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Abstract. The present work seeks to develop a computational tool to
suggest the malignancy or benignity of Solitary Lung Nodules by means
of analyzing texture and geometry measures obtained from computarized
tomography images.

Three groups of methods are proposed with the purpose of suggesting
the diagnosis for such nodules. The methods are divided according
to their common characteristics. Group I uses four geostatistical
functions denominated semivariogram, semimadogram, covariogram and
correlogram to analyze nodules’ texture. Group II describes measures
based only on the nodules’ geometry, such as convexity, sphericity,
and measures based on the curvature. Finally, Group III analyzes the
Gini coefficient and nodules’ skeleton, which take into account both the
nodules’ geometry and texture.

A sample with 36 nodules, 29 benign and 7 malignant, was analyzed
and the preliminary results of these methods are very promising in
characterizing lung nodules. All groups of proposed methods have the
area under the ROC curve value above 0.800, using Fisher’s Linear
Discriminant Analysis and Multilayer Perceptron Neural Networks.
This means that the proposed methods have great potential in the
discrimination and classification of Solitary Lung Nodules.

1 Introduction

Lung cancer is known as one of the cancers with shortest survival after
diagnosis [1]. Therefore, the sooner it is detected the larger the patient’s chance
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of cure. On the other hand, the more information physicians have available, the
more precise will the diagnosis be.

Solitary lung nodules are an approximately round lesion less than 3cm
in diameter and completely surrounded by pulmonary parenchyma. Larger
lesions should be referred to as pulmonary masses and should be managed
understanding that they are most likely malignant - prompt diagnosis and
resection are usually advisable [1].

Lung nodules have a structure of very complex tissue. There can be nodules
with tissue alterations almost imperceptible to the human eye and others
presenting very noticeable alterations. Tissue variation and, sometimes, the
not apparent development of the nodule’s shape, make diagnosis very difficult.
Pattern variations in a nodule’s texture provide indications about its malignancy
or benignity. Nodule calcifications in the shape of a popcorn, laminate concentric,
diffuse or central will probably be benign [1]. However, if the nodule does not have
calcifications and presents necrosis areas, it is likely to be malignant. Figure 1
illustrates two benign (a and b) and two malignant (¢ and d) nodules.

(&) b e (d)

Fig. 1. Examples of benign lung nodules (a and b) and malignant lung nodules (¢ and
d).

In many cases, it is also possible to characterize a nodule as malignant or
benign by analyzing its shape. If the nodule is rounded or has a well defined
shape, it is probably benign; if it is spiculated or has an irregular shape, it is
probably malignant. However, in some cases it is hard to distinguish malignant
nodules from benign ones [2], [3]. Figure 2 exemplifies such characteristics.

Fig. 2. Benign lung nodules (a, b, ¢ and d) and malignant lung nodules (e, f and g).
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In this paper we will analyze two essential and complementary characteristics
to diagnose lung nodules: texture (distribution attenuation coefficients) and
geometry. Three groups of methods were defined according to their common
characteristics. Group I analyzes the nodules’ texture based on four geostatistical
functions - semivariogram, semimadogram, covariogram and correlogram. Group
IT analyzes the nodules’ geometry using a set 3D of measures - sphericity
index, convexity index, extrinsic and intrinsic curvature index and surface type.
Group IIT analyzes the nodules’ texture and geometry using Gini coefficient and
nodules’ skeleton. Finally, we will analyze the combination of these groups. All
the extracted measures of the methods are applied to the 3D nodule and are
based on Computerized Tomography (CT) images. The nodules’ malignancy or
benignity is determined by applying linear stepwise discriminant analysis and
multilayer perceptron neural networks. The validation of the classifiers is done
by means of the leave-one-out technique. The analysis and evaluation of tests
are done using the area under the ROC curve.

This paper is organized as follows. Section 2 describes the image database and
the software employed. Section 3 treats the extraction and reconstruction of lung
nodules. Sections 4 and 5 discuss the studied method groups and classification
techniques, respectively. Discussion and analysis of the results using the methods,
stepwise discriminant analysis, multilayer perceptron neural networks and ROC
curve are treated in Section 6. Finally, Section 7 presents some concluding
remarks.

2 Materials

The images were acquired with a Helical GE Pro Speed tomograph under the
following conditions: tube voltage 120 kVp, tube current 100 mA, image size
512x512 pixels, voxel size 0.67 x 0.67 x 1.0 mm. The images were quantized in
12 bits and stored in the DICOM format [4].

The tests described in this paper were carried out using a sample of 36
nodules, 29 benign and 7 malignant. It is important to note that the nodules were
diagnosed by physicians and had the diagnosis confirmed by means of surgery
or based on their evolution. Such process takes about two years, which explains
the reduced size of our sample.

There were no specific criteria to select the nodules. The sample included
nodules with varied sizes and shapes, with homogeneous and heterogeneous
characteristics, and in initial and advanced stages of development.

SPSS (Statistical Package for the Social Sciences) [5] and NeuralPower [6]
were used for the training and classification of lung nodules, respectively. The
ROCKIT [7] software was used to compute and compare the area under the ROC
curve. The GSLIB [8] software was used to perform calculations of geostatistical
functions.
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3 3D Extraction and Reconstruction of Lung Nodules

In most cases, lung nodules are easy to be visually detected by physicians, since
their shape and location are different from other lung structures. However, the
nodules’ voxel density is similar to that of other structures, such as blood vessels,
which makes automatic computer detection difficult. This happens especially
when a nodule is adjacent to the pleura. For this reason, we have used the 3D
region-growing algorithm with voxel aggregation [9], which provides physicians
greater interactivity and control over the segmentation and determination of
required parameters (thresholds, initial and final slice, and seed).

Two other resources help and provide greater control in the segmentation
procedure: the barrier and the eraser. The barrier is a cylinder placed around
the nodule by the user with the purpose of restricting the region of interest
and stopping the segmentation by voxel aggregation from invading other lung
structures. The eraser is a resource of the system that allows physicians to erase
undesired structures, either before or after segmentation, in order to avoid and
correct segmentation errors [10].

The Marching Cubes algorithm [11] is used to build an explicit representation
of volume data. The measures described along the present paper will use this
representation. In order to remove irregularities from the reconstructed surface,
the Laplacian smoothing technique [12] is used. Figures 3 (a) and (b) show the
result of applying the Marching Cubes algorithm and the Laplacian technique,
respectively.

(b)

Fig. 3. (a)Application of Marching Cubes. (b) Application of the Laplacian technique.

4 Lung Nodule Features

The proposed methods are divided in groups according to their characteristics.
Group I only analyzes the nodules in relation to the texture. This group supplies
the whole potential of the geostatistical functions in the texture analysis for
nodule diagnosis. Group II treats only methods that analyze the nodules’
geometry, verifying if nodule is rounded or has a well defined shape. Finally,
Group III treats measures that analyze the nodules according to texture and
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geometry aspects. This group includes combined methods based on the two
characteristics in order to obtain more information.

4.1 Geostatistical Functions — Group I

The semivariogram, semimadogram, covariogram, and correlogram functions
summarize the strength of associations between responses as a function of
distance, and possibly direction [13], [14], [15]. We typically assume that spatial
autocorrelation does not depend on where a pair of observations (in our case,
voxel or attenuation coefficient) is located, but only on the distance between the
two observations, and possibly on the direction of their relative displacement.

Semivariogram: Semivariance is a measure of the degree of spatial dependence
between samples. The magnitude of the semivariance between points depends on
the distance between them. A smaller distance yields a smaller semivariance and
a larger distance results in a larger semivariance. The plot of the semivariances
as a function of distance from a point is referred to as semivariogram.

A semivariogram (and also the functions studied in the following sections)
has three main features: its sill, range and nugget (Figure 4). The sill is the
ordinate value at which the semivariogram levels off, that is, its asymptotic
value; the range is the distance at which this leveling off occurs, that is, the
spatial extent of the structure in the data; and the nugget is the semivariance at
a distance 0.0, that is, the intercept. A nonzero nugget can imply either intrinsic
variability in the data (the component typically ascribed to “sampling error”),
or it might indicate that the sampling was conducted at an inappropriate spatial
scale, that is, there is considerable variability at scales smaller than the smallest
between-point distance.

y(h)

Sill

Nugget

Range )
Variance

Lag-h

Fig. 4. Semivariogram and its features: range, sill and nugget.

The semivariogram is defined by

1 N(h)
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where h is the lag (vector) distance between the head value (source voxel), y;,
and the tail value (target voxel), z;, and N(h) is the number of pairs at lag h.

When computing directional experimental semivariograms in 3D, two angles
are used to define the direction vector: azimuth and dip. To define the rotation
of a vector, we assume the unrotated vector starts in the +y direction. The
azimuth angle is the first angle of rotation and it represents a clockwise rotation
in the horizontal plane starting from the +y axis. The dip angle is the second
angle of rotation and it represents a downward rotation of the vector from the
horizontal plane. Others parameters used for semivariogram calculations, such as
lag space, lag tolerance, direction, angular tolerance and maximum bandwidth,
are exemplified in Figure 5.
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Fig. 5. Parameters used for semivariogram calculations.

Semimadogram: The semimadogram is the mean absolute difference of paired
sample measurements as a function of distance and direction. It is defined by

(h)
mih) = gz O v~ 2)

where h is the (vector)lag distance between the head value, y;, and the tail value,
x;, and N(h) is the number of pairs at lag h.

Covariogram: The covariance function (covariogram) is a statistical measure
of the correlation between two variables. In geostatistics, covariance is computed
as the overall sample variance minus the variogram value. The covariance
function tends to be high when h=0 (i.e. the correlation function is 1) and
tends to zero for points which are separated by distances greater or equal to the
range (i.e. uncorrelated). The covariogram is defined by

L N
C(h) = N ; TilYi — M_pMayp (3)
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where m_j, is the mean of the tail values,

N(h)

1
m_p = W ; L (4)

and m4p, is the mean of the head values,
1 N(h)
Myp = 7~ Yi (5)
P

Correlogram: The correlation function (correlogram) is a standardized version
of the covariance function; the correlation coefficients range from -1 to 1. The
correlation is expected to be high for units which are close to each other
(correlation = 1 at distance zero) and tends to zero as the distance between
units increases. The correlation is defined by

C(h)

h) = —
p(h) —

(6)

where o_j, is the standard deviation of tail values,

Z
>
=

N

O_p =

and o, is the standard deviation of head values,

[N

1 N(h)
Ot+h = N ; i —miy, (8)

4.2 Geometry Methods — Group II

The measures to be presented in this section seek to capture information on the
nodule’s 3D geometry from the CT. The measures should ideally be invariant
to changes in the image’s parameters, such as voxel size, orientation and slice
thickness.

Sphericity Index: The Sphericity Index (57) measures the nodule’s behavior
in relation to a spherical object. It is defined as

67V
sr= T (9)
A3
where V is the surface volume and A corresponds to the surface area. Thus, if

the nodule’s shape is similar to a sphere, the value will be close to 1. In all cases,
SI<1.
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Convexity Index: The Convexity Index (CT) [16] measures the degree of
convexity, defined as the area of the surface of object B (A(B)) divided by the
area of the surface of its convex hull (A(Hg)). That is,

A(B)

cr= A(Hp)

(10)

The more convex the object is, the closer the value of CI will be to 1. For all
objects, C'I > 1.

Curvature Index: The two measures presented below are based on the main
curvatures ki, and kp,q., defined by

kmin,max =H +V H? - K (11)

where K and H are the Gaussian and mean curvatures, respectively. The values
of H and K are estimated using the methods described by [17].

a) Intrinsic curvature: The Intrinsic Curvature Index (ICI) [16], [17] captures
information on the properties of the surface’s intrinsic curvatures, and is
defined as

1
ICI = E//mminkmaqu (12)

Any undulation or salience on the surface with the shape of half a sphere
increments the Intrinsic Curvature Index by 0.5, regardless of its size - that
is, the ICI counts the number of regions with undulations or saliencies on
the surface being analyzed.

b) Extrinsic curvature: The Extrinsic Curvature Index (ECT) [16], [17] captures
information on the properties of the surface’s extrinsic curvatures, and is
defined as

1
ECI = — — |Kmi A 1
€T =1 [ [ Vonasd (hinas] = [inl) (13

Any crack or gap with the shape of half a cylinder increments the ECI in
proportion to its length, starting at 0.5 if its length is equal to its diameter -
that is, the ECT counts the number and length (in relation to the diameter)
of semicylindrical cracks or gaps on the surface.

Types of Surfaces: With the values of extrinsic (H) and intrinsic (K)
curvatures, it is possible to specify eight basic types of surfaces [18], [19]: peak
(K >0and H <0), pit (K>0and H > 0), ridge (K =0 and H < 0), flat
(K =0and H = 0), valley (K = 0 and H > 0), saddle valley (K < 0 and
H > 0), minimal (K <0 and H = 0), saddle ridge (K <0 and H < 0).

The measures described below were presented in the work by [20] for the
classification of lung nodules and the results were promising. However, they have
computed curvatures H and K directly from the voxel intensity values, while
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here we compute them in relation to the extracted surface, which is composed
by triangles.

In practice, it is difficult to determine values that are exactly equal to zero,
due to numerical precision. Therefore we have selected only types peak, pit, saddle
valley and saddle ridge for our analysis [20].

a) Amount of each Surface Type:
This measure indicates the relative frequency of each type of surface in the
nodule, with APK (Amount of peak surface), API (Amount of pit surface),
ASR (Amount of saddle ridge surface) and ASV (Amount of saddle valley
surface).

b) Area Index for each Surface Type:
For each surface type, the area occupied in the nodule divided by the total
nodule area is computed, with AIPK (Area Index for peak surface), AIPI
(Area Index for pit surface), AISR (Area Index for saddle ridge surface) and
AISV (Area Index for saddle valley surface).

c) Mean Curvedness for each Surface Type:
Curvedness is a positive number that measures the curvature amount or
intensity on the surface [18]:

2 k2
c= min + max (14)

2

The measures are based on the curvedness and the surface types. For each
surface type, the mean curvedness is determined using the curvedness of
each surface type, divided by the curvedness number in each surface type,
with CPK (mean curvedness for peak), CPI (mean curvedness for pit), CSR
(mean curvedness for saddle ridge) and CSV (mean curvedness for saddle
valley).

4.3 Geometry and Texture Methods — Group III

This section will deal with two methods, Gini coefficient and the nodules’
skeleton, which implicitly get characteristics of the nodules’ texture and
geometry.

Gini Coefficient Applied to 3D Texture: The study of inequality in
the distribution of a given variable in a population has received constant
attention in the past few years. In the economic domain, the pioneering works
referred to inequality in income distribution, but many of the methodologies
developed for the analysis of this important issue were later generalized to a
multiplicity of phenomena, either in the economic domain or in other areas
of application [21]. Classical examples are the study of the distribution of
wealth [22], production [23], health [24], education [25], of the greatest or smallest
concentration of clients in a company [26], etc.
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Based on such domains of application, many concentration measures were
proposed. Since it is not our purpose here to list all these measures, we will only
describe the Lorenz curve and the coefficient that is associated to it, the Gini
coeflicient, which are more relevant to the present work.

In this work, we will use the Lorenz curve and the Gini coefficient to analyze
the degree of voxel density concentration in lung nodules. For instance, when a
nodule contains calcifications (probably benign cases) we expect voxel density
to be concentrated at such locations. As we will see below, the Lorenz curve and
the Gini coefficient should reflect this fact.

Lorenz Curve
The Lorenz curve is a graphical representation of the cumulative distribution of
a given attribute in a population. To build the Lorenz curve, the elements are
sorted with respect to the value X; of that attribute, from the smallest attribute
value to the largest. Then, each element is plotted according to its relative rank
p; and the corresponding cumulative percentage ¢; of the attribute under study.
More precisely, for each i =1,2,3,...,n:

;= — 1
pi= (15)
=" (16)
> X;
j=1

where n is the number of elements and X; is the value of the attribute for the
element of order j.

The Lorenz curve is then compared to the perfect equality line, which
corresponds to the case where each element has the same share of the attribute
in the population. In this case, ¢; = p; = % As a consequence, the perfect
equality line forms a 45° angle with the horizontal axis. The other extreme is
represented by the perfect inequality line, which represents a distribution where
one element has the total cumulative percentage of the attribute while the others
have nothing. Figure 6 exemplifies the Lorenz curve.

Gint Coefficient
The Gini coefficient was developed to measure the degree of concentration
(inequality) of a certain variable in a certain population. It is graphically defined
as the ratio of the area between the Lorenz curve and the perfect equality line
(A in Figure 6) divided by the area between the perfect equality and the perfect
inequality lines (A 4+ B). The Gini coefficient ranges between 0, where there is
no concentration (perfect equality), and 1, where there is total concentration
(perfect inequality).

Equation 17 provides a numerical definition of the Gini coefficient.

n—1 n—1
> (i —ai) > 4
G = =1 —1_ =L

n—1 n—1

> Di > pi
=1 i=1
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Fig. 6. Example of Lorenz Curve and Gini coefficient (A/(A + B)).

Nodule Regionalization
With the purpose of doing a more punctual and accurate analysis of voxel
concentration in lung nodules, we can divide the nodule into regions. This way,
the Gini coefficient is calculated for each region.

The regions were determined using the Discrete Distance Transform (DDT).
This process is accomplished by means of a codification of nodule voxels. Such
codification is done through distance propagation, similar to the evolution of a
front in a fire. Once a voxel is visited, a value (voxel code) is associated to it,
indicating its distance to the initial set V{ (initial front). The set V} is composed
by voxels that form the boundary of the lung nodule. The code generated for each
internal voxel indicates its distance to the nodule’s boundary. Central voxels have
local maximum code. More details on this process can be found in [27] and [28].

In this work, we used “1-2-3” (3D chess block) metric for DDT and for
the calculation of the Gini coefficient. We have determined six regions: two
external regions, two central regions and two internal regions. This criterion
was adopted due to the great amount of regions that we would have to analyze,
the standardization for nodules with varied sizes, and because the location of the
concentrations (calcifications) is important to the diagnosis. Figure 7 exemplifies
the distance field generated for a nodule’s slice (2D) and the six chosen regions.

T

T T

Fig. 7. DDT of a nodule’s slice (2D).
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Skeleton Measures: Skeletonization is a convenient tool to obtain a simplified
representation of shapes that preserves most topological information [29]. A
skeleton captures the local symmetry axes and is therefore centered in the
object. In image analysis, features extracted from skeletons are commonly used in
pattern-recognition algorithms [30]. Skeletons contain information about shape
features which are very important in the context this work.

We will use Zhou and Toga’s algorithm [31] in the skeletonization process.
They have proposed a voxel-coding approach to efficiently skeletonize volumetric
objects. Each object point has two codes. One is the Boundary Seeded code (BS),
which coincides with the traditional distance transform to indicate the minimum
distance to the object’s boundary. The second code is the so-called Single Seeded
code (SS), which indicates the distance to a specific reference point. SS code is
used to extract the shortest path between a point in the object and the reference
point. These paths are represented by sequential sets of voxels that will compose
the initial skeleton. The key idea of voxel coding is to use the SS codes to generate
a connected raw skeleton and the BS codes to assure the centeredness of the final
skeleton.

We have extracted seven measures based on skeletons to analyze lung nodules:

a) Number of Segments (NS)
b) Number of Branches (NB)
c) Fraction of Volume (FV): FV is defined by
v
FV =— 18
° (15)
where v is the skeleton volume and V' is the lung nodule’s volume.
d) Length of Segments (LS):
L
LS = — 19
w 1)
where L is the length of all segments and V' is the lung nodule’s volume.
e) Volume of Convex Hull (VCH)
f) Rate between the number of segments and the volume of the convex hull
(NSVCH)[30]
NS
N H=_—— 2
SvC VO (20)
g) Variation Coefficient (VC) of the N larger segments in the skeleton. The value
of N is defined based on the skeleton with the smallest number of segments
among all skeletons analyzed. The variation coefficient is dimensionless and
scale-independent. A high VC indicates high variability in the skeleton’s
segment. The VC is a measure of relative dispersion and is given by

g
Ve = - 21
. (21)

where o is the standard deviation and p is the mean.



Algorithms for Assisted Diagnosis of Solitary Lung Nodules 13

h) Histogram Moments (variance (Ms), skewness (M3), kurtosis (My)) of the
N largest segments in the skeleton. The value of N is defined based on the
skeleton with the smallest number of segments among all skeletons analyzed.
Three gray-level histogram moments are extracted from the voxel value
histogram of each skeleton’s segment, and are defined as follows:

> (wi — M)nfi

M, =
N

(22)
where n = 2,3,4 , u is the mean, N denotes the number of voxels in the
segment, and f; is the histogram.

More detailed information on moment theory can be found in [32].

5 Classification Algorithms

A a wide variety of approaches have been taken towards the classification task.
Three main historical strands of research can be identified [33]: statistical, neural
network and machine learning. This section provides an overview of Fisher’s
Linear Discriminant Analysis and Multilayer Perceptron based on the first two
paradigms mentioned above.

5.1 Fisher’s Linear Discriminant Analysis - FLDA

Linear discrimination, as the name suggests, looks for linear combinations of the
input variables that can provide an adequate separation for the given classes.
Rather than to look for a particular parametric form of distribution, LDA uses
an empirical approach to define linear decision planes in the attribute space,
i.e., it models a surface. The discriminant functions used by LDA are built up
as a linear combination of the variables that seek to somehow maximize the
differences between the classes [34]:

y=Bia1 + Poxs + -+ fpay = B a (23)

The problem then is reduced to finding a suitable vector 3. There are several
popular variations of this idea, one of the most successful being the Fisher Linear
Discriminant Rule. Fisher’s Rule is considered a “sensible” classification, in the
sense that it is intuitively appealing. It makes use of the fact that distributions
that have greater variance between their classes than within each class should
be easier to separate. Therefore, it searches for a linear function in the attribute
space that maximizes the ratio of the between-group sum-of-squares (B) to the
within-group sum-of-squares ( W). This can be achieved by maximizing the ratio

B'Bp
W

and it turns out that the vector that maximizes this ratio, 3, is the eigenvector
corresponding to the largest eigenvalue of W~!B, i.e., the linear discriminant

(24)
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function y is equivalent to the first canonical variate. Hence the discriminant
rule can be written as:

weiif |72 —pMu| < |8z — BTuy| for all j#i (25)

where W = S n;8; and B = S ni(2; — 2)(2; — ), and n; is class i sample size,
S; is class i covariance matrix, x; is the class ¢ mean sample value and z is the
population mean.

Stepwise discriminant analysis [34] was used to select the best variables
to differentiate between groups. These measures were used by Fisher’s Linear
Discriminant Analysis and Multilayer Perceptron Neural Networks classifiers.

5.2 Multilayer Perceptron Neural Networks

The Multilayer Perceptron - MLP, a feed-forward back-propagation
network, is the most frequently used neural network technique in pattern
recognition [35], [36]. Brieflyy, MLPs are supervised learning classifiers that
consist of an input layer, an output layer, and one or more hidden layers that
extract useful information during learning and assign modifiable weighting
coefficients to components of the input layers. In the first (forward) pass,
weights assigned to the input units and the nodes in the hidden layers and
between the nodes in the hidden layer and the output, determine the output.
The output is compared with the target output. An error signal is then back
propagated and the connection weights are adjusted correspondingly. During
training, MLPs construct a multidimensional space, defined by activation of
the hidden nodes, so that the two classes (benign and malignant nodules) are
as separable as possible. The separating surface adapts to the data.

5.3 Validating and Evaluating Classification Methods

In order to validate the classificatory power of the discriminant function,
the leave-one-out technique [37] was employed. Through this technique, the
candidate nodules from 35 cases in our database were used to train the classifier;
the trained classifier was then applied to the candidate nodules in the remaining
case. This technique was repeated until all 36 cases in our database had been
the “remaining” case.

In order to evaluate the ability of the classifier to differentiate benign
from malignant nodules, the area (AUC') under the ROC (Receiver Operating
Characteristic) [38] curve was used. In other words, the ROC curve describes
the ability of the classifiers to correctly differentiate the set of lung nodule
candidates into two classes, based on the true-positive fraction (sensitivity) and
false-positive fraction (1l-specificity). Sensitivity is defined by TP/(TP + FN),
specificity is defined by TN/(TN + FP), and accuracy is defined by (TP +
TN)/(TP+TN+ FP+ FN), where TN is true-negative, F'N is false-negative,
F'P is false-positive, and TP is true-positive.
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6 Results

This section shows the results of applying the proposed methods and classifying
between malignant and benign lung nodules.

6.1 Application of Methods

Geostatistical Functions — Group I: Figure 8 shows the application of
experimental semivariograms to volumes represented by Figures 1(a), (b), (c)
and (d). We can notice that benign nodules have the sill higher than malignant
nodules, and that the initial slope is much more accentuated. The graph analysis
shows the presence of greater dispersion in benign nodules than in malignant
nodules.

Semivariogram (dip=0 and azimuth=0)

08

06

—e— benign (a)

+— benign (b)

= malignant (c)
—o— malignant (d)

04

0.2

0.0

Lag (Voxels)

Fig. 8. Semivariogram applied to the example in Figure 1.

Figures 9 and 10 exemplify, respectively, the application of the semivariogram
function to a benign nodule (Figure 1(a)) and a malignant nodule Figure 1(d)).
The graph’s curves show the calculated variance in twelve specified directions,
in relation the several distances.

Geometry Methods — Group II: Figure 11 shows the application of only
4 to the 16 geometric measures presented related to the curvature: APK, API,
ASR and ASV. In the Figure 11, b1 and b2 are benign nodules represented by
Figures 2(a) and (d), and m! and m2 are malignant nodules represented by
Figures 2(f) and (g). This Figure shows that the largest number of occurrences
corresponds to the malignant nodule (m1), followed by the nodule (m2), then
by the benign nodule (52), and last by the benign nodule (b1). This fact is
explained by the largest amount of ramifications (curvatures) presented by the
malignant nodules. In this example, the analyzed measures correctly separated
benign from malignant lung nodules.
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benign nodule (all directions)

18
16 1
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Fig. 9. Semivariogram applied to nodule represented in Figure 1(a).

malignant nodule (all directions)
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Fig. 10. Semivariogram applied to nodule represented in Figure 1(d).
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Fig. 11. Geometric measures applied to nodule represented in Figure 2(a), (d), (f) and

(8)-
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Geometry and Texture Methods — Group III: Figure 12 shows the Lorenz
curve and the Gini coefficient to volumes represented by Figures 1(a), (b), (c)
and (d). In this example only the more external region was plotted. We can
see that benign nodules with calcifications have an area greater than malignant
nodules, and malignant nodules have almost no voxel concentration. The graph’s
analysis reflects the presence of greater concentration in benign nodules than in

malignant nodules.

Lorenz curve (all regions)

external region 1 - G=0.0573
external region 2 - G= 0.0598

internal region 6 - G=0.1183 y /

——— central region 3 - G=0.1645 7/
central region 4 - G=0.1475 "/
internal region 5 - G= 0.1386 f /

08

Fig. 12. Lorenz curve and Gini coefficient applied to example in Figure 1.

Figure 13 exemplifies the application of the Gini coefficient to a nodule with
central calcification (Figure 1(a)). In this case in particular, the central regions
of the nodule present a concentration greater than that of the others regions.

Lorenz curve (more external region)

benign (a) - G= 0.1645
benign (b) - G= 0.0533
——— malignant (c) - G= 0.0149
malignant (d) G= 0.0125

Fig. 13. Gini coefficient applied to nodule represented in Figure 1(a).

Figure 14 shows the application the skeleton algorithm based on nodules at
the Figure 2(a), (d), (f) and (g), respectively. It is easy observe that malignant

nodules have more segm

ents than benign nodules.
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Fig. 14. Application of the Zhou and Toga algorithm based on nodules of the
Figure 2(a), (b), (c) and (d).

6.2 Classification of Lung Nodules

Geostatistical Functions — Group I: In this study, analytical models for the
geostatistical functions were not used; instead, empirical geostatistical functions
were employed. The measures (variables) extracted, considered as texture
signatures, were obtained by computing the semivariogram, semimadogram,
covariogram and correlogram functions for a set of directions: dip (Z) 0°,—45°,
and —90°. For each dip the azimuth (X and Y) is 0°, 45°, 90°, and 135°.
The adopted lag separation distance (h) was 1 mm, tolerance angle of +22.5°,
and tolerance lag of £0.50 mm. The maximum number of lags depends on the
dimensions of each image (volume). We have selected the first three and the last
lags (h) in a specific direction for each function. These lags were selected because
we were interested in verifying slight variations in small distances, but without
rejecting the information of larger distances. This way, we have 192 measures (3
dips x 4 azimuths x 4 lags x 4 geostatistical functions) for Group I.

The stepwise technique selected 7 from the 192 measures to be analyzed
by the FLDA and MLP classifiers. By analyzing these selected measures some
considerations can be made: i) any covariogram and semimadogram measures
were selected; ii) only one selected measure had lag equal to 1, which contradicts
our idea of using more lags with small distances to obtain more details of the lung
nodules; iii) five selected measures had dip with value different from 0°, proving
that the characteristics of 3D nodules are fundamental to their discrimination
and classification.

Table 1 shows the results of Group I based on the studied classifiers.
Analyzing the area of the ROC curve, we have observed that the two classifiers
have AUC = 1.000, which means results with excellent accuracy [39]. There
is not a statistically significant difference between the ROC curves of the two
classifiers (p-value = 1.000).

Geometry Methods — Group II: The stepwise technique selected 5 out of
16 measures to be analyzed by the FLDA and MLP classifiers. All five selected
measures were based on the curvature. This shows a great potential of curvature
to differentiate malignant from benign nodules.
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Table 1 shows the results of Group II based on the studied classifiers. Based
on the area of the ROC curve, we have observed that the two classifiers have
AUC above 0.900, which means results with excellent accuracy [39]. There is not
a statistically significant difference between the ROC curves of the two classifiers
(p-value = 0.641).

Geometry and Texture Methods — Group III: The stepwise technique
selected 4 out of 20 measures to be analyzed by the FLDA and MLP classifiers.
Any measures based on the nodules’ skeleton combining geometry and texture,
were selected.

Table 1 shows the results of Group III based on the studied classifiers. Based
on the area of the ROC curve, we have observed that the two classifiers have
AUC above 0.800, which means results with good accuracy [39]. There is not a
statistically significant difference between the ROC curves of the two classifiers
(p-value = 0.876).

Combined Groups (Group I, IT and IIT): The individual analysis of all
groups shows that they are efficients in the classification of lung nodules. Now,
all groups will be combined and analyzed.

The number of measures of the combined groups is 228. Using the stepwise
technique 6 measures were selected to be analyzed by the FLDA and MLP
classifiers. Analyzing these selected measures we can verify that measures of all
groups was selected.

Table 1 shows the results of the combined groups based on the studied
classifiers. Based on the area of the ROC curve, we have observed that the
two classifiers have AUC above 0.900, which means results with excellent
accuracy [39]. There is not a statistically significant difference between the ROC
curves of the two classifiers (p-value = 0.714).

6.3 Discussions

Table 1 shows that the analysis of individual and combined groups have more
of 80% of accuracy in the diagnosis of lung nodules. Moreover, we observe the
following facts: i) there is not great predominance between the two classifiers,
that is, FLDA and MLP classifiers have very similar accurracy in the diagnosis;
ii) in all tests performed the accuracy in the diagnosis is considered excellent;
iii) Group II, as much with FLDA as with MLP, and the combined groups, only
with MLP, have AUC' considered perfect.

The number of studied nodules in our dataset is too small to allow
for definitive conclusions, but the preliminary results of this work are
very encouraging, demonstrating that the linear discriminant and multilayer
perceptron classifiers using characteristics of the nodules’ texture and geometry
can effectively classify benign from malignant lung nodules on CT images.
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Group |Classifier|Specificity|Sensitivity|Accuracy| AUC + SE
(%) (%) (%)

1 FLDA 93.1 100.0 94.4 |1.000 £ 0.000
MLP 96.5 100.0 97.2  [1.000 £+ 0.000

II FLDA 89.7 71.4 86.1 ]0.946 + 0.061
MLP 89.7 85.7 88.8 10.906 £+ 0.079

11T FLDA 89.7 71.4 86.1 0.842 £ 0.098
MLP 93.1 71.4 88.8 ]0.830 £+ 0.101

I+II+11I| FLDA 100.0 85.7 97.2 0.990 £ 0.027
MLP 100.0 100.0 100.0 {1.000 4+ 0.000

Table 1. Analysis of accuracy in the diagnosis of lung nodules.

7 Conclusion

This paper has presented groups of measure based on texture and geometry with
the purpose of characterizing lung nodules as malignant or benign. The measures
extracted from the nodules were analyzed and had excellent discriminatory
power, using Fisher’s Linear Discriminant Analysis and Multilayer Perceptron
Neural Networks to classify and the ROC curve to evaluate the obtained results.

Some contributions of this work in the diagnosis of lung nodules are: i)
use of the geostatistical function, usually used in GIS (Geographic Information
System), to analyze the nodules’ texture; ii) adaptation of geometric measures
used in others medical images, to analyze nodules’ geometrys; iii) use of the Gini
coefficient, usually employed in Economy or Geography in the study of inequality
in income distribution, to analyze the nodules’ texture and geometry; iv) use of
skeleton’s nodules to analysis the nodule’s texture and geometry.

Based on the obtained results, all of them with AUC above 0.800, we have
observed that such measures provide significant support to a more detailed
clinical investigation, and the results were very encouraging. Nevertheless, there
is the need to perform tests with a larger database and more complex cases in
order to obtain a more precise behavior pattern.
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