International Journal of Engineering Research
Sirte University
Faculty of Engineering

IJER@su.edu.ly Special Issue, Oct. 2022

Histologic classification of colonic polyps based on fractal
dimension analysis: comparison of results using support vector

machine and logistic regression
Abdelrahim N. Esgiar'™, Mussa Mabrok?, Abdullah H. Abdullah' and Ahmad Almhdie3

"Department of Electrical and Electronic Engineering, Faculty of Engineering, Sirte University, Sirte, Libya
2Centre for Telecommunication Research and Innovation (CeTRI), Faculty of Electronics and
Computer Engineering, Universiti Teknikal Malaysia Melaka (UTeM), Melaka, Malaysia
3Department of Electrical and Electronic Engineering, Faculty of Technical and Engineering Sciences,
University of Sebha, Libya
‘Corresponding author: Email:anasser6474@yahoo.co.uk

Abstract

The aim of this study was to evaluate fractal analysis as a tool for differentiating
between normal tissue and adenomatous polyp lesions. Images of colon samples
from 140 patients were analyzed. There were 70 subjects in each of the normal and
polyp groups. Two texture features based on fractal analysis were studied: fractal
dimension (FD) and lacunarity (Lac), extracted using the overlapping box-counting
method. The proposed classification models based on fractal analysis of normal
colon and abnormal polyp images were performed using two classification
methods: the support vector machine (SVM) and the logistic regression (LR).
Several widely-recalled statistical metrics (accuracy, sensitivity, specificity and
precision) were used to evaluate the global model performance. To avoid any
overfitting problems, all models were evaluated using a 10-fold cross-validation.
The SVM method showed better performance in detecting normal colon images
than the LR method. As a result, the SVM method provided results with higher
accuracy (ACC) and specificity than the LR method (ACCSVM=0.90 vs.
ACCLR=0.75). These results give confidence for developing a practical automated
analysis technique for detecting colon polyps.
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1. Introduction

Colorectal cancer is one of the most dangerous cancer types in both men and women in the USA
[1]. Adenomatous polyps are precursor lesions with a high risk of progression to CRC [2]; early
detection and treatment can provide a major opportunity to save lives. In clinical routine, manual
evaluation of histological slides is still indispensable, which is time consuming and requires the
visual interpretation of complex images. This interpretation is usually based on subjective
assessment techniques and can lead to significant interobserver variation in grading. A great
interest has been shown in developing image processing- based methods for quantitative and high-
throughput analysis of tumor tissues [3]. The automation of polyp histology analysis could provide
a valuable objective assessment, as well as contribute to a reduction in the diagnostic sources of
error associated with subjective visual analysis. The automatic classification of colon images has
been the interest of limited number of studies [4]-[8], exploiting the textural changes in normal and
malignant colon biopsy images. Fractal geometric analysis has been introduced for identifying the
diagnosis the different diagnostic categories of colorectal polyps [5], [9]. None of these studied
examined lacunarities.

Research in the classification of microscopic images of colonic mucosa has shown that texture
features derived from a grey-level co-occurrence matrix (GLCM) are useful when applied to
medical image analysis [10], [11]. A wide variety of texture-based techniques have been proposed
for the analysis of colonic cancer images, including Haralick’s features (entropy, correlation, inverse
difference moment and angular second moment) [11]-[14], as well as fractal dimension and
lacunarity [9], [15] -[18]. However, only few studies analyzed polyp images.

Table 1 presents a summary of the previous studies on the automated analysis of normal colon and
colon polyp tissues using fractal analysis techniques. It can be seen that only the study in [16] used
both fractal dimension and lacunarity for colon cancer images, but not for polyp images.
Furthermore, the image samples were captured by computed tomography (CT) scans, and not
through digital microscopy, as is the case in this study.

Compared to our previous study [15], we used for the current study a larger dataset, including
normal subjects and adenomatous polyp cases, in collaboration with the University of the
Philippines. In addition, the classification process was assisted by both fractal dimension and
lacunarity features, using two fractal analysis techniques: the non-overlapping box-counting and
the sliding-box scan approaches. The aim of this study was therefore to evaluate two well-known
classification techniques, the support vector machine (SVM) and the logistic regression (LR), using
a completely new clinical dataset. As of our knowledge, we are the first to provide such a
classification comparison for the quantification of clinical histological differences between normal
colon tissue and adenomatous colon polyps.
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2. Patients and methods

2.1 Patients

We used for the analysis of this study 140 colonic images, acquired by digital microscopy. These
images consisted of two equally sized classes, namely ‘normal” and ‘adenomatous polyps’. These
images gave a general representation of the infiltrative edge of the adenomatous polyps and of the
thickness of the normal mucosa. A zone of interest of 300x400 pixels was considered for each
monochromatic image. Figures 1 and 2 represent samples from normal and adenomatous-polyp’s
patients.

The images used in this study were derived from slides of cases randomly selected from surgical
pathology files of the Philippine General Hospital (PGH), Manila, Philippines, in 2007 and 2008.
These were previously diagnosed as colonic adenocarcinoma, adenomatous polyps from the colon,
as well as tumour-free colonic resection planes to serve as controls. The slides were routinely
processed using a Sakura tissue processor and cut at 8um using a standard microtome. All were

Figure 1: Example of a normal sample (A) and abnormal colon polyp sample (B).
2.2 Fractal analysis

Fractal analysis can provide quantitative parameters as quantifiers of complexity for the
measurement of texture patterns. In this paper, we analysed fractal dimension and lacunarity of
the colonic microscopic image samples. The box-counting technique was used to determine the self-
similarity dimension [20]. In a self-similar structure, there is a relationship between the box-size
scale factor, ¢, and the number of boxes N(g), into which the structure can be divided. This
relationship is the fractal dimension, Dt.

D¢ = In(N(g))/In(1/¢) 1)

Since fractals cannot be completely characterised by their fractal dimension, lacunarity can be used
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as a complementary measure to compensate for the lack of quantification of texture variations (in
homogeneities), or for deviation of a geometric structure from its translational invariance. In other
words, lacunarity provides a tool to reveal ‘gap’ textures within an otherwise fractal distribution
[21]. There is no formal definition of lacunarity and, indeed, there has been some controversy over
how it should be measured [22]. Its concept and formulation were derived from differentiating two
objects defined by the same fractal dimension, but showing various visual textural patterns [23].
Therefore, lacunarity is considered as a measure of perceived gaps, or holes, in the geometric
structure of the image.

The parameter Lac, describes lacunarity as a function of the box (window) of size & from which the
data are extracted, according to equation (2) [23], [24]:

Lac,=(CV;)*=(o,/n,)’ @

CV is the coefficient of variation for pixel distribution, c is the standard deviation, p is the mean of
the data and ¢ is the scale factor applied to an object 'image'. In this study we applied two box-
counting techniques to extract the relevant features, from the ratio of increasing detail to the
increasing scale factor (¢). These two techniques are described in the two following sections.
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Table 1: Summary of published studies using fractal analysis of colon polyp images

acquired by digital microscopy

Materials and Methods [15] [16] [18] [17]
2002 2009 2015 2020
Colon Yes Yes Yes No
Polyp No No No No
Image analysis Texture features from a CT Fractal analysis Fractal
techniques grey-level analysis
co-occurrence matrix and
fractal analysis
Features Correlation, Entropy and Fractal FD FD
FD analysis
Numerical Results Correlation (mean+ SD): Fractal FD (mean): no SD FD (mean+
Normal=0.0326+ 0.0075, dimension Well-differentiated SD):
Cancer=0.0510+ 0.0097. (FD), Cancer=1.431, Normal
Entropy (mean +SD): Abundance Moderately =1.712+0.030
Normal=1.01 +0.15, and differentiated=1.516 Cancer =
Cancer=1.26+0.11, Lacunarity Weakly 1.741+0.016,
FD (meantSD): (Lac) differentiated=1.669 p<0.001
Normal=1.757+0.023, Undifferentiated
Cancerous=1.785+0.037, =1.741, p<0.001.
All p<0.0001.

SD indicates standard deviation, p is the p-value, and FD denotes the Fractal Dimension.

2.2.1 Fractal dimension using non-overlapping box-counting approach

In this method, a non-overlapping regular square grid with scale factor ¢ traversed the image to
measure the box-counting dimension. The image was superimposed on a regular grid with scale
factor ¢, and the number of grid boxes (windows) was counted. This gave a number, N(g), with a
value dependent on &. Then we progressively changed & to smaller sizes and counted the
corresponding N(g). Next, we plotted the distribution log(N(g))/log(1/e) for each image, fitted a
straight (regression) line to the points, and measured its slope (equation 1), to give the box-counting
dimension. Each part of the image was sampled only once for each box size, and repeated until the
whole surface area of the image had been traversed [38], [42].

2.2.2 Fractal dimension using sliding-box scan approach

The following settings were developed according to the recommendations of the FracLac user
manual [25]. The size of the series pertaining to the sliding-box technique was set to decrease
linearly from a maximum box size of 41% of the entire image or region of interest (ROI) size to a
minimum size of 3x3 pixels. The square box of size &€ was slid over the entire image so that it

Special Issue, Oct. 2022



Esgiar et al.

overlapped itself with each movement. The sliding-box scan then counted the number of pixels
inside the box and the number of boxes, N(g), slid the boxes horizontally by a fixed number of pixels
(x), then recounted the pixels that fell on the box, and the number of boxes, N(g). At the end of each
row, the box was slid down by a fixed number of pixels (y), and the row was scanned again in the
same way until the entire image had been scanned. Then we progressively changed ¢ to smaller
sizes and counted pixels that fell on the box and the corresponding N(¢).This process was repeated
for each box size until the entire area of the image had been scanned using each &. Next, we plotted
log(N(g))/log(1/e), fitted a straight (regression) line to the points, and measured its slope (equation
1). This technique differs from a regular box-counting scan in which all boxes are of a fixed size and
are laid on a non-overlapping grid [23], [25]. The non-overlapping grid can be seen as a special case
of the sliding-box algorithm, with horizontal and vertical increments equal to the scale factor, €.

2.2.3 Lacunarity using non-overlapping and sliding-box scan approaches

For both non-overlapping and sliding-box counting, lacunarity was determined from the
probability distribution for pixel 'mass distribution'. Lacunarity at a particular € was labelled as
Lac(e), and calculated as the variation in pixel density at different box sizes, using CV for pixel
distribution as in equation (2). Lacunarity varied with the size of the sampling unit. Thus, in order
to arrive at a single number, the values for Lac(g) were summarised as the mean, Lac, over all scale
factors, € [23], [25].

2.3 Statistical analysis

Two well-known classification methods were evaluated; the support vector machine (SVM) [26],
[27] and the logistic regression (LR) [28], [29]. Several statistical metrics were used to evaluate the
global model performance. The first metric is the accuracy which is defined as the ratio of the

number of correct predictions to the total number of predictions. It is expressed by:
ACC =TP+ TN/TP + TN + FP + FN 3)

where TP, FP, TN, and FN mean True Positive, False Positive, True Negative, and False Negative,
respectively. The second metric is the precision, or the positive predictive value, which is the

percentage of correctly classified cases to the number of actual cases.
Precision = TP/TP + FP (4)

The third metric is the recall, or the sensitivity, which provides the ability of a model to classify all

cases and refers to the true positive rate.
Recall = TP/TP + FN (5)

The fourth metric is the specificity, which provides the ability of a model to classify all controls and

refers to the true negative rate.
Specificity = TN/TN + FP (6)
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To avoid overfitting problems, all models were evaluated using a 10-fold Leave-One-Out cross-
validation [27].

3. Results and discussion

The results show that the classification evaluations based on SVM outperformed those
based on LR. Both classification methods provided a good performance in terms of
accuracy. However, the SVM provided more accurate classification (ACC= 0.90) than that
obtained by the LR (ACC= 0.75). Comparative results of the classification performance of
both SVM and LR methods using the other previously mentioned metrics are reported in
Table 2. classification and discrimination of normal and cancerous achieves significantly

higher correct classification rates.

Table 2: Summary of published studies using fractal analysis of colon polyp images

Method Accuracy Precision Recall Specificity
SVM 0.90 0.95 0.84 0.96
LR 0.75 0.72 0.81 0.78
Conclusions

This study has demonstrated that fractal analysis of simple digital microscopy images can
significantly help in differentiating between normal tissues and adenomatous polyps. This study
therefore provides evidence for the value of fractal dimension and lacunarity features for effectively
differentiating between these two clinical groups. This study demonstrates that fractal dimension
and lacunarity features extracted from images can result in highly significant correct colonic
mucosa. We conclude that the use of accurate and robust texture features can significantly
contribute to a more automated reliable diagnostic.

a robust technique for PM of pump problems and can determine optimum solutions with a wide
range of variations in GA parameters. The application of KBS, the formulation of the evaluation
function and the design of the GA operators can help in optimizing the GA technique to solve
genuine large-scale PM of a pump.
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