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Quantitative comet assay image analysis
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This study investigates the multifractal properties of comet assays from the
human donor, focusing on potential morphological changes related to pollution
induced by PAH and spatial differences within the Comet assays. Using
multifractal spectra, we analysed various parameters, including generalized
dimensions and Hdlder exponents, to characterize the Comet assays’
morphology. Despite the detailed analysis, no significant correlation was found
between morphology and pollution induced by PAH. However, clear
morphological differences were seen between pollution induced by PAH after 4h
and 24h. Comet assays after 24h displayed higher morphological complexity
and greater local homogeneity, while those after 4h exhibited more scaling laws
and higher local heterogeneity.

Further studies are recommended to confirm these findings and to explore the
full potential of multifractal analysis in comet assays research.

The calculation of the multifractal spectrum of comet assays images is
ineffective due to artifacts that can lead to an unreliable result. The search for
methodological approaches to using multifractal image analysis in relation to
the assessment of the comet assays is relevant.

Quantitative comet assay image analysis

Quantitative comet assay analysis!,2,3 is carried out in 2D images*. Initial
attempts at comet assay measurement utilised a manual approach and were
tedious and time consuming. However, comet assay characterisation based on
visual analysis suffers from user bias and reproducibility. In the last two
decades, there has been significant development in automated quantitative
comet assay analysis methodology. Methods of comet assay analysis require
ideal imaging based on size (e.g., microscopes with digital cameras).

DNA damage

DNA damage is a common cellular feature seen in cancer and
neurodegenerative disease®. Comet assays®,’,® are a biochemical tool to
measure DNA damage in single cells through microscopy assessment based
on the migration of broken DNA strands towards a positive electrode, which
creates a quantifiable “tail’. Comet visualization allows the observation of
stained DNA either as dots (representing intact DNA) or as comets (indicating
damaged DNA).

The main obstructive point is the image analysis of COMET ASSAY images is
that the COMET ASSAY parameters: Tail Intensity, Tail Length, Tail Moment
and Total Area do not correlate well with the exposure level and time. The
positive control (PK) COMET ASSAY parameters differ from the other
experiments by factor 1.3 up to 6.7; those, we did not take these values in
analyses.

From Figure 1-Figure 2 we can conclude that there is some effect of exposure
level at 4h.

Page 5 of 166



Figure 1 The COMET ASSAY Tail Intensity versus exposure (left) and COMET
ASSAY Tail Length versus exposure (right) at 4h (red) and 24h (green).

Figure 2 The COMET ASSAY Tail Moment versus exposure (left) and COMET
ASSAY Total Area versus exposure (right) at 4h (red) and 24h (green).

Image analysis

After identifying parts in the 10 images, their properties were measured with
the Mathematica function ComponentMeasurements. This function may
produce a dataset listing, 83 properties. Examples of properties are Centroid,
“centre of mass coordinates”, Circularity,’ratio of equivalent disk perimeter to
the perimeter length”, Holes, "number of holes in each part”’, and Shape,
”shape of the component given as a binary image”. (Quotes are from
documentation of the Mathematica function ComponentMeasurements.) For
the following analysis we discarded all but scalar properties, i.e., we kept only
properties whose value is a single number. Thus, Centroid and Shape were
discarded at this step, leaving me with 61 properties. We also discarded
properties that didn’t vary. For example, Holes was discarded at this stage
because it was O for all images. This left us with 48 measurements. Many of
these 48 measurements were highly correlated with others. Measurements
were easily interpretable. For example, 24 properties, had properties that in
effect measure the size of the objects. We also discarded Orientation.
Elongation and CaliperElongation are zero for a perfect circle. Thus, in many
images these properties have values near zero, and a small change in the way
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elongation is measured can produce large relative change in these small
numbers.

The eccentricity of a best-fit ellipse, denoted by e, is a measure of its
deviation from a perfect circle, calculated as the ratio of the distance from the
centre to a focus (c) to the length of the semi-major axis (a), or by the formula
e = V(1 - (b/a)?) where b is the semi-minor axis length. The value of e ranges
from O to 1; an eccentricity of O indicates a circle, while a value closer to 1
signifies a more elongated and flattened ellipse. Using the focus (¢) and semi-
major axis (a): e = c/a.

Table 1
Area Radius fraction of pixels within the equivalent disk radius
Coverage
Area approximate area, where each pixel area is weighted
by its neighbourhood configuration
Perimeter Length total length of outer pixel sides
Parameters of the oriented best-fit ellipse
Length largest axis of the best-fit ellipse
Width smallest axis of the best-fit ellipse
Semi Axes lengths of the semiaxes of the best-fit ellipse
Orientation angle between the largest axis and the horizontal axis
Elongation elongation, computed as
Eccentricity eccentricity of the best-fit ellipse
Convex Area area of the convex hull polygon
Perin::e(::Iel:i,Xeng th length of the convex hull polygon
Skew asymmetry in intensity distribution
Circularity 2nir/ p, with polygonal len‘gth p and equivalent disk
radius r
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Collage of single images

Collage of single images, a composite picture including up to 10 fields of view
(single images), was constructed by aligning each field of view according to a
simple algorithm. One field of vision includes a matrix of 720x 511 pixels, i.e.,
separate columns and rows.

4h

Figure 3 KPAH4K

Figure 4 KPAH4L

Figure 5 KPAH4M
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Figure 6 KPAH4H

Figure 7 KPAH4PK
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24h

Figure 8 KPAH24K

Figure 9 KPAH24L

Figure 10 KPAH24M

Figure 11 KPAH24H
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Figure 12 KPAH24PK

Examples of single and image collage 3D images

4h

Figure 13 KPAH4K, single image (left) and image collage (right)

Figure 14 KPAH4L, single image (left) and image collage (right)
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Figure 15 KPAH4M, single image (left) and image collage (right)

Figure 16 KPAH4H, single image (left) and image collage (right)

Figure 17 KPAH4PK, single image (left) and image collage (right)
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24h

Figure 18 KPAH24K, single image (left) and image collage (right)

Figure 19 KPAH24L, single image (left) and image collage (right)

Figure 20 KPAH24M, single image (left) and image collage (right)
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Figure 21 KPAH24H, single image (left) and image collage (right)

Figure 22 KPAH24PK, single image (left) and image collage (right)
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Image analysis features: Scatter percentile distribution
plots of

Figure 23 Percentile distribution of Lengths in Image Collages for 4h (left) and
24 h (right)

Figure 24 Percentile distribution of Widths in Image Collages for 4h (left) and 24
h (right)

Figure 25 Percentile distribution of Areas in Image Collages for 4h (left) and 24
h (right)

Figure 26 Percentile distribution of Perimeter Lengths in Image Collages for 4h
(left) and 24 h (right)
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Figure 27 Percentile distribution of Elongations in Image Collages for 4h (left)
and 24 h (right)

Figure 28 Percentile distribution of Eccentricities in Image Collages for 4h (left)
and 24 h (right)

Figure 29 Percentile distribution of Convex Areas in Image Collages for 4h (left)
and 24 h (right)

Figure 30 Percentile distribution of Convex Perimeter Lengths in Image Collages
for 4h (left) and 24 h (right)
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Figure 31 Percentile distribution of Circularities in Image Collages for 4h (left)
and 24 h (right)

Figure 32 Percentile distribution of Caliper Elongations in Image Collages for 4h
(left) and 24 h (right)

Figure 33 Percentile distribution of Caliper Lengths in Image Collages for 4h (left)
and 24 h (right)

Figure 34 Percentile distribution of Caliper Widths in Image Collages for 4h (left)
and 24 h (right)
Figure 35
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Figure 36 Correlations of Percentile distribution of Caliper Elongations vs.
Elongations in Image Collages for 4h (left) and 24 h (right)
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Correlation scatter plots of properties

Figure 37 Correlations of Percentile distribution of Circularity vs. Convex Areas
(left) and of Circularity vs. Elongations in Image Collages for 4h (upper row) and
for 24 h (lower row)

Figure 38 Correlations of Percentile distribution of Elongations vs. Convex Areas
(left) and of Convex Perimeter Lengths vs. Convex Areas in Image Collages for
4h (upper row) and for 24 h (lower row)
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Textural analysis: Haralick features

Image-based texture rich information in images offer possibilities to identify
similarities or differences among biological samples® and to decipher the
toxicity profile and other biological effects.

Statistical and structural approaches categorize texture analysis methods into
those that describe texture by its random, statistical variations or the
arrangement of deterministic structural elements!0. Statistical methods use
measures like autocorrelation functions and gray-level co-occurrence matrices
to extract quantitative features from pixel data, while structural methods rely
on finding repeating patterns, primitives, and their relationships to describe
texture. Grey Level Co-occurrence Matrices (GLCM)11,12/131415 gre one of the
earliest techniques used for image texture analysis introduced by Haralick.
The texture parameters have been used in several areas of the biomedical
research!6/1718 19 Correlation between pixels means that there is a
predictable and linear relationship between the two neighbouring pixels within
the window. Entropy is a notoriously difficult term to understand; the concept
comes from thermodynamics. The term is used to mean irremediable chaos or
disorder. High values of ASM occur when the window is orderly. The square
root of the ASM is sometimes used as a texture measure, and is called Energy.
Energy is, in this context, the opposite of entropy. A high Correlation texture
means high predictability of pixel relationships.

Textural analysis

Average values of GLCM parameters with standard deviations are presented
in table 1. The values of entropy, angular second moment, and inverse
difference moment did not significantly change after the exposures. There was
no significant correlation between GLCM and fractal parameters.

Table 2 Haralick features ASM: Angular Second Moment (Homogeneity),
Contrast, Correlation, IDM: Inverse Difference Moment and Entropy

K L M H PK
st. st. st. st. st.
Av. dev. Av. dev. Av. dev. Av. dev. Av. dev.
4h
ASM 0.707 0.187 0.611 0.234 0.518 0.200 0.465 0.147 0.571 0.188

Contrast 12.33 6.37 13.67 7.79 1648 7.43 13.39 341 13.04 3.40
Correlation  0.026 0.015 0.016 0.006 0.016 0.006 0.016 0.009 0.019 0.007

IDM 0.904 0.065 0.890 0.076 0.865 0.076 0.890 0.036 0.895 0.044

Entropy 0.706 0.357 0.893 0.440 1.043 0.310 1.194 0.293 1.004 0.346
24h

ASM 0.928 0.024 0.862 0.193 0.640 0.266 0.891 0.059 0.561 0.249

Contrast 4.02 0.74 5.08 2.92 14.15 9.21 4.90 2.39 16.58 9.76
Correlation  0.029 0.006 0.039 0.010 0.025 0.012 0.028 0.012  0.024 0.012
IDM 0.981 0.010 0.969 0.032 0.851 0.119 0.974 0.024 0.841 0.115
Entropy 0.259 0.065 0.385 0.385 0.811 0.510 0.348 0.142 0.966 0.440

Entropy and Contrast at different levels of exposure are going up for 4h and

for 24 h (except for the H-exposure level at 24h) (Figure 39, left and Figure 40,
left). Angular Second Moment, ASM (Homogeneity), and Inverse Difference
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Moment, IDM, are going down for 4h and for 24 h (except for the H-exposure
level at 24h) (Figure 39, right and Figure 40, right). is also going down for 4h
and for 24 h (except for the H-exposure level at 24h).

Figure 39 Haralick features Entropy (left) and ASM: Angular Second Moment
(Homogeneity) (right) for different time of exposure.

Figure 40 Haralick features Contrast (left) and IDM: Inverse Difference
Moment (right) for different time of exposure.
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Fractal analysis

For each Comet assay structure, values of fractal dimension, lacunarity,
circularity, as well as parameters of grey level co-occurrence matrix (GLCM)
texture, were determined.

Fractal dimension is the most important indicator of structural complexity of
the analysed object. In biomedical research it has so far been successfully
applied to measure structural properties of various tissues and organs, such
as liver, lungs, brain, and kidney<29,21 22, In cell biology fractal dimension of
nuclear structure was a sensitive parameter in evaluation of early stages of
programmed cell death?23,24, Fractal dimension measures surface complexity,
with higher values showing details at increasingly smaller scales?25.

Monofractals: Characterizing space

The goal is to define a numerical index for the two-dimensional images, using
a fractal dimension, D, that provides a statistical measure on how details in
the pattern change with the scale at which it is measured. To help with this
study, the binary black and white contrast images were used to determine the
fractal dimensions. The fractal dimension (D) is determined by the equation:

D = lim w

s—0 1

log(3)
where ¢ is the length of the box which creates a mesh covering the image, and
N(s) is the minimal number of boxes required to cover the entire pattern. This
method counts the number of boxes (N) of length s required to cover the object
being measured. In this method, a grid of boxes is superimposed over the
binary image, and the number of nonempty boxes (N) for different scale (g),
that at least partially cover the object is determined. Fractal dimension (D)

was calculated based on the slope of the regression line from the logarithmic
relationship between the box count and the scale:
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Range Fractal indices of separate sublmages
Control K

Figure 41 Fractal indices D[BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 42 Fractal indices D[B+BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 43 Fractal indices D|[W+BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 44 Average Fractal indices D[BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line
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Figure 45 Average Fractal indices D[B+BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line

Figure 46 Average Fractal indices D[W+BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line
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Exposure L

Figure 47 Fractal indices D[BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 48 Fractal indices D[B+BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 49 Fractal indices DI[W+BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 50 Average Fractal indices D[BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line
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Figure 51 Average Fractal indices D[B+BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line

Figure 52 Average Fractal indices D[W+BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line
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Exposure M

Figure 53 Fractal indices D[BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 54 Fractal indices D[B+BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 55 Fractal indices DI[W+BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 56 Average Fractal indices D[BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line
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Figure 57 Average Fractal indices D[B+BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line

Figure 58 Average Fractal indices D[W+BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line
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Exposure H

Figure 59 Fractal indices D[BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 60 Fractal indices D[B+BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 61 Fractal indices D[W+BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 62 Average Fractal indices D[BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line
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Figure 63 Average Fractal indices D[B+BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line

Figure 64 Average Fractal indices D[W+BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line
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Positive control PK

Figure 65 Fractal indices D[BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 66 Fractal indices D[B+BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 67 Fractal indices D[W+BW] of separate subimages for 4h (left) and 24 h
(right); Image collage: = yellow, red line

Figure 68 Average Fractal indices D[BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line
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Figure 69 Average Fractal indices D[B+BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line

Figure 70 Average Fractal indices D[W+BW] (blue) for 4h (left) and 24 h (right)
(standard deviations (red); Image collage: = yellow, red line

Page 32 of 166



Range Fractal indices of Image Collage for 4h and 24 h

Figure 71 Fractal indices D[BW] of Image Collage for 4h (yellow) and 24 h (blue)

Figure 72 Fractal indices D[B+BW] of Image Collage for 4h (yellow) and 24 h
(blue)
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Figure 73 Fractal indices D[W+BW] of Image Collage for 4h (yellow) and 24 h
(blue)
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Fractal indices for different exposures, L, M, H

Figure 74 Fractal indices D[BW] of Image Collage for 4h (left) and 24 h(right); A
L, M, e H

Figure 75 Fractal indices D[B+BW] of Image Collage for 4h (left) and 24 h(right);
AL, M, e H

Figure 76 Fractal indices D[W+BW] of Image Collage for 4h (left) and 24 h(right);
AL, M, e H
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Fractal indices for control (K), positive control (PK) and different exposures,
L, M, H

Figure 77 Fractal indices D[BW] of Image Collage for 4h (left) and 24 h(right); ¢
control K, A L, M, e H, A positive control PK

Figure 78 Fractal indices D[B+BW] of Image Collage for 4h (left) and 24 h(right);
¢ control K, A L, M, e H, A positive control PK

Figure 79 Fractal indices DI[W+BW] of Image Collage for 4h (left) and 24 h(right);
¢ control K, A L, x M, e H, A positive control PK
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Multi-scale Focal fractal dimension

Multi-scale Focal fractal dimension is a local measurement of fractal
dimensionZ26 that analyses the roughness and complexity of a surface or signal
within a specific, moving window of a defined size using the variogram
method?7. Unlike a standard fractal dimension that provides a single global
value, Focal fractal dimension generates a raster map of fractal values,
allowing for the identification of areas with varying degrees of self-similarity
and irregularity across the landscape or data. For example, a landscape with
smooth features like flat lakes would have low focal fractal dimension values,
while rough, complex areas would have higher values.

Focal fractal dimension uses a moving window of a specified size (e.g., 11x11
pixels) to analyse part of the data. Within each window, a fractal dimension is
calculated using a standard method, such as the box-counting method. The
calculated fractal dimension for that window is then assigned to the central
part of that window and store the results in a raster map. This process is
repeated for every part in the dataset, creating a raster map of local fractal
dimensions. compare locations with their neighbours. and are attributed Focal
fractal dimension values for the white parts is =3, and for black parts is =2.
Focal fractal dimension can identify variations in image complexity, serving as
a diagnostic feature for different structures?8. The Focal fractal dimension
analysis is a convenient method to measure contrasting morphologic changes
within stimulated Comet assays.

There are several ways to assess structural Comet assay organization. One
method today commonly used for evaluation of Comet assay structural
features is fractal analysis. Fractal dimension and lacunarity2? of binarized
tissue micrographs as fractal analysis parameters are important indicators of
complexity and heterogeneity28,30 31,

Treated Comet assays show the greatest Focal fractal dimension values and
complexity, and represent the greatest degree of stress.

Multi-scale focal fractal dimension cannot be performed at separate images,
as they are too small, so, this analysis was performed on the image collage.
However, the window seems too small (11 times 11 pixels) for images as large
as 3066 times 1022 pixel and strong noise is produced in the Multi-scale focal
fractal dimension spectral
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Figure 80 Multi-scale focal fractal dimension spectra in Image Collages for 4h
(left) and 24 h (right)

Figure 81 Multi-scale focal fractal dimension spectra in Image Collages for
control K and positive control PK at 4h (blue, m) and 24 h (brown, e)

Figure 82 Multi-scale focal fractal dimension spectra in Image Collages for
exposure L at 4h (blue, m) and 24 h (brown, e)
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Figure 83 Figure 84 Multi-scale focal fractal dimension spectra in Image
Collages for exposure M (left) and exposure H (right) at 4h (blue, m) and 24 h
(brown, e)

Figure 85 Correlation of percents at defined Focal multiscale fractal dimension
(window 11x11) of Image Collages at 4h (x-ordinate) and 24h (y-ordinate)

Correlation of percents at defined Focal multiscale fractal dimension (window
11x11) of Image Collages at 4h (x-ordinate) and 24h (y-ordinate) are almost
perfect for Focal multiscale fractal dimensions percents above 1% (ie.,for
above Focal multiscale fractal dimension=2.8) (Figure 85). However, the
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exposure M is an outlier maybe due to apparent piecewise double power above
1% (i.e., for above Focal multiscale fractal dimension=2.9).

Table 3 Power function (y=intercept xrewer) fit of Correlation of percents at defined
Focal multiscale fractal dimension (window 11x11) of Image Collages at 4h (x-

ordinate) and 24h (y-ordinate).

intercept
K 0.8687
L 0.8702
M 0.7716
H 0.9046
PK 0.8182

power
0.7298
0.7541
0.7552
0.7034
0.9871

R2
0.9083
0.9331
0.944

0.8619
0.9663

Table 4 50% Focal multiscale fractal dimension and percent at 50% Focal fractal
dimension Focal multiscale fractal dimension (window 11x1 1) of Image Collages

at 4h and 24h.
4h

50% Focal

Mean percent at
50% Focal

fractal
dimension . fracjcal
dimension, %

K 2.605 0.2209
L 2.61 0.2292
M 2.21 0.2326
H 2.575 0.2250
PK 2.59 0.2445

50% Focal

fractal

dimension

2.79
2.49
ps2
2.565
2.36

24h
Mean percent at

50% Focal
fractal

dimension
0.2971
0.2939
0.2142
0.3578
0.2101
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Multifractals: A theory of measures

While monofractals are mostly concerned with spaces, multifractals deal with
measures. Even if the idea behind multifractals is also to study the complexity
and reveal the scaling properties of a mathematical object, those two concepts
are distinct. Multifractal analysis is a mathematical tool used to measure
morphologies characterized by multiple scaling laws32,33 34, Originating from
research related to energy dissipation during developed turbulence,
multifractal analysis has since been applied to a wide range of complex
systems. The comprehensive theoretical foundation of multifractal analysis
has been elaborated in many works35. This paper focuses on several key
calculations for almost implementing this analysis using computational tools.
Multifractal analysis offers a sophisticated method to examine the complex
morphology of Comet assays, which traditionally have been analysed using
monofractal techniques.

We employed the box-counting method with non-overlapping boxes to
determine the two most commonly applied spectra: the spectra of generalized
dimensions DQ(Q), and the singularity spectra f{a) vs. a. The multifractal
spectrum is the curve f(a) against a. It gives, roughly speaking, the “fractal
dimension” of sets where the measure scales locally with the same exponent.
Singularity spectrum f{a) calculates the fractal dimension of the subset of
pixels in an image described by a particular exponent, referring to the relative
dominance of various fractal exponents involved in the structures®. The
spectrum is formed by calculating the parameter a, also known as the Holder
exponent, which represents the local regularity or irregularity of a point on an
object at a specific scale3’. This allows the formation of subsets of points with
similar a, which will act as objects with monofractal properties stemmed from
the original multifractal object.

Fractal analysis was performed3® using ImageJ software (National Institutes
of Health, USA) and the plugin FracLac39,40,41 42 (Version 2.5, Release le).
During the fractal analysis, comet assays were automatically converted into
binary format (black and white image) by using the following protocol/setting:
ImageJ> Plugins> Fractal analysis> FracLac_2.5 Release le> Standard box
count> Auto Threshold to Binary. For each comet assays image, values of
fractal dimension were determined.

In this study, values of the parameter Q ranged from —10.0 to 10.0 with a step
of 0.1, providing each multifractal spectrum with 201 points. Each point in
the spectra was treated as an individual variable. Each image was associated
with two spectra: DQ(Q) vs. Q, and f{a) vs. a.

Dimensional Ordering is a general trend important in interpreting results in
multifractal analysis a rule for the generalize dimension, where the Capacity
Dimension 2 the Information Dimension = the Correlation Dimension or:
D(Q=0) = D(Q=1) = D(Q=2)

Several metrics were used for the characterization of multifractal spectra [49].
These metrics analyse the differences between the mean spectrum of the
control group (healthy retinas) and those of the DR and Glaucoma groups, to
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determine the multifractal behaviour within each of the three retinal groups.
The multifractal spectra are represented by the values of a and f(a) and are
calculated based on the magnifying parameter q. The multifractal spectra are
characterized not only by a0 and f(a0), but also by several other parameters
derived from a and f{a) to describe the spectrum more comprehensively. These

parameters include amax, the dominant singularity; the asymmetry, A:

Xmax — aleft

Asymetry, A = ———
Aright — Amax

Other parameters descriptor parameters of the multifractal spectrum have

been defined. These include Adiest = Amax - Giest, and Adright = Qright — Gmax, Which

represent the width of the left and right sides of the multifractal spectrum,

respectively; Af(aeft )=f(Qmax )- flQieft ), and Af{Gright)=f(Gright ) —f(Gmax), TEPrEesenting

the height of the left and right side of the spectrum;

Liese = J(amax — eg)? + (F(tmar) — f(@ep))?

Lrig = \/(aright — (max)® + (f(aright) = f(@max))?

which correspond to the length of the left (multifractal) and right (monofractal)
sides of the multifractal spectrum, respectively.

We extracted more variables per spectrum: maximum and minimum value of
a parameter, the range or span (the difference between the maximum and
minimum values): DQmin, DQmax, DQspan; f(@)min, f[A)max, f(@)span-

The calculation of the multifractal spectrum of comet assays images is
ineffective due to artifacts that can lead to an unreliable result. The search for
methodological approaches to using multifractal image analysis in relation to
the assessment of the comet assays is relevant.

Multifractals

Consistent with the previous findings, some of the test results showed no
statistically significant differences between the groups for any variable. Thus,
the morphology of Comet assays in the comet assay images within this sample
did not change significantly with treatment.

The generalized dimension DQ for the three treatments are presented in Figure
86 and compared to control (K) and positive control (PK) in Figure 87.

Figure 86 The generalized dimension DQ spectra for the three treatments at
4h (left) and 24h (right): m L, A M and x H exposures.
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Figure 87 The generalized dimension DQ spectra for the three treatments at
4h (left) and 24h (right): m L, A M and x H exposures, and control (K) o and
positive control (PK) e.

Values of the generalized dimension DQ showed a “step-like” go down across
almost the entire Q- range of the spectra with increasing exposure, except for
M-exposure (Figure 87). The biggest differences between the groups were
observed for Q negative range (between exposure M and exposures {L, H, and
positive control (PK)} (Figure 87, left). For 24h time, these differences are not
so obvious (Figure 87, left).

The multifractal spectra for the three treatments are presented in Figure
88and compared to control (K) and positive control (PK) in Figure 89.

Figure 88 The multifractal spectra for the three treatments at 4h (left) and 24h
(right): m L, A M and x H exposures.
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Figure 89 The multifractal spectra for the three treatments at 4h (left) and 24h

(right): m L, A M and x H exposures, and control (K) o and positive control (PK)
o

The generalized dimension DQ spectra for separate images

Figure 90 The generalized dimension DQ spectra for the three treatments, and
control (K) and positive control (PK), at 4h (red, m) and 24h (blue, o).
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The multifractal spectra for separate images

Figure 91 The multifractal spectra for the three treatments, and control (K)
and positive control (PK), at 4h (red, m) and 24h (blue, o).

A decrease in the height of the spectrum ((@)max and f{a)max, Table 6) indicates
a “simplification” of the pattern of comet assays.

A decrease in the width of the singularity spectrum (i.e., (a)span and f{a)span,
Table 7) indicates a more uniform distribution of the structural parts of comet
assays.

It is important to note that one challenge of this analysis is the practical
interpretation of the singularity spectrum results. The practical significance
of these spectra can often be “elusive” and abstract, making it difficult to
intuitively understand individual spectra and relate the results to the actual
images. Also, the limitation is the pixel-based image. Despite using relatively
high-resolution images (3066 x 1022 pixels) in this study, various fine
structures of the analysed Comet assays’ morphology can still be obscured,
which may prove problematic with larger mathematical distortions.
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The spectrum value parameters are presented in Table 5-Table 7 for each
treatment and time group. These parameters were extracted for each collage
of individual images.

Table S The generalized dimension DQ spectra parameters

DQmax DQmin DQspan Capacity Information  Correlation
Dimension, Dimension, Dimension,
DO D1 D2
4h
K 1.8858 0.8186 1.0672 1.4732 1.2342 1.0600
L 1.2151 0.5157 0.6994 0.7146 0.6421 0.5969
M 1.6645 0.9214 0.7430 1.2541 1.1925 1.1372
H 1.1678 0.6066 0.5612 0.7030 0.6583 0.6377
PK 1.1079 0.2927 0.8152 0.7691 0.6335 0.5209
24h
K 1.4628 0.8264 0.6364 1.0617 0.9876 0.9404
L 1.4080 0.7126 0.6955 0.9703 0.8949 0.8404
M 1.2630 0.5328 0.7302 1.0363 0.9124 0.7915
H 1.2987 0.6964 0.6023 1.2194 1.1539 1.0414
PK 1.0689 0.5422 0.5267 0.9133 0.8203 0.7277

Table 6 The multifractal spectra parameters

(a)ieft fla)iert (a)max f(a)max (a)rignt f(a)rignt
4h
K 0.7707 0.2912 1.7033 1.4732 1.9636 1.3469
L 0.4996 0.3401 0.8059 0.7146 1.3211 0.1554
M 0.8420 0.0558 1.3189 1.2541 1.8012 0.2969
H 0.5955 0.4852 0.7669 0.7030 1.2881 -0.0349
PK 0.2351 -0.3346 0.9000 0.7692 1.1701 0.4853
24h
K 0.7758 0.2747 1.1499 1.0617 1.5457 0.6337
L 0.6748 0.3004 1.0555 0.9703 1.5131 0.3577
M 0.4811 -0.0314 1.1462 1.0363 1.2803 1.0900
H 0.6324 -0.0009 1.2645 1.2194 1.3076 1.2093
PK 0.5165 0.2616 0.9942 0.9133 1.0844 0.9141

Table 7 Derived multifractal spectra parameters

L1 L2
(a) fla) (multifractal) (monofractal)
(a) span  f(a) span Asymetry Asymetry side sides
4h
K 0.9326 1.0557 3.5833 -9.3541 1.5057 0.2893
L 0.3064 -0.1847 0.5947 -0.6697 0.4838 0.7603
M 0.4769 0.2411 0.9888 -1.2519 1.2897 1.0719
H 0.1714 -0.5201 0.3289 -0.2952 0.2772 0.9034
PK 0.6649 0.8199 2.4620 -3.8886 1.2885 0.3918
24h
K 0.3741 0.3590 0.9450 -1.8388 0.8714 0.5830
L 0.3807 0.0573 0.8321 -1.0936 0.7705 0.7646
M 0.6651 1.1213 4.9590 19.9055 1.2579 0.1445
H 0.6321 1.2102 14.6418 -120.5203 1.3743 0.0443
PK 0.4778 0.6525 5.2980 785.3386 0.8080 0.0902
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The length of the left (multifractal) and right (monofractal) sides of the
multifractal spectrum

The length of the left (multifractal) and right (monofractal) sides of the
multifractal spectrum are decreasing and decreasing at 24h, respectively
(Figure 92).

Figure 92 The length of the left (multifractal) and right (monofractal) sides of
the multifractal spectrum, respectively at 4h (left, o) and 24h (right, m); and
positive control (PK) is indicated by shape arrows.

Euler number in COMET ASSAY images

At its core, the Euler number is a topological invariant that describes an
object’s connectivity properties independent of geometric transformations
such as scaling or rotation. In image processing, it is typically applied to
binary images, where pixels are categorized as either foreground (object) or
background. The morphological Euler number43,44,4546 is a topological
invariant calculated as the number of connected components (objects) in an
image minus the number of holes in those objects. For a 2D image, the formula
is E= Bo- B1, where [, is the number of components and (1 is the number of
holes.

The Euler typical of a binary image on a continuous 2D plane is calculated.
The Euler number method consists in thresholding the image at t different
levels, computing the Euler number for each binarization*”. The Euler number
is plotted against the threshold level. The graph typically shows a decrease as
the threshold increases. For grayscale images, repeating the Euler typical
calculation for multiple threshold levels will result in complexity, related to
the number of pixels in the image and the number of threshold values
Component Count [o: This is the number of separate, distinct objects or
"blobs" in the image. A connected component in a binary image refers to the
connected region composed of adjacent pixels with the same pixel value
(usually object pixel) in a binary image.

Holes Count B1: This is the total number of “holes” within the components. A
hole in the image refers to the regions with non-object pixels surrounded by a
connected component.
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Morphological Euler Number, E: The final result, which indicates the overall
topology of the image, is found by subtracting the number of holes from the
number of components.

A single, solid disk would have one component Bo=1 and zero holes B1=0,
resulting in and Euler number of E=1-0=1. A figure-eight shape would have
one component Bo=1) but two holes, so its Euler number would be E=1-2=-1.
Noise can introduce small artifacts or holes in the image, which can change
the number of objects or holes counted, thus changing the Euler number.
Preprocessing steps like denoising and morphological operations are often
needed to obtain correct Euler number measurements.

Comparison with Betti Numbers
Betti numbers generalize the Euler characteristic by separately counting the
number of connected components, holes, and higher-dimensional voids. In 2D
images, the Euler number relates to Betti numbers as:

Euler Number = o — B2
where 3, represents the number of connected components and 3; the number
of holes. While Betti numbers provide more granular information, the Euler
number condenses this into a single scalar, helping with simpler analysis but
potentially losing detail.

Complementary Features

Other features like perimeter, area, convexity, and fractal dimension often go
along with Euler number in image analysis pipelines. The Euler number
uniquely captures connectivity and topology, parts often invisible to geometric
descriptors.

Results

Figure 93 Component Count PBo at 4h (left) and 24h (right)
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Figure 94 Holes Count B1 at 4h (left) and 24h (right)

Figure 95 Morphological Euler Number, E at 4h (left) and 24h (right)

Table 8 Component Count, Holes Count and Morphological Euler Number @
threshold=0.5 in COMET ASSAY images

Component Holes Count@ Morphological
exposure . @ t=0.5 t=0.5 Euler Number
@ t=0.5

KPAH4K 0 27 3 24
KPAH4L 1 38 8 30
KPAH4M 8 34 S 29
KPAH4H 16 51 9 40
KPAH4PK 24 34 2 32
KPAH24K 0 45 6 38
KPAH24L 1 62 11 50
KPAH24M 8 58 9 48
KPAH24H 16 54 15 38
KPAH24PK 24 41 19 20
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Figure 96 Correlations of Component Count @ t=0.5 versus exposure (left)
Morphological Euler Number @ threshold=0.5 versus exposure (right) at 4h (red, m)
and 24h (green, ¢)

Figure 97 Correlations of Component Count @ t=0.5 versus Comet Assay Tail
Length (left) and Morphological Euler Number @ threshold=0.5 versus Comet
Assay Tail Length (right) at 4h (red, m) and 24h (green, ¢)

Figure 98 Correlations of Component Count @ t=0.5 versus Comet Assay Tail
Moment (left) and Morphological Euler Number @ threshold=0.5 versus Comet
Assay Tail Moment (left) and Morphological Euler Number @ threshold=0.5
versus (right) at 4h (red, (right) at 4h (red, m) and 24h (green, ¢)
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Figure 99 Correlations of Component Count @ t=0.5 versus Comet Assay Tail
Moment (left) and Morphological Euler Number @ threshold=0.5 versus Comet
Assay Tail Moment (left) and Morphological Euler Number @ threshold=0.5
versus (right) at 4h (red, (right) at 4h (red, m) and 24h (green, ¢)
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Minkowski scalars

Minkowski functionals from integral geometry#8,49,50 are powerful and
versatile shape descriptors for random spatial structures in real spaces1,52.
They provide a localized and comprehensive shape analysis by characterizing,
among others, symmetries and preferred directions. Minkowski scalars®3, also
known as intrinsic volumes, are rotation-invariant shape descriptors that
measure the size and complexity of objects robustly and sensitively 54, such
as area, perimeter, and the Euler characteristic for 2D shapes, and volume,
surface area, mean width, and Euler characteristic for 3D shapes. These
scalars come from integral geometry and are based on integrals of the shape's
boundary and curvature. Due to their rotation invariance, they don't capture
shape orientation, but are the foundation for Minkowski tensors, which
provide more detailed information about shape anisotropy. The Minkowski
scalars can be interpreted as area, perimeter, and the Euler characteristic.
The latter is a topological measure; for compact bodies it is given by the
number of parts minus the number of cavities. All three can be written as
integrals, weighted by the area, the contour length, and the local curvature of
the contour.

[soperimetric Ratio
A classical index of anisotropy is the isoperimetric ratio Q, (or perimetric
complexity) which measures compactness of a shape. The perimetric
complexity (PC) is a measure of the complexity of binary images>>. The general
concept goes back to the early days of vision research where this measure,
originally called dispersion, was used to describe the perceptual complexity of
visual shapes. In 2D, it is the dimensionless quotient of the area and perimeter
of an object. For a simple closed plane curve, the isoperimetric ratio is
(4tA/P2), where P is the length (perimeter) of the curve, and A is the area
enclosed by the curve, it encloses. This ratio is a dimensionless value that
measures how "round" or far from circular a shape is. This ratio is invariant
under scaling: changing the size of the shape does not change this ratio:
Area
(2 X Perimeter)?
The isoperimetric ratio of a planar domain, as a stable means of evaluating
geometric compactness, measures the minimum perimeter needed to inscribe
a shape with prescribed area varying from O to the area of the domain. For
example, a perfect circle is the most compact shape achievable, with
isoperimetric ratio 1, while a shape with fractalesque boundary will have a
ratio close to O.

Q =4n
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Examples:

Circle:

For a circle with radius r, the perimeter L is 2nir and the area A is rir?. The
ratio

L2 (2mr)? 4m?r?

—_— = > = > = 411

A mr mr

Square:

A square with side length s has a perimeter L of 4s and an area A of s2. The
ratio
[ (4s) 16s?

- = = 16
A s2 s2

L?/A is (4s)? / s? = 16s? / s? = 16. Since 16 > 4m, the square is less circular
than the circle.

While the isoperimetric ratio is a scalar measurement of compactness, the
isoperimetric profile provides an entire plot that measures the multiscale
compactness of a domain. It is more suited to noisy data that often exhibit
fractal boundaries. Since boundaries can have fractal shapes, their lengths
are not well-defined and can change at different length scales. The
isoperimetric ratio is unstable to boundary perturbation and will change its
compactness score depending on the resolution of the input shape. Different
shape information is in the isoperimetric ratio and the Minkowski anisotropy
indices, as seen in the comparison of 192 and Q for various geometric shapes.
Elliptical objects can have a relaxed, spherical shape, or be of prolate or oblate
morphology. In addition, imperfect denoising and incomplete deblending may
leave merging objects of unidentifiable class and amorphous shape. An
anisotropy analysis for each object yields the following graph of the
isoperimetric ratio Q versus q2, which easily allows us to separate the objects
from the elliptical objects. The latter are difficult to distinguish from the
amorphous merging structure. Converting g2 to the ratio of eigenvalues 192
yields a similar graph, in which the objects are even better separable because
their distances with respect to each other are larger due to the (non-linear)
transformation between q2 and p:1°2. The general trend of “boxiness” versus
“sphericity” as also in this plot is recovered for these objects.

We measure these structures by calculating global and local topological and
morphological measures, namely Minkowski functionals (MFs) and by deriving
suitable texture measures based on MF.

Gray-scale images are analysed by constructing isocontour with the
(interpolated) marching squares algorithm and analysing the shapes with
Minkowski Tensors. Gray-scale images are analysed with the interpolated
marching squares algorithm, an enhancement of the regular marching
squares algorithm.
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Minkowski Structure Metrics gs

Often, the orientation and size of an object is not of interest, and a metric
invariant under rotation, scaling, and translation is required. This is provided
by the Minkowski Structure Metrics (MSMs) gs. The gs are invariant under
rigid motions (rotation and translation) and scaling. gs detects s-fold-
symmetric part in the normal density. For example, q2 is sensitive to the
quadrupole part, and is sensitive to rod-like shapes. q3 can be used to find
shapes with predominantly threefold symmetry, such as equilateral triangles.
g6 is used to detect regular hexagons, and to find hexagonal order in 2D. The
gs are fingerprints of a particular class of shapes, and blind to rotation and
scaling. The qs may thus be used to classify shapes, ignoring their size and
distinguished orientation. Each of Minkowski tensor of rank s distinguishes s
spatial directions. These are the directions in which “most” of the interface is
oriented. For example, distinguished directions for q2 is | , for q3 is T, for q4
is -|—, for g5 is * ad for q6 is X

Table 9 Minkowski Structure Metrics gs and Isoperimetric ratio Q=41mA/ P? f3,92=
(1 - g2)/(1 + g2) (anisotropy index)

K L M H PK

4h Av. st. dev. Av. st. dev. Av. st. dev. Av. st. dev. Av. st. dev.

q6 0.069 0.040 0.098 0.060 0.087 0.046 0.095 0.052 0.086 0.019

q5 0.033 0.020 0.027 0.016 0.029 0.017 0.026 0.015 0.016 0.013

q4 0.267 0.151 0.202 0.128 0.297 0.134 0.214 0.061 0.404 0.157

q3 0.033 0.020 0.027 0.016 0.029 0.017 0.026 0.015 0.016 0.013

q2 0.069 0.040 0.098 0.060 0.087 0.046 0.095 0.052 0.086 0.019
Area 4677.0 2358.4 6440.6 3217.6 5810.6 2966.9 6481.2 3992.4 9213.8 4183.8

Perimeter 1181.3 1726.6 1693.5 1913.0 1287.5 1605.5 1210.1 903.1 2775.8 1746.8

fl‘::teia(;n 0.020 0.010 0.026 0.014 0.023 0.012 0.033 0.028 0.037 0.017
Q 0.135 0.076 0.133 0.074 0.112 0.061 0.093 0.061 0.028 0.022
B192 0.873 0.069 0.840 0.093 0.842 0.079 0.830 0.086 0.842 0.032
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Table 10 Minkowski Structure Metrics qs and Isoperimetric ratio Q=4mA/P3;
B192= (1 - q2)/(1 + q2) (anisotropy index)

K L M H PK
24h Av. st. dev. Av. st. dev. Av. ds;z. Av. st. dev. Av. st. dev.
q6 0.081 0.019 0.066 0.024 0.070 0.022 0.067 0.017 0.120 0.053
q5 0.019 0.009 0.030 0.015 0.031 0.012 0.015 0.013 0.020 0.011
q4 0.337 0.088 0.302 0.120 0.212 0.104 0.535 0.163 0.276 0.077
q3 0.019 0.009 0.030 0.015 0.031 0.011 0.015 0.013 0.020 0.011
q2 0.081 0.019 0.066 0.024 0.070 0.022 0.067 0.017 0.120 0.053
Area 5965.8 1486.4 5028.3 1283.0 5914.7 1900.4 12622.1 8090.4 7239.1 3734.5
Perimeter 1083.4 378.0 919.3 358.1 1005.5 470.2 2458.8 1021.0 1417.1 1025.1
Area

fraction 0.024 0.006 0.020 0.005 0.024 0.008 0.051 0.032 0.029 0.015
Q 0.076 0.035 0.091 0.038 0.091 0.038 0.021 0.019 0.079 0.059
B192 0.851 0.033 0.877 0.042 0.871 0.039 0.881 0.035 0.790 0.082

Figure 100 Isoperimetric ratio Q=4mA/ P? in Image Collages

Figure 101 Area fraction in Image Collages)
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Figure 102 Minkowski Structure Metrics qZ2 (left) and g3 (right) in Image Collages

Figure 103 Minkowski Structure Metrics q4 (left) and :192= (1 - q2)/(1 + q2)
(anisotropy index) (right) in Image Collages

Figure 104 Percentile distribution of Isoperimetric ratio Q=4mA/P? in Image
Collages for 4h (left) and 24 h (right)

Figure 105 Percentile distribution of Minkowski Structure Metrics q2 in Image
Collages for 4h (left) and 24 h (right)
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Figure 106 Percentile distribution of Minkowski Structure Metrics q3 in Image
Collages for 4h (left) and 24 h (right)

Figure 107 Percentile distribution of Minkowski Structure Metrics q4 in Image
Collages for 4h (left) and 24 h (right)

Figure 108 Percentile distribution of :9°= (1 - q2)/(1 + g2) (anisotropy index) in
Image Collages for 4h (left) and 24 h (right)

Figure 109 Percentile distribution of Area fraction in Image Collages for 4h (left)
and 24 h (right)
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Shannon Entropy of Collage Images

Shannon entropy returns the local randomness of a signal, commonly used to
measure textures in an image, entropy is related to the complexity in a
neighbourhood that can be used to characterize the texture of the input image.
Shannon entropy, H, is computed from a sum of the form: H=-)pilog[pi,
summing over the number of gray levels (256 for 8-bit images) and where p; is
the probability of each pixel value (gray level) occurring. The summation is
over all possible pixel values. Using the base-2 logarithm provides the
information in bits per pixel. Image entropy®>6,57,58 is a statistical measure of
randomness or disorder in an image, reflecting its information content. It is
calculated using the image's histogram (where the histogram shows the
different grey level probabilities in the image) and the Shannon entropy
formula, where a high entropy indicates a complex image with many pixel
values, and a low entropy suggests a simple, uniform image with predictable
patterns. Image entropy is calculated for images that were thresholded in the
range 1-100. Entropy provides a way to measure the information in an image.
When dealing with a distribution of different colors of pixels, the concepts of
information, uncertainty, and evenness are roughly equivalent.

Things get more complicated when we consider the spatial structure of pixels
in an image. Entropy takes different values in different locations.

Notice that the entropy of an image is rather different from the entropy feature
extracted from the GLCM (Gray-Level Co-occurrence Matrix) of an image.

Figure 110 Comparison of Shanonn Entropy (left) and its derivation by threshold
differences (right) at 4 h and 24 h.

Figure 111 Comparison of Shanonn Entropy (left) and its derivation by threshold
differences (right) at 4 h and 24 h.

Page 58 of 166



Figure 112 Comparison of Shanonn Entropy (left) and its derivation by threshold
differences (right) at 4 h and 24 h.

Figure 113 Comparison of Shanonn Entropy (left) and its derivation by threshold
differences (right) at 4 h and 24 h.

Figure 114 Comparison of Shanonn Entropy (left) and its derivation by
threshold differences (right) at 4 h and 24 h.
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Figure 115 Comparison of Shanonn Entropy (left) and its derivation by
threshold differences (right) at 4 h and 24 h.

Figure 116 Comparison of Shanonn Entropy (left) and its derivation by threshold
differences (right) at 4 h and 24 h.

Figure 117 Comparison of Shanonn Entropy (left) and its derivation by threshold
differences (right) at 4 h and 24 h.

Figure 118 Comparison of Shanonn Entropy (left) and its derivation by threshold
differences (right) at 4 h and 24 h.
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Most significant threshold have been determined by the 2D cross-correlation
analysis (synchronous part) at threshold 35-40 (for 4h) and 25-30 (for 24 h)
(Figure 119, Figure 120).

Figure 119 2D cross-correlation analysis (synchronous part) of Shannon entropy
for 4h (left) and 24 h (right)

Figure 120 2D cross-correlation analysis (asynchronous part) of Shannon
entropy for 4h (left) and 24 h (right)
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Figure 121 Shannon entropy for 4h (red) and 24 h (gray)

Shannon Entropy of red, green and blue (RGB) colors in Collage Images
Red, green, and blue are the three additive primary colors of light, forming the
RGB color model.

Also, Energy is calculated using normalized image histogram, as the sum of
squared elements in the normalized histogram.

Figure 122 Entropy of red, green and blue (RGB) colors in Collage Images for 4h
(left) and 24 h (right)

Figure 123 Energy of red, green and blue (RGB) colors in Collage Images for 4h
(left) and 24 h (right)
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Figure 124 Entropy of red, green and blue (RGB) colors in Collage Images vs.
COMET assays Total Area for 4h (left) and 24 h (right)

Figure 125 Energy of red, green and blue (RGB) colors in Collage Images vs.
COMET assays Tsil Length for 4h (left) and 24 h (right)

Figure 126 Entropy of red, green and blue (RGB) colors in Collage Images vs.
COMET assays Total Moment for 4h (left) and 24 h (right)
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Figure 127 Entropy of red, green and blue (RGB) colors in Collage Images vs.
COMET assays Tail Intensity for 4h (left) and 24 h (right)
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Image Vectorscope Plot

Image Vectorscope Plot is typically used to measure and adjust the hue and
saturation of colors of an image, where indicates chroma and hue are given
on the polar coordinate basis. Pixels are plotted in the YCbCr space, derived
from the RGB space using the following transformation:

K, K, K,

Y _ K, _ Kg l \ r
(Cb> =| 2(1-Kp,) 2(1—-Kp) 2 | X (g>
C, \ 1 K, K, / b

2 2(1-K,) 2(1-K,)

Coefficients K:, K¢, K» equal the component of the XYZ representation of red,
green and blue color primaries, respectively. In the vectorscope plots Cy, and
C: are chrominance components An Image Vectorscope Plot is a visual tool
that represents an image's color information (chrominance) as a circular
graph, showing color saturation and hue. Each dot in the vectorscope gives
information about chrominance. This information has two components: the
hue (the specific color) and the saturation (the strength of the hue) of the colors
in the image. Pixels with no color are at the center, while saturation increases
as they move toward the outer edge. Hue is shown by the color's position
around the circle, with target points for primary and secondary colors like red,
green, blue, cyan, magenta, and yellow. The chroma strength of the signal is
indicated by its distance from the center of the vectorscope. The closer the
trace is to the outer edge of the vectorscope, the greater the chrominance or
the more vivid the color. The hue of the image is indicated by its rotational
position around the circle. The red, blue, and green form a triangle. Between
each primary color is the colors formed by mixing those primaries. So, the
color between red and blue is magenta. The color between blue and green is
cyan, and the color between red and green is yellow. These secondary colors
form another triangle.
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Image Vectorscope Plots and 3D chromaticity of these plots

Figure 128 Image Vectorscope Plot of control, K, at 4h (left) and 24h (right)

Figure 129 RGB 3D- color distribution of Image Vectorscope Plot of control, K,
at 4h (left) and 24h (right)
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Figure 130 Image Vectorscope Plot of L-exposure, at 4h (left) and 24h (right)

Figure 131 RGB 3D- color distribution of Image Vectorscope Plot of L-exposure,
at 4h (left) and 24h (right)

Page 67 of 166



Figure 132 Image Vectorscope Plot of M-exposure, at 4h (left) and 24h (right)

Figure 133 RGB 3D- color distribution of Image Vectorscope Plot of M-exposure,
at 4h (left) and 24h (right)
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Figure 134 Image Vectorscope Plot of H-exposure, at 4h (left) and 24h (right)

Figure 135 RGB 3D- color distribution of Image Vectorscope Plot of H-exposure,
at 4h (left) and 24h (right)
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Figure 136 Image Vectorscope Plot of positive control, PK, at 4h (left) and 24h
(right)

Figure 137 RGB 3D- color distribution of Image Vectorscope Plot of positive
control, PK, at 4h (left) and 24h (right)
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Graph morphology of comet assays images

In Commet assays imaging, the goal of image analysis is the extraction of
Commet assays parts. This problem is a difficult problem due to the large
variations of the features present in such structures. Commet assays analysis
is an application dependent task and no general scheme can be given. So, we
propose a set of graph-based tools to address Commet assays extraction
problems. These tools are a framework. Within this framework, many
operations can be performed, combined or derived to produce a specific
scheme for a problem. One strong specificity of the proposed framework is to
use graphs as a discrete modelling of images at different levels (pixels) and
different component relationships (distance graph, etc.). Working on graphs of
arbitrary structure, our framework leads to a set of flexible tools for Commet
assays analysis. To provide a fast scheme, we also propose a discrete image
simplification inspired by an approach based on the generalized Voronoi
diagram>°. This simplification scheme can be viewed as an image/graph
reduction. The main purpose of this paper is not to solve a particular class of
cytology or histology problems but to show how, with our graph-based tools,
we can provide particular schemes to address several classes of problems in
microscopic images segmentation.

Commet assays images are inherently complex and have a variety of visual
information. Several image analysis techniques are being explored in this
direction. However, graph-based methods®9,61 are gaining most popularity, as
these methods can describe tissue architecture and provide adequate numeric
information for subsequent computer-based analysis. Graphs can represent
spatial arrangements and neighbourhood relationships of different tissue
components, which are essential features observed visually by pathologists
during investigation of specimens. The representation of some system by
means of graphs allow us to analyse complex structures, both their structure
and properties, and summarize them in terms of some numerical parameters
called (topological) indices. These indices, which are graph invariants, carry
information on the structure of the graph.

The ideas of “classical morphology” can be extended to spaces of images
modelled by graphs62,63,6465 Mathematical morphology®©°,67 is a tool for
extracting image components that are useful for representation and
description. A set-theoretic method of image analysis is developed that
quantitatively describes geometrical structures. Morphology can provide
boundaries of objects, their skeletons, and many preprocessing and
postprocessing techniques, especially in edge thinning and pruning.
Generally, most morphological operations are based on simple expanding and
shrinking operations. A graph includes a collection of points, called vertices,
and a binary relation between them: two vertices either are related or they are
not related. A graph G= (V, E) includes V, a nonempty set of vertices (or nodes),
and E, a set of edges. Each edge has two vertices associated with it, known as
its endpoints, and is said to connect these endpoints. The primary objective of
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graph theory is to identify topological indices that closely correlate with the
properties. The structuring graph is used to construct a neighbourhood
function on the vertices by relating individual vertices to each other whenever
they belong to a local instantiation of the structuring graph. Graph
morphology provides nice tools for the study of heterogeneous media at a
macroscopic level, based on information on their microstructure. The basic
idea underlying classical morphology is to extract information from an image
by probing it at any position with some small geometric shape called a
structuring element. Graph morphology provides a collection of morphological
tools for the investigation of populations of objects for which neighbourhood
relations are of interest. Recently, graph theory has been used to characterize
the spatial arrangement of the cells by constructing a graph with cell/nuclei
as the node68,69,70 71 72 73 74 75,

The high discriminative capability of the graph node centrality feature played
a significant role in the experiments7e.
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Morphological Graph

A graph G=(V,E) includes V, a nonempty set of vertices (or vertices), and E, a
set of edges””. Each edge has two vertices associated with it, known as its
endpoints, and is said to connect these endpoints. In chemical graph theory,
a chemical graph represents individual atoms as vertices and the bonds
between them as edges. The main goal of chemical graph theory is to identify
topological indices that closely correlate with the properties of chemical
compounds 78,79,

A graph is a structure that represents components and their interactions.
Morphological Graph gives a graph object that represents the connectivity of
the morphological branch points and endpoints of the objects in image after
applying morphological thinning80,8!. The morphological branch points and
endpoints of the image skeleton are converted into vertices. The graph shows
an undirected edge between two vertices if the corresponding branch points
or endpoints are 8-connected by the skeleton.

The image is transformed into a graph using Morphological Graph function.

Results

Figure 138 Morphological Graph of control (K): 4h (left) and 24h (right)

Figure 139 Morphological Graph of low exposure (L): 4h (left) and 24h (right)

Figure 140 Morphological Graph of middle exposure (M): 4h (left) and 24h (right)

Figure 141 Morphological Graph of high exposure (H): 4h (left) and 24h (right)
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Figure 142 Morphological Graph of positive control (PK): 4h (left) and 24h (right)

Correlation dimension

Correlation dimension is the measure of dimensionality of the space occupied
by a set of random points®2,83. Correlation dimension is estimated by
modelling as a power law the fraction of vertices within a distance. Correlation
dimension is estimated as the slope of the correlation integral versus the range
of radius of similarity. The correlation dimension was initially applied to
describe geometric object. Correlation dimension can be a typical measure to
distinguish between deterministic chaos and random noise.

The correlation integral as:

1
C(e) = Al]i_r)xgomH(e - |xl~ —xj|)

where H is the Heaviside step function. When the below limit exists, the
correlation dimension is then defined as:

C(e")
n [C(e')

T n(S)

where Ds is the correlation dimension.

DZ = dCOTT -

Results

Figure 143 Correlation dimension fit of control (K): 4h (left) and 24h (right)
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Figure 144 Correlation dimension fit of low exposure (L): 4h (left) and 24h (right)

Figure 145 Correlation dimension fit of middle exposure (M): 4h (left) and 24h
(right)

Figure 146 Correlation dimension fit of high exposure (H): 4h (left) and 24h (right)

Figure 147 Correlation dimension fit of positive control (PK): 4h (left) and 24h
(right)
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Table 11 Correlation dimension fit parameters

exposure correlation Standard t- P-Value
dimension Error Statistic
KPAH4K 0 1.0722 0.0339 31.6083 1.53E-16
KPAH4L 1 1.2389 0.0489 25.3100 6.19E-15
KPAH4M 8 1.1622 0.0409 28.4395 8.91E-16
KPAH4H 16 1.2437 0.0526 23.6392 1.92E-14
KPAH4PK 1.2593 0.0526 23.9240 1.57E-14
KPAH24K 0 1.3184 0.0523 25.1897 @ 6.70E-15
KPAH24L 1 1.1362 0.0376 30.2147 3.24E-16
KPAH24M 8 1.2806 0.0524 24.4451 1.10E-14
KPAH24H 16 1.2072 0.0408 29.6092 4.55E-16
KPAH24PK 1.2066 0.0313 38.5782 | 5.39E-18

Figure 148 Correlation dimensions at different exposures at 4h (red) and 24h
(green).

Figure 149 Correlations of Correlation dimensions and Comet Assay Tail
Intensity (left) and Correlation dimensions and Comet Assay Tail Length
(right) at 4h (red, m) and 24h (green, 4)
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Figure 150 Correlations of Correlation dimensions and Comet Assay Tail
Moment (left) and Correlation dimensions and Comet Assay Total Area (right)
at 4h (red, m) and 24h (green, +)

Graph Density
Graph Density is the ratio of edges divided by the number of edges of a
complete graph with the same number of vertices. Graph Density measures
the density of the Adjacency Matrix. The graph density is between O and 1.
The graph density is the ratio of its edges to the maximum number of edges
and shows how sparse or dense a graph is according to the number of
connections per node set and is defined as:

2 x Edge count

Graph density =
P y (Vertex count)? — Vertex count

Results

Table 12 Graph Density and Shannon entropy (or base 2 entropy) of Graph
Distance Matrix

Shannon entropy (or

exposure Graph Density base 2 entropy) of
Graph Distance Matrix
KPAH4K 0 0.0333 6.2479
KPAH4L 1 0.0295 6.4919
KPAH4M 8 0.0283 6.5078
KPAH4H 16 0.0173 7.1699
KPAH4PK 0.0306 6.4263
KPAH24K 0 0.0231 6.8580
KPAH24L 1 0.0113 7.7944
KPAH24M 8 0.0172 7.2479
KPAH24H 16 0.0128 7.6073
KPAH24PK 0.0148 7.4009
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Figure 151 Graph Density at 4h (red) and 24h (green).

Figure 152 Correlation of Graph Density vs. COMET ASSAY Tail Length at 4h
(red) and 24h (green).
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Graph Distance Matrix, entropy

Graph Distance Matrix®* returns an ordinary matrix of distances between all
pairs of vertices in the graph H. The distance matrix of a graph is defined
similarly as the adjacency matrix: the entry in the i-th row, j-th column is the
distance (length of a shortest path) between the i-th and j-th vertex. The
entries of the distance matrix dj give the shortest distance from vertex v; to
vertex vj. The diagonal entries dii of the distance matrix are always zero. The
entry dj is infinity («) if there is no path from vertex vi to vertex v;.

Distance matrix is a square matrix (two-dimensional array) containing the
distances, taken pairwise, between the elements of a set. A graph's distance
matrix is created8>,86,87 where each entry (ij) represents the shortest path
length (geodesic distance) between vertex i and vertex j.

The entropy is then estimated for this matrix, which measures the uncertainty
or “disorder” of the distances it has.

Graph Distance Matrix entropy?88,89,90 is a measure of disorder within a graph's
distance matrix. It is calculated by estimating the entropy?! for the graph's
distance matrix, which has the shortest path distances between all pairs of
vertices in a graph.

The Shannon entropy is given by H=-} pi log (pi), where the probability of each
group pi (e.g., the number of vertices in a group divided by the number of
vertices).

Analysing these entropy values can reveal patterns (Table 3, Figure 23). A
lower entropy value can show a more ordered structure in the graph's
distances. A higher entropy value can show more disorder or uncertainty. The
entropy measures based on distances were proposed for interpreting the
molecular branching of molecular graphs©2.

Results

Graph Distance Matrix

Figure 153 Graph Distance Matrix of control (K): 4h (left) and 24h (right)
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Figure 154 Graph Distance Matrix of low exposure (L): 4h (left) and 24h (right)

Figure 155 Graph Distance Matrix of middle exposure (M): 4h (left) and 24h
(right)

Figure 156 Graph Distance Matrix of high exposure (H): 4h (left) and 24h (right)
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Figure 157 Graph Distance Matrix of positive control (PK): 4h (left) and 24h (right)

Figure 158 Entropy Graph Distance Matrix or Shannon entropy (or base 2
entropy) at 4h (red) and 24h (green,).

Figure 159 Correlation of Entropy Graph Distance Matrix or Shannon entropy
(or base 2 entropy) vs. COMET ASSAY Tail Length at 4h (red) and 24h (green).
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Topological measures, Centrality measures

Evaluating the graph is using various topological measures. These measures
include degree, betweenness centrality, closeness centrality, and clustering
coefficient. The degree of a node refers to the number of edges linked to a node
in the graph. Vertices with high degrees are known as graph hubs, suggesting
their many connections to other vertices. Hubs play important roles in
information flow and are important in the graph. Betweenness centrality
measures how often a node serves as a bridge or lies on the shortest paths
connecting pairs of other vertices in the graph. Vertices with high betweenness
centrality act as bottlenecks, controlling the flow of information between
different parts of the graph. Closeness centrality can provide insights into the
information flow and accessibility of vertices within the graph. The clustering
coefficient determines how closely connected a vertices neighbour are to one
another. A high clustering coefficient indicates that the neighbours of a vertex
are well connected.

Centrality metrics have become a popular concept in graph science. Over the
years, centrality has been used to assign importance and identify influential
elements in various settings. Centrality metrics refer to indicators identifying
the varying importance of vertices in complex graphs?3. However, most of the
literature has focused on nodal versions of centrality. The centrality of a node
is often used to measure its importance within a graph's structure. Certain
centrality measures can be extended to evaluate the importance of a group of
vertices that share a common property or form a specific structure, such as a
path.

The Centrality measures94,95,9697 98 are used to find the most important
vertices in a graph. Centrality metrics include Degree Centrality, Closeness
Centrality, Betweenness Centrality, Eigenvector Centrality, Katz Centrality,
and the local clustering coefficient-dependent degree centrality.

By analysing the centrality of different parts of the Comet assay’s graph, we
can pinpoint exposures that are critical for a Comet assays morphology. We
have modeled the graph structure form Comet assays images and then
calculated various topological indices for these graphs?9,190, This approach
allows for the quantitative analysis of the properties of the Comet assays
images structure, potentially helping to understand the impact of
exposuresiol,

Centralization!02,103 js a general method for calculating a graph-level centrality
score based on node-level centrality measure. The formula for this is

C(G) = () max, &, = ¢,)

where cy is the centrality of vertex v.

The graph-level centralization measure can be normalized by dividing by the
maximum theoretical score for a graph with the same number of vertices,
using the same parameters, e.g. directedness, whether we consider loop edges,
etc.
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For degree, closeness and betweenness the most centralized structure is some
version of the star graph, in-star, out-star or undirected star.

For eigenvector centrality the most centralized structure is the graph with a
single edge (and potentially many isolates).

This study focuses on deriving relationships between the topological indices
and the structural features of the Comet assays images model.

The most used concept is centrality!94. This measurement counts direct
connections. However, this approach is not always effective, as many direct
connections may be inactive. Another important centrality measure is
betweenness centrality105. In this concept, several shortest paths between any
pair of vertices through the specified node is considered for measuring
betweenness centrality. In this technique, the strength of the path is not
analysed. Other centrality measurements in the literature include closeness
centrality!06 and eigenvector centrality!07.

Closeness centrality is an idea 198 to capture how close in terms of shortest
path distance two vertices are in a graph.

Empirical global clustering coefficient

In graph theory, a clustering coefficient is a measure of how much vertices in
a graph usually cluster together109.

Goal in graph data analysis is to characterize the structural topology of a
graph. Various summary metrics have been formulated to measure the graph
topology. These metrics help with the comparative analysis of graphs and their
categorization according to salient structural features. The global clustering
coefficient was designed to indicate the clustering in the graph. The global
clustering coefficient is among the most often applied graph
statistics!10,111 112 Tt provides insights into the local link density and the
tendency of vertices to cluster together in a graph. It is defined as the number
of closed triplets over the number of triplets. The global clustering coefficient
measures the extent to which vertices in a graph usually cluster together. The
empirical global clustering coefficient!13 is a measure of how clustered a graph
is, calculated as the ratio of “closed triplets” (three vertices connected by two
or three edges, forming triangles) to “total triplets” (all combinations of three
vertices with two or three edges). It provides an overall picture of the graph's
structure, where a value near 1 indicates a highly clustered graph and a value
near O indicates a sparse one.

Results

Page 83 of 166



Table 13 The empirical and the theoretical global clustering coefficient

The empirical global The theoretical global
exposure

clustering coefficient clustering coefficient

KPAH4K 0 0.1104 0.0163
KPAH4L 1 0.0694 0.0142
KPAH4M 8 0.0865 0.0144
KPAH4H 16 0.0478 0.0088
KPAH4PK 0.0147 0.0154

KPAH24K 0 0.0941 0.0115
KPAH24L 1 0.0366 0.0057
KPAH24M 8 0.0252 0.0085
KPAH24H 16 0.0487 0.0067
KPAH24PK 0.0561 0.0079

Figure 160 The Empirical global clustering coefficient at 4h (red) and 24h (green).

Figure 161 The Empirical global clustering coefficient versus COMET ASSAY Tail
Length (left) and versus COMET ASSAY Tail Moment (right) at 4h (red) and 24h
(green).
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Figure 162 The Empirical global clustering coefficient versus COMET ASSAY Tail
Intensity (left) and versus COMET ASSAY Total Area (right) at 4h (red) and 24h
(green).

Theoretical global clustering coefficient

The theoretical global clustering coefficient is the proportion of closed triplets
to the number of triplets in a graph, representing the overall tendency for
vertices to cluster together. It is calculated as the number of closed triplets (or
triangles) divided by the number of triplets (both open and closed). This value
ranges from O (no clustering) to 1 (maximum clustering, where every node is
part of a triangle.

Results

Figure 163 The Theoretical global clustering coefficient at 4h (red) and 24h
(green). (see Table 13)
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Figure 164 The Theoretical global clustering coefficient versus COMET ASSAY
Tail Length (left) and versus COMET ASSAY Tail Moment (right) at 4h (red) and
24h (green). (see Table 13)

Figure 165 The Theoretical global clustering coefficient versus COMET ASSAY
Tail Intensity (left) and versus COMET ASSAY Total Area (right) at 4h (red) and
24h (green). (see Table 13)
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Degree-based Centrality Metrics

Centrality measures analyse the structure of a graph, such as how many
direct connections a node has (degree centrality), or how often it is on the
shortest path between other vertices (betweenness centrality).

Degree centrality: Measures the number of direct connections a node has or
measure of vertices next to a vertex (degree)

Results

Table 14 Degree Centrality

exposure Degree Centrality

KPAH4K 0 0.0068
KPAH4L 1 0.0043
KPAH4M 8 0.0051
KPAH4H 16 0.0037
KPAH4PK 0.0048
KPAH24K 0 0.0119
KPAH24L 1 0.0068
KPAH24M 8 0.0027
KPAH24H 16 0.0079
KPAH24PK 0.0091

Figure 166 Degree Centrality versus COMET ASSAY Tail Length (left) and versus
COMET ASSAY Total Area (right) at 4h (red, m) and 24h (green, )
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Betweenness centrality
Betweenness centrality measures how often a node lies on the shortest path
between other vertices or measure of shortest paths a node is part of.

Results

Betweenness centrality

Table 15 Betweenness centrality

exposure Betweenness centrality

KPAH4K 0 0.2135
KPAH4L 1 0.1893
KPAH4M 8 0.3029
KPAH4H 16 0.1694
KPAH4PK 0.1342
KPAH24K 0 0.1803
KPAH24L 1 0.3127
KPAH24M 8 0.2085
KPAH24H 16 0.1455
KPAH24PK 0.2960

Figure 167 Betweenness Centrality versus COMET ASSAY Tail Intensity (left)
and versus COMET ASSAY Tail Length (right) at 4h (red, m) and 24h (green, ¢)

Figure 168 Betweenness Centrality versus COMET ASSAY Tail Moment (left)
and versus COMET ASSAY Total Area (right) at 4h (red, m) and 24h (green, ¢)
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Shannon Entropy of Normalized Betweenness Centrality

Table 16 Shannon Entropy of Normalized Betweenness Centrality
Shannon Entropy of Normalized

exposure Betweenness Centrality
KPAH4K 0 54653
KPAH4L 1 5.8821
KPAH4M 8 5.6012
KPAH4H 16 6.1536
KPAH4PK 5.0734
KPAH24K 0 6.0674
KPAH24L 1 6.9586
KPAH24M 8 6.4015
KPAH24H 16 6.5657
KPAH24PK 6.4204

Figure 169 Shannon Entropy of Normalized Betweenness Centrality, control (K)
(left) and low exposure (L) (right): 4h (filled symbols) and 24h (empty symbols)

Figure 170 Shannon Entropy of Normalized Betweenness Centrality, middle
exposure (M) (left) and high exposure (H) (right): 4h (filled symbols) and 24h
(empty symbols)

Page 89 of 166



Figure 171 Shannon Entropy of Normalized Betweenness Centrality, positive
control (PK): 4h (filled symbols) and 24h (empty symbols)

Figure 172 Shannon Entropy of Normalized Betweenness Centrality at 4h (left)
and 24h (right)

Edge Betweenness Centrality

Edge Betweenness is the number of shortest paths between vertices with the
edge.

Highlight Edge Betweenness Centrality

Figure 33 Highlight Edge Betweenness Centrality of control (K): 4h (left) and
24h (right)

Figure 34 Highlight Edge Betweenness Centrality of low exposure (L): 4h (left)
and 24h (right)

Page 90 of 166



Figure 35 Highlight Edge Betweenness Centrality of middle exposure (M): 4h
(left) and 24h (right)

Figure 36 Highlight Edge Betweenness Centrality of high exposure (H): 4h (left)
and 24h (right)

Figure 37 Highlight Edge Betweenness Centrality of positive control (PK): 4h
(left) and 24h (right)

Shannon Entropy of Edge Betweenness Centrality

Table 17 Shannon Entropy of Edge Betweenness Centrality

Shannon Entropy of Edge Betweenness
exposure

Centrality
KPAH4K 0 5.8600
KPAH4L 1 6.2632
KPAH4M 8 6.1363
KPAH4H 16 6.6240
KPAH4PK 6.1419
KPAH24K 0 6.5386
KPAH24L 1 7.3898
KPAH24M 8 6.8719
KPAH24H 16 7.0280
KPAH24PK 6.9040
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Figure 173 Shannon Entropy of Edge Betweenness Centrality, control (K) (left)
and low exposure (L) (right): 4h (filled symbols) and 24h (empty symbols)

Figure 174 Shannon Entropy of Edge Betweenness Centrality, middle exposure
(M) (left) and high exposure (H) (right): 4h (filled symbols) and 24h (empty
symbols)

Figure 175 Shannon Entropy of Edge Betweenness Centrality, positive control
(PK): 4h (filled symbols) and 24h (empty symbols)
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Figure 176 Shannon Entropy of Edge Betweenness Centrality at 4h (left) and
24h (right)

Figure 177 Eigenvector centrality versus COMET ASSAY Tail Intensity (left) and
versus COMET ASSAY Tail Length (right) at 4h (red, m) and 24h (green, ¢)

Figure 178 Eigenvector centrality versus COMET ASSAY Tail Moment (left) and
versus COMET ASSAY Total Area (right) at 4h (red, m) and 24h (green, 4)
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Eigenvector centrality
Eigenvector centrality!14,115 introduces a refined perspective by considering
the quantity of connections and the quality of those connections. A node's
eigenvector centrality score is influenced by its connections to other highly
influential vertices. The eigenvector is best known within graph analysis as a
measure of graph centrality:

Ax = Ax
A is the principal eigenvalue for an adjacency matrix A, and x is the eigenvector
associated with the eigenvalue. The eigenvector of the largest eigenvalue of an
adjacency matrix could make a good graph centrality measure. Usually, the
first dimension captures the ,global® aspects of distances among actors;
second and further dimensions capture more specific and local sub-
structures. This eigenvector is interpretable as a measure of centrality!6.
Eigenvector Centrality is a measure of the degree of the vertex as well as the
degree of its neighbours. Eigenvector centrality assigns importance based on
the importance of a node's neighbours. The eigenvector centrality of a vertex
of proportional to the sum of the centralities of its neighbours (by definition).
The constant of proportionality is the eigenvalue. Eigenvector Centrality gives
a list of centralities, c, that can be expressed as a weighted sum of centralities
of its neighbours. With A; being the largest eigenvalue of the adjacency matrix
for the graph G, you have: Eigenvector Centrality (G)=c=1/1; AT.c
Eigenvector centrality extends degree centrality. In the degree centrality, all
node connections are credited of equal importance. Eigenvector centrality
provides a relative score to each node depending on the vertices (high-scoring
and low-scoring) it is connected to. Eigenvector Centrality will give high
centralities to vertices connected to many other well-connected vertices.
Google’s PageRank!!7” and Katz centrality!!8 are based on the same idea. Katz
centrality measures the relative influence of each node in a graph by
considering its immediate neighbouring vertices and non-immediate
neighbouring vertices connected through immediate neighbouring vertices.
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Results

Table 18 Eigenvector centrality

exposure Eigenvector centrality

KPAH4K 0
KPAH4L 1
KPAH4M 8
KPAH4H 16
KPAH4PK
KPAH24K 0
KPAH24L 1
KPAH24M 8
KPAH24H 16
KPAH24PK

0.2135
0.1893
0.9801
0.7833
0.5191
0.8634
0.9602
0.7651
0.9880
0.9123

Shannon Entropy of
Eigenvector centrality
4.7014
5.0145
5.1681
5.5812
4.6398
5.1147
5.8456
5.4560
7.0438
5.4932

Figure 179 Eigenvector centrality of control (K) (left) and low exposure (L) (right)

at 4h and 24h

Figure 180 Eigenvector centrality of middle exposure (M) (left) and high exposure

(H) (right) at 4h and 24h
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Figure 181 Eigenvector centrality of positive control (PK) at 4h and 24h

Figure 182 Eigenvector centrality at 4h (left) and 24h (right)

Figure 183 Eigenvector centrality versus COMET ASSAY Tail Intensity (left) and
versus COMET ASSAY Tail Moment (right) at 4h (red, m) and 24h (green, ¢)

Figure 184 Shannon Entropy of Eigenvector centrality at 4h (red, m) and 24h
(green, ¢)
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Information centrality

The information centrality is based on the concept of efficient propagation of
information over the graph. Information centrality!19,120 121 j5 g graph analysis
metric that measures how central a node is to the efficient flow of information
throughout the graph, unlike traditional closeness centrality which only
considers shortest paths. It is often based on the concept of current-flow or
effective resistance, where a node's importance is calculated by how much
graph efficiency drops when that node is removed. A higher information
centrality score means a node is more critical for communication, as its
removal would have a greater negative impact on the graph's efficiency.
Information centrality is a variation of closeness centrality but uses a different
model of information spread. While closeness centrality uses the average
shortest distance to all other vertices, information centrality considers the
total ,information“ across all paths.

The definition of “information” comes from the theory of statistical estimation.
It is supposed there exists noise in every link, causing losing during every
single transition of the information. The longer the path is, the more the loss
is. Mathematically, the total information sent on a path equals the reciprocal
of the path length. The quantity of the information that can be transmitted
between a pair of vertices v; and vjequals the summation of the information
sent through every possible path between them, denoted as g;. Information
index considers all possible paths in the connected graph!22,123, Characteristic
Polynomial gives the characteristic polynomial for the matrix of Information
Centrality.

Results

Figure 185 Matrix plot of Information centrality of control (K): 4h (left) and 24h
(right)
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Figure 186 Matrix plot of Information centrality of low exposure (L): 4h (left)
and 24h (right)

Figure 187 Matrix plot of Information centrality of middle exposure (M): 4h
(left) and 24h (right)

Figure 188 Matrix plot of Information centrality of high exposure (H): 4h (left)
and 24h (right)
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Figure 189 Matrix plot of Information centrality of positive control (PK): 4h
(left) and 24h (right)
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Eigenvalues of Information centrality

Figure 190 Eigenvalues of Information centrality of control (K): 4h (left) and
24h (right)

Figure 191 Eigenvalues of Information centrality of low exposure (L): 4h (left)
and 24h (right)

Figure 192 Eigenvalues of Information centrality of middle exposure (M): 4h
(left) and 24h (right)

Figure 193 Eigenvalues of Information centrality of high exposure (H): 4h (left)
and 24h (right)
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Figure 194 Eigenvalues of Information centrality of positive control (PK): 4h
(left) and 24h (right)

Figure 195 Eigenvalues of Information centrality: 4h (left) and 24h (right)

Figure 196 Eigenvalues of Information centrality: 4h (full symbols) and 24h
(empty symbols), control (K) (left) and low exposure (L) (right)
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Figure 197 Eigenvalues of Information centrality: 4h (full symbols) and 24h
(empty symbols), middle exposure (M) (left) and high exposure (L) (right)

Figure 198 Eigenvalues of Information centrality: 4h (full symbols) and 24h
(empty symbols), positive control (PK)
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Eccentricity

The eccentricity!?4 of a vertex is the maximum shortest distance from that
vertex to any other vertex in the graph. This value is calculated by finding the
maximum distance from a vertex to all other reachable vertices in the graph.
Eccentricity centrality is a measure of the centrality of a node in a graph based
on having a small maximum distance from a node to every other reachable
node (i.e. the graph eccentricities!25).

Eccentricity indicates the centrality of each node and collectively encodes
graph properties: the radius and the diameter, the minimum and maximum
eccentricity, respectively, over all the vertices in the graph. Eccentricity not
only reflects the centrality of each node, a node’s small eccentricity denotes
its central location in the graph, but also collectively encodes fundamental
global properties of a graph: the radius of the graph is the minimum
eccentricity over all the vertices while the diameter the maximum. A high
eccentricity centrality score means the node has a small maximum distance
to all other vertices, suggesting it is “central” and well-connected.

A low eccentricity centrality score means the node has a large maximum
distance to some other vertices, suggesting it is more on the “edge” of the
graph. So, the eccentricities over all the vertices in the graph, called the
eccentricity distribution, becomes an important descriptor of the graph126.
Graph invariants dependent on vertex distances in graphs of Comet assays
images and eccentricity-related topological descriptors of graphs correlate
with several properties of Comet assays!??. These indices exhibit remarkable
predictive capabilities.

Results

Table 19 Eccentricity Centrality, central vertex

Eccentricity Sahnnon Entropy of
exposure Centrality, central Eccentricity
vertex Centrality
KPAH4K 0 1.9326 2.2536
KPAH4L 1 1.8892 1.5012
KPAH4M 8 1.9108 1.7271
KPAH4H 16 1.9120 1.3492
KPAH4PK 1.9690 3.2660
KPAH24K 0 1.9742 3.2606
KPAH24L 1 1.9584 1.8231
KPAH24M 8 0.9551 2.3403
KPAH24H 16 0.9431 2.3775
KPAH24PK 0.4798 4.2474
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Figure 199 Eccentricity Centrality of control (K) (left) and low exposure (L) (right)
at 4h and 24h

Figure 200 Eccentricity Centrality of middle exposure (M) (left) and high
exposure (H) (right) at 4h and 24h

Figure 201 Eccentricity Centrality of positive control (PK) at 4h and 24h

Figure 202 Eccentricity Centrality at 4h (left) and 24h (right)
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Figure 203 Eccentricity Centrality, central vertex at 4h (red) and 24h (green,).

Figure 204 Eccentricity Centrality, central vertex vs. COMET ASSAY Total Area
at 4h (red) and 24h (green,).
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Assortativity

A graph is called assortative if the vertices with higher degree connect with
other vertices that also have substantial connectivity 128 /129130131
Assortativity measures the tendency of vertices in a graph to connect with
other vertices that are similar to them based on a certain property, such as
degree. Assortativity measure is a Pearson correlation coefficient of the degree-
degree correlation. r > O (degree assortativity) indicates a tendency of high
degree vertices to connect to other high degree ones. r < O (degree
disassortativity) indicates the tendency of high degree vertices to be connected
to low degree ones. Assortativity is measured by an assortativity coefficient,
which ranges from -1 to +1. A coefficient near +1 indicates assortative mixing,
where similar vertices connect, while a coefficient near -1 indicates
disassortative mixing, where dissimilar vertices connect. A coefficient of O
means there is no assortative mixing.

Results

Figure 205 Graph Assortativity of control (K): 4h (left) and 24h (right)

Figure 206 Graph Assortativity of low exposure (L): 4h (left) and 24h (right)

Figure 207 Graph Assortativity of middle exposure (M): 4h (left) and 24h (right)

Figure 208 Graph Assortativity of high exposure (H): 4h (left) and 24h (right)
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Figure 209 Graph Assortativity of positive control (PK): 4h (left) and 24h (right)

Table 20 Graph Assortativity

exposure Graph Assortativity, r
KPAH4K 0 0.5305
KPAH4L 1 0.3179
KPAH4M 8 0.3863
KPAH4H 16 0.3207
KPAH4PK 0.6472
KPAH24K 0 0.3902
KPAH24L 1 0.5438
KPAH24M 8 0.5405
KPAH24H 16 0.4918
KPAH24PK 0.4621

Figure 210 Graph Assortativity at 4h (red) and 24h (green).

Figure 211 Correlation of Graph Assortativity vs. COMET ASSAY Tail Moment
(left) and of Graph Assortativity vs. COMET ASSAY Tail Length (right) at 4h (red)

and 24h (green).
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Figure 212 Correlation of Graph Assortativity vs. COMET ASSAY Tail Intensity
(left) and of Graph Assortativity vs. COMET ASSAY Total Area (right) at 4h (red)
and 24h (green).
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Adjacency matrix

The adjacency matrix, sometimes also called the connection matrix, of H is
the |V| x |V| matrix. a;= the number of edges joining vi and v;. A Weighted
Adjacency Matrix132,133 of a simple graph can also be defined for a real positive
symmetric function f{d;, d;) on the vertex degrees d; of a graph.

A measure of the information content of the spectrum of the adjacency matrix,
where pj =(exp (d;)/(Estrada index of a graph)), where the Estrada index of a
graph is a topological index defined as the sum of the exponentials of its
eigenvalues, where the eigenvalues come from the graph's adjacency matrix.
It can be calculated using the formula:

n
Estrada index of a graph = Z ehi

i=1
Results

Table 21 The Estrada index of a graph

exposure The Estrada index of a graph
KPAH4K 0 231.53
KPAH4L 1 287.38
KPAH4M 8 290.73
KPAH4H 16 426.36
KPAH4PK 268.43
KPAH24K 0 376.93
KPAH24L 1 664.58
KPAH24M 8 465.17
KPAH24H 16 574.44
KPAH24PK 507.06

Figure 213 The Estrada index of a graph at 4h (red) and 24h (green).
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Adjacency matrix

Figure 214 Adjacency matrix of control (K): 4h (left) and 24h (right)

Figure 215 Adjacency matrix of low exposure (L): 4h (left) and 24h (right)

Figure 216 Adjacency matrix of middle exposure (M): 4h (left) and 24h (right)

Page 110 of 166



Figure 217 Adjacency matrix of high exposure (H): 4h (left) and 24h (right)

Figure 218 Adjacency matrix of positive control (PK): 4h (left) and 24h (right)
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Table 22 Shannon entropy (or base 2 entropy) of Entropy Adjacency Matrix, and
Shannon entropy (or base 2 entropy) of Eigenvalues of Adjacency Matrix
distribution, Estimated Normal Distribution of Eigenvalues of Adjacency Matrix
parameters

Estimated Normal

Shannon entropy (or base 2 Distribution of
entropy) of Eigenvalues of
exposure Adjacency Matrix

Eigenvalues of

AdJacepcy Adjacency Matrix mean (y, o, sigma
Matrix distri . mu)
istribution

KPAH4K 0 6.2479 2.5400 0.0395 1.5931
KPAH4L 1 6.4390 2.5636 0.0444 1.6324
KPAH4M 8 6.4033 2.5356 0.0659 1.6159
KPAH4H 16 7.1230 2.5558 0.0278 1.5809
KPAH4PK 6.4030 2.5715 0.0465 1.6276
KPAH24K 0 6.8170 2.6254 0.0431 1.6421
KPAH24L 1 7.7730 2.5660 0.0360 1.5935
KPAH24M 8 7.2479 2.5685 0.0329 1.6199
KPAH24H 16 7.4893 2.5812 0.0154 1.5803
KPAH24PK 7.3328 2.5553 0.0355 1.5873

Figure 219 Shannon entropy (or base 2 entropy) of Entropy Adjacency Matrix at
4h (red) and 24h (green).
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Figure 220 Shannon entropy (or base 2 entropy) of Entropy Adjacency Matrix

versus COMET ASSAY Tail Intensity (left) and versus COMET ASSAY Tail Length
(right) at 4h (red) and 24h (green).

Figure 221 Shannon entropy (or base 2 entropy) of Entropy Adjacency Matrix

versus COMET ASSAY Tail Moment (left) and versus COMET ASSAY Total Area
(right) at 4h (red) and 24h (green).

Exact Eigenvalue Adjacency Matrix

Figure 222 Exact Eigenvalue Adjacency Matrix of control (K): 4h (left) and 24h
(right)
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Figure 223 Exact Eigenvalue Adjacency Matrix of low exposure (L): 4h (left) and
24h (right)

Figure 224 Exact Eigenvalue Adjacency Matrix of middle exposure (M): 4h (left)
and 24h (right)

Figure 225 Exact Eigenvalue Adjacency Matrix of high exposure (H): 4h (left) and
24h (right)
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Figure 226 Exact Eigenvalue Adjacency Matrix of positive control (PK): 4h (left)
and 24h (right)

Figure 227 Exact Eigenvalue Adjacency Matrix at 4h (left) and 24h (right)

Figure 228 Estimated Normal Distribution mean (i1, mu) of exact Eigenvalues of
Adjacency Matrix at 4h (left) and 24h (right)

Spectral entropy

This involves using the eigenvalues of a graph's Laplacian or adjacency matrix.
The calculated eigenvalues are normalized and then by using a formula like
the Shannon entropy the entropy is computed from the resulting probability
distribution.
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Figure 229 Shannon entropy (or base 2 entropy) of Adjacency Matrix (left) and
Shannon entropy (or base 2 entropy) of Exact Eigenvalue of Adjacency Matrix
distribution (right) at 4h (red, m) and 24h (green, ¢)
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The Estrada index of a graph

Table 23 The Estrada index of a graph

exposure The Estrada index of a graph
KPAH4K 0 231.53
KPAH4L 1 287.38
KPAH4M 8 290.73
KPAH4H 16 426.36
KPAH4PK 268.43
KPAH24K 0 376.93
KPAH24L 1 664.58
KPAH24M 8 465.17
KPAH24H 16 574.44
KPAH24PK 507.06

Figure 230 The Estrada index of a graph at 4h (red) and 24h (green).

Figure 231 The Estrada index of a graph versus COMET ASSAY Tail Intensity
(left) and versus COMET ASSAY Tail Length (right) at 4h (red) and 24h (green).

Page 117 of 166



Figure 232 The Estrada index of a graph versus COMET ASSAY Tail Moment
(left) and versus COMET ASSAY Total Area (right) at 4h (red) and 24h (green).

Weighted adjacency matrix

A weighted adjacency matrix is a square matrix used to represent a graph
where each edge has a weight. For a graph with V vertices, the matrix is VxV.
If an edge exists between vertex i and vertex j, the entry in the matrix at row
i, column j is the weight of that edge; if no edge exists, the value is zero. For
an undirected graph, the matrix is symmetric, meaning the entry for (i,j) is the
same as for (j,i). If there is no edge between vertex i and vertex j, the value is
0.

Results
Weighted Adjacency matrix

Figure 233 Weighted Adjacency matrix of control (K): 4h (left) and 24h (right)
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Figure 234 Weighted Adjacency matrix of low exposure (L): 4h (left) and 24h
(right)

Figure 235 Weighted Adjacency matrix of middle exposure (M): 4h (left) and 24h
(right)

Figure 236 Weighted Adjacency matrix of high exposure (H): 4h (left) and 24h
(right)
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Figure 237 Weighted Adjacency matrix of positive control (PK): 4h (left) and 24h
(right)

Exact Eigenvalue Weighted Adjacency Matrix

Figure 238 Exact Eigenvalue Weighted Adjacency Matrix of control (K): 4h (left)
and 24h (right)

Figure 239 Exact Eigenvalue Weighted Adjacency Matrix of low exposure (L): 4h
(left) and 24h (right)
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Figure 240 Exact Eigenvalue Weighted Adjacency Matrix of middle exposure (M):
4h (left) and 24h (right)

Figure 241 Exact Eigenvalue Weighted Adjacency Matrix of high exposure (H):
4h (left) and 24h (right)

Figure 242 Exact Eigenvalue Weighted Adjacency Matrix of positive control (PK):
4h (left) and 24h (right)

Page 121 of 166



Figure 243 Exact Eigenvalue Weighted Adjacency Matrix at 4h (left) and 24h
(right)

Figure 244 Shannon entropy (or base 2 entropy) of Weighted Adjacency Matrix
(left) and Shannon entropy (or base 2 entropy) of Exact Eigenvalue Weighted
Adjacency Matrix distribution (right) at 4h (red, m) and 24h (green, )

Figure 245 Correlations of Shannon entropy (or base 2 entropy) of Exact
Eigenvalue Weighted Adjacency Matrix distribution and Comet Assay Tail
Intensity (left) of Shannon entropy (or base 2 entropy) of Exact Eigenvalue
Weighted Adjacency Matrix distribution and Comet Assay Tail Length (right)
at 4h (red, m) and 24h (green, ¢)
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Figure 246 Correlations of Shannon entropy (or base 2 entropy) of Exact
Eigenvalue Weighted Adjacency Matrix distribution and Comet Tail Moment
(left) of Shannon entropy (or base 2 entropy) of Exact Eigenvalue Weighted
Adjacency Matrix distribution and Comet Assay Total Area (right) at 4h (red,
m) and 24h (green, ¢)
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Incidence Matrix

Incidence Matrix!34 is a |V| x|E| matrix that gives the vertex-edge incidence
matrix of the graph H, with entries ajj, the number of times that vertex v; is
incident with the edge e; given by 1 if a vertex is incident to an edge and O
otherwise.

Results

Incidence Matrix

Figure 247 Incidence Matrix of control (K): 4h (left) and 24h (right)

Figure 248 Incidence Matrix of low exposure (L): 4h (left) and 24h (right)

Figure 249 Incidence Matrix of middle exposure (M): 4h (left) and 24h (right)
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Figure 250 Incidence Matrix of high exposure (H): 4h (left) and 24h (right)

Figure 251 Incidence Matrix of positive control (PK): 4h (left) and 24h (right)

Figure 252 Shannon entropy (or base 2 entropy) of Incidence Matrix (right) at 4h
(red, m) and 24h (green, ¢)

Joint Degree Matrix

A Joint degree matrix135,136 js a matrix used in graph theory that specifies the
number of edges between vertices of a degree i and vertices of a degree j. It
provides more detailed information than a simple degree sequence alone by
capturing the degree correlations in a graph, showing how vertices of one
degree connect to vertices of another degree. The Joint degree matrix is a
symmetric matrix for undirected graphs, and its row/column sums reveal the
total degree of each group of vertices. The joint degree distribution gives the
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exact number of edges between vertices of degrees i and j, m = |E|, and the
number of vertices n = |V | in the graph.

Joint degree matrix represents structure of connections. It defines the specific
count of edges between different “degree groups”, which are sets of vertices
with the same degree. Joint degree matrix measures how vertices of different
degrees are interconnected (degree correlations), a property that is important
for understanding graph structures like assortativity (e.g., a preference for
high-degree vertices to connect to other high-degree vertices). A Joint degree
matrix implies the degree sequence and the number of vertices and edges in a
graph.

Consider an undirected graph G = (V,E), with n =|V | vertices and m = |E|
edges. Let deg(v) be node v. Let Vi be the set of vertices with degree k, also
called degree group k. The Joint Degree Matrix is defined as the number of
edges connecting vertices of degree k with vertices of degree [ and describes

the degree correlations.
IPMED = Y i wer)

VEV WEV]

Results

Joint Degree Matrix

Figure 253 Joint Degree Matrix of control (K): 4h (left) and 24h (right)
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Figure 254 Joint Degree Matrix of low exposure (L): 4h (left) and 24h (right)

Figure 255 Joint Degree Matrix of middle exposure (M): 4h (left) and 24h (right)

Figure 256 Joint Degree Matrix of high exposure (H): 4h (left) and 24h (right)

Page 127 of 166



Figure 257 Joint Degree Matrix of positive control (PK): 4h (left) and 24h (right)

Eigenvalues of Joint Degree Matrix

Figure 258 Eigenvalues of Joint Degree Matrix of control (K): 4h (left) and 24h
(right)

Figure 259 Eigenvalues of Joint Degree Matrix of low exposure (L): 4h (left) and
24h (right)
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Figure 260 Eigenvalues of Joint Degree Matrix of middle exposure (M): 4h (left)
and 24h (right)

Figure 261 Eigenvalues of Joint Degree Matrix of high exposure (H): 4h (left) and
24h (right)

Figure 262 Eigenvalues of Joint Degree Matrix of positive control (PK): 4h (left)
and 24h (right)
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Table 24 Shannon entropy (or base 2 entropy) of Eigenvalues of Joint Degree
Matrix distribution
Shannon entropy (or base 2 entropy) of

exposure Eigenvalues of Joint Degree Matrix distribution

KPAH4K 0 6.64386
KPAH4L 1 7.56215
KPAH4M 8 7.45513
KPAH4H 16 7.64386
KPAH4PK 6.64386
KPAH24K 0 8.14386
KPAH24L 1 9.14386
KPAH24M 8 7.64386
KPAH24H 16 8.64386
KPAH24PK 8.64386

Figure 263 Shannon entropy (or base 2 entropy) of Eigenvalues of Joint Degree
Matrix distribution at 4h (red, m) and 24h (green, ¢)

Figure 264 Correlations of Shannon entropy (or base 2 entropy) of Exact
Eigenvalue Joint Degree Matrix distribution and Comet Assay Tail Intensity
(left) and of Shannon entropy (or base 2 entropy) of Exact Eigenvalue Joint
Degree Matrix distribution and Comet Assay Tail Length (right) at 4h (red, m)
and 24h (green, ¢)
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Kirchhoff Matrix

The Kirchhoff Matrix is also known as the Laplacian matrix137, also known as
the Laplacian matrix, admittance matrix, or discrete Laplacian. Kirchoff
Matrix which takes a graph object as input and returns the (L=D-A) matrix,
where (D) is the degree matrix and (A) is the adjacency matrix.

Spectrum of a matrix is a set eigenvalue and their multiplicities. Let A; denote
the eigenvalues of the Laplacian matrix. A graph, G, is connected if its second
smallest eigenvalue is nonzero. A2 > O if and only if G is connected. The
eigenvalue Az is called the algebraic connectivity of a graph138.

Entropy of a Kirchhoff matrix

To find the Entropy of a Kirchhoff matrix, you typically calculate the von
Neumann entropy of the normalized Laplacian matrix's eigenvalues, denoted

S1(G) using the formula
L(G) = d; 0g d;

i=1

where A are the Laplacian eigenvalues!3? and di are the vertex degrees. This
involves first constructing the Kirchhoff matrix (Laplacian matrix), finding its
eigenvalues, and then applying the Shannon entropy formula. All the
eigenvalues of Kirchhoff matrix are non-negative, less than or equal to the
number of vertices, and less than or equal to twice the maximum vertex

degree.

Results
Kirchoff Matrix

Figure 33 Kirchoff Matrix of control (K): 4h (left) and 24h (right)
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Figure 34 Kirchoff Matrix of low exposure (L): 4h (left) and 24h (right)

Figure 35 Kirchoff Matrix of middle exposure (M): 4h (left) and 24h (right)

Figure 36 Kirchoff Matrix of high exposure (H): 4h (left) and 24h (right)
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Figure 37 Kirchoff Matrix of positive control (PK): 4h (left) and 24h (right)

Exact Eigenvalue Kirchoff Matrix

Figure 265 Exact Eigenvalue Kirchoff Matrix at 4h (left) and 24h (right)

Figure 266 Shannon entropy (or base 2 entropy) of Kirchoff Matrix (left) and
Shannon entropy (or base 2 entropy) of Exact Eigenvalue Kirchoff Matrix
distribution (right) at 4h (red, m) and 24h (green, ¢)
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Figure 267 Correlations of Shannon entropy (or base 2 entropy) of Exact
Eigenvalue Kirchoff Matrix distribution and Comet Assay Tail Intensity (left)
and of Shannon entropy (or base 2 entropy) of Exact Eigenvalue Kirchoff Matrix

distribution and Comet Assay Tail Length (right) at 4h (red, m) and 24h (green,
¢)

Figure 268 Correlations of Shannon entropy (or base 2 entropy) of Exact
Eigenvalue Kirchoff Matrix distribution and Comet Tail Moment (left) and of
Shannon entropy (or base 2 entropy) of Exact Eigenvalue Kirchoff Matrix

distribution and Comet Assay Total Area (right) at 4h (red, m) and 24h (green,
¢)
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Radiality centrality

Radiality (integration centrality) is a graph centrality measure that scores
vertices based on how close they are to all other vertices relative to the graph's
diameter. A node with high radiality is close to every other node in its
accessible neighbourhood, suggesting a central position, while a node with low
radiality is more peripheral. This is calculated using a formula involving the
shortest path distances between a node and all others, and can be computed
even for graphs that are not strongly connected.

Radiality is based on ,reverse distance“, which is the graph's diameter plus
one, minus the shortest path distance between two vertices. By summing the
reverse distances from a node to all others, you get a high score if the node is
short paths away from many other vertices, especially compared to the overall
graph size.

The formula for radiality Cruqa(i) of a node i is the sum of (diameter+1-
distance(i,j))) for all other vertices (j) in the graph, divided by the number of
other vertices (n-1).Key features:It can be calculated for weakly connected or
even unconnected graphs, unlike closeness centrality, which is limited to
strongly connected ones.It provides a measure of a node's ability to reach other
vertices in the graph.

In a graph, vertices with significantly higher radiality than the graph average
would be crucial for regulating other vertices, as it can be reached quickly
from many other parts of the graph.

Basically, as the diameter is the maximal possible distance between vertices,
subtracting systematically from the diameter the shortest paths between the
node v and its neighbours will give high values if the paths are short and low
values if the paths are long. Radiality Centrality will give high centralities to
vertices that are a short distance to every other vertex in its reachable
neighbourhood compared to its diameter. Overall, if the radiality is high this
means that, with respect to the diameter, the node is generally closer to the
other vertices, whereas, if the radiality is low, this means that the node is
peripheral. Also here, “high” and “low” values aremoremeaningful when
compared to the average radiality of the graph G calculated by averaging the
radiality values of all vertices in the graph. As for the closeness, the radiality
value should be considered as an “average tendency to node proximity or
isolation”, not definitively informative on the centrality of the individual node.

Results
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Table 25 Radiality centrality
Sahnnon Entropy of Sahnnon Entropy of

exposure Radiality centrality normalized Radiality
centrality
KPAH4K 0 6.1297 4.7014
KPAH4L 1 6.3361 5.0145
KPAH4M 8 6.3328 5.1681
KPAH4H 16 6.9695 5.5812
KPAH4PK 6.3549 4.6398
KPAH24K 0 6.7818 5.1147
KPAH24L 1 7.7113 5.8456
KPAH24M 8 7.1451 5.4560
KPAH24H 16 8.1643 6.5241
KPAH24PK 4.2474 5.4933

Figure 269 Radiality Centrality at 4h (left) and 24h (right)
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Figure 270 Normalized Radiality Centrality at 4h (left) and 24h (right)

Figure 271 Shannon Entropy of Radiality Centrality (left) and Sahnnon Entropy
of normalized Radiality centrality(right) at 4h (red, m) and 24h (green, 4)

Figure 272 Shannon Entropy of Radiality Centrality (left) and Sahnnon Entropy
of normalized Radiality centrality (right) versus COMET ASSAY Tail Intensity at
4h (red, m) and 24h (green, ¢)
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Voronoi entropy for a nearest-neighbour graph

A Voronoi diagram is created from a set of points (seeds, i.e., comets), and
each seed is surrounded by a corresponding comets including all points closer
to that seed than any other. A nearest-neighbour graph connects each point
to its nearest neighbours. A Voronoi diagram can come from this graph, and
its properties are used to measure order.

The Voronoi entropy for a nearest-neighbour graph refers to the Voronoi
entropy, a measure of the disorder or orderliness of the point distribution in a
Voronoi diagram derived from that graph. It is calculated by analysing the
statistical distribution of edges (n) for each cell, using the formula for Shannon
entropy:

§=- Z pnlog, (pn)
n

where pn is the probability of a cell having n edges. A perfectly ordered
structure, where all cells are the same, has zero Voronoi entropy, while a
completely random distribution of points in 2D has a maximum entropy value
of about 1.71. A value in-between indicates a certain degree of order or
disorder.

First approach is by given query point q, scan through all n sample points
with the r shortest distances seen and computing (squared) distances to q.
The second approach is scan through all n sample points with the k-nearest
neighbour seen and computing (squared) distances to q (an order-k Voronoi
diagram with a cell for each possible k-nearest neighbours)

Results

Table 26 Voronoi entropy for a r-nearest-neighbour graph and Voronoi entropy
for a k-nearest-neighbour graph
Voronoi entropy for a Voronoi entropy for a

exposure r-nearest-neighbour k-nearest-neighbour

graph graph

KPAH4K 0 5.6595 7.9551
KPAH4L 1 5.8051 8.2953
KPAH4M 8 5.9764 8.3175
KPAH4H 16 6.7105 9.2395
KPAH4PK 24 5.7071 8.2039
KPAH24K 0 6.1291 8.8054
KPAH24L 1 7.7284 10.1077
KPAH24M 8 6.8090 9.3480
KPAH24H 16 7.3132 9.8477
KPAH24PK 24 7.1148 9.5607
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Voronoi entropy for a r-nearest-neighbour graph

Figure 273 Voronoi entropy for a r-nearest-neighbour graph: 4h (left) and 24h
(right).

Figure 274 Voronoi entropy for a k-nearest-neighbour graph: 4h (red symbols)
and 24h (green symbols).

Figure 275 Voronoi entropy for a k-nearest-neighbour graph versus COMET
ASSAY Tail Intensity (left) and versus COMET ASSAY Tail Length: 4h (red
symbols) and 24h (green symbols).
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Figure 276 Voronoi entropy for a k-nearest-neighbour graph versus COMET
ASSAY Tail Moment (left) and versus COMET ASSAY Total Area: 4h (red
symbols) and 24h (green symbols).

Voronoi entropy for a k-nearest-neighbour graph

Figure 277 Voronoi entropy for a k-nearest-neighbour graph: 4h (left) and 24h
(right).

Figure 278 Voronoi entropy for a k-nearest-neighbour graph: 4h (red symbols)
and 24h (green symbols).
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Figure 279 Voronoi entropy for a k-nearest-neighbour graph versus COMET
ASSAY Tail Intensity (left) and versus COMET ASSAY Tail Length: 4h (red
symbols) and 24h (green symbols).

Figure 280 Voronoi entropy for a k-nearest-neighbour graph versus COMET
ASSAY Tail Moment (left) and versus COMET ASSAY Total Area: 4h (red
symbols) and 24h (green symbols).

Page 141 of 166



Persistent homology

Representing the image as a graph where pixels are nodes and edges represent
connectivity enables topological invariants to be computed with graph theory
tools. Persistent homology is an emerging tool in studying graphs140,141 142,
Persistent homology can derive information for the visualization of graphs.
Persistent homology has recently been a strong descriptor of graphs143, and it
has a few key qualities that make it ideal for applications. The calculated, from
a graph without the need to select parameters, Persistent homology features
are in the form of O-dimensional homological groups. The Persistent homology
features can be measured as persistence. Persistent homology features
provide compressed description of the graph using a persistence barcode.
Persistent homology can be understood from three parts.

First, it is the relation between a graph and a simplicial complex.
Mathematically, a graph, which consists of only nodes (0-simplexes) and edges
(1-simplexes), is a simplicial complex. A simplicial complex K can be viewed
as a set of simplexes that satisfy two conditions. First, any face of a simplex
from K is also in K. Secondly, the intersection of any two simplexes in K is
empty or a shared facel44. Other than 0- and 1-simplexes, it also includes 2-
simplexes (solid triangles), 3-simplexes (tetrahedrons), and other higher-
dimensional components.

Second, it is about geometric measurements and topological invariants. In
persistent homology, the data is characterized by Betti numbers, including 30,
B1, B2 and higher order topological invariants!145,146 147 These measurements
differ significantly from previous geometric measurements, like distances,
angles, areas, etc.

Third, it is the difference between single scale model and multi-scale
representation. Essentially, a series of related simplicial complexes is
considered in persistent homology and they provide a multiscale
representation that balances geometry and topology.

Geometrically, Bo indicates the number of connected components, B:
corresponds to the number of circles, rings or loops, and (2 represents the
number of voids or cavities. The key concept in persistent homology is the
filtration. For example, given a point cloud data, we can associate each point
with an identical-sized sphere and assign its radius as the filtration
parameter. As the filtration value is increased, these spheres will
systematically enlarge and merge with each other to form simplexes. Roughly
speaking, an edge between two points is formed when the two corresponding
spheres overlap. A triangle is formed when each of two spheres (of the three
corresponding spheres from triangle vertices) overlap. A tetrahedron is formed
when each three spheres (of the four corresponding spheres from tetrahedron
vertices) overlap. At each filtration value, all the simplexes, i.e., vertices, edges,
triangles, tetrahedrons, form a simplicial complex. From it, topological
invariants, i.e., Betti numbers, can be calculated. The persistent homology
hierarchically increases the complexity in data representation by
systematically incorporating higher order simplices as the filtration proceeds.
This enables a multiscale representation of topological invariants from
simplicial complexes. In this way, a systematic variation of the filtration
parameter leads to a series of simplicial complexes at different scales. Some
topological invariants persist longer in these simplicial complexes, while
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others disappear quickly as the filtration value is increased. The length of the
B1 bar defines the “lifespan” of the topological invariants (circles, loops, etc)
and provides a natural geometric measurement. The lifespan, known as the
persistence, measures how “large” are the circles, loops and voids in the
system. We denote a filtration value at which a topological invariant formed or
killed as birth time and death time respectively. In this way, each topological
invariant has a “lifespan” defined by its birth and death time. Essentially, the
lifespan provides a geometric measurement of the topological invariant. If we
use a one-dimensional bar, which starts at a birth time and ends at a death
time, to represent each homology generator, a barcode representation is
generated. A general idea (not always confirmed) in the study of topological
persistence is that significant topological attributes must have long life-times,
and topological features with short life-times are considered “noise”.
Persistent homology has been identified as one of the most promising
mathematical tools available for data analysis148. For example, PH has been
employed analysis of percolating surfaces and porous materials!49. Further,
Persistent homology has been an effective method for analysing datasets
related to medicine such as the homology of brain network150,151 152" hrain
artery tree structure!s3, orthodontics!54, RNAL5S,

Homology is an algebraic tool that for our purposes constructs groups Ha(S) that
describes the holes lying in the simplicial complex (Mesh Regions, S). The generators
for these groups are essentially the holes in the data. Ho describes O-dimensional
“holes” because it is generated by the connected parts of S, H: describes 1-
dimensional holes because it is generated by loops of S. Persistent
Homology156,157,158 159 constructs a sequence of meshes (known as a filtration) around
the data (here COMET ASSAY positions derived by Morphological Graph) and
analyses these to find the “holes”. The meshes are formed by growing balls of
increasing radii around the data points (nucleus positions) and placing edges,
triangles, etc when they overlap pairwise.

Even though persistent entropy has been a powerful tool for the
characterization of “topological disorder”, its physical meaning is usually
unclear, thus hinders its further application in chemical, physical and
biological systems. In this paper, we use a Shannon persistent entropy based
on the Betti numbers and probability distribution.

Betti numbers are the numbers of holes in a space with different dimensions.
Persistent homology is one of the most used techniques for computing the
topological invariants of a topological space. It returns a parametrized version
of the Betti numbers: the Betti barcodes. Diaz et al., defined an entropy based
on the persistent barcode. The persistent entropy, based on the persistent
barcode, has been proposed160,161162163 to measure the system disorder. For

the k-th dimensional barcodes, it is defined as,
Ng

Sshi = Z —pr,;j X log,(pr,j)
7
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Persistent Life=Death-Birth

Figure 281 Fraction of HO persistent Life (=Death-Birth) (A) (left) and Fraction of
H1 persistent Life (=Death-Birth) (A) (right)

Persistence diagrams: Death vs. Birth

The way to read a persistence diagram is to note that the further away a point
is from the diagonal line y - x, the longer it has persisted.

Figure 282 Persistence diagrams: Death vs. Birth of control (K): 4h (left) and
24h (right)

Figure 283 Persistence diagrams: Death vs. Birth of low exposure (L): 4h (left)
and 24h (right)
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Figure 284 Persistence diagrams: Death vs. Birth of middle exposure (M): 4h
(left) and 24h (right)

Figure 285 Persistence diagrams: Death vs. Birth of high exposure (H): 4h (left)
and 24h (right)

Figure 286 Persistence diagrams: Death vs. Birth of positive control (PK): 4h
(left) and 24h (right)

Persistence diagrams: Life vs. Birth
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Figure 287 Persistence diagrams: Life vs. Birth of control (K): 4h (left) and 24h
(right)

Figure 288 Persistence diagrams: Life vs. Birth of low exposure (L): 4h (left)
and 24h (right)

Figure 289 Persistence diagrams: Life vs. Birth of middle exposure (M): 4h (left)
and 24h (right)

Figure 290 Persistence diagrams: Life vs. Birth of high exposure (H): 4h (left)
and 24h (right)
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Figure 291 Persistence diagrams: Life vs. Birth of positive control (PK): 4h (left)
and 24h (right)

Persistence diagrams

Figure 292 Persistence diagrams of control (K): 4h (left) and 24h (right)

Figure 293 Persistence diagrams of low exposure (L): 4h (left) and 24h (right)

Figure 294 Persistence diagrams of middle exposure (M): 4h (left) and 24h
(right)

Figure 295 Persistence diagrams of high exposure (H): 4h (left) and 24h (right)
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Figure 296 Persistence

diagrams of positive control (PK): 4h (left) and 24h
(right)
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KPAH4M
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Figure 2993D- Persistence diagrams of middle exposure (M): 4h (left) and 24h
(right)
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Figure 300 3D-Persistence diagrams of high exposure (H): 4h (left) and 24h
(right)
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Figure 301 3D-Persistence diagrams of positive control (PK): 4h (left) and 24h
(right)
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Barcodes

Betti intervals or barcodes!®* help describe how the homology of X(t) changes
with t. A k-dimensional Betti interval, with endpoints [tstart, tend), cOrresponds
roughly to a k-dimensional hole that appears at filtration time tstart, remains
open for tstart < t < tend, and closes at time tenda. We are often interested in Betti
intervals that persist for a long filtration range.

The most important features that Persistent Homology returns from the object
is its Barcode. The axis indicates the radii of the balls grown around our data
points and the bars themselves show when a generator is formed from this
process (its birth) and when it gets filled in and vanishes (its death). Naturally,
the red HO generators are all formed simultaneously and individually vanish
as points get connected in the filtration.

Note: The length of these bars describes the "persistence" of our generators
and the longer the bar, the more significant the corresponding generator.

Figure 302 Barcodes of control (K): 4h (left) and 24h (right)

Figure 303 Barcodes of low exposure (L): 4h (left) and 24h (right)
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Figure 304 Barcodes of middle exposure (M): 4h (left) and 24h (right)

Figure 305 Barcodes of high exposure (H): 4h (left) and 24h (right)

Figure 306 Barcodes of positive control (PK): 4h (left) and 24h (right)

Shannon persistent entropy

Figure 307 Shannon HO persistent entropy (left) and Shannon H1 persistent
entropy versus Life (=Death-Birth) (A) at 4h
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Figure 308 Shannon HO persistent entropy (left) and Shannon H1 persistent
entropy versus Life (=Death-Birth) (A) at 24h

Intuitively, entropy measure different barcodes length. A barcode with uniform
lengths has small entropy.

Table 27 Shannon HO persistent Entropy. H1 persistent Entropy and Total
persistent Entropy

HO persistent  H1 persistent Total persistent
exposure

entropy entropy entropy

KPAH4K 0 5.7665 1.1626 5.8221
KPAH4L 1 6.1358 2.5563 6.2466
KPAH4M 8 5.9625 1.7064 6.0232
KPAH4H 16 6.7123 3.0693 6.8229
KPAH4PK 6.0912 2.1244 6.1803
KPAH24K 0 6.4928 2.5506 6.5783
KPAH24L 1 7.0682 2.7389 7.1344
KPAH24M 8 6.8503 3.0486 6.9497
KPAH24H 16 7.0203 2.7977 7.0846
KPAH24PK 6.6844 2.6112 6.7591

Figure 309 Shannon HO persistent Entropy (left) and H1 persistent Entropy
(right) versus exposure (h)
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Figure 310 Shannon HO persistent Entropy (left) and H1 persistent Entropy
(right) versus COMET ASSAY Tail Intensity
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Discussion

The initial question posed in designing this study was whether treatment is
related to the morphology in comet assay images and their ability to fill the
surrounding space. To investigate this, we checked for correlations between
all parameters and treatment, and divided the sample into three treatment
groups (L, M and H). Few variables showed any significant correlation with
treatment, some not even by chance (?). This finding was further corroborated
by the treatment group separation, which also yielded no significant
differences.

This result leads to several possible conclusions.

First, the chosen morphology of comet assay images might be too
morphologically uniform to detect significant differences. This contrasts
somewhat with the second part of the study, where clear morphological
differences based on the spatial origin of treatments were observed. However,
this does not negate the possibility that morphology of comet assay images is
uniform within individual spatial groups.

Another possible explanation is that multifractal spectra are not suitable for
this analysis. Studies using monofractal analysis have shown significant
differences in the box-count dimension. The central point of the generalized
dimensions spectrum DQ(Q) at Q = O represents the Minkowski-Bouligand
(i.e., box-count) dimension, so we could have expected statistically significant
differences at least in this part of the spectrum, but they were absent.

The third conclusion is that the morphology of individual morphology of in
comet assay images in this structure does not change significantly with
treatments. To confirm this conclusion, further studies on larger samples are
necessary. The differences could also suggest a reduction in the space-filling
complexity and an increase in local heterogeneity of finer structures with
treatments. However, the distributions of the variables were not statistically
significantly different among treatments, which does not support these
notions. A larger sample could reveal more noticeable differences or confirm
the findings of this study, showing no significant morphological differences
with treatments.
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Conclusions

Image analysis for the exposures (L, M, H) and 4h time did not produce
significant variations in the parameters.

Image analysis for the exposures (L, M, H) and 24h time did not produce
significant variations in the parameters, except for H exposure and 24h time:
Area, Perimeter Length, Length, Width, Convex Area, Convex Perimeter
Length, Caliper Length, Caliper Width!

Multi-scale focal fractal dimension may only reveal effect of time (4h, 24h) in
separate H exposure level and control.
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