected and a Decision Tree
is induced for each of these subsets, forming a Random Forest. For an object
to be classified, the classification results for all Decision Trees in the Random
Forest are computed and counted as a vote. The dominating class is then as-
signed as the classification result of the Random Forest classifier. The leaving
one out strategy on a slide basis was used for training, that is eight slides were
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Fig. 2. Classification table for the Random Forest classifier on the training set.

ground truth

Cancer Cells Artifacts Fibroblasts Granulocytes Lymphocytes

Cancer Cells 22389 657 192 15 1189

Artifacts 818 15033 257 35 174

Fibroblasts 63 125 1083 1 14

Granulocytes 0 0 0 0 0

cl
a
ss
ifi
ca
ti
o
n

Lymphocytes 677 94 8 33 5125

Total 23974 15909 1540 84 6502

Error (%) 6.50 5.51 29.68 100.00 21.18

used for training a classifier, and the remaining slide was classified. This process
was repeated so that each slide was classified once, and the classification results
were compared to the gold standard to estimate the classification performance.
The features used describe the morphology of nuclei, such as area, perimeter,
jaggedness and bending of the contour, the intensity (mean and variance) and
the texture (entropy, dark spots). For justifying the choice of the Random Forest
classifier, this classifier is compared to an AdaBoost classifier [6], a k Nearest
Neighbor classifier where the variables have been normalized for variance and a
conventional Decision Tree [6].

A Motic BA600 motorized microscope with an autofocus system realized in
software was used for the automated collection of the ten remaining slides from
the clinical test set. During the scanning process, a classifier trained with the
whole training set was used to classify the collected nuclei. After the automated
classification of the nuclei, a cytopathological expert reviewed all nuclei in the
diagnostically relevant range: Firstly, this included checking all cells which are
classified as cancercell nuclei and have a DNA content 2.2 times higher than the
normal DNA content. This is because artifacts which have a high DNA value
and are misclassified as cancer cell might lead to an overtreatment. Secondly, this
includes checking all artifacts with 2.2 times larger the normal DNA content if
they contain cancer cells, as missing cancer cells might lead to not treating a
progressing cancer (see chapter 1).

Furthermore, a conventional manual DNA-ICM measurement was performed
for all slides from the test set. The DNA distributions from automated and
manual measurements were graded according to the algorithms presented in [7],
which allocates seven grades.

3 Results

The classification rate on the gold standard, using the leaving one out strategy as
described in the previous section, is presented in Figure 2. The Random Forest
classifier achieves an overall correct classification rate of 90.93%. Misclassifica-
tions which are especially relevant for grading are the fraction of cancer cells,
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Table 1. Total correct classification rate and diagnostically relevant misclassification
rates for the classifiers used in this study, given in percent.

Classifier Classification rate Cancer Cells lost Artifacts classified Cancer Cell

Random Forest 90.93 6.51 2.69

AdaBoost 89.83 7.81 3.63

Decision Tree 84.90 13.16 5.52

kNN 89.65 5.89 4.97

which were not classified as such (cancer cells lost, 6.51%) and the fraction of ar-
tifacts among all cells classified as cancer cells (2.69%). The correct classification
rate and the misclassification rates relevant for diagnosis are given in Table 1 for
all classifiers used in this study.

After collection of the nuclei in the automated measurements, diagnostically
relevant nuclei were reviewed by an expert. For each case, 75 objects classified as
cancerous and 367 objects classified artifacts needed to be checked on average.
To ascertain if the classification performance achieved is sufficient to confirm the
grading, the DNA-distributions from automated and manual measurements were
compared. The DNA-grades of the manual measurement could be confirmed in
all 10 cases.

4 Discussion

We used the leaving one out strategy on all available data classified by an ex-
pert to train classifiers and estimate the classification performance, following
Fukunaga’s recommendation to use this strategy instead of the separation of
training- and test set [8, page 312]. The Random Forest classifier outperformed
the other classifiers tested. Decision Trees, which are the foundation for this
classifier, have a built-in feature ranking: When inducing the Decision Tree, the
most important features are used in vertices close to the root vertex. This ex-
plains the better performance compared to the other complex classifiers as the
kNN and AdaBoost classifier on the same features. But unlike a conventional
Decision Tree, the Random Forest classifier trains a collection of Decision Trees
on subsets of the gold standard data, which prevents overfitting.

Among the five classes, abnormal and cancercell nuclei are classified with a
better performance as Fibroblasts, Granulocytes and Lymphocytes. This is due
to the fact that a priori probabilities for these classes are much lower: cancercell
nuclei and artifacts together constitute 50.0% and 33.1% of the gold standard,
while Fibroblasts, Granulocytes and Lymphocytes are just 3.2, 0.2 and 13.5%.

The most critical errors for the classification problem at hand are missed
cancercell nuclei, which might lead to not treating a progressing cancer, and
the classification of artifacts as cancer cells, which might lead to overtreatment.
For the Random Forest classifier, these relevant misclassifications were lower
than the misclassification rate on the whole dataset. A grading procedure was
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set up which included a verification of diagnostically relevant nuclei. By auto-
matically collecting and classifying all nuclei on the slide, the interaction of the
cytotechnician was reduced from the whole manual measurement of a slide (40
minutes/case) to the visual inspection of relevant nuclei. These are presented
compactly in an image gallery, which reduces the interaction time to approx-
imately five minutes per case. Applied on the test set, this grading procedure
confirmed the DNA-grading of the manual reference in all ten cases.

As a future work, we intend to develop classifiers for other modalities such as
for cells from the uterine cervix or the oral cavity. These cells can be extracted
non-invasively using brush biopsies, which causes new challenges for classifica-
tion: The samples extracted from brush biopsies are usually more contaminated
with debris. Cells might, on the one hand, lie in different focus planes or, on the
other hand, lie much closer to each other and touch or overlap. Thus strategies
for the detection of defocused nuclei and these specific forms of artifacts need to
be developed.

References
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