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This study aimed to evaluate automated image analysis as a tool for
differentiating normal tissue from adenomatous polyp lesions. Images of
colon surgical pathology samples from 140 patients (70 normal subjects and
70 polyp subjects) were captured on a personal computer using an Olympus
DP20 digital photomicrography apparatus mounted on an Olympus light
microscope (trinocular) at 1200x1800 dots per inch resolution, with the high-
power magnification of x400. The complexity of image patterns was studied.
In particular, image features of Fractal Dimension (FD) and Lacunarity (Lac)
were extracted by using non-overlapping and sliding box-counting
techniques. There were highly significant differences between the two
clinical groups for both techniques, with polyp images in comparison with
normal tissue images having significantly greater FD (1.83+0.04 v 1.73+0.08
p<0.0001) and significantly smaller Lac (0.28+0.08 v 0.42+0.12 p<0.0001)
by using the non-overlapping box-counting method, and similar results by
using the sliding box-counting method (1.86+0.09 v 1.78+0.08 p<0.0001, and
0.26+0.08 v 0.3740.12 p<0.0001, respectively). These results encourage the
use of computer automation, as normal colon tissue and adenomatous polyp
tissue can be significantly differentiated.
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l. Introduction

It was reported in 2020 that colorectal cancer is the third
leading cause of cancer deaths in both men and women
in the USA [1,2], where approximately 5% of the
population are diagnosed with cancer of the colon or
rectum in their lifetime [3,4]. UK government data
provided for England in 2021 shows a 5-year survival
rate of only 59% [5], indicating that earlier detection is
essential. This type of cancer is often preceded by the
growth of polyps, which are tumours that build up in the
walls of the colon. Most polyps are benign, but
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adenomatous polyps are strongly associated with
colorectal cancer, and early detection and treatment can
provide a major opportunity to save lives. Manual
screening and pathological analysis of tissue are time-
consuming and require the visual interpretation of
complex images. This is usually based on subjective
assessment techniques, which can lead to significant
variations between observers. In some cases, even
experienced pathologists or radiologists can misinterpret
images and miss small polyp tumours [6,7]. Manual
screening can be affected by operator fatigue, visual
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habituation or differences in screening and diagnostic
techniques. This is further compounded by the
heterogeneity of some of the features. Therefore, the
automation of polyp histology analysis could provide a
valuable objective assessment, as well as contribute to a
reduction in sources of error associated with subjective
visual analysis.

Unfortunately, few studies have investigated the
automatic classification of colon images, and scientific
analyses comparing normal and polyp colon tissue has
been seriously limited. A number of comparative studies
have recently been published [8,9], exploring different
techniques [10-15] for the identification and
characterization of colonic polyps. As an aid to
computer analysis, a study [16] showed that colon tissue
fulfilled the mathematical definition of fractal structures.
However, that study measured only the Fractal
Dimension (FD) and no other fractal feature. A further
study [14] examined colorectal adenomatous polyps, but
only dysplastic mucosa was studied and was limited to
20 cases.

Table 1 presents a summary of the previous studies.
Research in the classification of microscopic images of
colonic mucosa has shown that texture features are
useful when applied to medical image analysis [17,18].
Techniques studied for image analysis have included
Haralick’s features (entropy, correlation, inverse
difference moment and angular second moment) [17,19-
21], spatial domain [6,19,22], spectral domain
[6,19,21,23], hyperspectral spatial domain [24-27],
hybrid geometric feature space [28], kernel functions
[29], as well as fractal dimension, mass dimension and
Lacunarity (Lac) [16,22,30-36]. However, although
some studies gave comparative statistical significance,
very few provided actual data on the analysis of the
measured features [22,30,31,34,37,38]. Among those
studies with data, only two provided data on polyp
analysis.

It can be seen in Table 1 that only one study [22] used
both FD and Lac for colon cancer images, but it did not
include polyp images, and the image samples were
captured by Computed Tomography (CT) scans, and not
by the more commonly used digital microscopy. Our
previous study [30] used microscopy, but we had access
only to limited data. In our current study, we used a much
larger dataset, and more importantly, now include both
normal and adenomatous polyp images. As this research
was in collaboration with the University of the
Philippines, it enabled us to significantly extend our
research using data collected in a completely different
environment, avoiding any potential differences or
biases with locally collected data. We have also been
able to extend our research technique to lacunarity
features.
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The aim of this study was therefore to extend our earlier
work to a completely new clinical dataset and evaluate
the added accuracy of combined techniques to improve
automated histological image analysis. This paper was
organised into the following sections. Section Il presents
the materials and methods, whereas section |11 shows the
extraction of normal and polyp colon features using
fractal analysis. The results and discussion presented in
section 1V and the final section which is section V
conclude the paper.

1. Materials and Methods
1. Histological Images

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 eight um using a standard microtome. All were
stained with haematoxylin and eosin [39].

2. Ethical Approval

Ethical permission to study the colon images that were
used in this research was granted by PGH. They were
provided by our collaborating Consultant Pathologist,
Dr. Jose Maria C. Avila, and they were retrieved from
old archives of cases and are completely anonymous
since the original slides and surgical pathology records
had been discarded by the hospital.

3. Imaging Modality and Preparation

The images were captured using an Olympus DP20
digital photomicrography apparatus mounted on an
Olympus light microscope (trinocular) at 1200%1800
dots per inch (dpi) resolution. A high-power
magpnification of x400 was used for capturing the images
on a personal computer, using a standard video grabber
[39].

4. Imaging Modality and Preparation

140 colonic images were used for the analysis in this
study. Two classes were considered, namely ‘normal’
and ‘adenomatous polyps’, with 70 image samples
included in each class. These images gave a general
representation of the infiltrative edge of the adenomatous
polyps and of the thickness of the normal mucosa. Each
image was resized down to 300x400 pixels and 8-bit
grey level (monochromatic image) for the analysis, as
shown in Fig 1.
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(A)

(B)

Fig.1-Example of normal colon sample (A) and abnormal polyp sample (B)

1. Extraction of Normal and Polyp Colon
Features Using Fractal Analysis:

Fractal analysis can provide quantitative parameters as
quantifiers of complexity for the measurement of texture
patterns. In this paper, we analyzed the FD and Lac of
the colonic microscopic image samples.

Table 1. Summary of the published results comparing automated analyses of medical images using fractal

analysis
Materials and [30] [22] [34] [36]
Methods 2002 2009 2015 2020
Colon Yes Yes Yes No
Polyp No No No No
Texture features from a
Image grey-level Fractal analysis .
co-occurrence matrix cT Fractal analysis

analysistechniques

and fractal analysis

Correlation, Entropy and

Features Fractal dimension (FD) Fractal analysis FD FD
Correlation (mean+ SD):
Normal=0.0326+ FD (mean): no SD
0.0075, Well-differentiated .
Cancer=0.0510+ 0.0097. Cancer=1.431, FD (meanz SD):
Entropy (mean +SD): FD, Abundance Moderately Normal
Numerical Normal=101+015, ~ 2NdLACUNAY  qigroontioted=1516, v -220-030
Results _ (Lac) Cancer =
Cancer=1.26+ 0.11, Weakly 1.741+0.016
FD (mean£SD): differentiated=1.669, 0<0.001

Normal=1.757+0.023,
Cancerous=1.785+0.037,
All p<0.0001

Undifferentiated
=1.741,p<0.001

The box-counting technique was used to determine the
self-similarity dimension [31]. In a self-similar structure,
there is a relationship between the box-size scale factor,
g, and the number of boxes N(g), into which the structure
can be divided. This relationship of the FD is given by

FD =In(N(g)) / In(L/¢) 1)
Since fractals cannot be completely characterized by
their FD, Lac can be used as a complementary measure
to compensate for the lack of quantification of texture
variations (inhomogeneities), or for deviation of a
geometric structure from its translational invariance. In
other words, lacunarity provides a tool to reveal ‘gap’
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textures within an otherwise fractal distribution [40,41].
There is no formal definition of Lac and, indeed, there
has been some controversy over how it should be
measured [42]. Its concept and formulation were derived
from differentiating two objects defined by the same
fractal dimension but showing various visual textural
patterns [43]. Therefore, Lac is considered a measure of
perceived gaps, or holes, in the geometric structure of the
image.

Lac:= (CVs)? = (o4 ne)? 2
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CV is the coefficient of variation for pixel distribution,
p is the standard deviation, o 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.

1). Estimating the fractal dimension of colon images
using the non-overlapping box-counting approach

In this method, a non-overlapping regular square grid
with a scale factor ¢ traversed the image to measure the
box-counting dimension. The image was superimposed
on a regular grid with a scale factor ¢, and the number of
grid boxes (windows) was counted. This gave a number,
N(e), with a value dependent on e. Then we
progressively changed e to smaller sizes and counted the
corresponding N(g).

Next, we plotted the distribution log(N(g))/log(1/¢) 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
[43,44].

2). Estimating the fractal dimension of colon images
using the sliding-box approach

The following settings were developed according to the
recommendations of the FracLac user manual [44]. The
size of the series about 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 overlapped with
each movement. The sliding-box scan then counts the
number of pixels inside the box and the number of boxes,
N(e), slide the boxes horizontally by a fixed number of
pixels (x) and then recounts 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(g).
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(e))/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 [43,44]. 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, e.

3). Computing lacunarity scaling of colon images using
the non-overlapping and the sliding-box scan
approaches
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For both non-overlapping and sliding-box counting, Lac
was determined from the probability distribution for
pixel 'mass distribution'. Lacunarity at a particular was
labelled, and calculated as the variation in pixel density
at different box sizes, using the CV for pixel distribution
as in equation (2) [43,44]. Lac varied with the size of the
sampling unit. Thus, in order to arrive at a single number,
the values were summarised as the mean, overall scale
factors, €[43,44].

4). Statistical analysis

The statistical analysis of the extracted features (Table 2,
Figures 2-4) was performed using the Minitab 17
software, including mean, Standard Deviation (SD) and
Standard Error of the mean (SE). An analysis of variance
(ANOVA) was performed to analyze for significant
differences between the normal and adenomatous polyp
lesions. We also evaluated several classification models
using logistic regression, including a combination of the
four predefined features: Fractal Dimension using the
Box-Counting technique (FdB) and Sliding-Box
technique (FdS), and Lacunarity using the Box-Counting
technique (LacB) and Sliding-Box technique (LacS), as
follows:

. Model_1: FdB

. Model_2: FdS

. Model_3: LacB

. Model_4: LacS

. Model_5: FdB + LacB

. Model_6: FdS + LacS

. Model_7: LacB + LacS

. Model_8: FdB + FdS

. Model_9: FdB + LacB + LacB + LacS

Each model was evaluated by using the Area Under
Curve (AUC) and the Receiver Operating Characteristic
(ROC) curves as global performance criteria. In addition,
the Classification Accuracy (ACC) of each model was
calculated. The ACC is the ratio of the number of correct
classifications relative to the total number of
classifications. To avoid any overfitting problems, all
models were evaluated using a 10-fold cross-validation,
repeated 300 times.

LacB and FdB denote the Lacunarity and Fractal
dimension, respectively, using the non-overlapping box-
counting method. LacS and FdS denote the Lacunarity
and Fractal dimension, respectively, using the sliding-
box method. t & p denote t and p-values which are a
statistical measure of the results evidence against the null
hypothesis.

V. Results and Discussion

It was reported
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1). Analysis of differences between normal and patient
groups: Table 2 gives the results and statistical analysis
for the four primary comparisons, providing the
statistical comparison of the difference between the
normal and adenomatous polyp groups.

2). Analysis of differences between the non-overlapping
box-counting and sliding-box methods:

In Table 3, an analysis of the differences in Lac and FD
for the non-overlapping box-counting (B) and sliding-
box (S) techniques is given.

3). Comparison between the non-overlapping box-
counting and sliding-box methods:

Fig 2 shows the relationships between the non-
overlapping box-counting and sliding-box techniques for
the FD and Lac parameters, respectively, for all normal
and adenomatous polyp patient samples. Both
relationships are highly significantly correlated: FD at
r2=0.973, p<0.0001 and Lac at r2=0.981, p<0.0001).

4). Separation of normal subjects from patients:

Fig3 shows the 95% CI group separation for both FD
(p<0.0001) and Lac (p<0.0001) on the non-overlapping
box-counting method. This highlights how well the two
groups are differentiated using this method.

5). Combined fractal dimension and Lacanalysis:

Fig4d presents a plot from the non-overlapping box-
counting method showing the relationship between
fractal dimension and Lac, separately, for the normal
colon (r2=0.867, p<0.0001) and abnormal adenomatous
polyp (r2=0.764, p<0.0001) subjects.
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6). Distribution of FD and Lac for normal colon and
abnormal polyp images:

Fig5 shows the distributions of FD and Lac across all 70
normal and 70 polyp subjects, for both non-overlapping
box-counting methods. Based on the results reported in
Tables 2 and 3, and Figures 2-5, the following significant
results of the work can be emphasised: First, the fractal
dimension in the case of adenomatous polyps was
significantly larger than in the case of normal tissue,
based on both the non-overlapping box-counting and
sliding-box techniques. Also, the Lac for adenomatous
polyps was significantly lower than for normal tissue,
again based on both techniques. Furthermore, the non-
overlapping box-counting technique yielded
significantly different values than the sliding-box
technique. Second, the non-overlapping box-counting
technique yielded significantly smaller values for fractal
dimension, but significantly larger values for Lac,
compared with the sliding-box technique.

Table 2. Analysis of differences between box-
counting and sliding-box methods

Population Features 95% CI fordifference  t-value  p-value
Normal LacB, LacS  (0.0512, 0.0564) 375 <0.0001
Adenomatous polyp ~ LacB, LacS ~ (0.0221, 0.0274) 42.4 <0.0001
Normal FdB, FdS (-0.0480, -0.0424) -33.7 <0.0001
Adenomatous polyp  FdB, FdS (-0.0345, -0.0289) -36.8 <0.0001

Nonetheless, as noted above, the non-overlapping box-
counting technique resulted in a more pronounced
differentiation between normal and adenomatous polyp
tissue. Third, there was an inverse relationship between
FD and Lac, which is in line with the underlying theory
of fractal analysis [41,45].

Lacwmarity - non-overlpping box

1 10

20 3 40 50 a0 7O
Patient numbers

Fig.2-Non-overlapping box-counting technique showing the distributions of fractal dimension (left) and
lacunarity (right) across all 140 (70 normal colon subjects and 70 abnormal patients)[(¢) denotes normal
subjects;(+) denotes abnormal adenomatous polyp subjects].

7). Performance comparison of selected classification
models. Fig 6 shows the AUC results of the proposed 9
models, using different combinations of FD and Lac
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features, measured by both the non-overlapping box-
counting and sliding-box methods. An AUC ranges from
0 to 1. Values greater than 0.7 refer to acceptable
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discrimination between patients with and without the outperformed those based on Lac features. The best
disease and values greater than 0.8 is considered AUC results were obtained by the model combining FD
excellent [46]. The results show that the models based on features calculated from both sliding-box and non-
FD features outperform those based on Lac features. overlapping box-counting techniques (AUC=0.85,
Concerning the evaluation of the classification models, ACC=10.06), as illustrated in Fig 6.

we noticed that the models based on FD features slightly

Table 3. Analysis of differences between the normal and adenomatous polyp groups

Normal Polyps Normal Polyp )
Features 95% ClI for difference t p
Mean +SD Mean +SD  SE Mean SE Mean
LacB 0.424 £0.119 0.283+0.077  0.014 0.0092 (0.108, 0.175) 7.39 <0.0001
LacS 0.371+0.117 0.258+0.078  0.014 0.0094 (0.078, 0.147) 7.29 <0.0001
FdB 1.72940.082 1.8324+0.035  0.0099 0.0041 (-0.124, -0.082) -7.97 <0.0001
FdS 1.775£0.0832 1.864+0.092  0.0099 0.0041 (-0.111, -0.068) -7.73  <0.0001
”
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Fig. 3- Relationships between the sliding-box and non-overlapping box methods for fractal dimension (left) and
lacunarity (right).

]

=

4 LY 0.5

B

¥ -

E L& = 04

:

sl 4

g = 0.3 —T
»

3 Lo

¥ .2

= MNornxal Pohyp

Normal Palvp

Fig.4-Non-overlapping box-counting techniques showing the 95% confidence interval with group separation
for fractal dimension (left) and lacunarity(right).
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Sensitivity

AUC= 0.84 (0.77-0.90), ACC=8.79
AUC= 0.83(0.76-0.90), ACC=9.14

04 Fd8
| i Fds
0.3 J [ LB AUC=0.83(0.76-0.90), ACC=8.96

LacS AUC= 0,82 (0.76-0.89), ACC=8.79
FdB + LacB AUC= 0.83 (0.76-0.90), ACC=9.10
FdS + LacS AUC= 0.82 (0.75-0.89), ACC=8.08
LacB + LacS AUC= 0.83 (0.770.90), ACC=9.83
FdB + LacB AUC= 0.85 (0.78-091), ACC=10.22
LacB + LacS + FdB + FdS  AUC= 0.83(0.770.90), ACC=9.26

0 0.1 0.2 0.3 04 0.5 0.6 0.7 08 0.9 1
1-Specificity

Fig.6-ROC curves for the 9 classification models.

V. Conclusion

This study has demonstrated that fractal analysis
parameters result in highly significant differences
between normal and adenomatous polyp colonic mucosa
images. Since the fractal analysis parameters
significantly differ for normal tissue 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. We believe that the use of accurate and robust
features can significantly contribute to more reliable
automated diagnostic measurements, leading to an
enhanced improvement in the detection of adenomatous
colon polyps.
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