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Abstract

Although polyploid cells were first described nearly two centuries ago, their ability to proliferate
has only recently been demonstrated. It also becomes increasingly evident that a subset of

tumor cells, polyploid giant cancer cells (PGCCs), play a critical role in the pathophysiology

of breast cancer (BC), among other cancer types. In BC, PGCCs can arise in response to therapy-
induced stress. Their progeny possess cancer stem cell (CSC) properties and can repopulate the
tumor. By modulating the tumor microenvironment (TME), PGCCs promote BC progression,
chemoresistance, metastasis, and relapse and ultimately impact the survival of BC patients. Given
their pro- tumorigenic roles, PGCCs have been proposed to possess the ability to predict treatment
response and patient prognosis in BC. Traditionally, DNA cytometry has been used to detect
PGCCs.. The field will further derive benefit from the development of approaches to accurately
detect PGCCs and their progeny using robust PGCC biomarkers. In this review, we present the
current state of knowledge about the clinical relevance of PGCCs in BC. We also propose to

use an artificial intelligence-assisted image analysis pipeline to identify PGCC and map their
interactions with other TME components, thereby facilitating the clinical implementation of
PGCCs as biomarkers to predict treatment response and survival outcomes in BC patients. Finally,
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we summarize efforts to therapeutically target PGCCs to prevent chemoresistance and improve
clinical outcomes in patients with BC.
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intelligence

Introduction

Polyploidy is an important evolutionary feature in plants, animals, and fungi, in which

a diploid cell or organism acquires multiple sets of chromosomes. Polyploidy plays a
critical role in normal growth and development of cells (e.g., in macrophages, hepatocytes,
osteoclasts, cardiomyocytes, and muscle cells), as well as in tissue regeneration [1-4]. On
the other hand, unscheduled polyploidy is commonly associated with pathophysiological
states, such as chronic hepatitis, several age-related diseases, and cancer [5-8]. Growing
evidence strongly suggests the crucial role of a subset of cancer cells known as polyploid
giant cancer cells (PGCCs) in tumor heterogeneity and therapy resistance. PGCCs often
arise in response to stress, including chemotherapy [2], ionizing radiation [9], and hypoxia
[10,11]. They are involved in tumor initiation and progression, therapy resistance, and
metastasis in various carcinomas, including breast, ovarian, prostate, and lung carcinomas
[12,13]. Figure 1 illustrates representative immunofluorescence and hematoxylin- eosin
(H&E)-stained images of PGCCs from various cancer cell lines and tissues.

Breast cancer (BC) is the second most common cause of cancer mortality among women
[14]. Metastasis and recurrence after surgical removal of the primary tumor are the primary
causes of death in BC patients; PGCCs have been implicated in both BC metastasis and
recurrence. In this review, we present the current state of knowledge about the clinical
relevance of PGCCs in BC and the role of digital pathology and artificial intelligence

(Al) in PGCC detection to predict treatment response and survival outcomes. We also
discuss methodological obstacles hindering the study of PGCCs, including the lack of robust
biomarkers to accurately identify PGCCs and their progeny. Lastly, we describe efforts to
therapeutically target PGCCs to prevent chemoresistance and tumor relapse in patients with
BC.

PGCCs and breast cancer

The presence of PGCCs in various solid tumors is widely documented [15]. Although
PGCCs may be found in premalignant lesions, PGCCs are more frequently observed

during the advanced stages of cancer [16] and after treatment [11]. Typically, PGCCs

are considered destined for senescence or apoptosis. Due to their presumed inability to
proliferate, PGCCs were believed to suppress tumor progression. However, it has become
increasingly evident that PGCCs play a crucial role in BC pathophysiology, including tumor
relapse, metastasis, and chemoresistance [11,16,17].
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PGCCs have been observed in low numbers in chemosensitive cells before treatment;
however, PGCC numbers are drastically increased in response to therapy-induced stress
[18]. Compared with other cancer cells, PGCCs are more resilient to chemotherapy, as
revealed by time-lapse imaging of triple-negative BC (TNBC) MDA-MB-231 cells [18].

A positive correlation between the number of PGCCs and the tumor stage and grade

has also been reported [19]. In addition, chemoresistant MDA- MB-231 cells displayed

a higher number of PGCCs than parental MDA-MB-231 cells [6]. Notably, the number

of PGCCs was significantly associated with the degree of metastasis in patients with BC
[16]. A growing amount of evidence also demonstrates a causal role for PGCCs in BC
initiation, progression, metastasis, and chemoresistance. Gerashchenko et al. observed that
near-triploid DNA content in BC samples (including TNBC) was a marker of poor response
to neoadjuvant chemotherapy (NAC) and that these cancers had a fourfold higher proportion
of polyploid cells compared with near-diploid cancers [20,21]. Interestingly, our recent
analysis of tumors from TNBC patients treated with NAC showed that tumor tissues from
patients with residual disease had significantly higher numbers of PGCCs than tumors from
patients with pathological complete response (unpublished data), suggesting that PGCCs
may underlie chemoresistance to NAC.

Moderate, clinically relevant doses of chemotherapy drugs often lead to senescence instead
of apoptosis, accompanied by the formation of PGCCs. Even though most of these

PGCCs eventually undergo apoptosis, 10%—20% of PGCCs survive senescence [22-24].
Importantly, surviving PGCCs display stem cell-like properties and can undergo asymmetric
division to form progeny cells with near-diploid nuclei. These near-diploid progeny

cells can undergo normal mitosis and repopulate the tumor, resulting in tumor relapse.
Furthermore, single PGCCs isolated from cancer cell lines formed tumors when injected into
immunodeficient mice, underpinning the tumorigenicity of PGCCs [11,24,25] By contrast,
injection of hundreds of non-PGCC diploid cancer cells into nude mice failed to produce
tumors. The PGCC progeny arising from the newly formed tumor tended to be resistant

to chemotherapy and hypoxia [11,24]. Although polyploidy is associated with multidrug
resistance [26,27], therapy-induced PGCCs promoted short-term chemoresistance only to
the drug they had been exposed to /n vitro. We have previously reported that long-term
docetaxel exposure in castration-resistant prostate cancer cells resulted in the formation

of multinucleated polyploid (MP; another term for PGCC) cells which had tumorigenic
potential in nude mice [28]. These MP cells and their progeny were chemoresistant and
possessed CSC-like properties (positive for CD44 marker) [28]. In a study by Pirsko et al.,
the treatment of MDA-MB-231 cells with doxorubicin promoted doxorubicin resistance;
intriguingly, sensitivity to other therapeutics (e.g., vinblastine, cisplatin, and 5-fluorouracil)
was increased, suggesting that a brief time window may be available for combination
therapies to eradicate both non-PGCCs and the chemo resistant PGCCs [29].

The extensive crosstalk between PGCCs and the tumor microenvironment (TME)
contributes to the ability of PGCCs to promote chemoresistance and metastasis [12][15].
However, a thorough investigation of PGCCs’ clinical significance in BC is lacking. TNBC
(negative for estrogen, progesterone, and HER2 receptors) is a highly heterogeneous BC
subtype. TNBC and one of its subtypes, quadruple negative breast cancer (QNBC; TNBC
that additionally lacks expression of androgen receptor), are particularly aggressive in
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women of African descent. Reports suggest that differences in the breast TME between
non-Hispanic whites and African Americans may be partly responsible for racial disparities
in BC outcomes. The investigation of differences in numbers, size, and the features of
PGCCs in conjunction with the TME is an uncharted terrain and may provide further insight
into the mechanisms underlying racial disparities in BC.

Life cycle of PGCCs

The primary objective of cancer therapy is the complete elimination of cancer cells through
apoptosis and autophagy, which, however, is rarely achieved due to genetic mutations,
development of tolerance, or limited drug bioavailability. Evidence strongly suggests that
instead of immediately succumbing to death by apoptosis, tumor cells undergo cellular
growth arrest referred to as therapy- induced senescence, before eventually undergoing
apoptosis [30]. However, therapy-induced stress may cause mitotic slippage in a subset of
cells and the formation of PGCCs [31], which remain metabolically active and are capable
of escaping senescence [32-34].

The formation and subsequent proliferation of PGCCs by giant cell division and budding,
was initially described as neosis by Sundaram et al., [35], and was further expanded upon
by Erenpreisa and Cragg, [36], and later referred to by Niu and colleagues as the “giant cell
cycle”. The cycle consists of four phases: initiation, self-renewal, termination, and stability
[26]. This is rooted in the embryonic theory of cancer, wherein the division of PGCCs

by endoreplication is not unlike the programmed, blastomere-mediated dedifferentiation of
germ cells [37] During the initiation phase, diploid cancer cells enter the polyploidy cycle in
response to a stressor, bypassing the cell division checkpoints and evading apoptosis. In the
self-renewal phase, the polyploid cells continue to undergo endoreplication cycles, while the
remaining diploid cells succumb to stress-induced apoptosis. The termination phase involves
the depolyploidization of PGCCs to form near-diploid daughter cells. During the stability
phase, the newly generated daughter cells undergo normal mitotic division, giving rise to the
next generation of near-diploid cancer cells which fuel tumor growth [26].

PGCCs are formed through either cell fusion or endoreplication, with the latter being the
more prevalent mechanism of PGCC formation (Figure 2). Formation of PGCCs through
cell fusion has been reported in Hodgkin’s lymphoma [38] and glioblastoma [39] cell lines.
Despite reports of PGCCs generation through cell fusion, cell fusion in MDA-MB-231

and ovarian cancer cells contributed to only 109%—-20% of all PGCCs [11]. These studies
involved co-culturing cells that expressed either GFP (green fluorescent protein) or RFP (red
fluorescent protein), followed by exposure to drugs or hypoxia to induce PGCC formation.
Cell fusion was then quantified by counting cells emitting a merged yellow fluorescence.

In contrast to cellular fusion that may give rise to a binucleate cell, endoreplication
generally results in the formation of a single large nucleus containing multiple copies of

the genome [40]. During endoreplication, cells escape the mechanisms regulating the cell
cycle due to alterations in the mitotic cycle or cytokinesis [12]. Cytokinetic failure leads

to the formation of binucleate cells, which may fuse to form an enlarged single nucleus.
During endoreplication, cells bypass mitosis before metaphase (known as endocycle) or after
metaphase (referred to as endomitosis). In contrast to mitotic bypass resulting in a single
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large spherical nucleus, mitotic failure after metaphase may result in a single lobulated
nucleus.

Although the mechanisms underlying PGCC formation are under investigation, it is known
that endoreplication relies on the disruption of cell cycle checkpoints enforced by cyclin-
dependent kinases (CDKSs). The p53/p21 and p16/pRB pathways are key regulators of
CDKs, playing a pivotal role in the induction of apoptosis or senescence in tumor cells after
chemotherapy [42]. Depending upon the extent of DNA damage, p53 activation results in
either DNA repair (when the damage is limited) or cell cycle arrest and apoptosis (when the
damage is extensive). Severe DNA damage due to chemotherapy or hypoxia results in the
upregulation of p53, which inhibits the activity of cyclin/CDK complexes responsible for the
assembly of the mitotic apparatus, thereby blocking the transition at the G1/S or G2/M phase
of the cell cycle. However, some cells with DNA damage re- enter the cell cycle and exit at
the G2 phase, giving rise to polyploid cells [43].

As most solid tumors harbor p53 mutations, DNA damage suppresses cyclin B expression

in a p53-independent manner, allowing cancer cells to undergo endoreplication. High
expression of the cyclin B binding partner CDK1 has been linked to the formation of PGCCs
[44]. In PGCCs, increased expression of CDK1 [44,45] and its downstream effector survivin
[46] has been associated with the ability of PGCCs to re-enter the cell cycle and thereby
escape therapy-induced senescence. Dysregulation of Aurora kinase B, which interacts with
survivin to regulate chromosome segregation, has also been implicated in the formation of
polyploid cells [9]. G1/S transition is regulated by the transient expression of the CDK
inhibitor p21. In p53-deficient tumors, chronic overexpression of p21 can lead to unfettered
cell replication despite the accumulation of DNA damage, leading to the formation of
PGCCs [47].

Fate of PGCC progeny

Observations from colony formation assays led to the conclusion that PGCCs either do not
proliferate or proliferate very slowly. Even though a fraction of PGCCs may undergo cell
death after senescence, the rest are capable of asymmetric division resulting in the formation
of aneuploid or diploid cells [30]. PGCCs can produce regular-sized mononucleated cells
through neosis, which involves karyokinesis via nuclear budding followed by asymmetric
cytokinesis [32,35].We have previously reported neosis in prostate cancer cells [28] in
alignment with findings from other groups in multiple human cancer cell lines, including
breast [16] and ovarian cancer cell lines [48]. Besides budding, burst-like division has

also been reported in some cell lines [11] (Figure 2). These mononucleated daughter cells,
occasionally referred to as “Raju cells”, transiently exhibit stem cell-like properties before
undergoing cell division or apoptosis. In fact, tumor budding has been associated with lymph
node and distant metastasis and recurrence and is an emerging independent prognostic factor
[49].

Although a portion of daughter cells die due to mitotic catastrophe, depolyploidization
due to meiosis-like division can occur in daughter cells to producing near-diploid cells
(Figure 2). These daughter cells can resume mitosis and are pluripotent and stem cell-
like, with the ability to self-renew and differentiate into epithelial cancer cells or benign
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cells. PGCC progeny cells resemble embryonic stem cells and can give rise to any cell

type of the three germ layers. They can be induced to differentiate into benign tissues

(e.g., bone, cartilage, and adipose tissue) [11] or stromal cells (e.g., endothelial cells,
inflammatory cells, fibroblasts, and erythroid cells) [50] (Figure 2). Thus, PGCC progeny
cells can become a part of the TME by populating the tumor stroma [51] or contribute to
vascular mimicry (VM) [52] channels, increasing the risk of metastasis [51,52]. The PGCC
progeny can also differentiate into malignant cells, which are often more chemoresistant
and metastatic than parental cells, owing to newly acquired mutations [11,17]. Due to their
mesenchymal phenotype, these cells can also migrate to various tissues or organs to form
new tumors [16].

Characteristics of PGCCs and potential biomarkers

Cancer stemness—PGCCs express both normal and CSC markers such as octamer-
binding transcription factor-4 (OCT4), NANOG, sex-determining region Y-box 2 (SOX2),
CD44, and CD133 [11,20,53]. PGCC daughter cells also exhibit stem cell-like properties
and express CSC markers, such as the surface glycoproteins CD44 and CD133 [11].

They exist in a highly dedifferentiated state similar to embryonic cells and are more
pluripotent than typical CSCs. The PGCC progeny resemble blastomeres during embryonic
development and can differentiate into different cell types of the three germ layers
(ectoderm, mesoderm, and endoderm) /n vitro [26]. They exhibit spatiotemporal expression
of embryonic and self-renewal markers, such as NANOG, OCT3, OCT4, aldehyde
dehydrogenase-1A (ALDH1A) [29], and SOX-2 [11]. The daughter cells can differentiate
into different types of benign cells (e.g., adipocytes, chondrocytes, erythrocytes, and
osteocytes) or give rise to carcinomas of different grades. A study by Zhang and colleagues
demonstrated that PGCC progeny from the MCF-7 cell line could differentiate into benign
stromal cells, including myoepithelial, endothelial, and erythroid cells [50]. Given the role
of the tumor stroma in regulating the bioavailability and enzymatic degradation of drugs,
PGCCs can play an important role in promoting resistance to various anticancer therapies
[54].

Epithelial-to-mesenchymal transition—PGCCs and their progeny often undergo
epithelial-to-mesenchymal transition (EMT). EMT involves dramatic cytoskeletal alterations
that result in changes in cell adhesion and morphology and is essential for the metastatic
spread of cancer cells. Expression of high levels of the mesenchymal markers vimentin,
fibronectin, and N-cadherin and low levels of the epithelial markers cytokeratin and E-
cadherin have been observed in PGCCs [16] and their progeny [17]. In cancer cells, EMT
and the acquisition of stemness phenotypes are closely linked [55]. Similarly, a correlation
between the expression of EMT and stemness markers has been reported in PGCC progeny
cells. This relationship is exemplified by the induction of EMT in human mammary
epithelial cells by the transforming growth factor-pg (TGF-B), which also facilitates the
generation of cells with stem cell-like properties (CD44 expression and self-renewal ability)
[56]. Furthermore, the expression of Twist family members [56,57] and Snail proteins [56]
can induce a stem cell-like phenotype in BC cell lines. In BC cell lines, induction of Twist-1
expression and TGF-f exposure are associated with chemoresistance due to the increased
expression of ATP-binding cassette (ABC) transporters mediating drug efflux [58]. ABCG2
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(ATP-binding cassette superfamily G member 2) overexpression is common in PGCCs
and their progeny cells [11], promoting multidrug resistance. Thus, the chemoresistance-
metastasis-stemness nexus described is apparent in PGCC daughter cells.

Tumor microenvironment—PGCCs can promote resistance to chemotherapy by
modulating the TME. Exposure of chemosensitive BC cell lines to conditioned medium
(previously used to culture chemoresistant BC cell lines) induced the expression of B-

cell lymphoma-extra-large (Bcl-xL) and other anti-apoptotic proteins and suppressed the
expression of pro-apoptotic proteins [6]. PGCC-derived growth factors and cytokines,
including vascular endothelial growth factor (VEGF) and macrophage migration inhibitory
factor (MIF), were able to promote chemoresistance in chemosensitive cancer cells [6]. MIF
[59] and VEGF [60] are implicated in angiogenesis essential for the sustained growth of
tumors. In addition, MIF inhibits the key tumor suppressor p53 [59]. Given the role of p53
in the induction of apoptosis or senescence in response to DNA damage, PGCC-derived
MIF may allow cancer cells to grow despite the accumulation of DNA damage [59]. PGCCs
can also modulate the composition of the TME by recruiting diploid cancer cells from
adjacent areas; these diploid cells can eventually become PGCCs. The complexity of the
TME contributes to spatial variability in drug exposure within the tumor, resulting in an
uneven distribution of PGCCs within the TME. In an /n vitro study on PC3 cells treated with
a drug gradient to simulate the TME, PGCCs emerged in larger numbers in areas exposed
to higher drug doses [61]. Diploid cells from low-dose areas migrated to these high-dose
regions and formed PGCCs. It is likely that PGCC-derived factors are partly responsible for
the migration of diploid cells to the high-dose regions.

The relationship between PGCCs and the TME is bidirectional, with TME-associated
stressors inducing the formation of PGCCs. TME stressors include hypoxia, interstitial
pressure, uneven blood flow, and extracellular matrix stiffness [13]. Tumor progression
limits oxygen availability to the surrounding tissues and establishes a hypoxic
microenvironment, which can promote resistance to chemotherapy, radiotherapy, and
immunotherapy. Cobalt chloride (CoCly)-induced hypoxia in cell lines resulted in the
formation of PGCCs [10,16]. One of the common responses to CoCl,-induced hypoxia

is the stabilization of the transcription factor hypoxia-inducible factor 1-a (HIF1a), which
regulates chemoresistance [62], stemness [63], and EMT [64]. HIF1a stabilization has also
been reported in PGCCs after induction of therapy-induced senescence in MDA-MB-231
cells [6]. These PGCCs exhibited elevated levels of reactive oxygen species (ROS), which
stabilized HIF1a [6]. They also displayed a lower mitochondrial potential, presumably

as a consequence of oxidative stress-induced mitochondrial damage. Furthermore, cellular
senescence is closely linked to mitochondrial dysfunction and ROS accumulation [65],
consistent with the observation that most PGCCs generated after drug treatment had
higher levels of the senescence marker B-galactosidase [6,66]. Interestingly, ROS have
been implicated in cancer cell escape from therapy-induced senescence and the formation
of polyploid cells. In a study by Mosieniak et al., the ROS scavenger Trolox temporarily
reduced the number of polyploid cells generated in HCT-116 cells after doxorubicin
treatment [66]. Chen et al. highlighted that PGCC stemness, vasculogenic mimicry,
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metastasis, and chemoresistance were the net output of the dynamic relationship between
PGCCs and the TME [12].

Vascular mimicry—PGCCs and their progeny cells contribute to VM, thereby enabling
the survival of aggressive tumors. Similar to angiogenesis, VM also facilitates the supply
of nutrients and oxygen to tumors. VM is induced by hypoxia and involves the formation
of tumor-derived channels that connect tumor cells with endothelial blood vessels. PGCCs
and their progeny can form the walls of VM vessels [19]. Although the role of PGCCs in
VM has been mostly studied in human glioma and ovarian cancer, PGCCs and their progeny
cells are believed to have a similar role in VM in BC. CSCs, hypoxia, and mesenchymal
stem cells are essential for the induction of VM; PGCCs in BC display all these properties,
supporting the notion that PGCCs promote VM in BC. Significantly, the PGCC progeny
cells in the BC cell lines MCF-7 [50] and BT-549 [67] were capable of differentiating into
erythroid cells /n vitro. The presence of PGCCs and PGCC-derived erythrocytes in VM
vessels has also been demonstrated. Unlike erythroid cells generated from hematopoietic
stem cells and mesenchymal stem cells in the bone marrow, PGCC-derived erythroid

cells contained high levels of fetal and embryonic hemoglobin [67]. Compared with adult
hemoglobin, fetal and embryonic hemoglobin have a higher affinity for oxygen, facilitating
the survival of the tumor in a hypoxic environment.

A shifting genetic, epigenetic, and metabolic landscape—The ability of PGCCs to
cope with stressors, such as hypoxia and drugs, may be attributed to the multiple copies of
each gene, allowing for DNA recombination and variation in epigenetic patterns. PGCCs
can epigenetically silence p53 pathway components and thereby escape apoptosis and
senescence [68]. Furthermore, PGCCs express high levels of DNA repair genes, including
BRCAL (breast cancer gene-1) and p19Arf, rendering PGCCs resilient to the cytotoxic
effects of anticancer treatments [68]. PGCCs also show considerable ploidy level variations
after drug treatment [18], contributing to the overall heterogeneity of tumor cells.

Due to these extensive genetic and epigenetic changes, PGCCs significantly differ from
non-PGCCs in terms of morphology and mechanical properties. PGCCs generated after
paclitaxel treatment of MDA-MB-231 cells exhibited remarkable cytoplasmic and nuclear
stiffness accompanied by changes in cytoskeletal organization [18]. The changes in
cytoskeletal organization characterized by thick and elongated actin stress fibers contributed
to the enhanced migration potentials of these cells. In the same study, PGCCs also exhibited
dysregulation of the RhoA-ROCK?1 pathway associated with increased malignancy [18].

PGCCs also show a distinct metabolic shift from oxidative phosphorylation to glycolysis
[69], allowing PGCCs to survive under hypoxic conditions. A recent study involving the
chemoresistant TNBC cell line MDA-MB-436, showed that PGCCs had a higher number

of small mitochondria and small lipid droplets than the parental chemosensitive cells.

The accumulation of lipid droplets was accompanied by changes in lipid metabolism,

as suggested by the transcriptomic profile of the PGCCs. Furthermore, PGCCs from
chemoresistant TNBC cells exhibited higher levels of oxidative phosphorylation and reduced
levels of glycolysis indicated by a lower lactate secretion [70]. The discrepancies in the
utilization of oxidative phosphorylation in PGCCs may have resulted from methodological
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differences, such as cell density, temperature, and the elapsed time before cell assessment.
It is also possible that PGCCs utilize aerobic glycolysis under normoxic conditions /n
vivo and switch to anaerobic glycolysis in response to hypoxia. The metabolism-regulating
kinase mTOR is also upregulated in PGCCs, consistent with elevated glycolysis levels.
Thus, mTOR can be used as a PGCC marker. In a study by Mosieniak et al., mTOR was
overexpressed in the colorectal carcinoma cell line HCT-116 after doxorubicin treatment,
and mTOR upregulation was accompanied by increased numbers of polyploid cells and
reversible therapy-induced senescence [66]. By contrast, mTOR was not overexpressed in
MCEF-7 cells, which showed senescence but no polyploidy after doxorubicin treatment.
Importantly, doxorubicin-induced senescence in MCF-7 cells was irreversible, indicating
that polyploidization is required for tumor cells to grow after doxorubicin treatment [66].

Isolation and characterization of PGCCs

PGCCs are identified based on their DNA content and morphological features such as

cell and nuclear size. Nevertheless, considerable morphological heterogeneity exists among
PGCCs. Over the last thirty years, PGCCs have been referred to as multinucleated cells
(MN) [71], giant cells [72], endopolyploidy tumor cells [23], and monster cells [73].
Although the distinction between mononucleated and multinucleated PGCCs may be
informative, the mechanisms underlying their formation may be similar.

PGCCs are typically isolated from mononuclear cells using size-based filtration techniques
such as light scattering in FACS (fluorescence-activated cell sorting) [21] and manually
through a nylon filter [24]. More recently, CoCl,-induced hypoxia treatment has been
employed as a method to isolate PGCCs; CoCls selectively kills diploid tumor cells, thereby
allowing for the isolation of PGCCs. To study the molecular mechanisms underlying PGCC
formation, Zhang and colleagues isolated PGCCs and evaluated the protein expression
patterns in CoCl, generated PGCCs and in PGCCs that were in the process of budding

[74]. For comparison, they also assessed the protein expression patterns in diploid cancer
cells using an ITRAQ (Isobaric Tags for Relative and Absolute Quantitation)-based high-
throughput approach. Differences were observed in the expression of proteins involved in
cell cycle regulation, stem cell generation, hypoxic response, and EMT [74].

Traditionally, quantification of PGCCs in DNA-stained cell samples is based on profiling
their DNA content (DNA histograms) through flow and image cytometry. Flow cytometry

is widely used owing to its ability for rapid analysis of a large number of cells and precise
quantification of S-phase cells [75,76]. Flow cytometry analysis can only be performed

on cell suspensions, whereas image cytometry can also be done on histological sections,
allowing for a morphological assessment of the cells and, thus, a better characterization of
the tumor cell population [76]. Flow cytometry cannot discriminate cancerous cells from
normal stromal cells, macrophages, and granulocytes unless cells are specifically labeled.
By contrast, examination of cells under a microscope can distinguish cancer cells from
normal cells based on their size, shape, and textural features of the nuclei. A four type (I-1V)
diagnostic and prognostic classification of BC DNA histograms was first proposed by Auer
et al. [77]The Auer classification, however, is unable to discern populations of BC cells

that differ in their biological traits. Subsequently, additional parameters (e.g., ploidy balance,
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proliferation index, DNA index) have been suggested to take into account the phase of the
mitotic cycle of individual cells, the growth fraction of the cell population, and the different
karyotypes of cells [78-81].

A study by Diaz-Carballo described at least four different morphological patterns in
multinucleate cells obtained after etoposide treatment in carcinoma cell lines [82]. The
nuclei shape in “spiral” PGCCs was wreath-like in two dimensions and spiral-like in three
dimensions. These spiral cells expressed high levels of proliferating cell nuclear antigen
(PCNA), indicating a proliferating state. “Monastery” PGCCs had large nuclei surrounded
by progeny cells encapsulated in a wall-like structure. Mitochondria tended to accumulate
around the wall-like structure and were considered to play a vital role in the formation

of this structure. “Pregnant” cells were similar to monastery cells but lacked wall-like
structures. Interestingly, the progeny cells surrounding the large nucleus possessed their own
cellular membrane and could undergo replication while still embedded in the large parent
cell. “Shepherd” cells were relatively rare; they were pear-shaped and had a lobopodium
considerably larger than the cell body. Shepherd cells were generally spotted in the vicinity
of multiple smaller cells [82]. A study by Zhang et al. reported that PGCCs from MDA-
MB-231 and HEY cells had a neuron-like shape; in contrast, PGCCs from the ovarian

cell line SK-OV-3 had a more spherical shape without branches [11]. The nomenclature
describing the PGCC progeny with distinct morphological features is inconsistent, and the
functional significance of PGCCs with different morphologies needs to be clarified.

Currently, our laboratory is investigating whether PGCCs and other TME components have
predictive value for treatment response (measured as pathologic complete response versus
residual disease) and could serve as a novel biomarker of therapy resistance in BC patients.
To this end, we have proposed a digital pathology approach for the analysis of PGCCs

and other key TME structures using whole slide images (WSIs) of BC tissue samples, as
discussed below.

PGCC and TME mapping using digital pathology

Traditional pathology involves the preparation of tissue slides and their microscopic
evaluations by pathologists. Despite proffering certain merits, such as transparent
interpretability and review flexibility, traditional pathology is subject to high intra-reader and
inter-reader variability, low review and processing capacity, and significant sampling bias.
Whole-slide image cytometry which combines whole slide imaging (H&E stained) with
DNA image cytometry (Feulgen stained), has also been used for detecting abnormal DNA
content (83). It is more objective than histological assessment and cost-effective and simpler
to use compared to image cytometry (83). By contrast, digital pathology pipelines supported
by high-performance computing can automate slide analysis, allowing for a large number

of whole slide pathology images to be analyzed simultaneously. Phenotypic features can be
extracted from all tissue domains, providing a more comprehensive tissue characterization.
Due to the computational nature of digital pathology pipelines, all derived features are
quantitative. Thus, the resulting analysis is highly reproducible, with a strong resistance to
inter- and intra-analysis variation and sampling bias [84-86]. However, digital pathology
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requires the development of new and effective Al algorithms, generation of large-scale
annotation data for training, powerful computational facilities, and strong IT support [87].

Given its superior performance, digital pathology is poised to become a widely used tool in
cancer diagnosis, treatment response prediction, and patient prognosis [88,89]. Recognizing
its tremendous potentials, our research group is actively focused on developing various
digital pathology pipelines. One such pipeline to enumerate PGCCs and their various avatars
in relation to other TME features is briefly discussed here (Figure 3).

Before computational analysis, physical slides are scanned by high-throughput digital
scanners in the data preparation step. The resulting digital microscopy images have high
resolutions and capture tissue information at the cellular level. These imaging data are
prepared to support TME component detection and segmentation. Deep learning models
are trained to automatically detect the locations of TME components, including PGCCs.
Points are annotated at each target object center to train deep learning models for detection.
Segmentation, on the other hand, is used to delineate the accurate boundaries of cells and
other TME components of interest and requires precise boundary annotations for training
[90].

Due to its promising performance and generalizability, deep learning has become
exceptionally popular for biomedical image processing. Most models derived from this
modern Al framework consist of two analysis steps. In the first step, primitive image
features from multiple scales are extracted by the convolutional layers with different
convolutional kernels. The extracted features are implicitly related to different visual
properties, ranging from texture, to color, brightness and scale. This process is followed

by the second step, in which a decision is made by the deep learning model to realize

the detection, classification, and segmentation task. In order to optimize the resulting
performance, a deep learning model can iteratively learn features and update its parameters
for decision-making simultaneously during the training stage. Such an end-to-end training
pattern makes the deep model training process highly adaptive and effective to achieve
optimal performance. For PGCC recognition, for instance, features are computationally
extracted to cover multinuclear spatial organization, intensity, contrast, image texture, cell
size, and other image primitive properties that are automatically determined by the model
during the training process. As these features are derived from multiple scales, they capture
the relative position of PGCCs and the surrounding components, including clusters of cells
of other populations. The model decision component optimizes weights of features to detect,
recognize and segment PGCCs in a way that best converges to the training ground truth.
Notably, DNA content differences between diploid cells and polyploid cells (e.g., PGCCs)
can be captured by a high-resolution scanner under sufficiently high power. With image
processing methods and deep learning-based segmentation and counting algorithms, such
differences can contribute to distinguishing PGCCs from other cell clusters.

Mask R-CNN (MRCNN) [91] is an appropriate and widely used deep learning model for
cell population analysis using digital images. MRCNN is an extended version of the deep
learning architecture Faster R-CNN which was developed based on Fast R-CNN [92,93].
The Fast R-CNN model works in two consecutive stages: 1) region of interest (ROI)
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proposal, and 2) deep convolutional network for classification and bounding box detection.
In the ROI proposal stage, a set of ROIs (e.g., PGCC region candidates) is produced and
passed to the second stage of the network for further analyses. In the second stage, the
deep convolutional network produces region feature maps that are further processed by the
ROI pooling layer, which constructs a feature vector of a fixed length. The feature vector
is provided to the fully connected network for classification and detection. By contrast,
Faster R-CNN presents a region proposal network (RPN) for the ROI proposal task that is
connected with the deep convolutional network. Because of this change in the architecture,
the two stages in Fast R-CNN are combined into an end-to-end network, contributing to

a significant reduction in the training and prediction time cost. By comparison, MRCNN
further enhances Faster R-CNN by replacing the ROI pooling layers with ROI align

layers for better segmentation modularity required for segmentation tasks. The MRCNN is
implemented [94] with Tensorflow [95] and Keras [96] and uses Feature Pyramid Network
(FPN) [97]and a ResNet101 [98] as the convolutional network backbone.

For training, both point and contour features are annotated exhaustively. Human annotators
(e.g., pathologists) would annotate all cells of interest (e.g., PGCCs) using a ROl image and
assign appropriate class labels to annotated cells. High-quality and definitive annotations
covering a full spectrum of representative cells for each cell population are essential to
successful machine learning for distinguishing distinct cell populations and other TME
components. In the training stage, the point annotations are dilated by image morphological
operations to circles as large as the average cell size. The resulting dilated circle masks

are used as training labels. The bounding box branches of the MRCNN model are used

for point predictions. The center of each resulting bounding box is considered as a cell
center. By contrast, a binary mask for each annotated cell is produced by filling an annotated
contour with a foreground color. Such binary masks are used as training labels. The contour
predictions are made by the segmentation branch of the MRCNN model. The output of

the segmentation branch is an array of masks, each capturing the contour information of a
segmented cell.

As deep learning methods require a large scale of good quality annotations, an exhaustive
annotation is recommended to ensure good prediction performance. In this annotation
manner, all the positive samples in a ROI are expected to be annotated. The remaining
samples that are not annotated are considered negative ones. However, human annotators
may occasionally miss some positive samples by mistake. The impact of these false-negative
samples on the machine prediction performance can be alleviated by an enhanced focus

on positive samples when it comes to computing the loss function. It is also possible that
negative samples are given positive labels in annotation practice. Although this inevitably
makes machine algorithms learn features from the wrong samples, the negative effect of

few incorrect annotations on algorithm training is limited. This is especially true for the
deep learning-based methods that focus on the overall statistical and probability distributions
of the sample space. Deep learning model training involves numerous training iterations.
The multiple iterations of training and data-updating can help reduce the negative impact

of erroneously labeled samples during the training stage. Moreover, the sample annotation
process itself can be completed in an iterative manner. After each annotation iteration, the
deep learning model can be trained and applied to the training data to identify samples
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with prediction results different from the human-provided ground truth. These samples
can be provided to pathologists for further review and annotation correction. The resulting
annotations will be used to update the training data. This process of leveraging trained
machine models to identify candidates with incorrect annotations is repeated until the
prediction results from the trained model agree with human labels for the vast majority

of samples. This method can effectively improve the training data quality by recognizing
data outliers due to human annotation mistakes.

For performance enhancement, image color is regulated in the pre-processing step. Given
the noticeable stain variation, all images are normalized by color [99] and centralized by
subtracting the average RGB value from the training images before they are provided to

the model. The resulting images can be augmented by various methods, including left-right
flip, up-down flip, rotation, pixel rescaling, and Gaussian blurring [100]. The sizes of the
RPN anchors are selected based on the cell sizes. The batch size of each training step is
suggested to be as large as possible, contributing to training acceleration. When the batch
size is small due to the limited GPU memory, the batch normalization can be skipped.

The non-maximum suppression (NMS) is used in the RPN and the detection branch. The
thresholds of the intersection over union (loU) and the minimum confidence score of NMS
in RPN and detection need to be set appropriately for enough retained ROI proposals and
cell clumps. Additionally, weights of different types of losses need to be properly assigned.
The stochastic gradient descent (SGD) optimizer is often used to train a deep learning model
with a proper selection of the initial learning rate and the learning momentum. The L2
regularization is usually applied to each layer weight with a small decaying weight. As most
cells present relatively regular shape, training can be completed with less than 100 epochs.

Overall, there are two major strategies to construct a deep learning model to analyze
multiple TME components. The first approach is to train a single comprehensive deep
learning model that can detect, classify, and segment multiple TME components. The second
method is to construct a group of deep learning models, each specifically trained for a single
TME component, such as PGCCs. In practice, the second strategy usually outperforms the
first. However, the downside of the second strategy is that one consensus model has to

be in place to harmonize and aggregate outputs from the group of models after training
[101]. For each TME component, the overall dataset is divided into training, validation, and
testing sets, commonly with a ratio of 70:15:15. After a deep learning model is optimized by
training data at each iteration, the refined model makes predictions on the validation set. The
validation accuracy is used to control the learning rate reduction, stop the training process,
and select the final model. The trained model is then applied to the testing set to confirm the
model performance [90].

The development of an analysis pipeline is necessary to apply the deep learning model to
WSis. First, the ROIs are extracted from the WSIs based on the ROI and tissue masks.
The ROI masks are generated from manual annotations by domain experts, who highlight
the ROIs based on their knowledge. The tissue masks are generated by tissue detection
approaches, and each ROI is partitioned into an array of image tiles with appropriate

size for further analysis. The trained deep learning models are used to make predictions
on these image tiles for detection, classification, and segmentation analysis of different
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TME components, including PGCCs. Prediction results from image tiles are next spatially
aggregated to produce WSI TME component distribution maps. These distribution maps
are used to extract statistical and spatial features of the WSI TME components [90]. These
features serve as the numerical representation of each WSI to further predict treatment
response (Figure 4).

approaches to target PGCCs

The role of PGCCs in the development of chemoresistance, metastasis, and tumor
recurrence, as well as their ability to modify the TME, makes PGCCs a promising
therapeutic target. Despite increasing efforts to develop anti-PGCC strategies to augment
the clinical efficacy of established cancer therapies, anti-PGCC treatments that have shown
promise in preclinical studies have not yet been incorporated into clinical practice.

A better understanding of the pathways involved in the formation of PGCCs and their
progeny have led to the development of anti-PGCCs therapies with promising preclinical
efficacy. ldentifying immune and metabolic biomarkers associated with PGCC function
may also facilitate the development of therapeutic strategies to target PGCCs. For example,
polyploidy induced endoplasmic reticulum (ER) stress and upregulated the ER protein
calreticulin on the cell surface, which can be targeted by the immune system [102]. This
finding may partly explain why injected PGCCs are eliminated in immunocompetent but not
in nude mice [103]. PGCCs are immunogenic, and there is potential for targeting PGCCs
using chimeric antigen receptor (CAR) T-cell therapies. However, the dynamic changes in
the TME limit the clinical success of immunotherapies [104]. Studies aiming to address
these challenges by either genetically modifying CAR T-cells to increase their viability or
using them in combination with antibodies are currently underway.

In addition, PGCCs have a higher metabolic rate than normal euploid cells due to their larger
cellular and nuclear volume [69,105]. PGCCs frequently show higher levels of glycolysis
than non-malignant cells, which rely on oxidative phosphorylation; hence, PGCCs are
more susceptible to glycolysis inhibitors. The mTOR signaling pathway plays an essential
role in glycolysis, and mTOR inhibitors have proved effective in inducing apoptosis and
autophagy in acute myeloid leukemia polyploid cells [106]. A promising candidate is the
anti-diabetic drug metformin, which has shown promising anticancer effects in preclinical
studies [70]. Metformin exerts its effects partly by activating the AMP- activated protein
kinase (AMPK), thereby inhibiting the mTOR pathway. High-throughput screening studies
have also identified resveratrol and aspirin as potential anti-PGCC agents, exerting their
effects via AMPK activation [107].

Sphingolipid metabolism alterations have been demonstrated in PGCCs and hon-PGCCs. In
addition to playing a structural role in the plasma membrane, sphingolipids regulate various
cellular functions [108]. For instance, the sphingolipids ceramide and sphingosine regulate
the cell cycle and cell survival, with the former being pro-apoptotic and the latter being
anti-apoptotic. Ceramide is broken down into sphingosine by the lysosomal enzyme acid
ceramidase. This lysosomal enzyme is upregulated in PGCCs, and its inhibition disrupted
the formation of PGCC progeny [109]. Nevertheless, ceramidase inhibition did not impact
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the formation of new PGCCs, which could still exert detrimental effects by influencing the
TME by releasing trophic factors.

Besides targeting these metabolic pathways, pharmacological approaches targeting key
players in the endoreplication cycle are also being investigated. By binding to the
endoreplication protein Chk2, mifepristone can block PGCC formation [110]. As
undifferentiated cells are more vulnerable to the effects of mifepristone, the use of
mifepristone as an anti-PGCC therapy could have some adverse effects.

Despite encouraging findings on the potential use of anti-PGCC treatments in combination
with established anticancer drugs, further investigations are required to eliminate the
possibility that these combination treatments can give a survival advantage to a small portion
of resilient cells, which, upon treatment cessation, will form PGCCs.

Concluding thoughts: the way forward

Although the existence of PGCCs has been known since 1858 (first observed by Rudolph
Virchow) [111], their importance in cancer pathophysiology remained underestimated until
recently because of their purported inability to proliferate. However, it has become evident
that PGCCs can produce progeny cells and promote tumor relapse, chemoresistance, and
metastasis by modulating the TME. Their importance in racial disparities in BC outcomes is
an attractive area of investigation, which we are actively pursuing. Given the extensive
crosstalk between PGCCs and the TME, PGCC formation and proliferation must be
contextualized within the framework of their interaction with other TME components. The
TME can be described as a dynamic network of diploid cancer cells, PGCCs, PGCC
progeny cells, stromal cells, blood vessels, and VM channels, which form the individual
nodes of the network. In this network, the weight of each node and the inter-nodal
connectivity dynamically change in response to chemotherapy or other stressors. This model
can help form hypotheses and enhance our understanding of the changes in PGCCs within
the context of their bidirectional relationship with the TME in BC. However, one of the
drawbacks of this model emanates from its inability to capture the differences among
different zones in the TME.

The pivotal role of PGCCs in BC pathophysiology necessitates the development of
approaches to identify these cells and strategies to eradicate them. Currently, the field is
hamstrung by a lack of PGCC markers. Digital pathology and Al-assisted methods may
help identify robust PGCC markers and overcome the challenges in identifying PGCCs.
These techniques can also aid in predicting therapy resistance and survival outcomes. The
number of PGCCs in the tumor is correlated with the tumor grade, and the development
of anti-PGCCs therapeutics can improve clinical outcomes. The emergence of consensus
among the scientific and clinical community regarding the terminology and features of
PGCCs will also accelerate scientific progress in the field.
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Fig 1.

Rgpresentative images of PGCCs in various cancer types. a Representative
immunofluorescence images in (i) MDAMB-231 TNBC cells (ii) PC-3 prostate cancer
cells (iii) Panc89 pancreatic cancer cells, and (iv) WIDR colon cancer cells. The
arrowheads indicate PGCCs. Red: a-tubulin (microtubules); blue: Hoechst (nuclei).
Images were acquired using an LSM 700 confocal microscope (magnification,63X).

The yellow arrowheads indicate PGCCs. b Representative H&Estained cancer tissues.
Blue: hematoxylin (nuclei); pink: eosin (cytoplasm). Images were acquired under a light
microscope (i) PGCCs (yellow arrow) seen with irregular and multiple nuclei at the
boundaries of poorly differentiated ductal carcinoma of the breast (magnification, 400X);
(ii) hepatocellular carcinoma exhibiting sheets of large clear cells with distinct cell borders
and scattered hyperchromatic tumor giant cells, some with multinucleation (yellow arrows)
(magnification, 200X, H and E stain); (iii)Embryonal carcinoma of testicles showing
PGCCs (yellow arrows)(magnification, 600X, H and E stain); (iv) Well differentiated
neuroendocrine tumor with striking nesting of bland tumor cells with eccentric nuclei.
Scattered hyperchromatic tumor giant cells are also present (yellow arrows) (magnification,
200X, H and E stain); (v) Clear cell renal cell carcinoma, bizarre tumor cells on the right
(red arrows) compared to smaller clear cells on left with low nuclear to cytoplasmic ratio
(magnification, 400X) (vi) Clusters of malignant cells with prominent cytoplasmic vacuoles
are embedded in desmoplastic stroma. Note the presence of multi nucleated tumor giant
cells containing bizarre irregular nuclei (red arrows) with coarse chromatin and prominent
nucleoli.
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