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Chapter 1

Introduction

The classi®cation of different tumor types on microscopic images plays an important
role in the diagnosis and therapy of tumors. In this work methods are presented to
automate the classi®cation of lung tumor tissue.

In clinical practice tissue sections of tumors are examined by a pathologist. Different
tissue structures have to be identi®ed and quantized during this step. The interpreta-
tion of the tissue depends on the knowledge and skills of the pathologist and errors
could cause severe consequences for the patient.

Nowadays, the tissue sections can be digitalized which makes them available for com-
puter aided analyzing methods. This opens the way for more objective interpretation
of the tissue, which may help pathologists in their daily practice.

In this work existing tools that are used for other morphologic classi®cation tasks
are evaluated for their suitability in the classi®cation of lung adenocarcinoma. For this
lung tumor type new classi®cation guidelines were recently presented in [23]. To clas-
sify lung adenocarcinoma automatically with respect to this guidelines, new analysis
methods are needed to characterize the different tissue structures. Methods based on
the discrete wavelet transform seemed promising for this task and are therefore tested
and evaluated during this work.

The ®rst goal in this thesis is to achieve classi®cation results with a high detection rate
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of healthy lung tissue in order that it can be distinguished from tumor tissue. Further-
more the lung tumor tissue should be subclassi®ed with respect to the new classi®cation
guidelines of lung adenocarcinoma. The focus lies on the evaluation of image attributes
that characterize important structures of the adenocarcinoma subtypes. It is evaluated
if it is possible to improve the classi®cation with additional analyzing methods based
on the discrete wavelet transform.

Outline of the thesis

The examination of microscopic tissue sections and the classi®cation guidelines of lung
tumor tissue are explained in more details in chapter 2. Furthermore, in this chapter
the database of histological images and its characteristics along with dif®culties in the
classi®cation are outlined.

The following chapters describe the methods used in the lung tumor classi®cation.
Chapter 3 introduces some general aspects of pattern recognition and the learning al-
gorithm and software used for the classi®cation are described.

The attributes of the histological images that are used as basis for the classi®cation are
introduced in the next chapters. Chapter 4 covers the image attributes that were al-
ready available for other classi®cation tasks in microscopic images. One is based on
the intensity values of the images, the other on local binary patterns. In chapter 5 on
the other hand an additional image attribute based on the discrete wavelet transform is
introduced.

The attributes are compared and evaluated in chapter 6. Furthermore results of the
automatic classi®cation of microscopic images of lung tumor tissue are presented. It
is evaluated if a classi®cation with methods based on the discrete wavelet transform
improve the results.

In the last chapter a conclusion and an outlook to possible further research concerning
the lung tumor classi®cation is given.



Chapter 2

Medical Background

2.1 Lung Tumor

Lung carcinoma is the third most common cancer in Germany. The survival rate ®ve
years after the diagnosis lies between 13 % and 17 % for men and 13-19% for women
[1]. For a better understanding of its pathogenesis and improvement of treatment op-
tions lung cancer is classi®ed according to its molecular and morphologic variations.
One type of lung cancer of the bronchus is discussed in more detail in this work, the
so-called adenocarcinoma, a tumor that is derived from bronchial glands. It belongs
besides the squamous cell carcinoma and the large cell carcinoma to the 'non-small
cell lung cancer' (NSCLC). On the other hand there is the small cell lung carcinoma
(SCLC). Currently the main treatment differentiation with respect to the histological
type is based on the classi®cation in NSCLC and SCLC. However, the conventional
chemotherapy was re®ned in the last years and novel molecular markers were investi-
gated, such as, for instance, activating EGFR (epidermal-growth-factor-receptor) muta-
tions, which are related to the unregulated cell growing. Therefore ways are searched
to correlate different histological subtypes according to their response to therapy or the
presence of certain mutations.

The classi®cation into one of the lung cancer subtypes is primarily done by histological
examination of a biopsy taken of tumor tissue or of an excised tumor. Sometimes a radi-
ological picture can give a ®rst indication of the tumor type but appropriate treatment
decisions can only be made after the histological examination [10]. The acquisition of
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Figure 2.1: Parts of histological tissue sections of lung adenocarcima.

histological tissue is explained later in section 2.2.1.

The subclassi®cation of the invasive adenocarcinoma is investigated in more detail
during this work. The adenocarcinoma is the most common histological lung cancer
subtype [23]. It consists of tumor cells emerged from gland tissue and is mostly local-
ized in the peripheral lung [10]. Microscopic images of lung adenocarcinomas can be
found in ®gure 2.1.

With respect to the enhanced tumor therapy and investigation of novel molecular mark-
ers, the old classi®cation of adenocarcinoma is insuf®cient. Therefore a new classi®ca-
tion guideline to determine the different subtypes of invasive adenocarcinoma is intro-
duced in [23]. As a result the adenocarcinoma should be divided into the following ®ve
histological subtypes: acinar, papillary, micropapillary, lepidic and solid adenocarci-
noma. Before the main characteristics of the subtypes are presented, the characteristics
of healthy lung tissue are described now.

The major tissue components in the lung are alveoli, bronchi and blood vessels.
Moreover, there is cartilage, connective tissue, nerves, serous and mucous glands. The
inhaled air streams through the trachea, passes the bronchi, which branch further into
the bronchiole until the alveoli are reached. Here the gas exchange takes place. In ®g-
ure 2.2 two microscopy images of the lung are shown. Alveoli compose the largest lung
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Figure 2.2: Parts of histological sections of normal lung tissue.

tissue component. They are separated by thin walls which contain the capillaries. In
the left picture of ®gure 2.2 also a blood vessel is visible, in the right one a bronchus.
In comparison with ®gure 2.1 one can clearly see the differences to tumor tissue, which
has lost all air ®lled spaces.

Microscopy image parts of the adenocarcinoma subtypes can be seen on the left hand
side of ®gure 2.3. The main characteristics are described on the right hand side (sources
of the descriptions:[23, 10]). An invasive adenocarcinoma can consist of one of these
histological subtypes and also of mixtures of the subtypes. Therefore the tumor is clas-
si®ed according to the predominant subtype. Additionally, variations of the subtypes
may occur, for example with a production of mucin, like in the sections on ®gure 2.1.

In [23] a classi®cation based on these subtypes is recommended. As a result non-
mucious lepidic adenocarcinoma has the best, the solid and micropapillary subtypes
the worst and papillary and acinar adenocarcinoma have an intermediate prognosis.

2.2 Database: Histological Images

2.2.1 Data Acquisition: Tissue Sample Processing

A tissue sample, taken for example from a biopsy, need to be processed in several steps
until it is ready for a microscopic examination. These steps are explained now.
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acinar adenocarcinoma
Consists of round or oval shaped glands with a
central lumina.

papillary adenocarcinoma
Consists of glandular cells growing along central ®-
brovascular cores.

micropapillary adenocarcinoma

Consists of papillary nodes, which contain in con-
trast to papillary adenocarcinoma no ®brovascular
cores.

lepidic adenocarcinoma

Appears well differentiated. The tumor cells are
spread along the surface of alveolar walls, without
destroying them.

solid adenocarcinoma

Appears undifferentiated. The polygonal tumor
cells are arranged in compact formations. No acinar,
papillary, micropapillary or lepidic growth is recog-
nizable.

Figure 2.3: Histological subtypes of invasive adenocarcinoma.
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Fixation

The aim of ®xation is that the tissue and cells change their natural appearance as little
as possible. Therefore the tissue is put in most cases into a formalin solution shortly
after the removal, in which it is chemically ®xated [15].

Embedding

Before thin tissue section can be cut, the consistency of the sample needs to become
®rmer. Therefore, the tissue is ®rst dehydrated, for example by the substitution of wa-
ter with ethanol [15]. Afterwards the tissue is embedded for hardening for example in

a paraf®n solution [15].

Sectioning

After hardening the tissue sample block can be cut into small slides with a microtome
[15]. The standard thickness of a section lies between 5 and 8mm [11]. The sections are
placed on a microscope slide for further processing.

Staining

Staining is used to enhance contrast in the microscopic image by highlighting impor-
tant structures. Depended on the technique different parts of the tissue are highlighted.
The histological sections in this work are stained with the H.E.-method. The two used
stains are hitmatoxylin and eosin. H &matoxylin colors the cell nuclei blue, while eosin
colors the cytoplasm and collagen in red or pink.

For this work several images of tissue sections of lung adenocarcinoma were pro-
vided by Dr. Frederick Klauschen, Charit & Berlin. They were digitalized with the
Hamamatsu NanoZoomer. The scanned sections are available on different magni®-
cations with a highest resolution of 0.23 mm/pixel. The size of a scanned section on this
magni®cation is on average approximately 200.000 100.00 pixel.

All in all 22 images of lung tumor tissue sections were available for the classi®cation
in this work. Image regions of 1024 1024 pixel were classi®ed into one of the adeno-
carcinoma subtypes or into a healthy tissue class. This corresponds to a tissue area just
under 250 250mm. The image regions in ®gure 2.3, 2.4 and 2.5 are of this size.
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Figure 2.4: Inner-class di erences of acinar lung adenocarcinoma.

2.2.2 Database Characteristics

The aim in this work is to classify and quantify the different lung adenocarcinoma sub-
types in a microscopic tissue section. The main characteristics of the subtypes were
already explained in section 2.1. Now further properties and characteristics of micro-
scopic images of tumorous lung tissue are discussed.

One of the dif®culties in the typi®cation of lung adenocarcinoma is that the appearance
of one subtype often varies. Inner-class differences are for example produced by varia-
tions in the staining intensity, which can be seen in 2.4. This can occur due to variations
during the preparation procedure, slightly different section thickness or physiological
variations from different patients. But also the tissue structure itself can vary within
one class. This can also be seen in ®gure 2.4 in which the structures differ from each
other. These example subimages however can still clearly be assigned to the acinar
adenocarcinoma subtype. But this is not always the case. In some cases an exact classi-
®cation is even for a specialist dif®cult to accomplish.

Furthermore the adenocarcinoma subtypes have to be distinguished from other tissue
types that can occur in lung tissue. Some of these are shown in ®gure 2.5. Parts of
biopsies of lung tumors also include healthy tissue. This can be lung speci®c tissue like
alveoli or bronchi, as well as other healthy tissue like blood vessels, cartilage or glan-
dular tissue. Often, there are also immune reactions in combination with a tumor. This
goes along with the appearance of lymphocytes, macrophages or ®brosis. All of this
tissue types and cells have to be recognized as well as the adenocarcinoma subtypes to
distinguish between healthy and tumorous tissue and are therefore also considered in
the classi®cation task in this work.

Allin all 14 tissue classes are distinguished in this work, containing the ®ve adenocar-



2.2 Database: Histological Images

(a) Normal alveolar lung (b) Normal bronchus. (c) Blood vessel. (d) Cartilage.
parenchyma.

Rl ZTAG
(h) Lymphocytes.

(e) Glandular tissue.

in itrates.

Figure 2.5: Histological images of healthy tissue inside the lung. Bdes lung speci c tissue, like aveoli
or brochni, also other tissues have to be distinguished froinet adenocarinoma types.

cinoma subtypes of ®gure 2.3, mucious adenocarcinoma and the healthy tissue classes
shown in ®gure 2.5.






3 Pattern Recognition in Histological
Images
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4 Extraction of Characteristic Features
In Histological Images
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Figure 6.1: Comparison of the wavelet featurd, with Haar, Daubechies 4 and biorthogonal 4.4 wavelet
basis. The normalized mean value of the feature for 20 test imegyfor each class is shown.
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Figure 6.3: Comparison of intensity attributes, local binary patternsand wavelet based features for
lepidic and acinar adenocarcinoma.
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