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COMPUTER ASSISTED DIAGNOSIS OF
CERVICAL INTRAEPITHELIAL
NEOPLASIA (CIN)

Cervical cancer is the second most common
female cancer, accounting for 452,000 new cases
per year. In many developing countries, it is the
most common female cancer. The precancerous
change in the squamous epithelium is called
Cervical Intraepithelial Neoplasia (CIN).  The
diagnoses of CIN are generally made by a
pat hobk danteipretatibn of visually assessed
features. This is a skilled process but is subjective
in nature with inter/intra-observer variability. The
global shortage of pathologists exacerbates the
problem. As a consequence this can have serious
implications for diagnosis, prognosis and future
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financial ramifications through an increase in
litigation as a result of error. Therefore, the need
for computer assisted diagnostic system to give
valuable and repeatable decision support is urgent.

With the advance of scanning techniques, glass
slides can now be scanned at high resolution (0.25
pm/pixel), resulting in virtual slides. A typical
cervical histological slide may be scanned to give
an image of 165500 x 50,000 pixels, or 25GB of
uncompressed data (Fig. 1). This provides the
possibility to process such large and complex
images.

CERVICAL HISTOLOGICAL IMAGE DATABASE

A total of 31 H&E stained cervical histological
slides were selected. The selected cases were
examined and marked by an experienced
pathologist reflecting Normal, CIN I-lll tissues. All
slides were scanned using an Aperio ScanScope
CS in JPEG format at 40x objective magnification.

RESEARCH PAPER

FIG. 1 CERVICAL HISTOLOGY

AUTOMATED SEGMENTATION OF SQUAMOUS
EPITHELIUM

This part of the project investigated image
segmentation methods applied to the squamous
epithelium. A multi-resolution segmentation
strategy was developed to give the best
segmentation results and optimize processing time.
Robust texture feature vectors were developed in
conjunction with Support Vector Machine (SVM) to
perform classification.

Virtual slides were initially segmented into three
classes, namely squamous epithelium, stroma and
background at low resolution of 5.00 um per pixel.
The boundary blocks of segmented squamous
epithelium were then further fine-tuned for the
removal of small blocks of stroma and background,
as well as taking in misclassified squamous
epithelium at 0.50 pm per pixel. Afterwards,
Columnar epithelium and RBCs were further
removed from squamous epithelium. Finally,
medical histology rules are applied for the
elimination of misclassifications.
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For the evaluation of segmentation results, ground
truth images were firstly obtained by having the
images classified by a pathologist. The measures
chosen for evaluating the performance of the
segmentation are: accuracy (% correctly classified
bl ocks, comdetér ¢ s def i ned
truth images), the proportion of false-positive and
false-negative. In tests with 20 virtual slides which
were used for training, the system achieved an
accuracy of 96.23% to 96.42%, with a false-
positive proportion of 1.92% to 2.87% and average
false-negative proportion of 0.71% to 1.86%. In a
test set (n=11) of virtual slides, the system
achieved an accuracy of 94.25% to 94.37%, with a
false-positive of 4.25% to 5.14% and a false-
negative of 0.49% to 1.21%. The tests
demonstrate that the proposed segmentation
approach is robust and is a suitable prototype
solution for the segmentation of the squamous
epithelium. An example of segmented squamous
epithelium can be seen in Fig. 2.

ANALYSIS OF SQUAMOUS EPITHELIUM AND
DIAGNOSIS OF CIN

The presence and different stages of CIN in a
squamous epithelium region can be determined by
exploring the quantitative changes that occur in
image composition across a transect line of the
epithelium. A connecting line is a set of block
images which run from the bottom of squamous
epithelium to the top of epithelium. An example is
shown in Fig. 3.

The obtaining of the connecting lines was
performed in 6 steps. First of all a region of
squamous epithelium was skeletonized using
medial axis transform. Then, the main axis of the
skeleton was found, and extended to intersect the
boundary of squamous epithelium. Thirdly, the
pixels comprising the main axis were ordered and
formed into a sequence of points (X;, Yj).
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FIG. 2 EPITHELIUM IDENTIFICATION
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Fig 3 Anillustration of a connecting line. (a) A digital slide of 22500x20500 pixels at 0.25 um per pixel. (b)
itheli ithelium is black and the 9 white spots form a perpendicular
line). (c) Connecting line at 0.25 pm/pixel, consists of 9 250 250 pixel blocks at 0.25 pm/pixel.

FIG. 3 CONNECTING LINE
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Therefore, the connecting line functions for each
point in the main axis can be defined as

Y = agx(x-X)) +Y;

Next, initial connecting lines were obtained by
getting the image blocks in the squamous
epithelium which intersected by the connecting
lines. Finally, refinements were made to include
the image blocks which were not included by the
connecting lines.

Diagnostic clues evident in CIN are
pleomorphism, superficial maturation and loss of
polarity. These can be quantified by measuring
tissue/cellular-level changes in  squamous
epithelium. These changes are all related to the
measurements of nuclei, such as individual
nuclei morphologies and inter-relationships.
Therefore, for the diagnosis of CIN, the
segmentation of nuclei is a requirement. In this
study we used an incremental color-based
thresholding method for segmentation after doing
color normalization and contrast-limited adaptive
histogram equalization (CLAHE).

Feature vectors were then calculated for each
connecting line to measure the presence and
different stages of CIN. These features were
obtained from the measurements of nuclei
patterns using the segmentation of nuclei from
each 250x250 pixel blocks. For each image
block, four nuclear features were used. nucSize
(Average area), nucDen (Average density),
mArea (Delaunay triangle area), mEdge
(Delaunay triangles edge length).

Feature vectors were then interpolated so that
each feature vector has 16x4 data points. An
example is shown in Fig. 4.
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Fig4 (a)A line. (b) The nuclei of the ing line. (c) The Delaunay triangulation of the
line. (d) The line features. (e) The interpolated connecting line features.

FIG. 4 DELAUNAY TRIANGULATION

A ¥

(a) () fe)

Fig 5 Diagnosis of CIN (a) Original RGB image. (b) Diagnoses marked by a pathologist, (c) Diagnoses
for the missed block images. (White (Normal), red (CIN I), green (CIN If) and blue (CIN I1l.)

FIG. 5 DIAGNOSIS OF CIN
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The calculated feature vectors for each connecting
line were subsequently classified using multi-
category SVM. For each of the four connecting
line feature vectors, grid-search cross-validation
was used to obtain the SVM parameter C and V.
Using the cross-validation accuracies AccCV; from
each of the four independent measurements as
weights, a connecting line was then classified
using a combination of the posterior probabilities
Proby(i) from SVM predictions and AccCV; . The
connecting line was then classified as the category
which achieves the biggest value i
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After combining connecting line classification
results, the diagnosis of CIN for digital slides were
achieved. An example of diagnosis result is shown
in Fig. 5.

As the 31 virtual slides in the database were from
two batches (batch-J and batch-C) three test
strategies were developed to test robustness of the
diagnosis of CIN, and they were measured by
using accuracy, un-weighted Kappa and quadratic
weighted Kappa.

Test Strategy | (J20C11): Select a subset of
size n, which contains connecting lines from all 31
digital slides for SVM training. The remaining
(18724-n) connecting lines were used for testing.

Test Strategy Il (J13C7): select a subset of size n,
which are from 20 digital slides (13 of them from
batch-J and 7 of them from batch-C) for the
training of support vectors. The remaining (18724-
n) connecting lines are used for testing. These
testing connecting lines are taken from 11 digital
slides (7 slides from batch-J and 4 from batch-C)
which are not used for SVM training.

TABLE 1

For each test strategy, results obtained from
comparing wi t h Pat hol og
better t han comparing
diagnoses. Results in the 2™, 4™ 6" 8" and 9"
columns in Table | suggested that the diagnosis of
CIN is robust when the training for support vectors
and testing use a same set of digital slides.
System performance decreases when digital slides

for testing were Aunseeno.

CONCLUSION

Traditional diagnosis of CIN is subjective, resulting
in inter/intra-observer variability. With the use of
high performance slide scanning devices, complex
cervical histological slides can be presented in
digital form for further analysis. A novel method for
the diagnosis of CIN was developed based on the
classification of line features. Given sufficient
training data, from a set of representative slides,
the proposed diagnostic system could be the basis
of a clinical tool for the assisted diagnosis of CIN.
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