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Background: Ovarian cancer (OC) accounts for about 4% of female cancers globally. While Ki67-immunopositive (Ki671) cell
density is commonly used to assess proliferation in OC, the two-dimensional (2D) distribution pattern of these cells is poorly
understood. This study explores the 2D distribution pattern of Ki67™ cells in primary OC tissues and models the proliferation
process to improve our understanding of this hallmark of cancer.

Methods: A total of 100 tissue cores, included in a tissue microarray (TMA) representing 5 clear cell carcinomas, 62 serous car-
cinomas, 10 mucinous adenocarcinomas, 3 endometrioid adenocarcinomas, 10 lymph node metastases from OC, and 10 samples
of adjacent normal ovary tissue, were stained using a standardized immunohistochemical protocol. The computer-aided image
analysis system assessed the 2D distribution pattern of Ki67™ proliferating cells, providing the cell number and density, patterns
of randomness, and cell-to-cell closeness. Three computer models were created to simulate behavior and responses, aiming to
gain insights into the variations in the proliferation process.

Results: Significant differences in Ki67" cell density were found between low- and high-grade serous carcinoma/mucinous ade-
nocarcinomas (p = 0.003 and p = 0.01, respectively). The Nearest Neighbor Index of Ki67" cells differed significantly between
high-grade serous carcinomas and endometrioid adenocarcinomas (p = 0.01), indicating distinct 2D Ki67" distribution patterns.
Proxemics analysis revealed significant differences in Ki67 ™" cell-to-cell closeness between low- and high-grade serous carcinomas
(p = 0.002). Computer models showed varied effects on the overall organization of Ki67" cells and the ability to preserve the
original 2D distribution pattern when altering the location and/or density of Ki67™" cells.

Conclusions: Cell proliferation is a hallmark of OCs. This study provides new evidence that investigating the Ki67" cell density
and 2D distribution pattern can assist in understanding the proliferation status of OCs. Moreover, our computer models suggest
that changes in Ki67" cell density and their location are critical for maintaining the 2D distribution pattern.
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Introduction cancer fatalities, despite patients’ initial responsiveness
to cytoreductive surgery and subsequent platinum-based
chemotherapy [5-9]. Consequently, identifying novel fea-
tures of tumor initiation and progression is crucial for the
prevention, detection, and treatment of OC [10,11]. It is
known that cancer cells are capable of maintaining contin-
uous proliferation [12]. In healthy tissues, the synthesis and
secretion of growth-promoting signals are regulated, ensur-
ing a balance of cell density and the maintenance of natural
tissue structure and function. However, cancer cells dereg-
ulate these signals, gaining control over their own growth
[12,13]. The specific proliferative signals and their sources
within tissues remain largely unknown, mainly due to the
temporally and spatially regulated transmission of growth

Ovarian cancer (OC) ranks seventh in female cancer
prevalence and eighth in mortality causes among women
globally, with a 49% five-year relative survival rate [1].
The epithelial subtype encompasses up to 95% of all OC
cases, and approximately 70% of epithelial OCs are char-
acterized by high-grade serous carcinoma (HGSC). Clear
cell carcinomas (CCCs) and endometrioid adenocarcino-
mas (EAs) each account for 10%, while low-grade serous
carcinoma (LGSC) makes up less than 5%, and the muci-
nous adenocarcinomas (MAs) type represents 3% of cases
[1-4]. Tumor recurrence and metastasis are the primary
factors contributing to unfavorable clinical outcomes and
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factor signals. Microscopic OC tissue treated with Ki67 an-
tibodies (a protein expressed at varying levels in all cell cy-
cle phases except for resting cells in phase Go [14]) exhibits
a complex distribution pattern [15]. This complexity can
arise from genetic variation [16], non-genetic factors [17],
a combination of both or the presence of persistent cancer
cells [18]. Non-genetic heterogeneity may be driven by ex-
trinsic factors (i.e., tissue microenvironment) and intrinsic
factors (i.e., variation in protein expression) [ 19]. Although
variability in proliferation has been recognized widely and
even taken into account for assessment recommendations,
such as the mitotic activity index, numerous studies have
utilized Ki67 as a marker for cellular proliferation not only
in OC [20-24] but also in various tumor types, focusing on
quantifying the spatial attributes of Ki67-immunopositive
(Ki67%) cells. Techniques such as Voronoi tessellation [25]
and distribution analysis [26,27] have been employed for
this purpose. Primarily, the Ki67 marker is instrumental in
calculating the Ki67 proliferative index, which represents
the proportion of Ki67+ cells within a specified tissue area.
This index is particularly significant in the evaluation of
neuroendocrine and endocrine tumors, as well as in the as-
sessment of breast and lung cancers, among other malignan-
cies [25,28-37], the extent of proliferative intratumor het-
erogeneity is still poorly investigated and a method to quan-
tify the two-dimensional (2D) distribution pattern of prolif-
erating cells is currently under investigation [38]. Spatial
statistics offer quantitative descriptors of natural variables
distributed across space and time [39,40]. The quantitative
spatial analysis of Ki67+ cells has become increasingly rel-
evant across a spectrum of pathological conditions, in this
study, we applied a combined immunohistochemistry and
spatial statistic-based approach to assess the Nearest Neigh-
bor Index (NNI) and the cell-to-cell closeness to investigate
the 2D distribution pattern of Ki67* proliferating cells in
OC subtypes. Three computer models were created to sim-
ulate behavior and responses, aiming to gain insights into
the variations in the proliferation process.

Materials and Methods

Tissue Array

5-pum-thick tissue microarray (TMA) section from
USBiomax, Rockville, MD, USA (#BC11115¢) which in-
cluded 100 cases/100 cores (core diameter: 1 mm), contain-
ing 5 cases of CCCs, 62 serous carcinomas, 10 MAs, 3 EAs,
10 lymph node metastatic carcinomas, 10 adjacent normal
ovary tissue, was investigated. Tissue collection is con-
ducted in accordance with ethical standards, ensuring in-
formed consent from donors, adherence to standard medical
practices, and the protection of donor privacy (USBiomax).
Patient information, including age, sex, organ, and histolog-
ical subtype of samples, as well as Tumor, Node, Metasta-
sis (TNM) classification, grade, and stage, was supplied by
USBiomax (Supplementary Table 1).
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Immunohistochemistry

The slide was immersed in a heat retrieval solu-
tion (DIVA Antigen Decloaker solution, Biocare Medi-
cal, Pacheco, CA, USA) for antigen unmasking using a
pressure cooker (Decloaking Chamber™, Biocare Medi-
cal, Pacheco, CA, USA), cooled and then treated with 3%
hydrogen peroxide solution for 10 minutes at room tem-
perature (RT) to quench endogenous peroxidase. After
the incubation with Background Sniper (Biocare Medicals)
for 20 min at RT the tissues were treated with antibodies
raised against human Ki67 (Clone SP6, Biocare Medicals,
dilution 1:50) for 1 hour at RT. Tissues were then incu-
bated with the MACH1 (Biocare Medicals) Mouse Probe
for 15 min at RT and subsequently HRP-polymer for 15
min at RT (Biocare Medical, Pacheco, CA, USA). After a
3,3’-Diaminobenzidine (DAB) reaction (Biocare Medical,
Pacheco, CA, USA), sections were counterstained with a
hematoxylin solution.

TMA Digitalization and Ki67+ Cells Measurements

For image analysis, the slide was digitized at 20x ob-
jective magnification using a Zeiss Axioscan.Z1 (Zeiss, Mi-
lan, Italy). A newly developed software (Cell Cycle Spatial
Analyzer, Version 1.0, Histology Core, IRCCS Humanitas
Research Hospital, histology@humanitasresearch.it, Roz-
zano, Milan, Italy) automatically detects Ki67™ cells on
the basis of red, green and blue (RGB) color segmentation,
and quantifies the number, density of Ki67™ cells (Ki67+
cells/mm?) and the size of Ki67* nuclei together with x-
y spatial coordinates. The same image intensity level was
used throughout the study.

Computer-Aided Spatial Point Analysis

The NNI measures the degree to which Ki67* cells
are clustered, more clustered than random (MCR), ran-
domly distributed, more dispersed than random (MDR), or
uniformly spaced, measuring the distances between each
Ki677 cell and its closest neighboring Ki67+ cell and com-
pares these distances to the expected values for a randomly
distributed population [41,42] was assessed. The analysis
is based on the assumption that all locations have an equal
probability of receiving a Ki67* cell and that all Ki67+
cells are placed independently of one another. The null hy-
pothesis is a random Poisson process, giving a modified ex-
ponential nearest neighbor distribution with mean p,

VA/n

2

'u:

where A4 is the sampled area and 7 is the number of Ki67"
cells. The probability that the distribution follows a Pois-
son process has been determined in conjunction with the
dimensionless NNI value.
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where d is the observed mean distance between nearest
neighbors, p the expected mean distance between near-
est neighbors, 4 the sampled area, and # is the number of
Ki67" cells. NNI has a range that extends from 0 (indicat-
ing that the Ki67T cells are completely clustered), through
1 (Ki677" cells are randomly dispersed) to a maximum of
2.15 (Ki67T cells are uniformly spaced), if the ratio value
is between 0 and 1 the pattern is MCR and if it is between
1 and 2.15 the pattern is MDR.

The majority of mammalian cells possess a singular
nucleus, typically ovoid or spherical in shape, with a di-
ameter ranging from 5 to 20 um [43]. Utilizing proxemics
analysis, which considers the variable of cell-to-cell close-
ness, the Ki6 77 cell population was divided into two groups
based on their Euclidean distances. The first group includes
cells that are close to each other (<10 um). These cells
are considered in “intimate condition”. The second group
includes the cells that are far from each other (>10 um).
These cells are considered in “social condition”. The dis-
tances were calculated with the formula:

NNI =

=y

d= \/{(302 — 1)’ + (g2 — y1)2}

Where d is the distance between cell A (x1, y1) and
cell B (1‘2, yg).

The spatial point analysis was performed using RStu-
dio (RStudio Team (2022). RStudio: Integrated Devel-
opment for R. RStudio, PBC, Boston, MA, USA, URL
http://www.rstudio.com/) and (Cell Cycle Spatial Analyzer,
Version 1.0, Histology Core, IRCCS Humanitas Research
Hospital, histology(@humanitasresearch.it, Rozzano, Mi-
lan, Italy).

Computer Modeling of 2D Cell Proliferation Pattern
Changes in OC

Model 1: The model is aimed at investigating the ef-
fect on the initial 2D distribution pattern of adding new cells
and their location. At any temporal cycle (n = 100) the
model adds 7 or 50 Ki671 randomly located cells to the
original configurations made up of 176 (Case A) or 1382
(Case B) Ki67™ cells.

Model 2: The model is aimed at investigating the ef-
fect on the initial 2D distribution pattern of a constant num-
ber of newly added cells but differently located. At any
temporal cycle (n = 100) the model adds a total of 7 or 50
Ki677" cells in a random position to the original configura-
tion of Case A and B.

Model 3: The model is aimed at investigating the ef-
fect on the initial 2D distribution pattern of removing a con-

stant number differently located. At any temporal cycle (n
=100) the model randomly removes a total of 7 or 50 Ki6 7™
cells to the original configuration of Case A and B.

In the first and second models, the simulation process
involves random sampling of the x and y coordinates from
the set of original points within the established pattern. This
method ensures that if the coordinates of a newly simulated
point coincide with those already present, the model will
reinitiate the sampling process. The objective is to gener-
ate a distinct new point that can be integrated into the orig-
inal pattern. Conversely, in the third model, the approach
to simulation diverges by focusing on the removal of ex-
isting points. This is achieved through a random selection
process, where an index is chosen randomly from the array
of existing coordinates. Subsequently, the corresponding
point is eliminated from the array, thereby altering the orig-
inal pattern. Throughout all simulations, a specific parame-
ter has been consistently established, wherein the number of
elements either added or removed is fixed at either 7 or 50
Ki67" cells. Additionally, the number of simulations con-
ducted for each model is uniformly set to 100. Modifying
these parameters, (the number of Ki67" cells altered and
the total simulations) could potentially yield more compre-
hensive and detailed insights into the patterns and behaviors
characteristic of Ki67™ cells.

Statistical Analysis

All of the data were expressed as mean values = SD
(range). Univariate analysis was performed by means of the
t-Student test for parametric variables. The relative disper-
sion (RD) as a percentage is given by the formula:

RD = < 5D ) x 100
mean

The statistical analysis was performed using JASP
Version 0.18.1 (Intel, JASP Team, 2023) and BoxPlotR: a
web-tool for the generation of box plots (http://shiny.chem
grid.org/boxplotr/).

Results

In this study, we examined primary OC tissues by em-
ploying antibodies targeting Ki67. Our methodology in-
volved a dual approach, utilizing a standardized immuno-
histochemistry technique along with a computer-aided im-
age analysis system. This allowed us to explore cell prolif-
eration in terms of both density and spatial distribution, as
illustrated in Fig. 1.

To analyze these patterns, the TMA slide was digi-
tized and processed through RGB color segmentation and
quantifying various parameters such as cell number, den-
sity (Ki67+ cells/mm?), and the size of Ki67 T nuclei, along
with their spatial coordinates. Furthermore, using prox-
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Fig. 1. Two-dimensional analysis of Ki67-immunopositive (Ki67 ") cell proliferation in ovarian cancer (OC). The image was created
with Microsoft PowerPoint Version 16.78 ©Microsoft 2023 (Redmond, WA, USA). (A) Epithelial ovarian cancer is the seventh most
common cancer among women. (B) The traditional method for assessing cell proliferation, which involves labeling tissues with Ki67
is widely accepted Scale bar, 100 pm, inset Scale bar, 5 um. (C) Ki67 is a protein expressed at varying levels in all cell cycle phases
except for resting cells in phase Go, Scale bar, 2 um. (D) Digital pathology presents exciting possibilities for improving and automating
various tasks in cancer analysis, such as cell proliferation. Studying the specific patterns generated by Ki67" proliferating cells could
provide valuable insights into understanding the links between cell density, spatial variations, responses to treatment and drug resistance
in OC. (E) Nearest Neighbour and proxemics (i.e., how space and distance influence cell communication) analyses offer the potential to

elucidate the mechanisms underlying the self-organization of Ki67" cells and their spatial distributions.

emics analysis, the Ki67* cell population was categorized
into two groups based on their Euclidean distances (Fig. 2).

The TMA study included 78 tissue spots from differ-
ent types of patients: 3 with CCC (mean age: 46 £ 5 years,
range: 40-50 years), 8 with LGSCs (mean age: 43 + 13
years, range: 25-60 years), 54 with HGSCs) (mean age: 51
=+ 9 years, range: 22—69 years), 10 with MA (mean age:
42 + 8 years, range: 2954 years), and 3 with EA (mean
age: 59 £ 10 years, range: 49—69 years). 2 out of 5 CCC
cases were excluded due to tissue damage. Lymph node
metastatic carcinoma (n = 10) and natural ovary tissue (n
= 10) were not investigated. Significant differences were
found in Ki67™" cell density and number between LGSC
(176 + 159 Ki67" cells/mm?, 77 4 81 cells) and HGSC
(1305 + 1029 Ki67" cells/mm?, 1045 + 868 cells, p =
0.003), and LGSC and MA (804 + 623 Ki677 cells/mm?,
496 + 391 cells, p = 0.013 and p = 0.009, respectively)
(Fig. 3A,B). No significant difference was found between
other subtypes.

A significant difference in the size of Ki67" nuclei
was observed between LGSCs (n = 615, 26 + 10 um?)
and HGSCs (n = 56,451, 38 & 13 um?) groups, p = 0.02,
consistent with earlier research [44,45]. No significant dif-
ferences were identified when comparing other subtypes to
each other (Fig. 3C).

The mean NNI of Ki67* cells in HGSCs (1 & 0.2)
was significantly different from EAs (1.4 + 0.7) (p =0.01)
(Fig. 3D), but not among other subtypes. NNI and Ki67+
cell number and density are independent (R = 0.0007, p =
0.99 and R =-0.07, p = 0.53, respectively). Although no
significant differences among OC histotypes, Ki67T cells
in HGSCs and MAs showed a tendency to be MCR than
those in LGSCs (Fig. 3D,E). Significant differences were
observed in intimate Ki67 " cell-to-cell closeness in LGSCs
(11.7 £ 6.1%) versus HGSCs (26.6 + 12.7%) (p = 0.002)
(Fig. 3F-H). When the Ki67" cell densities were ordered
according to their magnitude and compared with the cell-
to-cell closeness an irregular line is evident, suggesting that
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Fig. 2. Microscopic OC tissue treated with Ki67 antibodies exhibits a complex distribution pattern and cell-to-cell closeness
features. (A—D) Variability of cell proliferation seen in microscopic OC tissues (from less proliferative A to most proliferative D), Scale
bar, 100 um. (E-H) For each Ki67" cell, its x-y coordinates have been automatically determined, thus generating an x-y scatter plot.
(I-L) The cell-to-cell closeness based on the Euclidean distances categorizes Ki67™ cells in intimate condition (red dots) and in social

condition (blue dots).

low or high Ki67* cell densities can have the same amount
of Ki677 cells in intimate or social conditions (Fig. 31).

Computer Modeling of 2D Cell Proliferation Pattern
Changes in OC

Model 1

In Case A (initial configuration = 176 Ki67™ cells),
the 2D Ki677 cells distribution achieved a random degree
on the 32nd cycle with 7 new Ki67" cells /cycle, or on the
5th with 50 new Ki677" cells/cycle (Fig. 4A,B). Anirregular
oscillation between MCR and MDR pattern was observed
(Fig. 4C). The mean NNI for adding 7 or 50 cells/cycle
was 0.97 + 0.05 (range: 0.8-1.05, RD = 5%) and 1 £+
0.02 (range: 0.83-1.04, RD = 2.4%) respectively (p <
0.001) (Fig. 4D). In Case B (initial configuration made up of
1382 Ki67 T cells), randomness was never achieved with 7
cells/cycle with mean NNI of 0.94 + 0.0009 (range: 0.88—
0.99, RD = 0.1%) but occurred on the 16th cycle with 50
cells/cycle (Fig. 4E—-G) with mean NNI of 1 £ 0.03 (range:
0.89-1.04, RD =3%) (p < 0.001) (Fig. 4H).

Analyzing cell-to-cell closeness, for Case A (initial in-
timate condition = 15.34%), adding 7 or 50 cells/cycle re-

sulted in 15.7 + 2.9% (range: 11.02-24.2%, RD = 18%)
and 44.6 + 18.2% (range: 10.1-70.8%, RD = 41%) cells
in intimate conditions respectively (p < 0.001). For Case
B (initial intimate condition = 37.6%), these mean values
were 39.4 + 1.6% (range: 37-43.8%, RD = 4%) and 56.6
£ 11.5% (range: 37.2-75.3%, RD = 20%) respectively (p
< 0.001).

These findings indicate that when a specific number
of cells is added to an initial 2D distribution pattern that al-
ready contains a high quantity of Ki67™" cells, the arrange-
ment does not achieve a state of randomness. Instead, it re-
tains an organized pattern that is not stochastic in nature.
In contrast, when the initial pattern comprises a smaller
number of cells, the addition of more cells tends to quickly
destabilize this arrangement, eventually leading to a ran-
dom configuration. Moreover, the percentage of cells in
close proximity (intimate condition) tends to remain more
consistent where the initial 2D distribution has a higher cell
count. This consistency is also reflected by the RD value,

particularly when compared to initial patterns with fewer
cells.
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Fig. 3. Comparative analysis of Ki67" cell features in OC histotypes. (A) Ki67" cells density evaluation shows a statistically
significant difference in low-grade serous carcinomas (LGSCs) versus high-grade serous carcinomas (HGSCs), and LGSCs versus muci-
nous adenocarcinomas (MAs), no statistical significance was found in clear cell carcinomas (CCCs) and endometrioid adenocarcinomas
(EAs). (B) Ki67™ cell number evaluation shows a statistically significant difference in LGSCs versus HGSCs and LGSCs versus MAs.
(C) Ki67" cell size evaluation shows a statistically significant difference in LGSCs versus HGSCs. (D) The Nearest Neighbor Index
(NNI) has been found statistically different in HGSCs versus MAs. (E) Three main types of spatial patterns are known. Clustered cells
are characterized by a Nearest Neighbor Index (NNI) = 0, randomly dispersed cells by an NNI= 1, or those uniformly spaced by an NNI =
2.15. (F) Schema showing the two zones (“social” space in blue and “intimate” space in red) considered in the proxemics analysis which
applies the cell-to-cell closeness variable based on the cell-to-cell Euclidean distance. (G) Proxemic analysis revealed a statistically
significant difference in Ki67 ™" cell percent in intimate conditions in LGSCs versus HGSCs. (H) Proxemic analysis reveals a statistically
significant difference in Ki67" cell percent in social conditions in LGSCs versus HGSCs. (I) When the Ki67" cell number (black line)
was ordered as a crescent series the cell-to-cell closeness (grey line) assumed an irregular behavior, demonstrating their independence.

*p < 0.05, **p < 0.01.

Model 2

100 2D distribution patterns by adding 7 or 50 new
cells randomly located in Case A and Case B were gener-
ated. In Case A, 7 cells changed the original NNI = 0.83 in
85 out of 100 (85%) of patterns (NNI=10.85 4 0.017, range:
0.79-0.88), while 50 cells changed 98 out of 100 (98%) of
patterns (NNI=0.91 £ 0.03, range: 0.83—-0.98), p = 0.0004
(Fig. 5A). In Case B, the addition of 7 cells changed the
original NNI=0.89 in 57 out of 100 (57%) of patterns, (NNI
=0.89 £+ 0.007, range: 0.87-0.9), while the addition of 50
cells modified 65 out of 100 (65%) of patterns (NNI = 0.89
+ 0.01, range: 0.86-0.92, p = NS (Fig. 5A).

These findings suggest that the effect of introducing
new Ki677 cells is greater when the initial Ki67" cell pop-
ulation is lower. This implies that the starting density, as
well as the location of these new cells, significantly influ-
ences the 2D distribution pattern.

Model 3

100 2D distribution patterns by removing 7 or 50
Ki67" cells randomly located in Case A and Case B were
generated. In Case A, 7 cells changed the original NNI =
0.83 in 79 out of 100 (79%) of patterns, with mean NNI =
0.8 + 0.01, range: 0.8-0.9, while the removal of 50 cells
changed the original NNI in 91 out of 100 (91%) of pat-
terns, with mean NNI = 0.9 £ 0.04, range: 0.8-1.02, p =
0.0004 (Fig. 5B).

In Case B, removing 7 cells changed the original NNI
= 0.89 in 4% of patterns, with mean NNI = 0.9 + 0.002,
range: 0.9-0.9, while removing 50 cells changed the origi-
nal NNI in 17 out of 100 (17%) of patterns, with mean NNI
=0.9 £ 0.004, range: 0.8-0.9, p =NS (Fig. 5B).

These findings suggest that when the initial Ki6 77 cell
count is lower, the effect of removing Ki67™ cells is signifi-
cant. This implies that the initial Ki67™" cell density and the
location of the new Ki67™ cells greatly affect the 2D distri-
bution pattern. However, compared to Model 2, the act of
removal has a lesser effect on changing the 2D distribution
pattern.

Discussion

OC is the seventh most frequent cancer in women
globally and the eighth highest cause of death among the
female population. The forecasts from GLOBOCAN 2020
suggest a significant increase in the worldwide incidence
of OC by 2040. It is projected that the incidence rate will
rise by about 42%, culminating in approximately 445,721
new cases [46]. Ovarian tumors are characterized by a wide
range of histological features and genetic signatures, under-
scoring the necessity for an elaborate classification frame-
work.

The predominant category, epithelial ovarian tumors,
includes multiple subtypes, each identified by unique ge-
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significant difference, respectively in the Case A and Case B, between removing 7 and 50 new Ki67 ™" cells to the original pattern. NNI,
Nearest Neighbor Index, NS, Not significant, ***p < 0.001.
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netic markers. Within the scope of OC, there exists a var-
ied assortment of histotypes. These are primarily divided
into five main groups: HGSCs, LGSCs, EAs, CCCs, and
MAs. The most common histotype, HGSC, accounts for
about 70% of all OCs. Serous tumors, encompassing serous
cystadenoma, adenofibroma, and surface papilloma, fre-
quently exhibit mutations in the breast cancer 1 (BRCAI)
and BRCA2 genes. Both LGSCs and HGSCs are associ-
ated with a more aggressive form of the disease and may
present mutations in the BRCA, V-Raf Murine Sarcoma Vi-
ral Oncogene Homolog B (BRAF), and Kirsten rat sarcoma
virus (KRAS) genes. In a similar vein, mucinous tumors, in-
cluding mucinous cystadenoma and adenofibroma, demon-
strate a range of genetic variations. Additionally, EA is
often linked to Lynch syndrome and microsatellite insta-
bility, highlighting their genetic predispositions. Among
the gene mutations commonly associated with epithelial
OC, four are predominantly identified: tumor protein p53
(TP53), BRCA1/2, Phosphatidylinositol-4,5-Bisphosphate
3-Kinase Catalytic Subunit Alpha (PIK3CA), and KRAS
[47].

EA represents a diverse group of diseases, each ex-
hibiting unique biological and clinical characteristics. Re-
gardless of their individual differences, a common feature
among these histotypes is the tumor cells’ capacity for per-
sistent proliferation and evasion of cell death. This shared
trait stems from changes at various levels, leading to the
disruption of cell cycle regulation and pathways related to
cell proliferation [48]. All tumor types share the capacity
for sustained chronic proliferation. Cancer develops from
the accumulation of genetic alterations that confer neoplas-
tic cells uncontrolled, autonomous growth and resistance
to normal regulatory mechanisms of homeostasis. These
abilities arise through various mechanisms, and understand-
ing them is crucial for advancing the development of new
molecularly targeted therapies, which hold the potential to
revolutionize medical oncology. However, the exact na-
ture and origins of the proliferative signals within tissues
remain largely unknown. This is primarily due to the be-
lief that growth factor signals, which control cell numbers
in tissues, are transmitted in a temporally and spatially reg-
ulated manner between neighboring cells. In OC tissues,
when observed microscopically and treated with antibodies
against Ki67 (a protein extensively used for decades as a
marker of cell proliferation in human tumor cells), social
variability in cell proliferation is commonly observed [49].

The cellular proliferation status can serve as a
biomarker of a tumor’s proliferative potential and its sen-
sitivity to chemotherapy, making it a potential prognostic
tool. Ki67 is central to this evaluation. Elevated Ki67 anti-
gen expression is correlated with tumor aggression, vascu-
lar invasion, metastasis, reserved prognosis, and poor re-
sponse to chemotherapy. Despite limited data on Ki67 in
OC, its prognostic value in HGSC still remains debated
[50]. Some studies have identified higher Ki67 expression
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as a risk factor for survival, associating highly proliferative
tumors with a worse outcome. Conversely, other investiga-
tions have suggested that HGSC patients with elevated Ki67
expression tend to have longer progression-free survival
(PFS), indicating that highly proliferative tumors respond
more favorably to first-line chemotherapy. Consequently,
the clinical significance of Ki67 in OC warrants further ex-
ploration. In a study by Chen et al. [24] on HGSC, findings
indicated that a Ki67 positivity cut-off of 40% was prognos-
tically discriminative for PFS and Overall Survival (OS).
Notably, low tumoral Ki67 expression (<40%) emerged as
a risk factor for platinum resistance. Low Ki67 expression
has been associated with chemotherapy resistance and dis-
ease recurrence in high-grade tumors. It is known that the
Ki67 immunostaining pattern exhibits a focal and hetero-
geneous nature in a greater number of low-grade tumors,
contrasting with a more diffuse pattern observed in higher-
grade tumors. Itis plausible that similar to other spatial phe-
nomena, the distribution of Ki67™ cells might play a pivotal
role in the dynamics of OC. While the quantity of cells in
the proliferating phase is widely used as an indicator of cell
proliferation, it has been noted that more rapid proliferation
is not necessarily indicative of tumor progression in HGSC.
Asynchrony in cell cycle distribution over time is reflected
in the broadening of size distributions. Although cellu-
lar distribution patterns and distances are not extensively
studied and remain less understood, these patterns offer es-
sential insights into biological processes within tumor tis-
sues related to various tumor characteristics. Studies have
reported that investigating the interaction between malig-
nant cells and tumor-associated immune cells through spa-
tial distribution is crucial for identifying potential factors in-
fluencing tumor progression, relapse, or outcomes [51]. In
the present study, we explored primary OC tissues utilizing
antibodies specific to Ki67. Our methodology employed
a dual approach, combining a standardized immunohisto-
chemistry technique with a computer-aided image analysis
system. This comprehensive approach allowed us to delve
into cell proliferation, considering both density and spatial
distribution. Building on previous studies that identified
“mixed” (i.e., Ki67" and Ki67~ cells) and “unmixed” (i.e.,
Ki677 cells) cellular distribution patterns in melanoma tu-
mor tissues [52], we observed analogous patterns in relation
to malignant cells in OC. While cellular distribution pat-
terns and distances have not been extensively studied these
patterns furnish crucial information about biological pro-
cesses within tumor tissues associated with diverse tumor
characteristics. The correlation of cellular distribution pat-
terns with clinicopathologic features can enhance our com-
prehension of tumor biological behavior. Parra ef al. [51]
discovered that not only densities but also distribution pat-
terns and distances from malignant cells to different cell
phenotypes could be associated with outcomes.

Here we examine the spatial arrangement of Ki67™"
cells in 2D OC tissues and to ascertain if this arrangement
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is structured or governed by random mathematical princi-
ples. Utilizing a method that combines immunohistochem-
istry with spatial statistics, the study not only assessed the
abundance of Ki677 cells in terms of their density and num-
ber but also quantified their NNI and the proximity between
individual cells. The research revealed varying densities of
Ki677 cells between LGSCs and HGSCs (with a significant
p-value of 0.003), and between LGSCs and MAs (p-values
of 0.013 and 0.009 respectively). However, no significant
differences were found among other subtypes. When an-
alyzing the general organizational pattern and the interac-
tions among Ki67™ cells, the NNI for these cells in HGSCs
displayed a significant deviation from that in EA, but not
in comparison to other subtypes. The study determined
that the NNI and the abundance of Ki67% cells, in terms
of number and density, are unrelated factors. Although no
substantial differences were noted across OC histotypes,
HGSCs and MAs tended to exhibit more clustered Ki67+
cells compared to LGSCs. Conversely, there were notable
differences in the cell-to-cell closeness interaction of Ki6 7™+
cells between LGSCs and HGSCs, as evidenced by a sig-
nificant p-value of 0.002. While previous reports have indi-
cated that LGSCs exhibit a low proliferation rate, this study
uniquely demonstrates that the overall organizational pat-
tern and the proximity between cells differ between these
two OC histotypes. This finding underscores the signifi-
cance of evaluating not only the quantity of Ki67* prolif-
erating cells but also their 2D distribution pattern. Addi-
tionally, a notable difference in the size of Ki67" nuclei
was observed between LGSCs and HGSCs groups, aligning
with previous studies [44,45]. However, no significant dif-
ferences were noted when comparing other subtypes with
each other. Simulation proves to be a potent tool for as-
sessing and analyzing new system designs, alterations to
existing systems, and proposed adjustments to control sys-
tems and operating rules. A model, in this context, serves
as a representation of a system or process, with a simu-
lation model incorporating time and the dynamic changes
that occur over time. Specifically, a discrete model under-
goes state changes only at discrete time points rather than
continuously. Models may encapsulate logical, mathemat-
ical, and structural aspects of the system or process. Sim-
ulation becomes particularly advantageous when: (a) the
real system is regularized, meaning it is not chaotic and is
under control, allowing for the definition and characteriza-
tion of system components and their interactions; (b) the
real system exhibits a certain level of complexity, interac-
tion, or interdependence among components, or sheer size,
making it challenging to comprehend in its entirety. This
is especially true when predicting the effects of proposed
changes is difficult or impossible. Crucial steps in model
development involve formulating a list of specific ques-
tions that the model should address and establishing a set
of measures for evaluating or comparing different condi-
tions of the simulated phenomenon. Despite models not

perfectly replicating the “real world”, three models have
been developed in this study to enhance our understand-
ing of the proliferation dynamics in OCs. Presently, the
predominant methods employed in studying cell prolifera-
tion patterns involve immunofluorescence and immunohis-
tochemical staining of tissue sections. Consequently, only
static images and snapshots of the spatiotemporal evolu-
tion can be captured. Recognizing this limitation, the uti-
lization of computer models becomes fundamental to sim-
ulate dynamic processes — essentially an infinite sequence
of states that would otherwise be examined solely through
a series of non-continuous snapshots. These models illus-
trate that adding or removing Ki677" cells can significantly
affect the organizational structure and the capacity to pre-
serve the original distribution pattern. Specifically, when
randomly positioned Ki67" cells are added or removed,
configurations with lower initial densities of Ki67" cells
exhibit more pronounced changes in their NNI. In contrast,
configurations with higher initial densities of Ki67™ cells
are less susceptible to alterations by the addition or removal
of randomly located Ki67* cells. The results underscore
the critical significance of Ki67" cell density and their 2D
spatial arrangement. According to Model 1, when a uni-
form number of cells is added to an initial 2D distribution
pattern containing a high concentration of Ki67™" cells, the
proportion of cells in close proximity (intimate condition)
tends to remain more stable compared to a pattern that starts
with a fewer number of cells. This study supports the exist-
ing understanding that LGSC and HGSC are distinct types
of tumors. They differ in their origins, pathogenesis, mor-
phology, molecular characteristics, prognostic factors, and
response to treatment, as outlined in previous research [53].
Our research revealed that LGSCs possess a smaller quan-
tity of Ki67" cells, aligning with their documented slow
progression rate, especially when compared to HGSCs. Ad-
ditionally, LGSCs exhibit a reduced proportion of Ki67+
cells in close proximity (intimate condition). This pattern
of slow growth in LGSC is attributed to its extended cell cy-
cle duration, which is associated with a favorable progno-
sis. Conversely, this prolonged cell cycle also contributes
to a decreased sensitivity to chemotherapy, an aspect that is
considered indicative of a poorer prognosis [54,55]. Based
on our findings we hypothesize that increasing the number
of cells in intimate condition might improve the response
to therapy of LGSCs. It has been also shown that NNA on
a relatively small tissue sample is sufficient to produce an
accurate picture of the spatial distribution of the underlying
population. An advantage that may accrue from the investi-
gation of spatial distribution in addition to incidence is that
both techniques may converge on a common explanation
for a phenomenon [56,57].

The study presents a scenario where if incidence re-
search points to greater heterogeneity in certain areas, and
spatial studies show clustering in these same areas, it could
be inferred that the observed phenomenon tends to form
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groups. This illustrates how spatial distribution analysis
complements incidence studies by providing a different
kind of information. In histopathology, the NNA is valu-
able for understanding the mechanisms behind pattern for-
mation. The NNI measures how much an observation devi-
ates from a theoretically random distribution. Importantly,
the NNI is dimensionless, allowing for direct comparison
of patterns across various spatial scales. The spatial point
analysis sheds light on the interactions among individuals
in a population within their complex environment, offering
deeper insights than simple density measurements. NNA
could reveal new aspects of the intricate relationships be-
tween malignant proliferating and non-proliferating cells,
as well as other cell types in the microenvironment. Our
findings indicate that the spatial arrangement of Ki67 " pro-
liferating cells in 2D tissue sections does not adhere to ran-
dom mathematical rules. To establish potential links be-
tween the topography of Ki67™ patterns and the clinical
and pathological characteristics of specific tumors, exten-
sive studies involving large cohorts of subjects are recom-
mended.

Bulloni et al. [57] raise an intriguing question regard-
ing the stochastic distribution of Ki67 in tumors. They sug-
gested that the diverse proliferation rates among cell clones
[58] could be leveraged to gain deeper insights into tumor
biology. Cell proliferation is a key characteristic of OCs
and a strong link between Ki67 levels and both recurrence
and prognosis of OC has been established [59]. Further-
more, Grabowski ef al. [22] have identified a correlation
between Ki67 expression and several factors in LGSCs, in-
cluding response to chemotherapy, the time to recurrence
after platinum-based chemotherapy, and surgical outcomes.
However, there is currently a lack of research on the com-
bined assessment of Ki67™ cell density and their 2D dis-
tribution pattern. It has been observed that LGSCs exhibit
a distinct clinical profile and a reduced responsiveness to
chemotherapy [22]. We found distinct differences between
low- and high-grade serous OCs in terms of Ki67T cell
density and their 2D distribution patterns. While the ran-
domness of Ki67 ™ cells does not significantly vary between
these two OC subtypes, the proximity of cells to each other
(cell-to-cell closeness) does show a statistical difference,
being more pronounced in HGSCs. Conversely, no statisti-
cal disparity was found in the cell-to-cell closeness among
other examined subtypes, though the degree of randomness
did differ significantly between HGSCs and EAs. Despite
these promising preliminary results, our study did not inves-
tigate the relationship between Ki67 cell density and distri-
bution patterns and the clinical progression of different OC
histotypes. Additionally, given the ongoing debate about
the use of Ki67 in oncology, particularly concerns about its
variable interobserver reproducibility and discrepancies be-
tween biopsy and surgical samples due to the unpredictable
distribution of proliferating clones within tumors, further
research is needed. Specifically, we aim to explore how
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well findings from a small tissue fraction (such as a TMA
core) correspond with observations from entire histological
slides.

The combination of NNA with deep learning [60,61]
and machine learning algorithms offers a unique method
to analyze the diverse Ki67" cell patterns in 2D tissues.
This technique has the potential to automate the classifi-
cation of these patterns according to their shared features.
The NNI, crucial in this setting, measures how patterns dif-
fer from random distributions, thus enabling comparisons
across various pattern types. This study sheds light on the
vital role of Ki67" cell density and their 2D spatial ar-
rangement in comprehending OC proliferation. Our find-
ings underscore the significance of these factors in main-
taining the structure of the system. Investigating the spa-
tial interactions of Ki67" cells provides insights into their
influence on the tumor microenvironment. For instance,
Ki67" cell clusters may reflect areas of intense prolifera-
tion, whereas a more scattered distribution might indicate
diffuse growth. Analyzing these distribution patterns, es-
pecially in response to the addition or removal of cells, un-
derscores the critical impact of spatial organization on the
structure and functioning of biological systems. Leveraging
spatial statistics and artificial intelligence could further re-
fine this analysis by automating the identification and clas-
sification of Ki67" cells based on characteristics such as
density or specific tissue locations. This knowledge could
be instrumental in predicting and influencing system be-
havior under different conditions, thereby informing future
therapeutic approaches targeting specific cell groups. Our
study’s findings have significant potential clinical applica-
tions, particularly for diagnosis, prognosis, and treatment
of OC. The distinct proliferation patterns, as evidenced by
the spatial distribution of Ki67F cells, could aid in refin-
ing the diagnostic criteria for OC subtypes. Such patterns
may serve as biomarkers for identifying aggressive tumors,
thus influencing treatment decisions. In terms of progno-
sis, the density and distribution of Ki67" cells could be in-
dicative of patient outcomes. For example, a higher density
might correlate with poorer prognosis or higher recurrence
rates. Therefore, incorporating these patterns into prognos-
tic models could enhance the accuracy of patient outcome
predictions. Lastly, understanding these proliferation pat-
terns could inform the development of targeted therapies,
where treatment strategies are tailored based on the specific
proliferation characteristics of the tumor.

The difference in distribution patterns, particularly be-
tween LGSCs and HGSCs, may indicate distinct patho-
physiological processes [23,24,62—-65].  For instance,
densely clustered Ki67+ cells in HGSCs could reflect a
higher degree of cellular proliferation and aggressiveness,
consistent with the generally more advanced and rapidly
progressing nature of these tumors. Conversely, the more
dispersed Ki67" cells in LGSCs may correlate with their
slower growth and proliferation, aligning with the gener-
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ally indolent nature of these tumors. Furthermore, these
distribution patterns could be indicative of differences in
tumor microenvironmental factors, such as angiogenesis,
immune infiltration, and stromal interactions, which are
known to influence tumor behavior and progression. The
spatial organization of proliferating cells might also suggest
variations in genetic and epigenetic regulation across sub-
types, potentially offering insights into the distinct molec-
ular pathways driving tumor growth and resistance to treat-
ment. The findings of this study have several implications
for the clinical management of OC. The distinct differences
observed in Ki67™ cell density and distribution patterns be-
tween different OC histotypes, particularly between LGSCs
and HGSCs, could aid in refining diagnostic criteria and
prognostic assessments. For instance, the unique prolifer-
ation patterns and cell-to-cell proximity observed in these
subtypes could be used to develop more accurate diagnos-
tic markers, enhancing early detection and stratification of
OC cases. Moreover, understanding the spatial organiza-
tion and proliferation dynamics of these cells offers poten-
tial avenues for targeted therapeutic strategies. The vari-
ability in Ki67™" cell clusters and their distribution patterns
could inform the development of treatments that are tailored
to specific tumor microenvironments. This could lead to
more effective and personalized approaches in treating OC,
potentially improving response rates to chemotherapy and
overall patient outcomes. Furthermore, the integration of
spatial statistics and machine learning in analyzing these
patterns could pave the way for innovative diagnostic and
therapeutic tools, harnessing the power of advanced tech-
nology to combat OC more effectively.

In addition to Ki67, other proliferation markers such
as PCNA, MCM2, and PHH3 are also critical in under-
standing the proliferative activity in OC. A comparative
analysis with these markers could provide a more compre-
hensive view of tumor biology. While Ki67 is a widely
used marker for assessing cell proliferation, other mark-
ers like PCNA [66—-69] and MCM2 [70-73] offer differ-
ent perspectives, such as insights into DNA replication pro-
cesses and cell cycle progression. Comparing the distribu-
tion patterns of these markers with Ki67 could reveal syner-
gistic or divergent trends in proliferation, potentially offer-
ing new insights into tumor behavior. While the objective
of the present research study did not encompass address-
ing other proliferative markers, we acknowledge the sig-
nificance of conducting a comparative analysis with such
markers. Recognizing this importance, we have outlined
a dedicated study specifically designed to explore the spa-
tial interactions among distinct cancer subpopulations iden-
tified by specific proliferation markers. The goal is to gain
a deeper understanding of the asynchrony among cells un-
dergoing the duplication process. Furthermore, the investi-
gation of the roles of cyclin-dependent kinases in cell-cycle
progression and exploring therapeutic strategies for human
OC is an important challenge.

The collaborative efforts of mathematicians, biolo-
gists, and clinicians [74-76] are crucial in developing a uni-
fied quantitative understanding of cancer complexity. This
interdisciplinary approach not only aids in clarifying con-
cepts and interpreting both new and existing data, but it
also guides the design of alternative experiments and helps
in categorizing knowledge about various cancers based on
similarities and shared behaviors.

Conclusions

Cell proliferation is a hallmark of OCs. This study
provides new evidence that investigating the Ki67+ cell
density and 2D distribution pattern can assist in understand-
ing the proliferation status of OCs. Moreover, our computer
models suggest that modifications in Ki6 7+ cell density and
their location are critical for maintaining the 2D distribution
pattern.
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