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Abstract 
Neutrophil extracellular trap (NET) release is an innate immune process involving chromatin 

extrusion that has been linked to hypertension and associated vascular and kidney injury. 

However, reliance on endpoint measurements limits mechanistic insight into NETosis regulation 

and dynamics. To address this, we developed a live-cell imaging assay and semi-automated, 

CellProfiler-based analysis pipeline for high-throughput quantification of NETosis progression. 

This pipeline enables single-cell feature extraction and machine-learning–based classification of 

NETosis stages, allowing quantitative assessment of stimulus- and dose-dependent NETosis 

dynamics. The approach was validated in neutrophil-differentiated HL-60 cells and primary 

mouse bone marrow neutrophils and reliably captured responses to common NETosis inducers 

and pharmacological inhibitors. 

We applied this pipeline to an angiotensin II (Ang II)–induced model of hypertension to examine 

NETosis dynamics across bone marrow and kidney neutrophil compartments. In parallel, the 

contribution of NETs to renal immune cell recruitment and kidney injury was assessed in Ang 

II–treated Padi4⁻/⁻ mice. Although NETs did not accumulate in the kidney and did not contribute 

to blood pressure elevation or overt kidney injury in this model, temporal single-cell analysis 

revealed stage-specific alterations in NETosis dynamics in male bone marrow and kidney 

neutrophils, suggesting altered neutrophil priming originating in the bone marrow that does not 

translate to tissue injury in this context. 

Given the established link between NETs and endothelial injury, we next examined the 

transcriptional response of HUVECs treated with HL-60–derived NETs using bulk RNA 

sequencing. Pathway and gene set enrichment analyses revealed suppression of G2/M cell cycle 

regulators alongside upregulation of inflammatory pathways, consistent with activation of a 

senescence-associated transcriptional program, as supported by Human Universal Senescence 

Index (hUSI) scoring. Markers of G2/M arrest and senescence were further evaluated in NET-

treated HUVECs, with variable support across assays. Together, these findings indicate that NET 

exposure induces an early senescence-like transcriptional response that precedes, but does not 

yet manifest as, stable cell cycle exit and bona fide senescence after 24 hours.  
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General Introduction 
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1.1 Neutrophils 

1.1.1 Origin and Maturation of Neutrophils 
Neutrophils are terminally differentiated granulocytes that constitute the predominant 

population of circulating leukocytes and serve as frontline effectors of the innate immune system 

(1,2). Their rapid activation and short response time positions them as central players in 

coordinating ensuing immune responses by modulating both innate and adaptive immunity (1). 

Neutrophils are generated in the bone marrow through granulopoiesis, a tightly regulated 

process that produces approximately 1011 cells per day (2). During granulopoiesis, neutrophils 

arise from hematopoietic stem cells that differentiate into multipotent progenitors and 

subsequently into lymphoid-primed multipotent progenitors. Under the control of granulocyte 

colony-stimulating factor (G-CSF), cells then commit to the granulocytic lineage, developing 

into myeloblasts that begin to form neutrophil-specific granules. Neutrophil maturation then 

progresses through the promyelocyte, myelocyte, metamyelocyte, band cell, and mature 

neutrophil stages (Fig. 1.1), each defined by the acquisition of distinct granule subsets. The final 

compartment to form is the secretory vesicle pool, which enables neutrophil activation and 

adhesion, marking the transition to a fully mature, functional neutrophil (2).  

Neutrophil release into the circulation is governed by the C-X-C motif chemokine 

receptor 4 (CXCR4)- C-X-C motif chemokine ligand 12 (CXCL12) axis. Decreased CXCR4 

expression on maturing neutrophils and increased CXCL12 expression by surrounding 

osteoblasts and stromal cells facilitate their egress from the bone marrow (1,2). Elevated levels 

of G-CSF further promote neutrophil release by downregulating CXCR4 on neutrophils thereby 

disrupting the CXCR4-CXCL12 interaction (3,4).  
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Figure 1.1: Stages of neutrophil development during granulopoiesis.  
Schematic representation of granulopoiesis, depicting progression from early myeloid progenitors through myeloblast, 

promyelocyte, myelocyte, metamyelocyte, band cell, and terminally differentiated segmented neutrophils. Maturation 

occurs under the influence of granulocyte colony-stimulating factor (G-CSF) and is accompanied by nuclear remodeling and 

segmentation, increased cytoplasmic granularity, and acquisition of neutrophil effector functions. 
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Beyond the bone marrow, neutrophil subpopulations are also found in peripheral tissues such as 

the lungs, spleen, liver and lymph nodes, enabling rapid antimicrobial response upon tissue 

injury or infection (2). 

1.1.2 Effector Functions of Neutrophils 
Neutrophils are equipped with an arsenal of intracellular granules that perform diverse 

functions in the antimicrobial response (5,6). The tightly regulated activation of these granules 

enables neutrophils to execute key effector functions, including phagocytosis, degranulation and 

the release of neutrophil extracellular traps (NETs) (2). Given their many functions, neutrophil 

phenotypes are highly heterogenous and can adapt at sites of injury or infection to execute 

specific tasks and modulate the immune response accordingly (2). 

The diverse intracellular granules, which store a wide array of enzymes, antimicrobial 

peptides, and membrane receptors, define the neutrophil’s effector potential and enable rapid 

adaptation to distinct inflammatory environments. Based on their molecular composition and the 

timing of formation during granulopoiesis, these granules are classified into four main types: 

azurophilic (primary), specific (secondary), gelatinase (tertiary), and secretory vesicles (6,7). 

Notably, these granules are mobilized in the reverse order of their formation during neutrophil 

activation, allowing a graded release of effector components in response to escalating 

inflammatory stimuli (5,8). 

Secretory vesicles, the smallest and most readily exocytosed granules, supply membrane-

associated receptors essential for endothelial adhesion and directed migration (9,10). Their rapid 

mobilization during activation is triggered by the leukocyte adhesion cascade, which guides 

neutrophils to the sites of injury and inflammation (11). E- and P-selectins, adhesion receptors 

expressed on activated endothelial cells (ECs), bind to glycoprotein ligands on neutrophils, 

mediating transient rolling interactions along the vessel wall (12). This is followed by firm 
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adhesion through integrins binding to intercellular adhesion molecule-1 (ICAM-1) and 

intercellular adhesion molecule-2 (ICAM-2) on ECs, a critical step that precedes neutrophil 

transmigration into peripheral tissues (2,13,14). 

Following adhesion, neutrophils rely on gelatinase granules to degrade vascular barriers 

and enable tissue entry. These granules, mobilized upon contact with the endothelium, contain 

matrix-degrading enzymes that facilitate extravasation into peripheral tissue by breaking down 

components of the vascular basement membrane (15,16). Gelatinase granules are enriched in 

proteolytic enzyme matrix metalloproteinase-9 (MMP-9) and are equipped with membrane-

associated receptors and trafficking proteins, including CD11b/CD18 (Mac-

1), CD67, CD177, fMLF-R, SCAMPs, and VAMP2 (1,2). Collectively, these components 

coordinate neutrophil adhesion, migration, and tissue infiltration during the early stages of 

inflammation.   

Once within tissues, specific granules contribute to direct microbial killing and immune 

amplification. Among their diverse contents, lactoferrin is a major specific granule protein that 

disrupts microbial cell membranes by sequestering iron in biological fluids (17). Beyond its 

antimicrobial role, lactoferrin amplifies innate immune responses by activating azurophilic 

enzymes such as cathepsin G and serine proteases (18,19). Neutrophil gelatinase-associated 

lipocalin (NGAL), another key component of specific granules, exerts complementary 

antimicrobial effects by neutralizing bacterial siderophores, thereby limiting iron bioavailability 

to pathogens generated by microorganisms (20,21). 

Finally, azurophilic granules provide the most potent enzymatic machinery for 

intracellular killing (1). These granules are enriched in myeloperoxidase (MPO), which 

facilitates pathogen neutralization by inducing toxic oxidative reactions within phagolysosomes 
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during phagocytosis, the process by which neutrophils engulf and degrade pathogens 

intracellularly (22). This compartmentalized reaction enables efficient microbial killing while 

minimizing host tissue damage (23). In addition to MPO, azurophilic granules also contain 

neutrophil elastase (NE), cathepsin G, proteinase 3, defensins, and lysozyme (1). Upon 

neutrophil activation by stimuli such as Toll-like receptor (TLR) ligands, granulocyte-

macrophage colony-stimulating factor (GM-CSF), tumor necrosis factor-⍺	(TNF-⍺), or 

immunoglobulin/Fc receptor signaling, their contents can be also released into the extracellular 

space through degranulation, amplifying inflammatory signaling and contributing to host defense 

(8,24).  

 Beyond degranulation, granular enzymes and antimicrobial peptides are also externalized 

during the formation of NETs, which are physical networks of chromatin and protein that can 

physically immobilize and neutralize pathogens (25). These antimicrobial effectors remain 

enzymatically active upon NET release, allowing them to carry out their microbicidal function in 

the extracellular space (26). 

1.1.3 Neutrophil Cell Death Pathways and Regulation 
Despite the central role of neutrophils in antimicrobial defense and inflammation, their 

activity must be tightly regulated due to the highly cytotoxic nature of their granular contents and 

the potential for collateral host tissue injury (23). In addition to their antimicrobial arsenal, 

neutrophils release granule-derived molecules that exert regulatory functions to limit 

inflammation and promote tissue homeostasis. Specific granule proteins such as resistin, 

olfactomedin-4, and signal-regulatory protein α (SIRPα) modulate neutrophil accumulation, 

oxidative activity at sites of injury, and lifespan (2,27,28). 

The short lifespan of neutrophils and the mechanisms regulating their clearance are 

critical for preventing aberrant neutrophil activity (29). Under homeostatic conditions, neutrophil 
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survival is regulated by apoptosis, a non-lytic and non-inflammatory form of programmed cell 

death (30). This process can be initiated by intracellular stress factors or by membrane-mediated 

signaling in response to external stimuli. Both intrinsic and extrinsic pathways result in the 

assembly of the apoptosome and subsequent activation of effector caspase-3 and -7 (30–32).                              

Morphologically, apoptosis is characterized by cell shrinkage, plasma membrane blebbing, 

chromatin condensation, and nuclear DNA fragmentation (29). Importantly, membrane integrity 

is preserved during apoptosis, thereby preventing the leakage of neutrophil contents and 

minimizing local tissue injury (33,34). 

Under certain conditions, neutrophils can undergo alternative forms of cell death, 

including necroptosis, necrosis, pyroptosis, autophagy-mediated cell death, and NETosis (29). 

Necrosis and necroptosis are both associated with a marked increase in reactive oxygen species 

(ROS), ultimately leading to the rupture of the plasma membrane (35). Cell lysis is also a 

hallmark of pyroptosis, a caspase-1- or caspase-11-dependent process in which inflammasome 

activation promotes gasdermin-mediated membrane pore formation and the release of 

interleukin-1β (IL-1β) (29,35,36).  

In contrast to these lytic pathways, autophagy-mediated cell death is typically non-

inflammatory and is characterized by the formation of autophagic intracellular vesicles that 

sequester and degrade cellular contents (37). Although autophagy primarily functions as a 

survival mechanism to remove damaged organelles, sustained activation can shift this process 

toward self-digestion and cell death via autophagy (38). 

 NETosis, the most recently described form of programmed cell death in neutrophils, 

culminates in the release of NETs. A defining feature of this process is the rupture of the nuclear 

envelope, which allows chromatin to mix with granular and cytoplasmic components prior to the 
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disintegration of the plasma membrane (39). This sequence of events leads to neutrophil death 

and the extrusion of a highly microbicidal extracellular network that contributes to pathogen 

neutralization (40).  

Following neutrophil death, macrophages play a critical role in maintaining neutrophil 

homeostasis by clearing apoptotic neutrophils through efferocytosis, a process that promotes the 

resolution of inflammation (29,41,42). This clearance suppresses granulopoiesis and the further 

release of neutrophils from the bone marrow by downregulating G-CSF production (43). The 

presence of senescent neutrophils in the circulation also induces upregulation of CXCR4, 

facilitating their return to the bone marrow for final clearance (44). 

1.2 Neutrophil Extracellular Traps 

1.2.1 Discovery and Immune Function of NETs 
NETs were first discovered and described by Volker Brinkmann and Arturo Zychlinsky 

in 2004 (40). They described NETs as extracellular web-like structures composed of 

decondensed chromatin decorated with granular and cytoplasmic proteins released from 

activated neutrophils. These structures were shown to entrap and neutralize pathogens by 

providing locally concentrated antimicrobial enzymes and peptides and acting as physical 

barriers that limit pathogen dissemination (40). Importantly, Brinkmann and colleagues also 

recognized the potential pathogenic consequences of NET formation, noting that the extracellular 

exposure to nuclear and granular contents could contribute to host tissue injury and autoimmune 

disease. 

This process was later termed NETosis, a distinct form of regulated cell death in which 

NET extrusion occurs concomitantly with the death of the neutrophil (39). NETosis can be 

distinguished from other types of neutrophil death by its characteristic sequence of 

morphological changes. Neutrophil activation first triggers actin cytoskeletal rearrangement,  
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Figure 1.2: Sequential morphological stages of NETosis.  
Schematic representation of the progressive morphological stages of NETosis. NET release proceeds through sequential 

morphological changes, previously described as Spread, Disintegrated nucleus, and NETosis. Neutrophil activation initiates 

cytoskeletal rearrangements that promote cell spreading, followed by chromatin decondensation and nuclear swelling that 

expands to fill the cell body and allows mixing of nuclear and cytosolic contents. Terminal NETosis culminates in the 

externalization of chromatin structures into the extracellular space, occurring through localized membrane pores or 

widespread loss of membrane integrity, resulting in diffuse, cloud-like NET release.  
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causing the cell body to flatten (45). Chromatin then decondenses and expands, leading to the 

loss of the lobulated nucleus and breakdown of the nuclear envelope. The simultaneous 

disintegration of granular membranes allows mixing of nuclear and granular content within the 

cytoplasm, which are then expelled into the extracellular space, either diffusely following 

complete plasma membrane rupture or through a localized pore (39,45). These steps have been 

classified into distinct stages of NETosis: (1) Spread, (2) Disintegrated nucleus, and (3) NETosis 

(39,45) (Fig. 1.2), with their timing dependent on the type and intensity of the activating 

stimulus.  

The composition of NETs is heterogenous and appears to depend on the nature of the 

activating stimulus (25). The antimicrobial activity of NETs has been attributed to several key 

components released during NETosis, including histones, granular proteases such as NE, MPO 

and, lactoferrin (46). Variability in NET protein cargo has been well documented. While initial 

proteomic analyses of PMA-induced NETs identified 24 core proteins, subsequent studies have 

shown that the NET proteome is modulated by the stimulus, with exposure to different strains of 

Pseudomonas aeruginosa inducing the release of up to 50 distinct proteins (47,48).  

NET formation thus allows neutrophils to maintain antimicrobial activity post-mortem 

and was shown to be as effective as phagocytosis in eliminating certain pathogens (39). Since 

their discovery, extensive work has focused on elucidating the role of NETs in host defense. 

Given their antimicrobial properties, NET release can be triggered by a wide range of stimuli, 

including bacteria, fungi, parasites, and viruses (25,49), often in response to microbial 

components such as lipoteichoic acid and lipopolysaccharide (LPS), and other cell surface 

molecules. NETs primarily function to immobilize and eliminate pathogens that are too large or 

resistant to phagocytosis (46,50,51). Through electrostatic interactions, NETs can physically 
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bind both Gram-positive and Gram-negative bacteria, as well as fungi, thereby limiting 

dissemination and enhancing microbial killing (52).  

Beyond physical entrapment, NETs exert potent bactericidal effects through the activity 

of their associated granular components. NE, bound to the chromatin backbone, can cleave 

virulence factors of Shigella flexneri, Salmonella typhimurium, and Yersinia enterocolitica 

(40,53,54). Similar proteolytic activity has been reported for cathepsin G and proteinase 3 

(55). MPO also remains catalytically active following NET release, generating ROS that are 

instrumental in NET-mediated killing of Staphylococcus aureus (25,26). Additionally, 

externalized histones exhibit potent bactericidal activity (56), and the web-like NET structures 

can serve to disrupt bacterial biofilms, preventing further dissemination, as demonstrated for 

Pseudomonas aeruginosa (57). 

NETs also participate in antiparasitic, antiviral and antifungal immune responses. Against 

parasites, NET release promotes immobilization but appears insufficient for complete eradication 

(58). Viral exposure can also trigger NET formation (59,60). Notably, NETs have been shown to 

bind and inactivate HIV-1 virions (61). This antiviral activity has been attributed to chromatin-

bound antimicrobial proteins MPO and %-defensin, which can target both enveloped and non-

enveloped viruses (61). 

Similarly, NETs can eliminate fungal pathogens through mechanisms mediated by 

calprotectin and MPO (48,62). The physiological relevance of these mechanisms is highlighted 

by the occurrence of recurrent fungal infections in MPO-deficient individuals (48), and by the 

observation that calprotectin restoration in granulomatous disease patients protects against 

invasive fungal infections (63). In humans, NETs are particularly important for the clearance of 
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fungal infections and other pathogens capable of evading phagocytosis, yet NETs display 

variable antimicrobial efficiency across infections in vivo (46).  

NETs also engage in crosstalk with neutrophils and innate immune cells to modulate the 

ensuing immune responses. They have been shown to stimulate neighboring neutrophils and 

enhance granule exocytosis, ROS generation, and phagocytic activity, an effect suggested to 

occur through activation of p38 mitogen-activated protein kinase (MAPK), Akt, and extracellular 

signal–regulated kinase 1/2 (ERK1/2) phosphorylation pathways (64). Moreover, NETs play a 

key role in macrophage modulation by inducing polarization toward a pro-inflammatory 

phenotype via Toll-like receptor 9 (TLR9)-dependent nuclear factor κB (NF-κB) signaling (65), 

facilitating the transfer of neutrophil-specific antimicrobial peptides and triggering macrophage 

pyroptosis through high-mobility box 1 (HMGB1) release (66,67). These interactions enhance 

macrophage antimicrobial activity, particularly by promoting phagocytosis (68). NETs have also 

been shown to promote the differentiation of monocytes into M2 macrophages by 

downregulating IL-4 receptor expression, which may serve to limit chronic inflammation 

induced by monocyte-derived dendritic cells (DCs) (69).  

 NETs further influence DC responses by inducing the production of interferon-alpha 

(IFN-α) through TLR9 signaling (70). However, their effect appears to be dichotomous. While 

NET-associated granular proteins can stimulate plasmacytoid DCs to release antiviral factors, 

NET exposure under certain conditions can impair DC differentiation and maturation, 

dampening their immunostimulatory potential (71). Additionally, NETs have been observed to 

supress natural killer cell function, further emphasizing their dual role in regulating innate 

immunity (49).  
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Beyond their impact on innate immune cells, NETs can also modulate adaptive immune 

responses by engaging T and B lymphocytes. NETs interact with T cells through their receptors, 

inducing elevated expression of activation markers (72,73). This interaction lowers the activation 

threshold of T cells and enhances antigen-specific immune responses (74). In B cells, NETs 

promote activation and proliferation through p38 MAPK and TLR9 signaling (75), supporting 

their role in bridging innate and adaptive immune mechanisms. 

While NETs can amplify inflammation and contribute to tissue injury through their 

cytotoxic proteome, they may also participate in the resolution of inflammation. NET-associated 

proteases can degrade cytokines and chemokines to help dampen immune activation (76). 

Collectively, these findings highlight the dual nature of NETs as antimicrobial and 

immunomodulatory effectors, essential for host defense yet potentially pathogenic when 

dysregulated. Following their discovery as a novel antimicrobial strategy, subsequent studies 

have focused on elucidating the cellular and molecular mechanisms underlying their formation. 

1.2.2 Mechanisms of NETosis 
Foundational research has established NETosis as a distinct form of programmed cell 

death involving the orchestrated activation of signaling networks that include protein kinase C 

(PKC), Raf–mitogen-activated protein kinase kinase (MEK)–ERK, and NADPH oxidase 

pathways, culminating in peptidylarginine deiminase 4 (PAD4)-dependent chromatin 

decondensation and extracellular DNA release (40,77,78). The relative contribution of each 

pathway depends on the nature of the stimulus and cellular context, leading to the 

characterization of distinct mechanisms of NET release.  

The classical pathway of NET formation, known as suicidal NETosis, involves a robust 

oxidative burst that initiates a cascade of intracellular events resulting in neutrophil death and 

DNA release (46). This process has been well characterized in response to phorbol 12-myristate 
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13-acetate (PMA), which triggers an NADPH oxidase 2 (NOX2)-mediated signaling cascade via 

activation of PKC (79,80). Physiological stimuli such as cytokines TNF-α, IL-1β, or interleukin-

8 (IL-8) can also induce NET formation through this pathway (81).  

PKC and the Raf-MEK-ERK pathway both phosphorylate cytosolic p47 to induce the 

assembly of the active NOX2 complex at the phagosomal or plasma membrane (78,80,82). The 

resulting production of ROS triggers MPO activation, leading to the cytosolic release of NE, 

which sequestered at the surface of azurophilic granules within mulprotein complexes known as 

azurosomes (83,84). This release represents a key initiating step in NET formation (25). 

Accordingly, suppression of ROS with antioxidants such as vitamin C significantly reduces NET 

release (85,86) 

NE is a central effector of canonical NETosis, mediating both chromatin decondensation 

and activation of gasdermin D (GSDMD), a pore-forming enzyme that facilitates DNA extrusion 

while concurrently inducing cell death (87,88). Cytosolic NE contributes to NETosis by 

disassembling the actin cytoskeleton, degrading F-actin to promote neutrophil activation and 

immobilization (83,89). It can also enter the nucleus via passive diffusion where it synergizes 

with MPO to cleave and inactivate histone subunits, driving chromatin decondensation (84,87). 

Consistent with this, NE deficiency prevents NET formation during bacterial challenge (87). 

MPO activation serves as an important inducer of NE release and further enhances 

chromatin decondensation along with other cationic proteins such as DEK, which bind to and 

neutralize histone charge (84,90). Yet, blocking MPO only delays NETosis rather than 

preventing it (84). NE release can occur independently of MPO through ROS-mediated 

disruption of azurosomes, promoting NE translocation to the nucleus and chromatin 

decondensation even in the absence of MPO activity (83).  
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Figure 1.3: Signaling pathways and cellular outcomes contributing to NET formation.  
Schematic overview of major signaling pathways and cellular processes implicated in neutrophil extracellular trap (NET) formation. 

Receptor-mediated activation engages upstream signaling modules, including Syk–PI3K–mTORC2 and MAPK (Raf–MEK–ERK), 

which promote cytoskeletal remodeling, calcium mobilization, and reactive oxygen species (ROS) generation via NADPH oxidase 2 

(NOX2). Suicidal NETosis is triggered by ROS- and calcium-dependent signaling that converges on activation of protein kinase C 

(PKC) and peptidylarginine deiminase 4 (PAD4), driving histone modification and chromatin decondensation. In suicidal NETosis, 

extensive chromatin decondensation, nuclear envelope breakdown, and loss of plasma membrane integrity culminate in extracellular 

DNA extrusion decorated with granule proteins such as neutrophil elastase (NE) and myeloperoxidase (MPO). In parallel, a non-

canonical inflammasome–dependent pathway can be initiated following bacterial internalization (e.g. phagocytosis), leading to cytosolic 

sensing of bacterial components, activation of caspase-11/4, gasdermin D (GSDMD) pore formation, and NET release. In contrast, vital 

NETosis is depicted as an alternative outcome in which neutrophils release DNA through vesicles while retaining plasma membrane 

integrity and cellular viability, allowing continued effector functions, and has been associated with Toll-like receptor (TLR) activation as 

well as complement- and P-selectin-mediated signaling. Dashed arrows indicate indirect or stimulus-dependent signaling relationships. 
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Proteases such as NE further contribute to NET release by cleaving inactive GSDMD in 

the cytosol, generating the pore-forming fragment GSDMD-p30 (91). This fragment inserts into 

granular and plasma membranes, creating pores that promote their rupture and facilitate 

extracellular DNA release (88).  

The progression of NETosis also involves temporally distinct kinase signaling events 

(92). Its early onset depends on transforming growth factor β-activated kinase 1 (TAK1), p38 

MAPK, and MEK activation, which drive PAD4-dependent histone citrullination and initiate 

chromatin decondensation (92,93). In contrast, later stages rely on spleen tyrosine kinase (Syk)–

phosphoinositide 3-kinase (PI3K)–mechanistic target of rapamycin complex 2 (mTORC2) 

signaling to coordinate calcium mobilization and complete chromatin relaxation (93,94). Syk 

activation also regulates autophagy through the PI3K–mTORC2–rubicon-like autophagy-

enhancer pathway, linking receptor-driven signaling to metabolic control of NETosis (94–96). 

Inhibition of autophagic flux disrupts proper NET formation, underscoring the importance of this 

pathway in sustaining the process. Moreover, Syk-dependent Ca²⁺ mobilization can further 

enhance PAD4 activity at later stages, facilitating complete chromatin decondensation and DNA 

extrusion (93,97). Calcium mobilization therefore represents a key convergence point between 

kinase signaling and chromatin decondensation in suicidal NETosis, as PAD4 activation and 

histone citrullination are intrinsically calcium-dependent (98). 

Although canonical NETosis is classically dependent on NOX-derived ROS, residual 

NET formation observed in NOX-deficient models under certain stimuli suggests that additional, 

ROS-independent mechanisms can also mediate NET release (99). 

In addition to its role in canonical NETosis, GSDMD also mediates non-canonical 

NETosis, a mechanism that occurs independently of NOX-derived ROS as well as MPO and NE 
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activity (91). In this pathway, cytosolic bacterial components are sensed through non-canonical 

inflammasome signaling, leading to the activation of caspase-11/4 (100). Activated caspases 

cleave GSDMD, producing the pore-forming N-terminal fragment that inserts into cellular 

membranes, a process mechanistically analogous to pyroptosis but resulting in DNA extrusion, 

thereby defining a distinct form of NETosis (88,91,101). GSDMD pore formation enables 

caspase-11 to access chromatin and promote histone degradation, while altered ionic gradients 

may facilitate PAD4 activation (89). 

GSDMD plays multiple roles in the NETosis process, contributing both to its progression 

and to its bactericidal function. Its pore-forming activity facilitates the release of NET-associated 

cytokines that recruit additional neutrophils, while the GSDMD-p30 fragment can directly 

disrupt bacterial membranes to induce killing (25). Consequently, GSDMD deficiency impairs 

NETosis and reduces peripheral immune cell infiltration (102).  

While canonical and non-canonical NETosis ultimately result in neutrophil lysis and 

death, an alternative mechanism of NET release that preserves neutrophil viability and function 

has also been described, termed vital or non-lytic NETosis (103). This process involves rapid 

vesicular extrusion of chromatin through nuclear blebbing, enabling NET release without 

plasma-membrane rupture, and may contain both histone-rich nuclear DNA and mitochondrial 

DNA (104). Unlike suicidal NETosis, neutrophils undergoing vital NETosis remain viable and 

capable of effector functions such as migration, phagocytosis, and bacterial killing while 

simultaneously releasing NETs (105).  

Similar to non-canonical NETosis, vital NETosis proceeds independently of NE and 

MPO and can often occur without PAD4 activation (106). However, the involvement of PAD4 

remains a matter of debate, as PAD4 inhibition has been shown to prevent ionomycin- and S. 
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aureus-induced vital NETosis, suggesting that PAD4 may act as an overlapping mediator across 

distinct NETosis mechanisms (107). Vital NETosis is primarily a receptor-mediated process 

involving Toll-like receptor 2 (TLR2) and Toll-like receptor 4 (TLR4) signalling and 

complement-mediated opsonization (105,108,109). It can be triggered by LPS exposure or by 

platelet interactions that depend on platelet TLR4 expression and platelet- neutrophil 

engagement via P-selectin (108). Activation of complement component C3a, reported in 

response to β-glucan exposure, also promotes this form of NETosis by engaging C3a receptors 

on neutrophils and enhancing their activation (85,109,110)  This process has been observed 

during Gram-positive bacterial infection, where neutrophils remain anuclear yet intact, and 

continue to crawl and engage pathogens (105). 

Across these mechanistic variants, chromatin decondensation remains a defining event, 

centrally orchestrated by PAD4, whose activation and regulation are discussed in the following 

section. 

1.2.3 PAD4-mediated Chromatin Decondensation 
PAD4 is a well-established calcium-dependent enzyme that catalyzes the post-

translational deamination of peptidyl-arginine residues to citrulline on histones and protein 

substrates. Briefly, PAD4 hydrolyzes the imine group of arginine into a neutral ureido group 

with the release of ammonia, thereby eliminating the positive charge and reducing protein 

stability (111). In the context of histones, PAD4-induced citrullination weakens the histone-DNA 

interaction and promotes chromatin decondensation (80,112).  

PAD4 is one of five enzymes in the PAD family, a group of enzymes that share 

conserved catalytic domains but differ in tissue distribution and subcellular localization. The 

PADI genes encoding these enzymes are clustered on chromosome 1p36.1 in humans and 

chromosome 4pE1 in mice (111). PADs 1, 3, and 6 are primarily expressed in epidermal and 
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reproductive tissues, while PAD2 displays broad expression across neural, muscular, and 

immune systems. PAD4 is predominantly expressed in granulocytes and is also detected in 

certain cancer cell lines and oocytes (111,113). Interestingly, PAD4 is the only isoform to 

contain the classic nuclear localization sequence 56-PPAKKKST-63, enabling it to be trafficked 

to the nucleus and therefore mediate histone citrullination (114).  

Structurally, PAD4 is a 74 kDa protein that forms a head-to-tail dimer (115). Each 

monomer contains two N-terminal immunoglobulin-like domains and a C-terminal catalytic 

domain that adopts the α/β propeller fold characteristic of the deiminase superfamily (116). 

PAD4 activation requires the cooperative binding of five calcium ions, with two binding sites 

located within the C-terminal catalytic domain (Ca1 and Ca2) and three within the N-terminal 

domain (Ca3, Ca4, and Ca5) (112). These interactions induce conformational rearrangements 

that align catalytic residues, enabling substrate access and enzymatic activity (115).  

However, the calcium concentrations required for PAD4 activation exceed those typically 

present in the homeostatic cytoplasm, implying the enzymatic activation depends on upstream 

signaling pathways that promote calcium influx (115,117,118). Calcium-dependent PAD4 

activation has been observed in neutrophils following exposure to ionophores, bacterial products, 

or increases in extracellular pH (119,120). In certain contexts, this may be mediated through 

PKC-dependent signaling or the Syk-PI3K-Ca²⁺ axis, which couples receptor activation to PAD4 

enzymatic function (93,97) 

Due to its distinct functions in granulocytes, PAD4 has garnered particular interest for its 

immunomodulatory functions and has been positioned as a driver of inflammatory and 

autoimmune diseases (112). The generation of anti-citrullinated protein antibodies, a hallmark of 

rheumatoid arthritis, implicates PAD4 overexpression as a promoter of citrullinated autoantigens 
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that prime autoimmune responses (121,122). Elevated PAD4 activity has also been associated 

with multiple sclerosis, systemic lupus erythematosus (SLE), and sepsis (112).  

Beyond generating autoantigens, PAD4 is a central mediator of NET formation (77,123). 

Once activated in the cytosol, PAD4 translocates to the nucleus, where it catalyzes histone 

citrullination, weakening electrostatic interactions between histones and DNA to drive chromatin 

decondensation and NET release. Its crucial role in this process is reflected by the markedly 

impaired NET formation observed in PAD4-/- mice (107,124). PAD4-mediated histone 

citrullination may also enhance the pro-inflammatory potential of NETs by modifying histones to 

increase their immunogenicity, thereby further contributing to NET-associated pathologies (125). 

Consistent with this, PAD4 inhibition or deficiency exerts broad immunomodulatory effects and 

is protective against vascular injury, atherosclerotic plaque progression, thrombosis, and 

inflammatory arthritis (126–128). Consequently, dysregulation of PAD4 activity and defective 

NET clearance have been implicated in chronic inflammation and autoimmunity, underscoring 

the importance of mechanisms that restrain NET formation and facilitate their removal. 

1.2.4 Regulation and Clearance of NETs 
NETosis is a regulated process with multiple checkpoints that determine whether a 

neutrophil will undergo NET release or pursue other antimicrobial strategies. One key control 

mechanism is the microbe-sensing capacity of neutrophils, which allows them to determine when 

NET formation is required (129). Phagocytosis itself also serves as an inhibitory signal that 

prevents NETosis, enabling neutrophils to eliminate pathogens intracellularly instead (25).  

The decision between phagocytosis and NET release is largely dictated by pathogen size 

and behaviour. Small microorganisms are efficiently engulfed within phagosomes that fuse with 

azurophilic granules. This process sequesters NE and prevents its translocation to the nucleus, 

thereby blocking chromatin decondensation (129). In contrast, when neutrophils encounter large 
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pathogens, NE is mobilized into the nucleus through the slower azurosome-mediated pathway, 

initiating NET formation (25,46). Moreover, some microbes have evolved mechanisms to evade 

phagocytosis, which triggers neutrophils to resort to NET release instead (130,131).  

Given the cytotoxic and pro-inflammatory potential of NET components, efficient 

mechanisms exist to degrade and clear NETs once their antimicrobial purpose is fulfilled. 

DNases play a central role in this process by cleaving the double-stranded DNA backbone of 

NETs, facilitating the subsequent removal of residual protein by phagocytes  (132,133). Both 

extracellular DNase I and lysosomal DNase II participate in NET degradation (134). DNaseI 

hydrolyzes phosphodiester bonds in extracellular chromatin structures, while DNase II, localized 

in macrophage lysosomes, degrades phagocytosed DNA fragments (135,136). DNase activity 

has been shown to limit intravascular NET accumulation and prevent thrombus formation during 

sepsis (135). 

In addition, the 3’-exonucleases of the Three Prime Repair Exonuclease (TREX) family 

contribute to NET clearance, particularly by degrading oxidized DNA species that are resistant to 

DNase I and II (135,137). Three Prime Repair Exonuclease 1 (TREX1), expressed in 

macrophages, facilitates intracellular degradation of NETs following phagocytosis (138). 

Importantly, physiological concentrations of DNase I alone may be insufficient for complete 

NET removal, highlighting the cooperative role of macrophages and nucleases in maintaining 

immune homeostasis (133,138). In fact, macrophage and dendritic cell activation enhances NET 

uptake and degradation, and local macrophage density has been shown to inversely correlate 

with NET accumulation in aortic aneurysms (134,139) 
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Impaired clearance or excessive formation of NETs can result in their persistence within 

tissues and circulation, promoting chronic inflammation and contributing to a wide spectrum of 

pathological conditions. 

1.2.5 Pathological Role for NETs in Disease 
 

Despite their protective role in infection, NETs exhibit a dichotomous impact on the host, 

contributing to pathogen clearance while simultaneously promoting collateral tissue injury (140). 

During sustained inflammatory stimulation, excessive or dysregulated NET release drives tissue 

damage and systemic inflammation, contributing to sepsis and multi-organ failure (141,142). 

Much of this injury stems from NET-bound histones and proteolytic enzymes, which are 

cytotoxic to surrounding tissues and amplify inflammatory signaling cascades (143,144). In 

severe infections such as sepsis and severe acute respiratory syndrome coronavirus 2 (SARS-

CoV-2), NETs also contribute to coagulopathy through interactions with platelets, coagulation 

factors, and fibrin networks, placing them at the center of immunothrombotic complications 

(145–147).  

 NETs also serve as reservoirs of modified autoantigens that can drive the production of 

autoantibodies and perpetuate immune complex formation (148). These structures further 

amplify autoimmunity by activating complement and antigen-presenting cells (149–151). 

Consequently, impaired NET clearance prolongs autoantigen exposure, promoting the onset and 

progression of autoimmune diseases such as SLE, arthritis and anti-neutrophil cytoplasmic 

antibody (ANCA)-associated vasculitis (152–154).  

Importantly, NET-driven injury is not limited to infection but also occurs in sterile 

inflammatory conditions triggered by endogenous and environmental cues such as IL-8, immune 

complexes, damage-associated molecular patterns (DAMPs), and microcrystals (49). Among 
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these, microcrystal-mediated NETosis has been implicated in the pathogenesis of atherosclerosis, 

arthritis and pancreatitis (49,155). Moreover, metabolic disturbances such as diabetes further 

exacerbate NET formation by upregulating PAD4 expression (156,157), linking NET 

dysregulation to diabetic complications and chronic inflammation (158,159).  

Consistent with their immunothrombogenic nature, excessive NET formation has been 

implicated in thrombus development across multiple thrombotic disorders, including 

atherosclerosis, ischemic stroke, and deep venous thrombosis (160–162). The prothrombotic 

properties of NETs also extend to cancer-associated thrombosis (163), where NETs have been 

detected within coronary, cerebral and pulmonary thrombi of cancer patients (164,165). Beyond 

their contribution to thrombosis, NET components exert protumorigenic effects by promoting 

tumor cell proliferation, metastasis, immunosuppression, and angiogenesis (166).  

Dysregulation of PAD4 activity has been observed across autoimmune, metabolic, and 

thrombotic diseases (106). Pharmacological inhibition or genetic deletion of PAD4 reduces NET 

formation and neutrophil infiltration, improving outcomes in models of diabetes, atherosclerosis, 

and lupus (123,167,168). 

1.2.6 Experimental Models of NET Formation 
Given the diverse functions of NETs and their broad involvement in disease 

pathogenesis, substantial efforts have been made to develop reliable models to study their 

formation and function. In vitro NETosis models have been instrumental in dissecting the 

isolated mechanisms and consequences of NET release (87). While primary human neutrophils 

remain the gold standard for studying NETosis, the use of neutrophil-directed HL-60 cells has 

gained increasing popularity as a practical and reproducible alternative (169,170).  

The HL-60 promyelocytic leukemia cell line offers several advantages, including rapid 

proliferation in culture and the ability to bypass the technical and ethical challenges associated 
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with isolating primary neutrophils or using hematopoietic stem cells (171). Upon differentiation 

with polar compounds such as dimethyl sulfoxide (DMSO), HL-60 cells acquire neutrophil-like 

characteristics (170,172). These differentiated HL-60 (dHL-60) cells exhibit key neutrophil 

functions including degranulation, phagocytosis, chemotaxis, oxidative burst, and NETosis 

(171,173). Their transcriptional profile closely aligns with that of human neutrophils and, in 

some contexts, may be more reflective of human physiology than murine neutrophils (173). 

However, dHL-60 cells do not fully capture all features of primary neutrophil physiology, 

including nuclear segmentation, granule composition, and rapid activation dynamics, and 

therefore should be interpreted as a simplified system for studying NETosis (173). Nonetheless, 

dHL-60 cells have become a valuable tool in neutrophil biology, contributing to major advances 

in understanding NET formation and its regulatory pathways (174–177).   

To study the broader implications of NETs in vivo, PAD4-defient mice, which display 

abrogated capacity for NET formation, are commonly employed (123). PAD4 catalyzes histone 

citrullination, a crucial step in chromatin decondensation during NETosis, and its genetic 

deletion effectively prevents NET formation (123). Comparisons between wild-type (WT) and 

PAD4⁻/⁻ mice have been instrumental in linking NET formation to diverse pathological 

processes including thrombosis, sepsis, and ischemia-reperfusion injury (178). However, PAD4 

also participates in other cellular pathways such as gene regulation and macrophage function, 

and thus phenotypic differences in PAD4-deficient mice should be interpreted with caution 

(114,179). 

The established involvement of PAD4 in NET release has been further investigated 

through the use of pharmacological inhibitors and stimulants. Selective PAD4 inhibitors such as 

GSK484 and the pan-PAD inhibitor Cl-amidine are commonly employed in vitro and in vivo to 
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delineate PAD4-dependent mechanisms of NETosis and assess the downstream consequences of 

NET inhibiton on tissue injury and inflammation (107,126,180). These modulators have helped 

demonstrate the contribution of PAD4 to NETosis-driven pathology, including thrombosis and 

organ damage.   

To induce NET formation, neutrophils are commonly stimulated with PMA, a potent 

activator of PKC that triggers suicidal NETosis. PMA stimulation has been widely used to define 

sequential stages of NET release and to generate abundant NETs for isolation and downstream 

applications (39,40,181).  

To confirm the specificity of NET-mediated effects, experiments are often performed in 

parallel using DNase-treated NETs, in which the extracellular DNA backbone is degraded, 

effectively dismantling the NET structure. This approach has been pivotal in distinguishing 

NET-specific effects both in vitro and in vivo, contributing to the identification of NET-

dependent mechanisms in models of ischemia-reperfusion injury and deep vein thrombosis 

(181,182).  

1.3 Identifying and Quantifying NETs 

1.3.1 Conventional Approaches for NET Detection 
With the growing interest in NET research, several methodologies have been developed 

to detect and quantify NETs across different sample types (183). Among these, the detection of 

cell-free DNA remains one of the most widely used measures of NET levels, despite its inability 

to discriminate NET-derived DNA from that released during necrosis (184,185). This approach 

typically relies on fluorescent binding of DNA in bodily fluids using nucleic-acid stains or 

probes in a 96-well plate assay format. Although simple and high throughput, its specificity and 

interpretative value have been questioned due to its indiscriminate nature (183) 
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To improve specificity, cell-free DNA detection is often combined with MPO to identify 

MPO-DNA complexes using capture enzyme-linked immunosorbent assay (ELISA) (185,186). 

ELISA-based approaches are widely applied in NET research and can be adapted to quantify 

various NET-associated markers (185). Notably, citrullinated histone H3 (citH3) serves as a 

common indicator of PAD4 activity and NET release (185,187). In addition to ELISA, citH3 and 

other NET components are frequently analyzed using flow cytometry or immunofluorescent 

microscopy. Using flow cytometry, fluorescently labeled antibodies against neutrophil markers 

such as MPO and NE are paired with nucleic-acid dyes to identify cells undergoing NETosis 

(188). Similarly, immunofluorescent staining enables visualization of NET-associated structures 

in cultured cells and tissue sections (183,185,189).  

Although these methods provide increased specificity compared to DNA-based assays, 

they are often costly, labor intensive, and require extensive sample handling that may disrupt the 

delicate NET structures (190). As such, a standardized method for detection and quantification of 

NETs has yet to be established in the research community. 

1.3.2 Limitations of Current Quantification Methods 
 The accurate and translatable quantification of NETs requires standardized and 

reproducible methodologies. However, current approaches in NET research often lack the rigor 

and defined parameters necessary to achieve inter-laboratory reproducibility (191). Assays such 

as ELISA and DNA-based fluorescence approaches require extensive optimization and 

standardization, which can vary substantially between laboratories and compromise 

comparability across studies (183,191). Moreover, these methods are not always translatable 

between in vitro and in vivo experimental contexts (191), and discrepancies in NET 

quantification outcomes can arise depending on the methodology used (192). 
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As previously discussed, more specific techniques such as flow cytometry and 

immunofluorescent imaging require significant sample manipulation, which may damage NET 

structures and impair accurate quantification. In the case of flow cytometry, measurements are 

inherently biased toward pro-NETotic cells, since the method primarily detects cell-associated 

NET components rather than free extracellular NETs (183). Imaging- based methods can capture 

a broader spectrum of NET phenotypes, but their quantitative outcomes are highly dependent on 

field of view and observer subjectivity (183,191).  

To reduce user bias and improve reproducibility, recent efforts have focused on 

automating image-based NET quantification. Advances in computational pipelines for 

fluorescence microscopy have facilitated the analysis of NET formation, yet the heterogeneity of 

NETs poses a challenge for establishing comprehensive and reproducible analyses (193,194). 

Current pipelines for in vitro NET analysis largely rely on measuring the surface area of DNA 

stained with cell-impermeant fluorescent DNA dyes (i.e. SYTOX) or a chromatin antibody, 

reporting on NET counts or area, and inferring the percentage of NETting cells by normalizing to 

total cell count (189). However, NETs are defined by varying DNA staining features across 

different methods. Some studies quantify NETs as the total DNA-positive area, while others use 

metrics such as the size or integrated density of DNA-positive regions to define NETs (189,195), 

leading to inconsistent data interpretation. Although some approaches are more comprehensive 

and incorporate multiple DNA stain features (196), they still rely exclusively on a limited set of 

predefined DNA staining metrics, a constraint that can reduce specificity and risk overfitting.   

Collectively, these methodological limitations underscore the need for standardized, 

dynamic, and unbiased tools capable of capturing NET formation in real time across diverse 
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experimental contexts, as the current lack of methodological consensus continues to hinder data 

interpretation and comparability between studies. 

1.3.3 Recent Advances in Quantitative NET Analysis 
In response to these methodological gaps, recent advances in live-cell imaging and 

computational analysis incorporating machine-learning algorithms have begun to address the 

need for standardized and unbiased approaches to NET quantification. Live-cell fluorescence 

microscopy enables the continuous monitoring of NET formation in real time, providing 

dynamic insights that static endpoint assays cannot capture (197).  

The application of machine learning algorithms for single-cell NET labeling allows 

automated thresholding to measured parameters or the learning of classification boundaries 

directly from image data using convolutional neural networks (198,199). While these methods 

increase specificity and reduce bias introduced by manual thresholding, they have so far been 

applied using limited staining panels or narrowly focused deep learning-algorithms (198,200). 

These constrains hinder the development of generalizable classifiers capable of accurately 

resolving distinct phenotypes and distinguishing NETosis from other forms of cell death (199). 

Several factors contribute to the phenotypic variability among NETting cells, making it 

challenging for stringent models or fixed parameters to capture the full spectrum of NETosis 

across cells of different origins. To address this, we present a comprehensive experimental 

framework integrating live-cell imaging to machine learning-assisted pixel and object 

classification for broad-spectrum identification of NETs and clear distinction from other types of 

cell death. The coupling of live-cell imaging with automated image analysis and machine-

learning algorithms offers a powerful framework for high-throughput, reproducible assessment 

of NETosis dynamics across experimental contexts. 
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1.4 Hypertension 

1.4.1 Overview and Epidemiological Context 
Hypertension, defined as a sustained systolic blood pressure (SBP) ≥ 140 mm Hg or 

diastolic blood pressure (DBP) ≥ 90 mm Hg (201), remains the leading preventable risk factor 

for cardiovascular morbidity and mortality worldwide (202). It is broadly classified as primary or 

secondary hypertension. Primary hypertension accounts for approximately 90–95% of cases and 

arises without an identifiable cause, whereas secondary hypertension results from specific 

underlying conditions such as renal or endocrine disorders (203).  

Affecting more than 30% of adults globally, elevated blood pressure contributes 

substantially to the overall burden of cardiovascular disease by promoting end-organ damage in 

the vasculature, kidneys, and heart (204,205). This damage underlies the increased incidence of 

ischemic heart disease, ischemic and hemorrhagic stroke, and chronic kidney disease among 

hypertensive individuals, making hypertension a major driver of premature death globally (204). 

Despite advances in detection and treatment, the prevalence of hypertension continues to rise 

with population aging and urbanization. While rates have declined in many high-income 

countries, they remain stable or are increasing in low- and middle-income regions (205).  

1.4.2 Mechanisms of Hypertension 
Blood pressure is regulated by a complex integration of renal, neural, endocrine, and 

vascular mechanisms that together maintain circulatory homeostasis (206). Among these, the 

renin-angiotensin-aldosterone system (RAAS) has long been recognized as a central regulator of 

blood pressure. The enzyme renin, primarily synthesized by juxtaglomerular cells in the afferent 

arteriole of the kidney, catalyzes the conversion of circulating angiotensinogen produced by the 

liver into angiotensin I, which is subsequently converted to angiotensin II (Ang 

II) by angiotensin-converting enzyme (ACE) in the pulmonary endothelium (207). Ang II acts as 
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a potent vasoconstrictor and stimulates aldosterone release from the adrenal cortex, which 

promotes sodium retention and extracellular fluid expansion (208,209). Beyond its classical renal 

effects, aldosterone also contributes to vascular dysfunction by activating mineralocorticoid 

receptors in endothelial and smooth muscle cells, leading to oxidative stress and impaired nitric 

oxide (NO) signaling (210). 

Renal sympathetic nerve activation also contributes to blood-pressure elevation by 

enhancing renin release, promoting tubular sodium reabsorption, and reducing renal blood flow 

(211). Sustained stimulation can even induce phenotypic changes in vascular smooth muscle 

cells of the afferent arteriole, increasing local renin production (212).  

The kidney’s sodium-handling mechanisms are also critical in long-term blood-pressure 

regulation. Sodium transporters along the nephron govern natriuresis and diuresis, thereby 

determining circulating blood volume (213). In hypertension, alterations in the expression or 

localization of these transporters disrupt sodium balance and sustain elevated blood pressure 

(214). Such shifts in transporter activity can be mediated by Ang II, inflammatory cytokines, 

impaired NO bioavailability, and enhanced adrenergic signaling (206) 

An increase in sympathetic outflow from the central nervous system is a common feature 

of hypertension (215). These efferent signals, which can be stimulated by central Ang II 

signaling, contribute to elevated blood pressure by promoting vasoconstriction and vascular 

remodeling, enhancing renal renin production and sodium retention, and triggering immune 

activation (215). In addition to these efferent mechanisms, afferent signals from adipose tissue 

can further enhance sympathetic activity, creating a feed-forward loop that sustains hypertension 

(216).  
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Oxidative stress acts as a unifying amplifier of the mechanisms underlying hypertension. 

Generation of ROS, enhanced by Ang II signaling and high salt intake, sustains elevated blood 

pressure by enhancing vascular tone and remodeling (217–219). ROS promote vascular 

stiffening through several mechanisms, including direct NO oxidation and inactivation, increased 

renal sodium reabsorption, and stimulation of sympathetic outflow (220). Collectively, oxidative 

pathways reinforce the maladaptive feedback loops that lead to endothelial dysfunction and 

perpetuate hypertension. 

1.4.3 Vascular Dysfunction and End-Organ Damage 
Notable structural and functional changes occur in the vasculature during hypertension, 

both as a consequence of elevated blood pressure and a driver of its pathogenesis. Increased 

systemic vascular resistance arises from enhanced local concentrations of vasoconstrictor 

hormones including Ang II, catecholamines, and vasopressin, as well as from impaired 

endothelium-dependent vasorelaxation due to reduced NO bioavailability (221). Sustained 

activation of these pathways promotes vascular remodeling, characterized by hypertrophy of 

vascular smooth muscle cells and luminal narrowing (222), by increasing the activity of matrix 

metalloproteinases and collagen deposition (206).  

The vascular alterations characteristic of hypertension are both hallmarks and drivers of 

subsequent cardiac, cerebral, and renal complications (223). Vascular stiffness enhances the 

transmission of pressure into the microcirculation, predisposing to barotrauma and endothelial 

damage in target organs (224). Accordingly, increased pulse wave velocity, reflecting aortic 

stiffening, can precede the onset of hypertension and serves as a strong predictor of stroke, 

myocardial infarction, and renal failure (225).  

Endothelial dysfunction is key feature of hypertensive vascular injury, marked not only 

by diminished NO-mediated vasorelaxation but also by a phenotypic shift toward an activated, 
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pro-inflammatory, and pro-thrombotic state. In this context, ECs display increased proliferation, 

altered morphology, upregulated adhesion molecule expression, and enhanced thrombogenicity, 

further compromising vascular homeostasis and promoting leukocyte adhesion and infiltration 

(226,227). Together, these endothelial alterations promote atherosclerosis and increase the 

incidence of cardiovascular events (228–230). 

Sustained hypertension progressively damages the microvasculature, with small artery 

remodeling representing one of the earliest manifestations of end-organ damage (229). 

Microvascular remodeling contributes to vessel rarefaction, defined by a reduction in vessel 

density that can become irreversible with sustained vasoconstriction and immune activation 

(231,232). Progressive endothelial dysfunction further impairs microvascular regeneration, 

resulting in hypoxia that drives renal ischemia, interstitial fibrosis, and ischemic-hypoxic injury 

in cerebral white matter (233). These target-organ injuries lead to renal dysfunction and cerebral 

autoregulatory impairment, which in turn exacerbate cardiovascular risk factors such as 

dyslipidemia, diabetes, and atherosclerosis, and contribute to cognitive decline and dementia 

(232,234) 

1.4.4 Inflammatory and Immune Contributions 
While genetic predispositions, dietary habits and environmental factors are well-

established contributors, emerging evidence identifies chronic low-grade inflammation as a 

hallmark of hypertension and a major driver of its pathogenesis (220,235). The immune 

landscape of hypertension involves both innate and adaptive immune cells. Prominent roles have 

been described for T and B lymphocytes, monocytes, and macrophages, whose activation leads 

to the release of pro-inflammatory mediators such as interleukin-17 (IL-17), interleukin-18 (IL-

18), interferon-γ (IFN-γ) and tumour necrosis factor, collectively sustaining vascular 

inflammation and remodeling (236). 
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Innate immune cells are activated early in hypertension, releasing cytokines and 

chemokines that recruit and activate T and B cells (237,238). Activated T cells subsequently 

differentiate into T helper 1 (Th1) and T helper 17 (Th17) effector subsets that modulate 

inflammation and vascular dysfunction, further exacerbating hypertension (239–241). In 

contrast, regulatory T cells (Tregs) exert protective effects by suppressing immune cell activation 

through the release of interleukin-10 (IL-10), which limits vascular injury (242). 

T cell activation in hypertension can also be driven by neoantigens generated under 

oxidative stress, such as isolevuglandin-modified proteins and heat shock protein 70 (236). These 

neoantigens stimulate antigen-presenting dendritic cells, which further activate and recruit T 

cells to target organs (237). The neuroimmune axis represents another mechanism of immune 

modulation in hypertension, whereby increased sympathetic nerve activity enhances the 

proliferation and trafficking of T cell subsets to peripheral tissues (243,244).  

Tissue sodium accumulation also acts as an immunostimulatory signal. Elevated 

interstitial sodium concentrations activate monocytes, drive macrophages toward a pro-

inflammatory M1-like phenotype and promote IL-17A production by T cells (245–247). The 

hypertensive milieu further alters the transcriptional profile of immune cells, increasing 

chemokine receptor expression and pro-inflammatory cytokine production (236).  

Effector cytokines such as IL-17 and IFN-γ directly contribute to endothelial dysfunction 

by reducing nitric oxide bioavailability through inhibition of endothelial nitric oxide synthase 

(eNOS) and by promoting oxidative stress (248,249). In contrast, Tregs counteract these effects 

via IL-10-mediated suppression of inflammatory signaling (242). 

Both the kidney and vasculature serve as major sources and targets of immune activation 

in hypertension (228), exhibiting increased homing of myeloid and T cells (236). The activated 
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endothelium facilitates monocyte adhesion and transmigration, allowing for their differentiation 

into macrophages and dendritic cells that further amplify T cell activation and cytokine release 

(250). Upregulation of pattern recognition receptors, including TLR2 and TLR4, in hypertensive 

tissues enhances NOD-like receptor family pyrin domain containing-3 (NLRP3) inflammasome 

activation, promoting leukocyte recruitment and perpetuating vascular inflammation 

(236,251,252).  

Collectively, these immune mechanisms establish a self-perpetuating cycle of 

inflammation, vascular dysfunction, and end-organ injury that underlies the progression of 

hypertension (220). While much of this immune response has been attributed to lymphocytes and 

macrophages, increasing evidence points to an important yet underexplored role for neutrophils 

in mediating vascular inflammation (253,254). In hypertension, neutrophils adopt a pro-

inflammatory and activated phenotype, but their precise contribution to disease progression 

remains incompletely understood (255,256) 

1.4.5 Neutrophils and NETs in Hypertension 
Among the inflammatory changes associated with immune dysregulation, marked shifts 

in granulocytic populations have been reported and may influence disease progression. One 

prominent change is the emergence of a pro-inflammatory neutrophil phenotype. In hypertensive 

patients, the neutrophil-to-lymphocyte ratio (NLR), a common biomarker of systemic 

inflammation, is elevated and often accompanied by increased circulating neutrophil counts 

(257). Evidence from both clinical and experimental models indicates that neutrophils in 

hypertension adopt a heightened oxidative and pro-inflammatory phenotype, reflected by 

increased ROS generation in patients (258), and elevated inducible nitric oxide synthase (iNOS) 

and MPO activity in spontaneously hypertensive rats (259). This heightened activation can lead 
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to aberrant neutrophil function, including increased degranulation and ROS production, 

ultimately promoting host-tissue injury (260). 

A key mechanism underlying neutrophil-mediated damage is the formation of NETs 

(261). NET release is increased in the vasculature and peripheral tissues of hypertensive subjects, 

and NETosis deficiency (PAD4-/-) has been shown to reduce blood pressure, implicating NETs 

as active contributors to hypertension pathogenesis (262). PAD4 activation is stimulated by 

elevated blood pressure and oxidative stress, leading to chromatin decondensation and NET 

release through ROS-dependent pathways (263). Consistent with this, increased circulating NET 

levels have been detected in hypertensive patients (264).  

Although the precise mechanisms driving this response remain incompletely understood, 

some evidence indicates that NET accumulation is associated with vascular smooth muscle cell 

proliferation and medial thickening, linking NETs to vascular remodeling (265). Hypertensive 

mechanical stretch of the endothelium promotes its activation and the release of ROS and pro-

inflammatory mediators, which have been associated with increased NETosis (262).  

Ang II has also emerged as a potential inducer of NETosis, with in vitro studies reporting 

NET release following exposure to Ang II and plasma from patients with essential hypertension 

(266–268). Recent evidence showed that treatment with Ang II receptor blockers reduces levels 

of circulating NETs in hypertensive patients, further supporting a possible role for Ang II in 

neutrophil activation (267).  

Current evidence thus links neutrophilia and neutrophil dysfunction to hypertensive 

cardiovascular inflammation, with several studies suggesting a direct involvement of neutrophils 

in blood pressure regulation (269,270). While exposure to mechanical stretch and Ang II are 

recognized triggers of aberrant neutrophil activity (267,269), substantial heterogeneity reported 
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among neutrophil subpopulations, spanning differences in maturation stage, effector function and 

transcriptional profile, suggest that these changes may extend beyond transient activation and 

may reflect a more fundamental reprogramming of neutrophil function (269,271,272) 

1.5 NETs in Vascular Injury  

1.5.1 NETs in Vascular Inflammation 
NETs act as potent drivers of vascular inflammation by engaging multiple immune and 

vascular cell types within the vessel wall (273). ECs sense various NET components through 

pattern-recognition receptors such as TLR2 and TLR4, activating NF-&B signaling and shifting 

the endothelium toward a pro-inflammatory phenotype characterized by increased IL-1β 

production and upregulation of adhesion molecules including vascular cell adhesion molecule-1 

(VCAM-1) and ICAM-1 (274–277). This activated endothelial state enhances leukocyte 

adhesion and promotes cytokine and chemokine release, creating a local inflammatory 

environment within the vessel wall (278–280) 

Beyond ECs, NET structures directly recruit and activate immune cells. Histone-rich 

DNA scaffolds promote monocyte, macrophage, and lymphocyte adhesion through charge-

dependent interactions and histone-mediated binding mechanisms (273). NET-derived 

antimicrobial peptides such as LL-37 further enhance leukocyte recruitment by binding to 

endothelial surfaces and reinforcing chemokine production (281). These interactions amplify 

local immune cell accumulation and inflammatory signaling within the vascular 

microenvironment (282). 

A central mechanism linking NETs to vascular inflammation is activation of the NLRP3 

inflammasome (283). NET components stimulate NLRP3 activation in various immune cells and 

ECs (284,285). This process involves TLR-dependent sensing of histones and cathelicidin, which 

activates NF-κB and promotes IL-1β maturation and release (286–288). 
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In macrophages, NET-induced release of IL-1β via inflammasome activation activates a 

Th17 response that drives further leukocyte recruitment to the vessel wall (273,289). Exposure to 

NET-derived MPO and LL-37 also prompts macrophages to release ROS and other pro-

inflammatory factors that promote the formation of foam cells, that can compromise the integrity 

of the endothelium (290,291).  

NET components also activate DCs and B lymphocytes through their DNA-protein cargo, 

inducing robust type I interferon (IFN-1) responses that propagate vascular inflammatory 

signaling (273,292). Mitochondrial DNA released during NETosis can further amplify 

inflammation by promoting additional NETosis and upregulation of NET-associated mediators 

such as NE and ROS (290).  

Complement activation represents another major pathway through which NETs intensify 

vascular inflammation (293). MPO-rich NETs can interact with ANCAs, forming MPO–ANCA 

complexes that activate the complement cascade to promote vascular injury (294,295). This 

establishes a feed-forward loop wherein complement activation promotes additional NETosis, 

further amplifying leukocyte recruitment and inflammatory mediator release within affected 

vascular beds (296) 

Together, these mechanisms position NETs as central coordinators of vascular 

inflammation. Through endothelial activation, immune cell recruitment, inflammasome 

engagement, dendritic cell stimulation, and complement-driven amplification, NETs orchestrate 

a self-sustaining inflammatory network that disrupts vascular homeostasis and contributes to 

chronic vascular inflammatory diseases. 

1.5.2 NET-induced Endothelial Dysfunction 
NETs released into the circulation can impair endothelial function through both direct 

and indirect mechanisms (49). During sustained inflammatory stimulation, excessive NET 

https://www.sciencedirect.com/topics/pharmacology-toxicology-and-pharmaceutical-science/interferon-type-i
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release increases vascular permeability and tissue injury, contributing to the development of 

sepsis and multi-organ failure (142,276). Several NET components induce EC pyroptosis and 

apoptosis and disrupt the endothelial glycocalyx, resulting in profound structural and functional 

impairment of the vascular barrier (275–277,297). Consistent with these effects, NETs have been 

implicated as drivers of vascular necrosis in inflammatory diseases (132,298). 

Many endothelial-injurious effects of NETs arise from the cytotoxic activity of NET-

bound histones and granular enzymes. Histones bind to phospholipids within endothelial 

membranes and disrupt intercellular junctions, inducing membrane permeabilization and 

excessive calcium influx via TLR4-dependent pathways, culminating in EC death (143,299,300). 

Citrullinated histones produced during NETosis further amplify EC inflammation, as observed in 

acute inflammatory states such as sepsis (301) 

In addition to membrane disruption, several NET-associated proteases degrade key 

extracellular matrix components and compromise endothelial structural integrity. MPO and 

matrix metalloproteases (MMPs) bind endothelial glycosaminoglycans and degrade matrix 

proteins, promoting endothelial activation and facilitating leukocyte recruitment (302,303). NE 

amplifies matrix injury by activating MMP-9 and degrading its inhibitor metalloproteinase-1 

tissue inhibitor (TIMP-1), thereby enhancing proteolytic damage (304). NET-associated MPO 

and LL-37 further damage exposed endothelial matrix surfaces and promote additional MPO 

attachment (273). Proteinase-3 (PR3) can also bind directly to ECs, inducing cellular senescence 

and apoptosis (305). Together, these NET-associated enzymes drive structural endothelial injury, 

loss of barrier homeostasis, and direct EC death (299).  

 Beyond inducing cell death, NETs modulate endothelial function through inflammatory 

signaling pathways. Histone-mediated TLR2/4 activation upregulates endothelial tissue factor 
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expression via NF-κB and activator protein-1, promoting a pro-coagulant phenotype and 

contributing to vascular dysfunction (274,306). NETs can also directly activate the NLRP3 

inflammasome within ECs, increasing levels of cleaved IL-1β and driving endothelial stress and 

dysfunction (286,307). 

 NETs further impair endothelial vasodilatory function by disrupting NO signaling. 

Exposure to NETs reduces eNOS expression and phosphorylation, effects partly mediated by 

NET-associated MPO (285,308). MPO-derived oxidants impair L-arginine uptake and activate 

μ-calpain, which inhibits eNOS phosphorylation and reduces NO bioavailability, resulting in 

blunted endothelial-dependent vasodilation (309).  

Collectively, NET components act through cytotoxic, proteolytic, and inflammatory 

pathways to impair endothelial integrity and promote vascular dysfunction. 

1.5.3 PAD4-Dependent Mechanisms of Vascular Injury 
Despite the existence of alternative NETosis pathways, PAD4 remains a central mediator 

of NET formation and NET-driven vascular injury. Pharmacological or genetic inhibition of 

PAD4 markedly reduces NET release and has been shown to improve vascular inflammation and 

endothelial function across multiple disease models (310,311).  

PAD4 inhibition limits NET-associated activation of IFN-1 signaling and the 

inflammasome, thereby preserving endothelial membrane and preventing NET-induced increases 

in vascular permeability (285,310). Consistent with this, PAD4 blockade reduces neutrophil 

infiltration and mitigates downstream endothelial injury, underscoring the importance of PAD4-

dependent NETosis in the development of vascular dysfunction (180,285).  

1.5.4 NET-induced Endothelial Senescence 
Senescence is a stress-induced program of permanent cell cycle arrest that prevents the 

propagation of damaged cells yet becomes maladaptive when persistent during chronic injury 
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(312,313). Although non-proliferative, senescent cells remain metabolically active and acquire 

a pro-inflammatory secretory phenotype that disrupts tissue homeostasis.  

Senescence is initiated through activation of the p53/p21 and p16INK4a/Rb tumor 

suppressor pathways in response to DNA damage, oxidative stress, or chronic inflammatory 

signals (313). These pathways enforce irreversible cell cycle exit and promote transcriptional 

reprogramming through NF-κB signaling and inflammasome activation (314,315). This 

reprogramming leads to the development of the senescence-associated secretory phenotype 

(SASP), marked by heightened expression of pro-inflammatory cytokines, chemokines, and 

matrix-modifying enzymes that alter the local microenvironment and can induce senescence in 

neighboring cells, impairing tissue repair and function (316,317) 

Endothelial senescence contributes to vascular injury by impairing angiogenesis and 

barrier repair while creating a chronic inflammatory and pro-thrombotic microenvironment 

(318,319). Senescent ECs exhibit increased inflammatory signaling, reduced NO bioavailability, 

and compromised tight junction integrity, all of which promote endothelial dysfunction and the 

development of cardiovascular diseases (320–322). Accordingly, endothelial senescence has 

been linked to stroke, atherosclerosis, diabetes, and hypertension (323). In addition, SASP-

associated MMPs degrade extracellular matrix components and increase arterial stiffness, further 

exacerbating vascular dysfunction and elevating the risk of hypertension (324). 

Emerging evidence links NETs to impaired endothelial regeneration and vascular repair 

during inflammatory injury, suggesting that NETs may contribute to endothelial senescence 

(325,326). NET exposure has been shown to induce cell cycle stasis and p21 upregulation in ECs 

(326). Conversely, senescent ECs can attract leukocytes and promote NET release within 

diseased vessels, indicating a bidirectional relationship in which NETs may both induce 
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senescence and participate in the clearance of senescent cells (327). Given the overlap between 

NET-induced endothelial activation and functional impairment with senescent-associated 

changes, clarifying whether NETs drive true endothelial senescence and defining the 

mechanisms involved is an important next step.  

1.6 Thesis Objectives and Hypotheses 
NETs have gained increasing attention over the past two decades for their essential 

antimicrobial functions as well as their deleterious effects across a wide range of diseases (46). 

Although key molecular mediators of NET formation have been identified, important gaps 

remain in our understanding of how NETs are regulated across different biological contexts, 

limiting the development of therapeutics. Addressing these gaps requires methodological tools 

capable of resolving the dynamics and heterogeneity of NET formation. Thus, Chapter 3 of this 

thesis describes the development and validation of an improved NETosis assay that overcomes 

limitations of existing methodologies and enables quantitative analysis of NET release. 

Beyond their role in host defense, NETs have been strongly implicated in cardiovascular 

and renal pathology, including hypertension (263,264). While associations between elevated 

NET formation and increased blood pressure have been reported, the mechanistic basis linking 

NETosis to hypertension remains poorly understood (262). Given the central role of the kidney 

in blood pressure regulation and the emerging evidence that NETs contribute to kidney injury 

(328,329), Chapter 4 of this thesis investigates how NETosis is altered in Ang II–induced 

hypertension and whether changes in NET formation are associated with renal injury.  

We hypothesized that Ang II–induced hypertension alters NETosis dynamics, leading to 

increased NET release in the kidney, thereby promoting renal leukocyte recruitment and kidney 

injury, and that NET deficiency would protect against these outcomes. 
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NETs are also known to impair endothelial function, promoting inflammation, barrier 

disruption, and defective vascular repair (132,298). Recent evidence demonstrating that NETs 

suppress endothelial regeneration raises the possibility that NETs promote a senescence-like 

program in ECs, thereby contributing to vascular dysfunction (326). Accordingly, Chapter 5 of 

this thesis characterizes the transcriptional and functional responses of ECs to NET exposure, 

with a focus on determining whether NETs induce early features of endothelial senescence. 

We hypothesized that NET exposure initiates transcriptional reprogramming in ECs 

involving dysregulation of cell cycle control and senescence-associated pathways, and that this 

early transcriptional response promotes senescence-like features and impaired endothelial 

replication.  

Overall, the central hypothesis of this thesis is that dysregulated NET formation 

contributes to vascular and renal injury through context-dependent mechanisms that include 

altered NETosis dynamics in hypertension and the induction of senescence-associated pathways 

in ECs. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 

43 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Chapter 2  

Materials & Methods 
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2.1 Animals  

2.1.1 Mouse Model and Husbandry 
PAD4-deficient (Padi4-/-) mice were obtained from The Jackson Laboratory (strain: 

B6.Cg-Padi4tm1.1Kmow/J) and initially maintained on a C57BL/6J background. To generate Padi4-/- 

mice on an FVB/N background, the line was backcrossed with WT FVB/N mice for more than 

12 generations. For colony maintenance, Padi4-/- homozygous mice were bred with WT FVB/N 

mice to sustain the colony and to generate heterozygous breeders. Both male and female 

homozygous Padi4-/- and WT littermates were used for experiments. All animal procedures were 

conducted in accordance with the guidelines of the Canadian Council on Animal Care and 

approved by the University of Ottawa Office of Animal Ethics and Compliance.   

2.1.2 Genotyping 
 Ear clips were collected at weaning for genomic DNA extraction. Tissue samples were 

processed using the Extract-N-Amp™ Tissue PCR Kit (Millipore-Sigma) according to the 

manufacturer’s instructions. Genotyping PCR was performed on a thermocycler under the 

following conditions: initial denaturation at 94°C for 3 minutes, followed by 35 cycles of 

denaturation at 94°C for 30 seconds, annealing at 68°C for 30 seconds, and extension at 72°C for 

1 minute, and a final extension at 70°C for 10 minutes. Amplified PCR products were run on a 

1.8% agarose gel containing GelRedⓇ Nucleic Acid Stain (Millipore-Sigma) and visualized 

under UV illumination. Genotyping primers for Padi4 are listed in Table 2.1.  

2.1.3 Osmotic Minipump Insertion 
 To induce hypertension, osmotic minipumps (Alzet) containing Ang II were surgically 

implanted subcutaneously. Twenty-four hours prior to surgery, Ang II (Bachem) solutions were 

prepared in sterile 0.9% NaCl at a concentration calculated from the average mouse weight to 
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deliver 1000 ng/kg/day. Each pump was filled with 100 uL of the Ang II solution and incubated 

in sterile saline at 37°C for 24 hours to ensure proper priming.  

One hour prior to surgery, mice received a subcutaneous injection of slow-release 

buprenorphine (1 mg/kg). Anaesthesia was induced and maintained with 2-3% isoflurane, and 

each mouse received a 1 mL subcutaneous injection of sterile 0.9% NaCl. Ophthalmic ointment 

was applied to both eyes to prevent corneal drying. Minipumps were inserted subcutaneously in 

the subscapular region through a small incision made perpendicular to the spine, with the 

delivery portal positioned first. The wound was closed using a single subcuticular 6-0 Prolene 

suture and secured with a wound clip. Following surgery, mice were placed in a heated recovery 

chamber until fully awake and were monitored for 48 hours post-procedure. Ang II minipumps 

remained implanted for two weeks prior to euthanasia.  

2.1.4 Blood Pressure Measurement 
 Blood pressure was measured by tail-cuff plethysmography using the BP-2000 Blood 

Pressure Analysis System (Visitech Systems). Mice were acclimated to the system for five 

consecutive days prior to baseline measurements to reduce stress-related variability. 

Measurements were taken at baseline (before pump implantation), one week post-implantation, 

and at endpoint. For each session, five preliminary practice measurements were measured to 

allow mice to acclimate, followed by ten recorded measurements. The reported blood pressure 

value for each mouse represents the mean of the ten recorded readings.  

2.1.5 Cardiac Puncture Blood Collection 
 At the experimental endpoint, blood was collected via cardiac puncture under anesthesia 

with 2-3% isoflurane. The thoracic area was sterilized with 70% ethanol, and a 1 mL syringe was 

coated with heparin and fitted with a 25-gauge needle which inserted through the thoracic wall 

into the left ventricle. Gentle suction was applied to collect approximately 0.8–1.0 mL of blood. 
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Blood samples were centrifuged at 2000 x g for 10 min to separate plasma, which was then 

stored at -80°C until analysis. Following cardiac puncture, mice were euthanized by cervical 

dislocation in accordance with the Canadian Council on Animal Care guidelines and approved 

institutional protocols. 

2.2 Histology  

2.2.1 Tissue Collection and Processing 
 The right kidneys were extracted and bisected longitudinally. One half was fixed in 10% 

neutral buffered formalin for 24 hours and then transferred to 70% ethanol for storage at 4°C. 

Fixed samples were sent to the University of Ottawa Louise Pelletier Histology Core Facility for 

processing, paraffin embedding, and sectioning at 5 µm. The remaining half was fresh-frozen in 

optimal cutting temperature (OCT) compound using liquid nitrogen and stored at -80°C until 

sectioning.  

2.2.2 Immunohistochemistry 
 Paraffin-embedded tissue sections were deparaffinized in xylene and rehydrated through 

graded ethanol washes. Heat-induced antigen retrieval was performed by submerging slides in 10 

mM sodium citrate buffer (pH 6.0) and boiled in the microwave for 20 minutes. Sections were 

then incubated with 0.3% hydrogen peroxide in PBS for 10 minutes to quench endogenous 

peroxidase activity. Non-specific binding was blocked using 10% normal donkey serum in 1% 

BSA in PBS for 40 minutes at room temperature. The appropriate primary antibody, outlined in 

Table 2.2, was diluted in 1% BSA in PBS and incubated with the sections overnight at 4°C in a 

humidity chamber. After three washes in PBS, sections were incubated with ImmPRESS™ 

Horse Anti-Rabbit IgG HRP polymer reagent (Vector Laboratories) for 30 minutes at room 

temperature. Signal was developed using in DAB substrate for 5 minutes, and nuclei were 



 
 

47 

counterstained with Mayer’s hematoxylin for 40 seconds. Slides were dehydrated in ethanol, 

cleared and mounted with AcrytolⓇ Mounting Medium. 

2.2.3 Immunofluorescence 
 Fresh-frozen kidneys were sectioned at 10 µm using a cryostat, mounted on microscope 

slides, and fixed in 4% PFA for 10 minutes at room temperature. Non-specific binding was 

blocked using 2.5% normal horse serum in 1% BSA in PBS for 40 minutes at room temperature. 

The primary antibody (Table 2.2) was diluted in 1% BSA in PBS and incubated with the sections 

overnight at 4°C in a humidity chamber. After three washes in PBS, sections were incubated 

with the appropriate fluorescently conjugated secondary antibodies for 1 hour at room 

temperature in the dark. Sections were counterstained with Hoescht (1 µg/mL) in double-distilled 

water for 10 minutes in the dark, followed by a rinse in deionized water. Slides were mounted 

with VectashieldⓇ Mounting Medium (Vector Laboratories) and imaged using a Zeiss Axio 

Observer 7 fluorescence microscope. 

2.3 Cell Culture 

2.3.1 Kidney Neutrophil Isolation 
 At animal study endpoint, the renal capsule was removed from the left kidney, which was 

then placed in sterile PBS on ice. Kidneys were promptly transferred to digestion media 

containing Iscove’s Modified Dulbecco’s Medium (IMDM) supplemented with 10% fetal bovine 

serum (FBS, Wisent), 1% penicillin-streptomycin, 10 µg/mL Type 1 collagenase (Millipore-

Sigma), 10 µL/mL DNase (Thermo Fisher Scientific) and 0.1 mM β-mercaptoethanol. Digestion 

media was injected at 5-6 distinct sites per kidney using a 1 mL syringe and 25-gauge needle 

prior to incubation at 37°C with gentle agitation. After 30 minutes, the tissue was mechanically 

dissociated using the plunger of a sterile 3 mL syringe, followed by an additional 15-minute 
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incubation. The reaction was stopped stop by adding ice-cold PBS, and the tissue was gently 

triturated using a 1 mL pipette until no visible fragments remained.  

The cell suspension was filtered through a 70 µm nylon mesh sieve and centrifuged at 

250 x g for 5 minutes at 4°C twice, washed once with complete MACS buffer, and centrifuged 

again under the same conditions. The resulting pellet was resuspended in 600 µL MACs buffer 

and incubated with 40 µL CD11b MicroBeads (Miltenyi Biotec) for 15 minutes at 4°C. 

  After incubation, the suspension was centrifuged at 200 x g for 2 minutes, resuspended in 

5 mL MACS buffer, and passed through a 40 µm cell strainer into an equilibrated LS column 

(Miltenyi Biotec) mounted on a magnetic holder, as per the manufacturer’s instructions. CD11b+ 

cells were eluted by removing the column from the magnetic separator and flushing with 5 mL 

MACS buffer.  

2.3.2 Bone Marrow Neutrophil Isolation 
At animal study endpoint, bone marrow was isolated from the femur according to a 

previously described protocol (330). Briefly, muscle and connective tissue were removed from 

the femoral bone, and the condyles, the patella, and the epiphysis were excised with scissors to 

expose the metaphysis. The femur was placed knee end down in a 0.5 mL microcentrifuge tube 

nested in a 1.5 mL microcentrifuge tube and centrifuged at ≥10,000 x g for 15 seconds to collect 

the bone marrow.  

Bone marrow cells were processed for negative immunomagnetic selection of neutrophils 

using the Mouse Neutrophil Isolation Kit (Miltenyi Biotec), in which all non-neutrophil 

populations were depleted by incubation with a cocktail of biotinylated antibodies and anti-biotin 

magnetic microbeads, followed by magnetic column separation, according to the manufacturer’s 

instructions. Typical yields ranged from 2-9 x 106 neutrophils per femur. 
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2.3.3 Promyelocytic HL-60 Cell Line 
HL-60 cells, a human promyelocytic leukemia cell line, were cultured in IMDM with 

phenol red (Thermo Fisher Scientific), supplemented with 10% FBS and 1% penicillin-

streptomycin. Cells were maintained at a density between 1-5 x 105 cells/mL by diluting cultures 

every 2-3 days to ensure optimal viability. Cultures were incubated at 37 °C in a humidified 

atmosphere containing 5 % CO₂. 

Differentiation toward neutrophil-like cells was induced by transferring cells into 

complete culture medium containing 1.25% dimethyl sulfoxide (DMSO) at a final density of 

4x105 cells/mL, followed by incubation under the same conditions for five days, as previously 

described (331). After differentiation, cell viability was assessed using Trypan Blue exclusion, 

and differentiated cultures with ≥75% viability were used for subsequent experiments.  

2.3.4 NET Isolation 
To induce NET release, 9 x 106 neutrophil-differentiated HL-60 cells were seeded in a 

150 mm culture dish at a density of 3 x 105 cells in serum-free IMDM medium (Thermo Fisher 

Scientific) supplemented with 1% penicillin-streptomycin. Cells were stimulated with 200 nM 

PMA (Millipore-Sigma) for 4 hours at 37°C in a humidified incubator with 5% CO2.  

Following stimulation, the culture medium containing released NETs was collected into a 

50 ml tube. The dish was then gently washed with cold sterile PBS without Ca2+ and Mg2+ to 

recover any adhered cells and NETs. The wash was combined with the initial supernatant.  

  The pooled suspension was first centrifuged at 450 x g for 10 minutes at 4 °C to pellet 

and remove any remaining intact cells. The resulting supernatant was centrifuged again at 2500 x 

g for 10 minutes at 4 °C to eliminate any cell debris, yielding a cell-free, NET-rich supernatant. 

To isolate NETs, the supernatant was centrifuged at 18 000 x g for 10 minutes at 4 °C. 

The supernatant was discarded, and the resulting pellet was washed with 1 mL of cold PBS and 
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centrifuged again under the same conditions. The final NET pellet was resuspended in 25 μl of 

ice-cold PBS, generating a cell-free NET stock used to treat cells for subsequent experiments. 

The concentration of NET-associated DNA in the resuspended pellet was determined 

using the Quant-iT™ PicoGreen dsDNA Assay Kit (Thermo Fisher Scientific) according to the 

manufacturer’s instructions. Fluorescence was measured using a microplate reader 

(excitation/emission: 480/520 nm) and absorbance was normalized to the standard curve. NET 

preparations were normalized to a final concentration of 10 ng/µL DNA and stored at –80 °C 

until use. 

2.3.5 HUVEC Cell Line 
Human Umbilical Vein Endothelial Cells (HUVECs) were obtained from ATCC and 

maintained in complete EndoMax™ culture medium (Wisent) supplemented with 1% penicillin-

streptomycin. Cells were cultured at 37 °C in a humidified incubator with 5% CO₂. The medium 

was replaced every 2-3 days, and cells were passaged as needed at ∼80-90% confluence using 

0.05% trypsin-EDTA. HUVECs between passages 4 and 8 were used for all experiments to 

ensure consistent endothelial phenotype and avoid senescence-related alterations. 

2.3.6 Viability Assay 
 To assess cell viability, 1 x 103 HUVECs were seeded per well of a 96-well plate and 

allowed to adhere overnight. Cells were then treated with NETs for 24 hours. Cell viability was 

quantified using the Presto Blue™ Cell Viability Reagent (Thermo Fisher Scientific) according 

to the manufacturer’s instructions. Fluorescence was measured 10 minutes after reagent addition 

using a microplate reader (excitation/emission: 560/590 nm). Alternatively, viability was 

assessed using the XTT assay (Cayman Chemical) according to the manufacturer’s instructions. 
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All samples were analyzed in technical duplicate and repeated in at least three independent 

experiments. 

2.3.7 Proliferation Assay 
To assess cell proliferation, 1 x 103 HUVECs were seeded per well of a 96-well plate and 

allowed to adhere overnight. Cells were then treated with NETs for 48 hours. Cell proliferation 

was quantified using the BrdU Cell Proliferation Assay Kit (Roche) following the 

manufacturer’s protocol. BrdU labelling solution was added during the final 24 hours of 

incubation, and absorbance was measure at 270 nm using a microplate reader. All samples were 

analyzed in technical triplicate and repeated in at least three independent experiments. 

2.3.8 Senescence Assay 
 Senescence-associated β-galactosidase activity was measured using the Senescence 

Assay β-Galactosidase Activity Assay Kit (Cell Signaling Technology) according to the 

manufacturer’s protocol. HUVECs were seeded to a 12- or 24-well plate to ∼80% confluence, 

allowed to adhere, and treated with NETs for 24 hours. After treatment, the cells were lysed with 

the buffer provided with the kit. Protein concentration was determined using the DC Protein 

Assay (Bio-Rad) according to manufacturer’s instructions. For the β-galactosidase assay, protein 

lysates were diluted to a final concentration of 0.02 mg/mL and incubated with the assay buffer 

in a black 96-well plate for 2 hours at 37°C. Fluorescence was then measured using a microplate 

reader (excitation/emission:360/465 nm). All samples were analyzed in technical duplicate and 

repeated in at least three independent experiments. 

2.3.9 Senescence Imaging  
 HUVECs were seeded at 5 x 104 cells per well in a 12-well plate and allowed to adhere 

overnight. Cells were then treated with NETs for 24 hours. Senescence-associated β-

galactosidase levels were visualized using the Senescence β-Galactosidase Staining Kit (Cell 
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Signaling Technology) according to the manufacturer’s instructions. After treatment, cells were 

fixed and incubated with the β-galactosidase staining solution for 24 hours at 37°C in a dry 

incubator. Stained cells were imaged under brightfield illumination using an EVOS FL Auto 2 

imaging system (Thermo Fisher Scientific) at 20x magnification. All samples were analyzed in 

technical triplicate and repeated in at least three independent experiments. 

2.3.10 NETosis Assay 
Assay preparation 

Each well of a 96-well flat bottom culture microplate (Corning) was coated with 0.1 

mg/mL fibronectin from bovine plasma (Millipore-Sigma) in PBS and incubated at room 

temperature for 1 hour. The assay culture medium consisted of serum-free IMDM (phenol red-

free) supplemented with 250 nM Incucyte® Cytotox Green Dye (Sartorius) and 30 ng/mL PE 

Annexin V (Biolegend).  Neutrophils were resuspended in this medium and seeded at a density 

of 2 x 104 cells per well. Treatments were added to a final volume of 200 µL per well. 

Cells and treatments 

Neutrophil differentiated HL-60 cells, as described above, were used to compare 

NETosis dynamics between different inducers and to assess the contribution of PAD4 with both 

PMA and ionomycin stimulation. The NETosis assay was repeated five times using independent 

batches of differentiated cells, with three replicate wells per treatment. Cells were either left 

untreated or treated with 0.2, 2, 20, or 200 nM PMA (Millipore-Sigma) or 5 µM ionomycin 

(Millipore-Sigma). In separate wells, cells were pre-treated with 20 µM GSK484 (Cayman 

Chemical), a selective PAD4 inhibitor (107), for 30 minutes prior to stimulation with either 200 

nM PMA or 5 µM ionomycin.  
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Isolated mouse kidney and bone marrow neutrophils were also subjected to the live-cell 

NETosis assay and either left untreated or stimulated with 100 nM PMA, with three replicate 

wells per animal.  

Live-cell imaging 

Images were acquired using the Incucyte® S3 Live-Cell Imaging and Analysis System 

(Sartorius) at 20x magnification in the green, red, and phase contrast channels. For each well, 2-3 

fields of view were captured every hour over a total duration of 12 or 24 hours. Default 

acquisition settings were used, with exposure times of 300 ms for the green channel and 400 ms 

for the red channel, and standard focus offsets applied by the Incucyte software (v2023A). The 

imaging system was maintained at 37°C with 5% CO2 throughout the experiment. 

2.4 Protein and RNA Expression Analysis 

2.4.1 Protein Extraction 
Cells were lysed in radioimmunoprecipitation assay (RIPA) buffer containing 150 mM 

sodium chloride, 1% Triton X-100, 0.5% sodium deoxycholate, 0.01% sodium dodecyl sulfate 

(SDS), 50 mM Tris (pH 8.0), supplemented with 1:100 dilution of protease inhibitor cocktail 

(Millipore-Sigma). Lysates were incubated at 4°C for 30 minutes with gentle agitation, followed 

by sonication for 1 minute to ensure complete cell disruption. Samples were then centrifuged at 

12 000 rpm for 10 minutes at 4°C to pellet and remove insoluble debris. Protein concentrations 

were determined using the DC Protein Assay (Bio-Rad) according to manufacturer’s 

instructions. 

2.4.2 Western blotting 
For each sample, 20-30 ng of protein was mixed with Laemmli SDS sample buffer (Alfa 

Aesar) and topped up with RIPA buffer to a final volume of 25 µL. Samples were denatured at 

95°C for 5 minutes and loaded onto a 12% polyacrylamide gel. Electrophoresis was performed 
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for 1 hour at 120 V in SDS running buffer, after which proteins were transferred onto a 

nitrocellulose membrane at 100 V for 40 minutes in transfer buffer.  

Membranes were blocked with 5% milk in TBS-T (20 mM Tris-HCl, 150 mM NaCl, 

0.1% Tween-20, pH 7.6) for 40 minutes and incubated overnight at 4°C with the appropriate 

primary antibodies (Table 2.2) diluted in 5% milk in TBST-T with gentle agitation. Following 

incubation, membranes were washed three times with TBS-T for five minutes each at room 

temperature.  

The appropriate horseradish peroxidase (HRP)-conjugated secondary antibodies (Table 

2.2) were diluted in 5% milk in TBS-T and incubated with the membranes for 1 hour at room 

temperature with gentle agitation. Membranes were then washed three times with TBS-T for 5 

minutes each. Protein bands were visualized using Pierce™ ECL Western Blotting Substrate 

(Thermo Fisher Scientific) and imaged using a ChemiDoc Imaging System (Bio-Rad) with the 

optimized exposure settings. Band intensities were quantified using Image Lab (Bio-Rad) and 

normalized to β-tubulin as a loading control. 

2.4.3 RNA Extraction 
 Total RNA was isolated using the RNeasy Mini Kit (Qiagen) according to the 

manufacturer’s protocols. Cells and tissues were disrupted and homogenized in RLT buffer 

provided with the kit, then passed through QIAShredder columns (Qiagen) to ensure complete 

homogenization. The resulting lysates were applied to RNeasy spin columns to complete RNA 

extraction and purification. RNA was eluted in RNase-free water and quantified using a 

spectrophotometer by measuring absorbance at 260/280 nm.  
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Equal amounts of RNA from each sample were subjected to DNase I digestion using 

amplification-grade DNase I (Thermo Fisher Scientific) according to the manufacturer’s 

instructions. Purified RNA samples were stored at -80°C until use.  

2.4.4 Reverse Transcription and cDNA Synthesis 
 Complementary DNA (cDNA) was synthesized from purified RNA using the High-

Capacity cDNA Reverse Transcription Kit (Applied Biosystems) according to the 

manufacturer’s instructions. For each reaction, equal amounts of total RNA (5 ng) were added to 

PCR tubes containing the appropriate kit components. Reverse transcription was performed on a 

thermal cycler under the following cycling conditions: primer annealing at 25°C for 10 minutes, 

reverse transcription at 37°C for 120 minutes, and enzyme inactivation at 85°C for 5 minutes. 

The resulting cDNA samples were stored at –80 °C until use. 

2.4.5 Quantitative Real-time PCR 
Real-time quantitative PCR (RT-qPCR) was performed using the PowerUp™ SYBR™ 

Green Master Mix (Applied Biosytems) supplemented with 1.5 µL of the appropriate forward 

and reverse primers (10 µM). For each sample, duplicate reactions were prepared by dispensing 

the master mix into PCR tubes and adding 5 ng of cDNA template. Amplification was carried 

out on a CFX Opus 96 Real-Time System (Bio-Rad) under the following cycling conditions: 

50°C for 2 minutes, 95°C for 2 minutes, followed by 40 cycles of denaturation at 95°C for 15 

seconds and annealing and extension at 60°C for 1 minute.  

Relative messenger RNA (mRNA) expression levels were calculated using the 2-ΔΔCT 

method, with glyceraldehyde-3-phosphate dehydrogenase (GAPDH) serving as the internal 

reference gene. All primer sequences used for RT-qPCR are listed in Table 2.1.  
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2.4.6 Library Preparation and Sequencing  
 Total RNA from HUVECs treated with 10 ng/mL of NETs or a vehicle control were 

submitted to Genome Québec (Montréal, Canada) for poly(A)-enriched stranded RNA 

sequencing. Libraries were prepared using the NEBNext Ultra II Directional RNA Library Prep 

Kit (New England Biolabs) and indexed with NEBNext dual indices. Sequencing was performed 

on an Illumina NovaSeq 6000 platform (2 × 100 bp paired end reads) with a run concentration of 

140 pM. Each library yielded approximately 80–95 million read pairs with > 98% passing filter 

(PF) reads aligned to the Homo sapiens GRCh38 reference genome (average quality = Q39, 

median insert size ≈ 350 bp). 

2.5 Bioinformatics 

2.5.1 NETosis Assay Image Analysis Pipeline 
Following image acquisition, uncalibrated images were exported as 8-bit PNG files for 

the phase-contrast channel and as 16-bit TIFF files for the green and red fluorescence channels. 

ilastik cell segmentation 

To facilitate cell segmentation in CellProfiler, phase-contrast images were first processed 

in ilastik (v.1.4.0; https://www.ilastik.org/) using the Pixel Classification workflow to generate 

segmentation probability maps (332). Separate workflows and segmentation algorithms were 

generated for each of the cell types (i.e. neutrophil-directed HL-60 cells and mouse bone marrow 

neutrophils). For each workflow, 5-9 representative images spanning all treatment conditions 

were selected as training data. All multi-scale image features were enabled for pixel 

characterization, including smoothed pixel intensity, edge filter, and texture descriptors, with 

each scale corresponding to the Gaussian sigma applied prior to filtering. Training images were 

manually annotated with two binary labels, Cells and Background. Using ilastik’s Live Update 

function, pixels were iteratively annotated until accurate segmentation was achieved, capturing 

https://www.ilastik.org/
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all cell morphologies while excluding background. Each pixel was assigned a feature vector 

comprising values for each selected image feature, used to train a Random Forest classifier 

(Vigra’s RandomForestClassifier from the C++ Python for image-processing and machine-

learning library). The trained classifier assigned each to a class based on these features and 

annotations, producing semantic segmentation probability maps for each label. Batch processing 

was then used to apply the classifier to all unseen images. Resulting probability maps were 

exported as 32-bit multi-channel TIFF images and imported into CellProfiler, where pixel-

probability thresholding was used to generate binary masks for segmentation. 

CellProfiler image processing pipeline  

Images were processed using CellProfiler™ cell image analysis software (v4.2.6; 

https://cellprofiler.org) for segmentation of cells, DNA, Annexin V and NETs, as well as for the 

extraction of morphological and quantitative object features from phase-contrast, green 

fluorescence, and red fluorescence images (333). Cell segmentation was facilitated by ilastik-

generated probability maps, which were imported into CellProfiler and applied to the 

corresponding phase-contrast images. This pipeline enabled broad NET quantification by 

extracting image-level metrics, including NET counts, total area, and fluorescence intensity from 

the segmented extracellular DNA regions. All resulting object feature measurements were 

exported as a database file compatible with CellProfiler Analyst (CPA) for subsequent single-cell 

classification. 

Metadata: Image metadata were extracted from folder and file names to provide 

CellProfiler with information on the imaging channel, well, field of view, and time point for each 

image. Accordingly, folders were organized and named by image type (i.e. Phase, Green, Red, 

and Probability) and images were saved using the default Incucyte naming format: 

https://cellprofiler.org/
https://cellprofiler.org/
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Plate_Well_Image_Day_Hours_Minute. The following regular expression was used in 

CellProfiler to extract file name metadata: ^(?P<Plate>.*)_(?P<Well>[A-P][0-

9]{1,2})_(?P<Image>[0-9])_(?P<day>[0-9]{2})d(?P<hours>[0-9]{2})h(?P<minute>[0-

9]{2})m). To incorporate per-well treatment information, a separate CSV file was created listing 

each well alongside its associated treatment and uploaded using the Import from file metadata 

extraction method in CellProfiler. 

Probability maps: The ilastik probability maps were imported into the pipeline as RGB 

images and subsequently split to grayscale images using the CellProfiler ColorToGray module. 

In these maps, background pixels are black, and pixels classified as cells appear progressively 

whiter with increasing classification certainty, enabling CellProfiler to interpret pixel intensities 

as probability values for segmentation. 

The grayscale probability maps were smoothed using the EnhanceOrSuppressFeatures 

module (Suppress mode, feature size=10 pixels) to reduce small-scale noise and intensity 

variations.  The IdentifyPrimaryObjects module was used to segment cells based on the intensity 

values of ilastik-identified ROIs. Cells were identified as white regions ≥15 pixels that did not 

touch the image border. Adaptive Otsu thresholding (two classes) was applied with a threshold 

correction factor of 0.3 and a 50-pixel adaptive window. A 10-pixel smoothing filter was used to 

distinguish clumped objects by shape, with dividing lines determined by intensity gradients. 

Internal holes within segmented objects were filled.   

Segmented cell borders were overlaid on the corresponding phase-contrast images using 

the OverlayOutlines module as a quality control step to validate segmentation accuracy during 

pipeline optimization. 
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Green fluorescence images: For DNA segmentation, the green fluorescence images were 

first log-transformed (base 2) using the ImageMath module to enhance low-intensity regions and 

facilitate the detection of faint DNA signals. 

All true DNA areas were segmented using a separate IdentifyPrimaryObjects module 

applied to the processed green fluorescence images. Objects ≤1,000 pixels that did not touch the 

image border were included. Adaptive Otsu thresholding (two classes) was applied with a 

threshold correction factor of 0.8 and a 50-pixel adaptive window. Intensity threshold limits were 

optimized per dataset to account for background variation, with the lower inclusion limit ranging 

from 0.005-0.03. A 10-pixel smoothing filter was used to distinguish clumped objects by shape, 

with dividing lines determined by intensity gradients. Internal holes within segmented objects 

were filled.  

Identified DNA areas overlapping with segmented cells were saved as a new object set to 

filter out aberrant signals, with cells designated as parent objects and segmented DNA as child 

objects in the RelateObjects module. The filtered object set was linked to parent cells using a 

second RelateObjects step, after which all separate DNA objects were merged per-parent cell 

using the SplitOrMergeObjects module. These merged objects were then related back to their 

parent cells in a final RelateObjects step. 

Red fluorescence images: Prior to Annexin V segmentation, the red fluorescence images 

were processed using the EnhanceOrSuppressFeaturesmodule to enhance speckles with a feature 

size of 20 pixels, a characteristic size of Annexin V signals, thereby improving their distinction 

from background noise. 

Annexin V objects ≤1,000 pixels that did not touch the image border were segmented 

using a third IdentifyPrimaryObjects module. Adaptive Otsu thresholding (three classes, with 



 
 

60 

middle intensity classified as foreground) was applied on a smoothed image (default smoothing: 

1.3488) with threshold bounds set between 0.0002-1, a correction factor of 1, and a 50-pixel 

adaptive window. Clumped objects were distinguished based on shape using the smoothed image 

automatically generated by CellProfiler, with dividing lines determined by intensity gradients. 

Internal holes within segmented objects were filled.  

Identified Annexin V areas overlapping with segmented cells were saved as a new object 

set to filter out aberrant signals, with cells designated as parent objects and segmented Annexin 

V as child objects in the RelateObjects module. The filtered object set was linked to parent cells 

using a second RelateObjects step, after which all separate Annexin V objects were merged per-

parent cell using the SplitOrMergeObjects module. These merged objects were then related back 

to their parent cells in a final RelateObjects step. 

NET segmentation: To enable NET segmentation, the MaskObjects module was applied 

with the per-cell unmerged DNA objects set as the objects to be masked and the segmented cells 

as the masking objects. The mask was inverted to retain only DNA regions outside the cell 

borders. Segmented NET objects were expanded by 1 pixel using the ExpandOrShrinkObjects 

module to ensure overlap with their parent cells, enabling subsequent relational mapping with the 

RelateObjects module. 

The area of each individual NET was measured using the MeasureObjectSizeShape 

module, after which the RelateObjectsmodule was applied to filter objects by size (≥150 pixels) 

and to keep only those associated with at least one parent cell. The filtered NET object set was 

linked to parent cells using a second RelateObjects step, after which all separate NETs were 

merged per-parent cell using the SplitOrMergeObjects module. These merged objects were then 

related back to their parent cells in a final RelateObjects step. 
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Image masks: Prior to object measurement and data extraction steps, all identified 

objects (i.e. cells, merged DNA, merged Annexin V, and merged NETs) were applied as masks 

on the phase-contrast, green fluorescence, and red fluorescence images using a series of 

MaskImage modules, to enable data extraction for each object across all imaging channels.   

Object feature data extraction: A series of object measurements were performed to 

characterize the morphological and compositional features of each object, with intensity and 

texture metrics extracted across all imaging channels to assess cross-channel signal associations.  

The granularity spectrum of each object was measured using the MeasureGranularity 

module, which applies a series of top-hat filters with structuring elements sized 1-16 pixels to 

quantify texture coarseness at different spatial scales. 

Several intensity features were extracted from each object across all imaging channels 

using the MeasureObjectIntensitymodule: maximum intensity, minimum intensity, mean 

intensity, median intensity, lower quartile intensity, upper quartile intensity, intensity standard 

deviation and, intensity median absolute deviation (MAD). 

The spatial distribution of signal intensities within each DNA and NET object was 

quantified using the MeasureObjectIntensityDistribution module, with the cell edges defined as 

the center point and 4 radial bins applied. This module reports the fraction of total object 

intensity at each radius, expressed as mean fractional intensity and the coefficient of variation of 

intensity within each concentric ring. Area and shape features are extracted from the objects 

using the MeasureObjectSizeShape module, including area, volume, perimeter, eccentricity, 

radius, and Zernike shape features. 

The degree and nature of texture within objects were assessed using the MeasureTexture 

module, with quantifies object roughness or smoothness by analyzing the distribution of pixel 
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intensities over 256 greyscale levels and calculating Haralick features, including contrast, 

correlation, variance, and entropy. 

To report image-level NET features, the total NET area was measured using the 

MeasureImageAreaOccupied module, while NET intensity features were quantified from the 

green fluorescence images using the MeasureImageIntensitymodule, including total fluorescence 

intensity for comparison between treatment groups. 

Overlay images highlighting the cells and segmented objects were generated for 

visualization of analysis output. The phase-contrast, green fluorescence, and red fluorescence 

grayscale images were converted to RGB format using the GrayToColor module, with cells 

assigned to the blue channel, DNA to the green channel, and Annexin V to the red channel. The 

OverlayOutlines module was then used to outline the outer borders of NETs in fuchsia on the 

RGB images, which were then saved as 8-bit integer TIFF files using the SaveImages module. 

All extracted image- and object-level data were exported as an SQLite database file using 

the ExportToDatabase module, with a single object table created for seamless integration with 

CPA. A CellProfiler properties file was also generated at this stage to enable subsequent single-

cell classification with CPA, specifying object as the classification type and defining cells as the 

individual object locations. Finally, all images were batch processed by selecting Analyze Images 

in the bottom left of the CellProfiler user interface. 

Single-cell NETosis stage classification 

Each cell identified during CellProfiler segmentation was classified into one of the 

predefined NETosis stages (negative, dead, spread, disintegrated nucleus, or NETosis) using the 

machine-learning classifier in CellProfiler Analyst™ (CPA, 3.0.4; https://cellprofileranalyst.org) 

(334). Cell phenotype categories were primarily defined according to the morphological stages 

https://cellprofileranalyst.org/
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described by Inozemtsev et al. (45), in which the spread stage consists of cells with a flattened 

morphology and a compact nucleus, the disintegrated nucleus stage refers to cells with DNA 

dispersed throughout the cytoplasm, and NETosis is characterized by DNA extrusion into the 

extracellular space, either forming a disperse “cloud” or emerging through a membrane pore, 

with the cell perimeter becoming Annexin V-positive, as described by Fuchs et al. (39). Cells 

lacking any detectable fluorescent signal were classified as negative, and Annexin V and DNA 

positive cells showing a shrunken and irregular morphology as dead.  

For each individual experiment and dataset, a Random Forest classifier was trained by 

manually annotating 100-200 cells per phenotype category. Features extracted from segmented 

objects (per_object table) in the CellProfiler database file and its included features, as described 

in the CellProfiler image analysis pipeline above, were used to train the algorithm and identify 

informative features for distinguishing cell phenotypes. Overall classifier accuracy and per-class 

accuracy were evaluated for each dataset using the CPA confusion matrix, which reports the 

proportion of manually labeled cells correctly predicted cells by the algorithm. Classifier 

performance was assessed using 5-fold cross-validation in CPA, with an 80/20 train-test split 

ratio in each fold. Accuracy metrics, including precision, recall, and F1-score, were calculated 

and reported as the average across all 5 folds. Each dataset was batch processed separately to 

account for experiment-specific phenotypic variations and to minimize the risk of overfitting.  

Following cell classification, an image-level per-class cell count table (HitTable) was 

generated in CPA. Outliers were identified and removed on a per-experiment, per-treatment, and 

per-time-point basis within each phenotypic class using the interquartile range (IQR) method, 

implemented in Python (v3.11) using pandas. Data points outside were excluded from 

downstream analyses. The remaining values were normalized to the total cell count per image 
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(Image_Count_Cells) to calculate the percentage of each NETosis stage, which was then 

averaged across all fields of view (Image_Metadata_Image), and stratified by treatment 

(Image_Metadata_Treatment) and time point (Image_Metadata_Hours). 

2.5.2 RNA sequencing Processing and Differential Expression 
 RNA-seq data processing and analysis were performed by the Bioinformatics Core 

Facility at the Ottawa Hospital Research Institute (OHRI) following their standardized RNA-seq 

analysis pipeline (https://gitlab.com/ohri/2024-scn-rnaseq-workshop). Briefly, read quality was 

assessed using FastQC, and adapter sequences and low-quality bases were removed with Trim 

Galore. High-quality reads were aligned to the Homo sapiens reference genome 

(GRCh38) using STAR (v2.7.x) with default parameters. Gene-level quantification was 

performed with featureCounts (Subread v2.0.x) to generate a raw count matrix. Downstream 

analysis was conducted in R (v4.3.1) using DESeq2 (v1.40.2). Counts were normalized using 

DESeq2’s variance-stabilizing transformation (rlog), and principal component analysis (PCA) 

was performed on the top 500 most variable genes to visualize global expression patterns and 

detect potential batch effects. Differential expression was evaluated using the Wald test with 

Benjamini–Hochberg correction for multiple comparisons, and genes with an adjusted p-value < 

0.05 were considered significantly differentially expressed.  

2.5.3 Gene Ontology and KEGG Pathway Enrichment Analysis 
Differential expression results from DESeq2 were analyzed 

using g:Profiler (https://biit.cs.ut.ee/gprofiler/). Enrichment was performed for the Homo 

sapiens gene set across the Gene Ontology Biological Process (GO:BP), Molecular Function 

(GO:MF), Cellular Component (GO:CC), and Kyoto Encyclopedia of Genes and Genomes 

(KEGG) databases. The built-in g:SCS algorithm was applied to control for multiple testing, and 

terms with adjusted p-value < 0.05 were considered significantly enriched.  

https://gitlab.com/ohri/2024-scn-rnaseq-workshop
https://biit.cs.ut.ee/gprofiler/
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2.5.4 Gene Set Enrichment and Pathway Activity Inference 
 To assess pathway-level activity, differential expression results from DESeq2 were 

analyzed using the fgsea algorithm (v1.30.0) implemented in R and executed through a Python 

interface. Genes were pre-ranked by log₂ fold change, and enrichment was evaluated 

against Hallmark and Reactome gene sets from the Molecular Signatures Database (MSigDB 

v7.5.1). In parallel, curated senescence-related gene sets representing cell cycle arrest, DNA 

damage response, chromatin regulation, and SASP signaling were assembled from the literature 

and analyzed using the same gene set enrichment analysis (GSEA) framework on the same 

transcriptomic data. Normalized Enrichment Scores (NES) and Benjamini–Hochberg adjusted p-

values (false discovery rate (FDR) < 0.05) were used to identify significantly enriched pathways. 

Leading-edge subsets were extracted to define the core genes driving each enrichment. 

2.5.5 Computing the Senescence Index Score 
To further quantify senescence-associated transcriptional changes, a human universal 

senescence index (hUSI) score was calculated using the framework described by Wang et 

al.(335) and implemented in Python. Normalized bulk RNA-sequencing data from each sample 

were used as input to compute hUSI scores based on the curated senescence-associated gene set 

defined in the original study. Gene-level expression values were aggregated according to the 

published scoring scheme to generate a senescence score for each sample. Statistical differences 

in hUSI scores between experimental conditions were assessed using an unpaired two-tailed 

Welch’s t-test.  

2.6 Statistical Analysis and Data Collection  

2.6.1 General Statistical Framework 
All in vitro experiments were performed using a minimum of three independent 

biological replicates. In vivo studies included 6-7 mice per group. Animal experiments were 
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conducted in both males and females, which were analyzed separately. For each dataset, data 

distribution and variance were evaluated using the Shapiro-Wilk and Brown-Forsythe tests, 

respectively. Comparisons between two groups were performed using a two-tailed student’s or 

Welch’s t-test, while comparisons involving more than two groups were analyzed using a one-

way ANOVA followed by Tukey’s post-hoc test, or a Kruskal–Wallis test with appropriate post-

hoc corrections for non-normally distributed data.  

Error bars on all graphs represent standard error of the mean (SEM), and statistical 

significance was defined as p ≤ 0.05. For histological quantification, two sections of tissues were 

sectioned and stained, and at least 10 randomly selected fields of view from were used for the 

quantification.  

All statistical analyses were conducted using Python (v3.11) or GraphPad Prism 

(v10.1.1). Python-based analyses incorporated pandas, numpy, scipy, statsmodels, and related 

packages. 

2.6.2 NET Assay Data Analysis and Interpretation 
Image-level data extraction and visualization 

A per_image table was generated as part of the database file, containing all image-level 

extracted data. For broad NET assessment at this stage, the metrics Image_Count_NETs_merged 

(NET count per image),Image_AreaOccupied_AreaOccupied_NETs_merged (NET area in pixels 

per image), andImage_Intensity_TotalIntensity_DNA_NETs_merged (NET intensity (A.U.) per 

image) were used. Outliers were identified and removed on a per-experiment, per-treatment, and 

per-time-point basis for each metric using the IQR method, implemented in Python (v3.11) using 

pandas. Data points outside were excluded from downstream analyses. Remaining values were 

normalized to the total cell count per image (Image_Count_Cells), averaged across all fields of 
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view (Image_Metadata_Image), and stratified by treatment (Image_Metadata_Treatment) and 

time point (Image_Metadata_Hours). 

A global Kruskal-Wallis test was performed to assess overall differences in image-level metrics 

across treatments, followed by pairwise Mann-Whitney U tests with Holm correction for 

multiple comparisons.  

Comparison to hand counts 

NET counts from 9 representative images (3 per treatment group) were quantified by two 

independent manual annotators and by the CellProfiler pipeline. Agreement and bias between 

methods was assessed using Kruskal-Wallis tests with appropriate post-hoc corrections, Bland-

Altman plots, and intraclass correlation coefficients (ICC2 and ICC3) to evaluate inter-rater 

absolute agreement and consistency.  

Global classifier and accuracy metrics 

  The CPA training datasets from all sample sets (n=5 for HL-60 cells and n=4 for mouse 

bone marrow neutrophils) were compiled into combined training datasets containing all cell-

level features extracted using the CellProfiler pipeline. The HL-60 combined dataset comprised 

4886 total cells (negative: 818 cells, spread: 735 cells, disintegrated nucleus: 763 cells, NETosis: 

607 cells, dead: 1963), while the mouse neutrophil dataset included a total of 2183 cells 

(negative: 441 cells, spread: 496 cells, disintegrated nucleus: 364 cells, NETosis: 247 cells, dead: 

635). These datasets were used to train Random Forest classifiers (scikit-learn v1.3, Python 

v3.11) with 100 decision trees using stratified random sampling and a fixed random seed (42) to 

ensure reproducibility. A single representative decision tree, restricted to a maximum depth of 5, 

was generated using Graphviz to highlight key decision nodes and illustrate how features 

contributed to phenotype classification. 
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Feature importance scores were computed based on the mean reduction in Gini impurity 

for each feature across all trees in the Random Forest, resulting in ranked and normalized 

importance values. The top ten features contributing most to classification accuracy were plotted 

to compare relative rankings and to visualize their value distributions across the five NETosis 

stages. Univariate statistical comparisons of feature values were performed across all pairwise 

class combinations using the Mann-Whitney U test, with Bonferroni correction applied to adjust 

p-values for multiple comparisons. Statistical significance was defined as p < 0.05 after 

correction. 

Classifier performance was evaluated using stratified 5-fold cross-validation, ensuring 

balanced representation of all five phenotypes within each fold. In each iteration, 80% of the data 

were used for training, while the remaining 20% were reserved as unseen data for testing. 

Performance metrics, including precision, recall and F1-scores for each class, were calculated 

using the function from scikit-learn, and results were averaged across all folds. Confusion 

matrices were computed for each fold, summed across folds, and row-normalized to visualize the 

proportion of correct and incorrect predictions per class. The aggregated confusion matrix was 

plotted as a heatmap. 

Comparison of agreement between CPA trainers 

Two independent users trained separate CPA Random Forest classifiers on the same 

CellProfiler input dataset to assess user-specific bias and variability in the resulting cell count 

values. Training datasets were manually annotated into the five predefined NETosis stages, 

according to the previously described classification guidelines. A total of 1755 images (∼5.2 x 

105 cells) from all reported treatment conditions were included in this dataset and scored using 

the resulting classifiers. 
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Classification results were compared using Wilcoxon signed-rank tests with appropriate 

false discovery rate correction and rank-biserial effect sizes. Agreement and bias between 

classifiers were assessed using Bland-Altman and scatter plots and quantified using Spearman’s 

correlation coefficient (r) and ICC2 and ICC3 to evaluate inter-rater absolute agreement and 

consistency. Discrepancies between trainers were further characterized using mean absolute error 

(MAE) and root mean square error (RMSE).  

Comparison of NET quantification methods 

To evaluate the agreement of CPA-derived NET counts with CellProfiler-derived counts 

and mean manual annotations, NET counts from 9 representative images (3 per treatment group) 

were compared using a non-parametric Friedman test with appropriate post-hoc tests and FDR 

correction.  

Statistical comparisons were then repeated using the mean CPA-derived NET counts 

from both classifiers, and relationships between methods were visualized with scatter plots and 

Bland-Altman plots to highlight any deviations. Rank-based agreement was quantified using 

Spearman’s correlation coefficient (r) to assess monotonic relationships between each pair of 

quantification methods, and Lin’s concordance correlation coefficients (CCC) were computed to 

evaluate overall agreement.   

Analysis of differences in NETosis dynamics 

Hourly proportions of each NETosis stage were calculated by normalizing cell counts to 

the total cell count per image. For each treatment condition, the median percentage of each cell 

class was calculated from the mean values per well. Median line plots over time (0-12 hours) 

with 95% percentile intervals were generated to visualize the temporal progression of NETosis 

stages. A mixed-effects model with independent experiments as a random intercept was used to 
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account for per-experiment variability. Post-hoc pairwise comparisons between relevant 

treatment groups were performed with FDR correction. 

The area under the curve (AUC) for each cell-state feature was calculated across all 

replicates using the trapezoidal rule. Median AUC values (expressed as % x hour) were 

computed for each treatment and NETosis stage to capture the overall magnitude of each 

phenotype. To assess treatment effects, a global linear mixed-effects model (LME) was fitted 

separately for each cell-state feature with Treatment as a fixed factor and Experiment as a 

random intercept, following the formula: AUC∼C(Treatment)+(1∣Experiment). Pairwise post-

hoc comparisons between treatments were performed using reduced LME models restricted to 

two treatments, with appropriate multiple testing correction. 

The temporal composition of NETosis stages was visualized using stacked area plots and 

analyzed following centered log-ratio (CLR) transformation to generate 3-component 

composition vectors (after adding pseudo-counts where necessary), where each vector represents 

the overall abundance and duration of the three NETosis cell phenotypes per replicate. 

Compositional differences between treatments were assessed using global and pairwise 

Permutational Multivariate Analysis of Variance (PERMANOVA, 999 permutations) based on 

Euclidean distances of CLR-transformed data, with p-values adjusted for multiple testing. The 

difference between treatment centroids in CLR space was calculated, and the relative 

contribution of each cell-state phenotype to the overall composition difference was determined 

as: %contribution=∑j(ΔCLRj)2/(ΔCLRi)2×100. 

Univariate LME models were applied to median AUC values for predefined treatment 

pairs, with treatment as a fixed factor and experiment as a random intercept. Median AUC 
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differences were reported to indicate the direction and magnitude of change between treatments. 

All p-values were corrected for multiple testing. 

Key temporal metrics (Onset10, t50, and centroid) for each NETosis stage were derived 

from the time-course data using custom NumPy functions. Median values and IQR for each 

temporal metric were visualized using error-bar plots. To test for treatment effects on NETosis 

timing, LME models were fitted for each metric and cell feature, with treatment as fixed factor 

and experiment as a random intercept. We assessed monotonic trends across PMA doses, 

performed pairwise comparisons of PMA and ionomycin, and compared each stimulus with or 

without GSK484 pre-treatment. P-values were corrected for multiple comparisons.  
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Table 2.1: List of primers for genotyping and RT-qPCR analyses. 
Primer names, applications, and sequences (5’–3’) are shown. Expected amplicon sizes are provided for genotyping 

PCR to distinguish wild-type and mutant alleles. RT-qPCR, real-time quantitative PCR. 

Primer Application Sequence (5’ to 3’) 
Expected 

amplicon size 

Mouse-Padi4gl Mutant-F Genotyping TCATGACCCCCAACACTCA ∼300 bp 

Mouse-Padi4gl WT-F Genotyping AGCTTTGTAAGGGGCATCCT 165 bp 
Mouse-Padi4gl Common-R Genotyping TCAAAGTACCTGATGTGTTGACTG - 
Mouse-Havcr1(KIM-1)-F RT-qPCR AAACCAGAGATTCCCACACG - 
Mouse-Havcr1(KIM-1)-R RT-qPCR GTCGTGGGTCTTCCTGTAGC - 

Mouse-Lcn2(NGAL)-F RT-qPCR CAAGCAATACTTCAAAATTACCCTGTA - 
Mouse-Lcn2(NGAL)-R RT-qPCR GCAAAGCGGGTGAAACGTT - 

Human-CDK1-F RT-qPCR TACAGGTCAAGTGGTAGCCA - 
Human-CDK1-R RT-qPCR GAGATATAACCTGGAATCCTGCA - 

Human-CCNB2-F RT-qPCR ATGCGTGCCATCCTAGTG - 
Human-CCNB2-R RT-qPCR AGAGCAGAGCAGTAATCCCA - 
Human-CCNA2-F RT-qPCR TGGACCCAGAAAACCATTGG - 
Human-CCNA2-R RT-qPCR CCTCCATTTCCCTAAGGTATGTG - 
Human-PLK1-F RT-qPCR GACGGGGAGAGGAAGAAGAC - 
Human-PLK1-R RT-qPCR GCAAGAAGTCTCAAAAGGTGGT - 

Human-CCNB1-F RT-qPCR TTAAACTTTGGTCTGGGTCGG - 
Human-CCNB1-R RT-qPCR AGAAGGAGGAAAGTGCACCA - 
Human-MCM5-F RT-qPCR GCTGCCCTCCCAAATGTCTA - 
Human-MCM5-R RT-qPCR GATGTCTCCTCGGCGAGTAA - 
Human-MCM4-F RT-qPCR CAGCAGCAGAAGATATAGTGGC - 
Human-MCM4-R RT-qPCR ACATTAATCTCCCCAAGTCGTTG - 
Human-MCM2-F RT-qPCR CATCTCCCACCTGCCTCTG - 
Human-MCM2-R RT-qPCR CCCAGGACGAAATTGCACTT - 
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Table 2.2: List of antibodies for Western blot and immunostaining protocols. 
Listed are primary and secondary antibodies used in this study, including application, supplier, and catalog 

number. WB, Western blot; IHC, immunohistochemistry; IF, immunofluorescence.  

Antibody Application Supplier 
Catalog 
number 

Mouse monoclonal anti-beta Tubulin WB Abcam ab131205 

Mouse monoclonal anti-p21 WB 
Thermo Fisher 

Scientific 
MA5-31479 

Rabbit monoclonal anti-PLK1 WB New England Biolabs 4513 
Mouse monoclonal anti-CKD1[A17] WB Abam ab18 
Goat anti-Mouse IgG (H + L), HRP WB Bio-Rad 170-6516 

Goat anti-Rabbit IgG, HRP WB Millipore Sigma 9169 

Rabbit monoclonal anti-CD3 epsilon 
[SP7] 

IHC Abcam ab16669 

Rabbit monoclonal anti-F4/80 
[EPR26545-166] 

IHC Abcam ab300421 

Rabbit monoclonal anti-MPO 
[EPR20257] IHC Abcam ab208670 

ImmPRESS™ Horse Anti-Rabbit HRP 
polymer reagent 

IHC Vector Labs MP-7401-15 

Rabbit polyclonal anti-Histone H3 
(citrulline R2 + R8 + R17) 

IF Abcam ab5103 

Goat anti-Rabbit IgG (H+L), Alexa 
Fluor 647 

IF 
Thermo Fisher 

Scientific 
A-21245 
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Chapter 3  

Development and validation of a semi-automated imaging and analysis pipeline for 
quantifying NETosis dynamics 
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This chapter is based on a manuscript that has been submitted to	Frontiers in Immunology	and is 

currently under review. 

3.1 Introduction and Rationale 
NETs are widely recognized not only as mediators of host defense but also as drivers of 

tissue injury across a range of diseases (46). Their broad functional roles underscore the need to 

better characterize the mechanisms governing NET formation across different contexts and 

conditions, as well as the downstream biological impacts of this process. As the mechanisms that 

regulate NETosis become increasingly defined, there is a growing need for tools that can 

precisely resolve this process and facilitate efficient screening of its modulators (183). Existing 

approaches often lack the sensitivity or scope necessary to investigate the mechanistic 

implications of NETosis (184,185,192). Prior work has identified sequential stages of neutrophil 

activation and NET release (39,45), each governed by distinct, temporally ordered signaling 

event that provide important mechanistic insight (92). Consequently, end-point measurements of 

NET release alone often fail to capture stimulus-dependent differences in NETosis (197), 

highlighting the value of live-cell imaging and the need to define NETosis with temporal 

resolution.  

The phenotypic heterogeneity of NETs already complicates their accurate identification, 

and incorporating distinct NETosis stages adds an additional layer of complexity that is difficult 

to address with classic image-analysis methods (336). These approaches often lack the capacity 

to discriminate subtle morphological transitions and can substantially increase the risk of 

manual-annotator bias. The growing availability of efficient machine-learning tools offers 

a promising approach to address these challenges	(334,337). 
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In this chapter, we present a high-throughput methodology and analysis pipeline for real-

time tracking of NET release across its defined morphological stages. By leveraging machine 

learning, this approach enables characterization of NETosis dynamics and supports inference of 

the underlying mechanisms governing stage progression. 

3.2 NET Assay and Analysis Pipeline Overview 
We developed a high-throughput live-cell imaging assay and semi-automated analysis 

pipeline to quantify NETosis dynamics over time (Fig. 3.1a). This approach enables real-time 

tracking of NET release and progression through distinct NETosis stages, providing detailed 

insight into both temporal patterns and phenotypic features. By combining phase-contrast 

imaging with fluorescence detection of extracellular DNA and Annexin V, the assay captures 

key morphological and functional changes of NETosis (Fig. 3.1b). This information helps 

distinguish NETting cells from dying cells, while detecting a broader range of NET phenotypes 

than traditional assays. The pipeline integrates open-source tools: ilastik for pixel classification 

(332), CellProfiler for object segmentation (333), and CPA for downstream classification of 

NETosis stages (334) (Fig. 3.1c). Total-image NET characteristics such as count, area and 

fluorescence intensity can be quantified to provide a broad assessment of NETosis (Fig. 3.1d). 

Additionally, single-cell features obtained from CellProfiler are used to train classifiers in CPA, 

enabling the assignment of each cell to a NETosis stage and quantification of stage distributions 

over time (Fig. 3.1e). This method enables mechanistic studies by revealing when and how 

specific treatments alter NETosis, and its 96-well format supports large-scale screening of 

NETosis modulators.  

To demonstrate the capabilities of the analysis pipeline, we first validated it using 

neutrophil-directed HL-60 cells and characterized the dynamics of NETosis in response to two 

stimuli that act through distinct pathways, in the presence and absence of PAD4 inhibition. We  
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Figure 3.1: Overview of the experimental workflow and analysis for NETosis quantification. 
a, Schematic of the workflow with differentiated HL-60 cells. Created in BioRender (https://BioRender.com/9rvj2i1). b, 

Live-cell imaging is performed every hour for 12 hours using three channels: Phase contrast, green fluorescence (DNA), 

and red fluorescence (Annexin V). c, A segmentation probability map is generated from each phase image using Ilastik. All 

images, including the segmentation probability map, are processed in a custom CellProfiler pipeline to identify individual 

cells, DNA and Annexin V. NETs are defined as regions of green fluorescence located outside of the cell body, and all 

identified objects are mapped back to the parent cell. d, NET count, area, and fluorescence intensity are measured per 

image. For each individual cell and its associated DNA, Annexin V, and NET structures, morphological (e.g., shape, size), 

textural, granular, and intensity-based features are extracted and saved as a CSV file. e, Extracted object-level features are 

used by CellProfiler Analyst to train a Random Forest classifier on user-annotated images. The classifier is then used to 

categorize cells into different NETosis stages, enabling quantitative assessment of NETosis dynamics and phenotype 

distributions over time. 
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then applied the pipeline to primary neutrophils to assess its adaptability to cells of different 

origins. NETosis was characterized in bone marrow–derived neutrophils from wild-type and 

Padi4-/- mice to further investigate PAD4-dependent differences in NET formation. Together, 

these applications highlight the flexibility and broad utility of the pipeline for analyzing NETosis 

across experimental models and interventions. 

Cells were seeded to 96-well plates and incubated with SYTOX (green) and Annexin V 

(red). Distinct treatments were added to designated wells, and plates were imaged using the 

Incucyte S3 live-cell imaging system. Images were acquired every hour for 12-24 hours in the 

phase-contrast, green fluorescence (DNA) and red fluorescence (Annexin V) channels. 

To assist with accurate cell segmentation in the phase contrast images, ilastik’s pixel 

classification was used to generate segmentation probability maps. All available feature layers 

were included to capture variability in cell morphology. Manual annotations for foreground (cell) 

and background regions were done on a series of representative images and used to train a 

Random Forest classifier. The resulting probability maps yielded cell counts comparable to 

manual annotation (Fig. 3.2). These probability maps were exported and used as inputs for 

downstream object segmentation in CellProfiler. 

In CellProfiler, individual cells were segmented from the probability maps and identified 

as primary objects. Signals from the green and red fluorescence channels were used to identify 

extracellular DNA and Annexin V, respectively, and were mapped to the corresponding parent 

cell objects. NETs were defined as regions of extracellular DNA not overlapping with or 

contained within cell bodies. A wide array of features, including object area, shape, texture, 

granularity, and fluorescence intensity, were extracted for each object across all three channels. 
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Object-level feature data was exported from CellProfiler as a database file (*.db) and 

imported into CPA for single-cell classification. For each experiment, a representative subset of 

cells was manually classified into five NETosis-related phenotypic categories: negative, dead, 

spread, disintegrated nucleus, and NETosis (Fig. 3.1E). These labels were used to train a 

Random Forest classifier which was then applied across all images to assign each cell to a 

phenotype bin. This classification enabled quantification of NETosis dynamics by tracking 

changes in the proportion of each cell type over time and across treatment conditions. 

Data generated by this pipeline, which include readouts on the cell count of each cell type 

at each hour post-stimulation, can be interpreted to provide insights into the dynamics of each 

cell type over time, the magnitude of their response, the onset and progression of NETosis, and 

the overall shifts in cell composition across conditions. Combined with modulators of NET 

release, this pipeline can help identify the timing and extent of their effect, providing insights 

into the specific stages at which they act. 

We evaluated the accuracy of the CellProfiler object segmentation-based pipeline and 

CPA classification in identifying NETs, using manual counts as the reference standard. The 

performance of the CPA classifier is assessed, and inter-rater variability in the training data and 

resulting classifiers is evaluated by comparing counts across NETosis stages. Differences in 

NETosis dynamics induced by PMA and ionomycin, with or without pre-treatment using 

GSK484, a selective PAD4 inhibitor (107), will be described. This includes changes in the 

hourly distribution of NETosis stages, overall response magnitude to each stimulus, 

compositional shifts in cell populations and temporal variations in the progression of NETosis. 

Finally, we present an adapted version of the pipeline for use with mouse bone marrow-derived 
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neutrophils and apply it to compare NETosis dynamics in wild-type and Padi4-deficient mice, 

reporting similar temporal and compositional readouts as described above. 

3.3 CellProfiler NETosis object segmentation accurately identifies NETs  
The pipeline was initially developed and validated using dHL-60 cells. Representative 

images illustrate the responsiveness of untreated cells and cells treated with 200 nM PMA, along 

with the subsequent image processing steps performed in CellProfiler (Fig. 3.3). Cell 

segmentation was performed on phase-contrast images using ilastik-generated probability maps, 

with cell boundaries outlined in red (Fig. 3.3a). DNA objects were segmented from green 

fluorescence images and merged with their corresponding parent cells (Fig. 3.3b). A similar 

process was applied to the red fluorescence images to identify and assign per-cell Annexin V 

objects (Fig. 3.3c). NETs were then identified by segmenting extracellular DNA and applying a 

size threshold, followed by merging these objects to their respective parent cells (Fig. 3.3d). 

PMA-treated cells show increased levels of DNA objects, many of which appear enlarged, 

reflecting elevated NET release (Fig. 3.3b). While some level of spontaneous NETosis is 

observed in the control image, the representative PMA-treated image demonstrates a marked 

increase in both the number and size of segmented extracellular DNA structures (Fig. 3.3d). 

The pipeline was applied to quantify NET parameters in cells treated with 200 nM PMA 

and compared to untreated cells or those pre-treated with 20 µM GSK484 for 30 minutes prior 

PMA stimulation, to confirm that the pipeline accurately detected the expected reduction in 

NETosis with PAD4 inhibition. Representative overlay images generated by CellProfiler show 

clear NET release in PMA-treated cells whereas GSK484 pre-treatment shows complete 

suppression of extracellular DNA release (Fig. 3.4a), highlighting the sensitivity of the pipeline 

in detecting biologically relevant changes in NETosis. 
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Figure 3.2: Comparison of ilastik-generated image cell counts with manual counts. 
a, Representative example showing a phase contrast image, the corresponding probability map generated by ilastik, and 

resulting cell segmentation in CellProfiler. b, Barplot comparing automated cell counts and manual cell counts, with 

statistical significance assessed by paired t-test result. N = 9 images.  
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Figure 3.3: CellProfiler object-based segmentation pipeline steps. 
a-d, Representative steps of the CellProfiler pipeline for segmenting cells, DNA, Annexin V and NETs, shown for 

untreated cells and cells treated with 200 nM of PMA at 8 hours. Scale bar = 30 µm. a, Ilastik-generated probability maps 

and corresponding CellProfiler segmentations overlaid on phase contrast images. b, Raw green fluorescence images 

(DNA) image, DNA object identification by CellProfiler and mapping to parent cells. c, Raw red fluorescence images 

(Annexin V), CellProfiler-identified Annexin V-positive regions, and their association with parent cells. d, NET 

segmentation from masking of DNA areas outside of segmented cells in CellProfiler and mapping to parent cells.  
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Figure 3.4: CellProfiler validation of NET segmentation biological relevance. 
a, Composite overlays showing segmented cells (blue), DNA (green) and Annexin V (red) with NETs outlined in red. 

Representative images are shown for control, 20 µM GSK484, 200 nM PMA, and GSK484 + PMA (30-min pre-

treatment) conditions. b, Quantification of NET count, total area, and fluorescence intensity per image across all four 

treatments. N=15, n=5. ****P<0.0001; ns, not significant.  
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Total image-level NET features extracted from CellProfiler confirmed the expected 

effects of PMA and PAD4 inhibition (Fig. 3.4b). PMA markedly increased NET count, area, and 

fluorescence intensity, whereas GSK484 pre-treatment alone did not induce NET release and 

reduced PMA-induced NETosis to near-baseline levels. 

3.4 CellProfiler NETosis object segmentation is comparable to manual counts  
To assess the accuracy of the CellProfiler pipeline in identifying NETs, automated NET 

counts were compared to manual counts performed by two independent annotators across 3 

representative images from the control, 200 nM PMA and GSK484 + PMA treatment groups 

(Fig. 3.5). The pipeline demonstrated good overall agreement with hand counts, with no 

significant differences in NET counts across treatments (Fig. 3.5a). Bland-Altman plots 

comparing CellProfiler-derived NET counts to those from manual annotations demonstrated 

strong agreement, with only minimal bias toward undercounting by CellProfiler (mean difference 

−0.22 relative to Hand Count User 1 and −1.78 relative to Hand Count User 2; Fig. 3.5b). Inter-

rater variability between manual annotators was also assessed and showed a comparable mean 

bias (−1.56; Fig. 3.6), underscoring the inherent subjectivity of manual counting and highlighting 

the value of automated pipelines in reducing user-dependent variability. 

To further evaluate the agreement between CellProfiler-generated NET counts and 

manual NET counts, ICCs were calculated and indicate very strong agreement in absolute NET 

counts and high consistency in relative trends between methods (Fig. 3.5c). 

3.5 Single-Cell NETosis Stage classification demonstrates high performance 
Data from five independent experiments were used to train Random Forest Classifiers in 

CPA. The CPA interface enables the manual creation of phenotype bins, into which unlabelled 

cells can be sorted for each dataset. Cells were classified into one of 5 phenotypes: negative, 

spread, disintegrated nucleus, NETosis or dead (Fig. 3.7a). Care was taken to include a broad  



 
 

85 

 

 
 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.5: Agreement between CellProfiler-generated and manual NET counts. 
a, Boxplot comparing NET counts from the CellProfiler pipeline with manual hand counts by two independent users. 

Kruskal-Wallis test results are shown above each treatment (N=3 per treatment). b, Bland-Altman plots illustrating 

the agreement and mean bias between the CellProfiler NET counts and each manual quantifier (N = 9 images). c, 

Intraclass Correlation Coefficients between CellProfiler NET counts and manual counts (N= 9 images).  
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Figure 3.6: Agreement in NET counts between manual annotators. 
Bland-Altman plot illustrating the agreement and mean bias in NET counts between two independent manual 

quantifiers (N = 9 images).  
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range of phenotypes during training to capture the full spectrum of cell morphology within each 

class. Rather than applying a single global model, a common base model was retrained 

separately for each experiment to account for inter-experiment variability and avoid overfitting. 

Classification accuracy for individual phenotypes varied between experiments, with overall 

classifier performance ranging from 90 to 95% accuracy (Fig. 3.8a). Spread and NETosis 

phenotypes showed greater variability, though still high-performing, with F1-scores ranging 

from 0.86 to 0.95 and 0.84 to 0.92, respectively (Fig. 3.8b). Training datasets from individual 

experiments were combined (N=4886 cells) to generate a single representative Random Forest 

Classifier tree, allowing for evaluation of classifier performance across the full dataset and assess 

generalizability across experiments (Fig. 3.7). 

The classifier was characterized based on its top-ranking features across experiments to 

evaluate their contribution to phenotype discrimination. Features extracted from phase-contrast 

images, DNA signal, and Annexin V signal within cell bodies were among the most informative 

for single-cell classification (Fig. 3.7b). Annexin V and DNA MAD intensities ranked the 

highest, with their upper quartile intensities also appearing among the top features. Additional 

important predictors included DNA granularity and several DNA texture features, such as 

contrast, inverse difference moment, and sum variance. These results highlight the value of DNA 

and Annexin V staining for distinguishing NETosis stages. The top three classification features, 

cell Annexin V MAD intensity, DNA MAD intensity and Annexin V upper-quartile intensity, 

differed significantly across phenotypes, except for DNA MAD intensity, which overlapped 

between dead and spreading cells (p=0.0746), making these two phenotypes more challenging to 

separate (Fig. 3.7b). 
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Figure 3.7: CellProfiler Analyst classification performance with neutrophil-directed HL-60s. 
a, Representative images for each classification bin: Negative, Spread, Disintegrated nucleus, NETosis and Dead. b, Top 

10 classification features ranked by importance in the Random Forest model, with boxplots showing the distribution of 

the top 4 features across classified cell types (n = 5 experiments, N = 4,886 cells) Mann-Whitney test and Bonferroni 

correction performed ****p<0.0001. c, Classifier Confusion Matrix on unseen, stratified test data from 5-fold cross 

validation (k=5). d, Classification performance metrics (precision, recall, and F1-score) for each cell type evaluated on 

stratified test data. 
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 Figure 3.8: CellProfiler Analyst classification performance across independent dHL-60 experimental replicates. 
a, Confusion matrices and b, corresponding performance metrics (precision, recall, and F1-score) obtained from CPA 

models trained on individual dHL-60 datasets. Model performance was evaluated using stratified test k-fold cross-

validation (k=5) for each of the five experimental replicates. Overall classification accuracy for each dataset is 

indicated above the corresponding confusion matrix. 
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To assess the power of these features and the overall performance of the Random Forest 

classifier in reliably sorting cells, classification accuracy was evaluated on unseen data using 

stratified test set evaluation. Classification metrics showed high accuracy in correctly identifying 

each of the cell phenotypes. Cell labels were consistent with the training annotations 98% of the  

time for negative cells, 94% for dead, spread and disintegrated nucleus cells, and 92% for 

NETosis (Fig. 3.5c). Accordingly, the median F1-scores followed a similar trend, with values 

highest to lowest for negative (0.988), dead (0.95), disintegrated nucleus (0.937), spread (0.923), 

and NETosis (0.914). Spread classification shows the greatest variability in F1-score, driven by 

inconsistent recall, suggesting variable sensitivity of the classifier in detecting this phenotype. 

Precision was most variable for disintegrated nucleus and NETosis classifications, reflecting 

inconsistent rates of false positives across folds (Fig. 3.7d). 

3.6 Single-Cell NETosis stage classification shows some inter-rater variability but remains 
comparable to other quantification methods 

To evaluate the impact of inter-rater variability, two independent annotators labeled the 

same dataset, and the resulting annotations were used to compared CPA training outcomes, 

classifier performance, and cell phenotype quantification. A noticeable skew in results was 

observed across several phenotypes, driven by consistent user-specific biases during classifier 

training, which led to significant differences in the resulting cell counts. Specifically, counts of 

negative, spread, dead and disintegrated nucleus cells differed significantly, whereas NETosis 

counts did not (p=0.051) (Fig. 3.9a). 

              Scatter plot analysis demonstrated strong agreement between image-level NETosis 

counts generated by classifiers trained by independent annotators, with high overall correlation 

(Spearmanr≈0.93), with minimal inter-rater bias (Fig. 3.9b-c). Counts for negative and 

disintegrated nucleus phenotypes showed consistently high concordance between trainers, 
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whereas spread and dead cell classification exhibited greater variability and systematic 

deviations in opposite directions, suggesting that these phenotypes are sensitive to subjective 

interpretation during classifier training.  

Bland-Altman plots further supported these trends (Fig. 3.9b). NETosis counts showed 

minimal bias, reinforcing the consistency of classification for this phenotype. The mean 

differences in disintegrated nucleus (-3.73) and negative (-15.7) cell counts were marginal but 

consistent across the range of mean counts. Spread and dead cells displayed strong proportional 

bias, with differences increasing alongside the mean cell counts. Mean differences were -20.6 for 

spread and 39.9 for dead cells, indicating systematic under- and overestimation, respectively, 

between trainers. 

To further quantify classifier agreement and prediction error, ICCs and absolute error 

metrics were evaluated across phenotypes (Fig. 3.9c). NETosis exhibited the strongest agreement 

(ICC≈0.99), with minimal prediction error, indicating reproducible classification. Negative and 

disintegrated nucleus cells also showed high agreement with moderate error, consistent with 

limited inter-user bias. In contrast, dead and spread cell classification displayed lower agreement 

and higher prediction error, with spread cell showing the weakest concordance overall (ICC≈0.4-

0.5), suggesting that this phenotype is the most inconsistently interpreted and may benefit from 

clearer standardized annotation criteria to improve classification robustness. 

To assess the accuracy of the CPA classifiers trained by two independent annotators in 

identifying NETs, automated NET counts were compared to those obtained from the CellProfiler 

segmentation pipeline and to the average manual counts across 3 representative images from the 

control, 200 nM PMA and GSK484 + PMA treatment groups, as shown in Fig. 3.4a. Automated  
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Figure 3.9: CellProfiler Analyst inter-rater classification agreement across NETosis stages. 
a, Boxplots showing variability in predicted cell counts across two independently trained CPA classifiers. Paired Wilcoxon 

test with Benjamin-Hochberg correction performed  (***p<0.0001). b, Scatterplots and Bland-Altman plots showing 

agreement between two independently trained CPA classifiers for each NETosis stage. c, Summary of agreement metrics 

between the two CPA classifiers trained using independent annotation sets, including MAE, RMSE, Spearman ρ and p, 

ICC2, Wilcoxon p-values, and rank-biserial effect size. 
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NET counts generated by the CPA classifiers did not differ significantly from each other, from 

the hand count mean or CellProfiler-derived NET counts across treatments (Fig. 3.7a). 

To evaluate the correlation of reported NET counts across all methods, scatter plots were 

generated, and Spearman correlation coefficients calculated for each of the pairwise comparison 

of methods (Fig. 3.10). Average NET counts from the CPA classifiers showed slightly stronger 

correlation with manual counts than those obtained directly from the CellProfiler pipeline. The 

highest correlation was observed between the CellProfiler pipeline and CPA classifier outputs 

(r=0.98), showing consistency in automated methods (Fig. 3.10b).   

Bland-Altman plots comparing mean differences in NET counts across each pairwise 

combination of methods revealed a modest bias toward underestimation by both automated 

methods relative to manual counts. In contrast, the comparison between CellProfiler and CPA 

classifier average showed strong concordance, with a minimal mean bias (Fig. 3.10d). 

Overall agreement between methods, as measured by CCC, was excellent between 

CellProfiler and CPA (CCC=0.978) and remained strong between CPA and manual counts, 

indicating that CPA classifiers provide reliable quantification when benchmarked against both 

manual and automated methods (Fig. 3.10b).              

3.7 Time-course analysis reveals PMA dose-dependent changes in NETosis stages  
The assay was applied to characterize NETosis in neutrophil-differentiated HL-60 cells 

stimulated with PMA at 0.2, 2, 20 or 200 nM, allowing for evaluation of dose-dependent 

responses. Representative overlay images show areas of NETs segmented by the CellProfiler 

pipeline at 8 hours post-treatment, delimited by red outlines (Fig. 3.11a).  

           Cells exhibited increased NET formation in response to elevating PMA 

concentrations. However, quantitative analysis of CellProfiler-extracted data revealed significant  
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Figure 3.10: Agreement of CellProfiler Analyst NET counts with other quantification methods.  
a, Boxplots comparing NET counts obtained from CellProfiler, two independently trained CPA classifiers, and the 

average of manual counts (n = 9 images). Statistical comparisons were performed using the Friedman test, with 

results annotated above each group. b, Summary of agreement between automated and manual NET counts assessed 

with  Spearman correlation and Lin’s concordance correlation coefficients, n =9 images. c, Scatterplots comparing 

NET counts for each pairwise combination of NET quantification methods. d, Bland-Altman plots assessing 

agreement between each pair of quantifiers. 

 



 
 

95 

increases in NETosis metrics (counts, area, and intensity) compared to control beginning at 2 nM 

PMA, with no discernible differences between higher concentrations (Fig. 3.12). 

The lack of detectable dose-dependent effects suggested limited sensitivity of the pipeline 

or an inability to capture earlier NETosis phenotypes, which were detected when analyses were 

combined with the CPA classifier (Fig. 3.11).  

            Temporal and compositional changes in NETosis dynamics were compared across PMA 

concentrations using the CPA classifier to quantify hourly levels of all three NETosis stages, 

enabling time-resolved comparisons between concentrations (Fig. 3.11b).   

            Spreading induced by PMA significantly differed from untreated cells starting 

immediately after treatment onset. The three highest PMA doses (2, 20 and 200 nM) led to 

significantly more spreading than the lowest dose, with divergence emerging around 1-4 hours 

post-treatment. Differences in spread cell percentages between the top three doses were minimal, 

indicating a similar degree of cell activation at doses above 2 nM (Fig. 3.11b, panel 1).   

Nuclear disintegration following PMA treatment became significantly elevated relative to 

control starting at 2 hours. By 3 hours, dose-dependent differences emerged, with the three 

highest PMA concentrations exhibiting greater nuclear disintegration than 0.2 nM. As the 

experiment progressed, significant distinctions between the higher doses became apparent. 

However, nuclear disintegration remained comparable between 20 and 200 nM PMA throughout 

the time course(Fig. 3.11b, panel 2). 

NETosis became significantly elevated in PMA-treated groups relative to control starting 

at 3 hours, with successive PMA dose groups reaching statistical significance in a stepwise 

manner at approximately 1-hour intervals (Fig. 3.11b, panel 3. Dose-dependent differences  
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Figure 3.11: Time-course of NETosis dynamics in response to increasing concentrations of PMA. 
a, Composite overlays showing segmented cells (blue), DNA (green) and Annexin V (red) with NETs outlined in red. 

Representative images are shown for all PMA concentrations (0.2-200 nM) after 8 hours. b, Line plots showing the 

median percentage of each NETosis stage over time with increasing PMA concentrations. Mixed-effects models were 

used with experiment as a random intercept, followed by Bonferroni-corrected pairwise comparisons. Symbols are 

shown only at the first significant time point if significance is maintained for all subsequent time points; otherwise, the 

symbol is shown at each significant time point. Grey boxes highlight time points where any PMA concentration is 

significantly higher than control. Pairwise comparisons: § PMA 0.2 vs 2 nM, ¶ PMA 0.2 vs 20 nM, # PMA 0.2 vs 200 

nM and PMA 2 vs 20 nM, Δ PMA 2 vs 200 nM, ◊ PMA 20 vs 200 nM (n = 5 experiments, N = 15 replicates). c, Area 

under the curve (AUC) for each cell type with mixed-effects modeling with Holm step-down correction. n=5 

experiments, N=15 replicates. *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001.  
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 Figure 3.12: CellProfiler-generated NET metrics in response to increasing concentrations of PMA. 
Quantification of NET count, area, and fluorescence intensity per image across PMA concentrations. N=12-15, 

n=4. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001. 
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emerged around 3-4 hours, with the three highest PMA concentrations inducing greater NETosis 

than 0.2 nM. NETosis levels were comparable between 2 and 20 nM throughout most of the 

experiment, although 20 nM PMA produced higher NETosis by 12 hours (5.15% vs 3.77%, 

p<0.0001). In contrast, 200 nM induced significantly more NETosis than all other doses starting 

at 7 hours, reaching a median of 6.64% of cells in NETosis by 12 hours (Fig. 3.11b, panel 3). 

            This time-course analysis revealed that while NETosis initiation is comparable in both 

timing and magnitude across PMA doses from 2 to 200 nM, higher doses lead to divergence at 

progressively later stages. Specifically, 20 nM induced more nuclear disintegration than 2 nM, 

whereas 200 nM surpasses 20 nM only at the stage of NET formation. 

           To assess differences in the magnitude of effect on each cell stage in response to 

increasing PMA concentrations, AUC values were calculated (Fig. 3.11c). Increasing PMA 

concentrations led to progressive shifts in the proportion of cells in each phenotype. The 

cumulative percentage of disintegrated nucleus cells increased significantly starting from the 

lowest concentration tested (Control=1.1 vs 0.2 nM=22.1, p=0.048), despite minimal and non-

significant NETosis at this dose. The magnitude of nuclear disintegration continued to rise with 

increasing PMA concentrations, peaking at 20 nM and plateauing at 200 nM. 

The largest increase in cumulative cell spreading occurred between 0.2 and 2 nM (0.2 

nM=12.88 vs 2 nM=78.42, p<0.0001), after which levels remained relatively stable at higher 

concentrations. In contrast, cumulative NETosis increased at higher PMA doses, becoming 

significantly elevated between 2 and 20 nM and rising further at 200 nM (Fig. 3.11c). 

3.8 Temporal kinetics of NETosis are modulated by PMA concentration 
            To assess temporal dynamics in NETosis progression across varying doses of PMA, 

timing metrics for each cell type were compared between concentrations. Specifically, we tested 

for dose-dependent monotonic trends in the onset, T50 and centroid (Fig. 3.13).  The initiation  
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Figure 3.13: NETosis progression timing in response to increasing PMA concentrations. 
Temporal metrics trend analysis (0nset 10%, t50 and centroid) across PMA concentrations (0.2-200 nM), shown as 

medians with 95% confidence intervals. Differences between groups were tested using mixed-effect models with 

experiment used as a random intercept n=experiments and Benjamini-Hochberg applied (n = 5 experiments, N = 15 

replicates/treatment).   
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and progression of each NETosis stage accelerated in a dose-dependent manner. At the lowest 

concentration, cell spreading, nuclear disintegration and NETosis initiated sequentially over  

several hours, while higher PMA concentration (200 nM) advanced the onset of each stage by 

approximately 1 hour. Higher PMA concentrations also accelerated progression across all 

phenotypes, with cell spreading, nuclear disintegration and NETosis reaching half-maximal 

levels 1 to 3 hours earlier at 200 nM compared to 0.2 nM. The overall temporal distribution of 

the response for each cell type, as measured by the centroid, closely mirrored the T50 trend, 

occurring progressively earlier with increasing PMA concentration (Fig. 3.13), indicating a 

globally accelerated NETosis response with higher stimulation levels. 

3.9 Time-course analysis reveals stimulus and PAD4-dependent changes in NETosis stages  
        Stimuli-dependent responses were assessed by comparing PMA- and ionomycin-induced 

NETosis (Fig. 3.14). Both activators were assessed in the presence or absence of PAD4 

inhibition with GSK484 to determine the contribution of PAD4 activity in each activation 

pathway. Overlay images from cells treated with 200 nM PMA or 5 µM ionomycin, with or 

without a 30-minute pre-treatment with 20 µM GSK484, display comparable levels of NETosis 

between both NET inducers, while GSK484 pre-treatment fully suppressed NETosis under both 

conditions (Fig. 3.14a). Quantitative data extracted from CellProfiler corroborated these 

observations (Fig. 3.15).  

As observed in Figure 3.15b, all treatments led to elevated cell spreading compared to 

control, even in the presence of PAD4 inhibition (Fig. 3.14b, panel 1). Stimulation with PMA or 

ionomycin, with or without GSK484 pre-treatment, significantly increased the proportion of 

spread cells starting at 1-hour post-treatment. GSK484 alone also induced cell activation, 

reflected by a significant increase in spread cells compared to control beginning at 5 hours. 
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PAD4 inhibition with GSK484 dampened the magnitude of spreading in PMA-treated 

cells, with a significant reduction observed starting at 6 hours (PMA = 9.3% vs GSK484 + PMA 

= 3.61%, p = 0.0033). In contrast, GSK484 pre-treatment followed by ionomycin stimulation 

produced a synergistic effect, resulting in significantly more cell spreading compared to 

ionomycin alone starting at 10 hours (4.82% vs 8.74%, p = 0.022), and surpassing levels in the 

GSK+PMA group.  

Treatment with 200 nM PMA resulted in a faster accumulation of spread cells than 

ionomycin, with significantly higher levels observed between 8 and 11 hours post-treatment (10 

hours: PMA =12.94% vs ionomycin= 4.82%, p=0.00013). 

An earlier onset of nuclear disintegration was observed with ionomycin, which 

significantly diverged from control starting at 1 hour post-treatment, whereas this occurred at 2 

hours with PMA (Fig. 3.14b, panel 2). However, from 5 hours onward, PMA treatment led to 

higher levels of nuclear disintegration than ionomycin (5 hours: PMA=5.02% vs 

ionomycin=1.77%, p=0.041). 

PAD4 inhibition with GSK484 almost completely suppressed nuclear disintegration in 

PMA-treated cells, with significantly lower levels compared to PMA alone beginning at 3 hours. 

Contrastingly, co-treatment with GSK484 and ionomycin still resulted in detectable nuclear 

disintegration, which was significantly higher than control starting at 3 hours, though 

significantly reduced compared to ionomycin alone starting at 6 hours (ionomycin=4.5% vs 

GSK484 + ionomycin=2.03%, p=0.021). Accordingly, GSK484 + ionomycin led to a 

significantly greater proportion of cells with a disintegrated nucleus than GSK484 + PMA 

starting at 8 hours. 
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Figure 3.14: Time-course of NETosis dynamics in response to distinct stimuli and PAD4 inhibition. 
a, Composite overlays showing segmented cells (blue), DNA (green) and Annexin V (red) with NETs outlined in red. 

Representative images are shown for stimulation with 5 µM ionomycin or 200 nM PMA, with or without pre-treatment 

with GSK484 (30 minutes), after 8 hours. b, Line plots showing the median percentage of each NETosis stage over time 

with pharmacological stimulation with ionomycin or PMA ± GSK484. Mixed-effects models were used with experiment 

as a random intercept, followed by Bonferroni-corrected pairwise comparisons. Symbols are shown only at the first 

significant time point if significance is maintained for all subsequent time points; otherwise, the symbol is shown at each 

significant time point. Pairwise comparisons: * Control vs GSK484 + Ionomycin, • Control vs GSK484 + PMA, † 

Control vs GSK484, ‡ Control vs Ionomycin, + Control vs PMA, Δ GSK484 + Ionomycin vs GSK484 + PMA, § 

GSK484 + Ionomycin vs Ionomycin, # GSK484 + PMA vs PMA, ¶ Ionomycin vs PMA (n = 5 experiments, N = 9 

replicates). c, Area under the curve (AUC) for each cell type with mixed-effects modeling with Holm step-down 

correction. n=5 experiments, N=15 replicates. *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001.  

 

**
****
****
****

*

**

*

*

****
****

**

****
****

GSK484 GSK484 + ionomycin

Ionomycin

GSK484 + PMA 200 nM

PMA 200 nMControl
a

b

c



 
 

103 

            

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 3.15: CellProfiler-generated NET metrics in response to various pharmacological stimuli. 
(a-b), Quantification of NET count, area, and fluorescence intensity per image across a, PMA concentrations and 
b, PMA and ionomycin with or without PAD4 inhibition. N=12-15, n=4. *P<0.05, **P<0.01, ***P<0.001, 

****P<0.0001. 

Control             PMA 200 nM Ionomycin 5 µM     GSK484 + PMA     GSK + Ionomycin

Control               PMA 200 nM Ionomycin 5 µM      GSK484 + PMA     GSK + Ionomycin

Control               PMA 200 nM Ionomycin 5 µM      GSK484 + PMA     GSK + Ionomycin
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             In addition to an earlier onset of nuclear disintegration, ionomycin induced NETosis 

earlier than PMA, with significant increases relative to control observed at 2 hours and compared 

to PMA at 3 hours (Fig. 3.14b, panel 3). Despite this earlier onset, PMA and ionomycin resulted 

in similar levels of NETosis by 12 hours of stimulation, with 6.64% and 6.44% of cells affected, 

respectively. PAD4 inhibition with GSK484 significantly suppressed NETosis in both 

treatments, with significant divergence starting at 5 hours for PMA (p=0.00047) and at 7 hours 

for ionomycin (p=0.034). Although minimal, NETosis was still detected in ionomycin-treated 

cells despite PAD4 inhibition, with 0.37% of cells affected at 12 hours, which was significantly 

higher than the GSK484 + PMA group (p<0.0001). 

To assess differences in the magnitude of effect on each cell stage under different stimuli 

with or without PAD4 inhibition, the AUC was compared between relevant treatment groups 

(Fig. 3.14c). Treatment with 200 nM PMA significantly increased the magnitude of induction 

across all NETosis stages compared to control. In contrast, ionomycin elicited variable responses 

between experiments, only consistently increasing the proportion of disintegrated nucleus cells 

over time. When comparing the two stimuli, PMA induced greater levels of both spread and 

disintegrated nucleus phenotypes than ionomycin, while NETosis was comparable between 

treatments. 

            The impact of pre-treatment with GSK484 on the overall levels of each cell type with 

each NET inducer was assessed. Interestingly, GSK484 alone led to an increase in cell 

spreading. When combined with PMA, this effect was further amplified (17.1 vs 40.18, 

p=0.0066). However, PAD4 inhibition significantly suppressed the induction of disintegrated 

nucleus cells and NETosis triggered by PMA. With ionomycin, GSK484 co-treatment 

significantly reduced the proportion of disintegrated nucleus cells, although levels remained 



 
 

105 

higher than with GSK484 alone. While NETosis levels were nearly absent in the GSK484 + 

ionomycin condition, variability between replicates prevented this reduction from reaching 

statistical significance when compared to ionomycin alone. Notably, GSK + ionomycin resulted 

in a greater accumulation of disintegrated nucleus cells than GSK484 + PMA (26.64 vs 2.09, 

p=0.048), suggesting stimulus-specific differences in PAD4-dependent regulation of NETosis. 

3.10 Temporal kinetics of NETosis are modulated by stimulus and PAD4 inhibition 
            When comparing the temporal dynamics of PMA and ionomycin stimulation, ionomycin 

induced an earlier onset of nuclear disintegration and NETosis, while the subsequent progression 

rate, as measured by the T50 and centroid values, was comparable between the two stimuli (Fig. 

3.16). With GSK484 pre-treatment, PMA-induced cell spreading occurred earlier compared to 

PMA alone. However, no significant differences were observed in the timing of nuclear 

disintegration and NETosis under PAD4 inhibition with PMA, which is expected given the near 

absence of these cell types in the GSK + PMA group. In contrast, co-treatment with GSK484 and 

ionomycin delayed the onset of nuclear disintegration and NETosis relative to ionomycin alone 

and slowed the progression of disintegrated nucleus cells progression to 50% of their maximum 

value. Overall, GSK484 attenuated the response to ionomycin across all three phenotypes, as 

indicated by higher centroid values compared to ionomycin alone. While temporal comparisons 

between GSK484 + PMA and GSK484 + ionomycin were conducted, the absence of nuclear 

disintegration and NETosis in the GSK484 + PMA condition limits the relevance of these 

results. 

3.11 NETosis stage composition differs according to stimulus, concentration, and PAD4 
activity 
            To assess compositional differences in the distribution of the three cell phenotypes, 

stacked area plots were generated to visualize treatment-specific shifts in relative abundance  
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Figure 3.16: NETosis progression timing in response to PMA, ionomycin, and PAD4 inhibition.  
Temporal metrics (0nset 10%, t50 and centroid) comparisons between PMA and ionomycin ± GSK484, shown as 

medians with 95% confidence intervals. Differences between groups were tested using mixed-effect models with 

experiment used as a random intercept n=experiments and Benjamini-Hochberg applied (n = 5 experiments, N = 15 

replicates/treatment).  
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(Fig. 3.17a). Relative abundances were transformed using the CLR to test for proportional 

changes between treatments (Fig. 3.17b). A significant difference in overall cell composition was 

observed between PMA- and ionomycin-stimulated cells in the presence of PAD4 inhibition. In 

contrast, no significant differences were detected in the distribution of NETosis stages across 

increasing PMA concentrations or between PMA and ionomycin stimulation alone. 

Although global compositional differences between increasing concentrations of PMA 

were not statistically significant, visual inspection of stacked area plots and pairwise 

comparisons revealed dose-dependent shifts in the distribution of cell phenotypes. Up to 20 nM, 

sequential increases in PMA concentration led to shifts in all three phenotypes, although 

disintegrated nucleus cells and NETosis accounted for ~50% and ~40% of the observed 

difference, respectively. Between 20 nM and 200 nM, compositional differences were 

predominantly driven by an increase in NETosis (>30%, p=0.0001). Although disintegrated 

nucleus cells contributed 59.2% of the overall shift, their relative abundance did not differ 

significantly between the two groups due to high inter-replicate variability (p=0.232).  

When comparing PMA 200 nM to ionomycin, ionomycin stimulation resulted in a lower 

abundance of spread cells and a higher abundance of disintegrated nucleus cells compared to 

PMA 200 nM, accounting for 31.7% and 63% of the observed composition difference, 

respectively, while NETosis proportion remained similar. Under PAD4 inhibition, 46.3% of the 

difference in composition between PMA and ionomycin treatments was attributable to a higher 

abundance of disintegrated nucleus cells in the ionomycin group. Although spread cells also 

contributed to the shift, the difference was not statistically significant. 
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Figure 3.17: NETosis progression timing in response to PMA concentration, ionomycin and PAD4 inhibition. 
a, Stacked area plot showing the composition of NETosis stages over time per treatment (n = 5 experiments, N = 15 

replicates/treatment). b, Pairwise comparisons of NETosis stage composition across treatment conditions based on 

compositional log-ratio (CLR)-transformed data. For each comparison, the F statistic and Benjamini-Hochberg-

adjusted p-values are reported. The table shows F-values and adjusted p-values (Benjamini–Hochberg correction) for 

each comparison, along with CLR differences and p-values per cell type. For NETosis, CLR-based AUC is shown. 

Significant differences (*p < 0.05) are highlighted. 
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Together, these analyses of treatment-specific NETosis dynamics revealed progressive 

phenotype-specific increases in both the rate and magnitude of NETosis stages in response to 

sequential increases in PMA concentrations, with NETosis abundance primarily driving the shift  

between the highest concentrations. Ionomycin was observed to induce earlier onset of NETosis 

than PMA, although overall NET release remained similar. Results also revealed differential 

responses to PAD4 inhibition between the two stimuli, showing a reduced yet sustained capacity 

for nuclear disintegration with ionomycin stimulation, whereas this was markedly reduced with 

PMA. These findings suggest that PMA and ionomycin activate distinct pathways and that 

nuclear disintegration is not strictly PAD4-dependent under ionomycin stimulation. 

3.12 Single-Cell NETosis Stage classification demonstrates high performance with mouse 
bone marrow neutrophils 

The assay was applied to characterize NETosis in mouse bone marrow-derived 

neutrophils harvested from WT and Padi4-/- mice, allowing evaluation of its accuracy in 

confirming the lack of NET formation in Padi4-/- cells and assessing the impact of PAD4 

deficiency on NETosis progression. Bone marrow was harvested from one femur of WT and 

Padi4-/- mice by centrifugation, and neutrophils were isolated using magnetic separation (Fig. 

3.18a). Cells were resuspended in culture medium containing fluorescent DNA dye and Annexin 

V probe and were either left untreated or stimulated with 100 nM PMA before being imaged 

over a 24-hour period. Following feature extraction in CellProfiler, cells were classified into 

predefined categories: negative, spread, disintegrated nucleus, NETosis, and dead for single-cell 

classification (Fig. 3.18b).   

CPA classifiers trained independently on each bone marrow neutrophil datasets exhibited 

consistently high performance across experiments (>90% accuracy), with strong discrimination 

of NETosis phenotypes and limited misclassification between related stages (Fig. 3.19). 
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b

Figure 3.18: Workflow for applying the NET assay to bone marrow-derived neutrophils, with adapted 
classification of NET stages. 
a, Schematic of the workflow for magnetic separation of bone marrow-derived neutrophils and their application in the 

NET assay. Created in BioRender. b, Representative images for each classification bin: Negative, Spread, Disintegrated 

nucleus, NETosis and Dead. 

 



 
 

111 

 
 

 
 
 

Figure 3.19: CellProfiler Analyst classification performance across mouse bone marrow-derived neutrophil 
experimental replicates. 
a, Confusion matrices and b, corresponding performance metrics (precision, recall, and F1-score) obtained from CPA 

models trained on individual bone marrow neutrophil datasets. Model performance was evaluated using stratified test k-

fold cross-validation (k=5) for each of the four experimental replicates. Overall classification accuracy for each dataset is 

indicated above the corresponding confusion matrix. 
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Figure 3.20: Overall CellProfiler Analyst classification performation with bone marrow-derived neutrophils. 
a, Top 10 classification features ranked by importance in the Random Forest model (n = 4 experiments, N = 2183 

cells). b, Confusion Matrix of classifier predictions on unseen, stratified test data from 5-fold cross validation (k=5). c, 

Classification performance metrics (precision, recall, and F1-score) for each phenotype, evaluated on stratified test 

data. 
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            A unified classifier was subsequently characterized based on its top-ranking features 

across experiments to assess their contribution to discriminating between cell phenotypes. 

Annexin V signal intensity and children count per cell emerged as major discriminators, along 

with DNA texture features (Fig. 3.20a). Among Annexin V-derived features, mean intensity, 

MAD intensity, and upper-quartile intensity ranked highest. For the DNA signal features, texture   

difference variance was the most influential, followed by texture sum entropy and inverse 

difference moment. 

            The overall performance of the Random Forest classifier in accurately sorting cells was 

evaluated using stratified test set validation on unseen data. Mean classification accuracy for 

each phenotype is summarized in a confusion matrix (Fig. 3.20b), with cell labels matching the 

training annotations 97% of the time for dead cells, 90% for disintegrated nucleus, 88% for 

NETosis, 99% for negative cells, and 98% for spread cells. Misclassification was most frequent 

between disintegrated nucleus and NETotic cells, with 7.7% and 11% of each phenotype 

misclassified as the other. 

            Consistent with this, the NETosis class displayed the lowest and most variable median 

F1-score, largely due to variable recall, followed by the disintegrated nucleus class. In contrast, 

the negative, spread, and dead cells were detected with high accuracy and precision, with median 

F1-scores exceeding 0.97 (Fig. 3.20c). 

3.13 The NETosis Assay Reliably Distinguishes NETosis Stages and Detects PAD4-
Dependent NET Formation in Mouse Bone Marrow Neutrophils 
            Representative classified images show predominantly disintegrated nucleus and NETotic 

cells in WT neutrophils treated with PMA, whereas the same treatment in Padi4-/- neutrophils 

resulted mainly in an increase in spread cells (Fig. 3.21). 
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Figure 3.21: Representative images and CellProfiler Analyst-based classification of bone marrow neutrophil NETosis 
phenotypes. 
Representative phase-contrast and fluorescence images of bone marrow neutrophils showing individual channels for DNA 

(green) and Annexin V (red), alongside composite overlays annotated with CPA-predicted cell phenotypes. Representative 

fields are shown for neutrophils isolated from WT and Padi4⁻/⁻ mice following 8 h incubation, with or without stimulation 

with 100 nM PMA. Scale bar = 300 µm. 
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Time-course analysis of the median percentage of spread cells revealed that this 

phenotype appeared earliest in PMA-stimulated Padi4-/- neutrophils and was significantly higher 

than in both untreated Padi4-/- neutrophils and PMA-stimulated WT neutrophils from 4 hours 

onward, reaching a maximal response at 20 hours with a median 59% of spread cells (Fig. 

3.22a). Accordingly, the median AUC for spread cells in this group showed approximately a 9- 

and 23-fold increase compared with the other two conditions (Fig. 3.22b). 

Spread cells were also detected in unstimulated Padi4-/- neutrophils at significantly higher 

levels than in WT neutrophils across conditions, reaching a maximum of approximately 11%. In 

WT neutrophils, PMA stimulation induced a faster rise in spread cells (6 hours: WT=0.07% vs 

WT + PMA=1.22%, p=0.0014). However, at later time points untreated WT neutrophils 

exhibited higher levels of spreading than PMA-treated WT cells (21 hours: WT=3.82% vs WT + 

PMA=2.51%, p=0.0042). Despite the temporal differences, the overall magnitude of spread cells, 

as assessed by AUC, did not differ significantly between these two groups (Fig. 3.22b). 

            This pattern is consistent with progression of PMA-treated WT neutrophils toward later 

NETosis stages. Accordingly, disintegrated nucleus cells increased rapidly in PMA-stimulated 

WT neutrophils, becoming significantly elevated from 4 hours onward compared to untreated 

WT neutrophils (4 hours: WT=0% vs WT + PMA=1.09%, p=0.0002) and PMA-treated Padi4-/- 

neutrophils (p<0.0001). PMA-treated WT neutrophils reached a maximum of 48.4% cells with a 

disintegrated nucleus. In contrast, disintegrated nucleus cells were essentially absent in Padi4-/- 

neutrophils regardless of treatment and remained minimal in untreated WT neutrophils. These 

genotype- and treatment-dependent differences were also reflected in the corresponding AUC 

values (Fig. 3.22b). 
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Figure 3.22: NETosis dynamics in WT and Padi4-/- mouse bone marrow neutrophils. 
a, Line plots showing the median percentage of each NETosis stage over time. Mixed-effects models with experiment 

as a random intercept were followed by Bonferroni-corrected pairwise comparisons. Symbols are shown only at the 

first significant time point if significance is maintained for all subsequent time points; otherwise, symbols mark each 

significant time point. Pairwise comparisons: * WT vs WT + PMA, • WT vs Padi4-/- 
, § WT + PMA vs Padi4-/- 

+ 

PMA, ¶ Padi4-/-  
vs Padi4-/-  

+ PMA. (n = 4 experiments, N = 12 replicates). b, Area under the curve (AUC) for each 

NETosis phenotype in WT and Padi4-/- 
neutrophils with or without PMA. Mixed-effects modeling with Holm step-

down correction was applied. n=4 experiments, N=12 replicates. *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001. 
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  Only PMA-stimulated WT neutrophils progressed to a more advanced NETosis 

phenotype, representing approximately 12% of cells at 24 hours. Accordingly, this population 

became significantly elevated relative to untreated WT neutrophils and PMA-stimulated Padi4-/- 

neutrophils, with these differences mirrored in the corresponding AUC values (Fig. 3.22c). 

Together, these analyses demonstrate that the NET assay and analysis pipeline can 

reliably distinguish between NETosis stages in mouse bone marrow-derived neutrophils, with 

minimal misclassification between disintegrated nucleus and NETotic cells. Consistent with the 

essential role of PAD4 in NET formation13, the pipeline accurately captures the absence of NET 

formation in Padi4-/- neutrophils, which showed only accumulation of spread cells following 

PMA stimulation, while detecting late-stage NETosis exclusively in PMA-treated WT 

neutrophils, highlighting the assay’s ability to resolve PAD4-dependent differences in NET 

formation.  
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Chapter 4  

Altered NETosis dynamics in experimental hypertension and associated renal injury 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 

119 

4.1 Introduction and Rationale 
Hypertension is accompanied by neutrophilia and heightened neutrophil activation, 

prompting growing interest in whether NETosis contributes to its pathogenesis (256,338). 

Although circulating NET markers are elevated in hypertensive individuals, the mechanisms 

driving this increase remain poorly understood (267,339). Both Ang II and mechanical forces 

associated with elevated vascular pressure have been proposed as triggers of NET formation, 

suggesting that hypertension may promote NET release beyond the effects of increased 

circulating neutrophils alone (262,267). Recent findings indicate that NETs may not only arise 

secondary to hypertension but may also influence blood pressure regulation itself, although their 

mechanistic contributions to injury remain poorly defined (262). NET accumulation has been 

observed in the vasculature and kidneys of preclinical hypertension models and in kidney 

biopsies from patients with essential hypertension, raising the possibility that NETs contribute to 

local tissue injury and immune activation in hypertensive organs (265,267,268). 

The kidney is both a driver and target of hypertensive injury and becomes a site of 

immune activation when blood pressure is elevated (328). Renal infiltration of neutrophils, 

macrophages and T cells occurs in response to vascular oxidative stress, promoting a cycle of 

inflammation, cytokine production, and further oxidative injury that disrupts renal function 

(340–342). When NETs accumulate within the kidney, they can exacerbate these processes by 

inducing tubular epithelial injury, endothelial dysfunction, and profibrotic signaling 

(285,329,343). Despite these observations, the specific contribution of NETs to renal injury in 

hypertension remains unclear, underscoring the need for experimental models that can dissect 

how NET formation differs between hypertensive and normotensive conditions and how it 

shapes renal immune responses and injury. 
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4.2 NET deficiency does not modify the hypertensive response to Ang II 
To investigate the contribution of NETs to hypertension-induced renal immune activation 

and injury, blood pressure elevation was induced in male and female WT and Padi4-/- mice using 

subcutaneous infusion of Ang II for 2 weeks (Fig. 4.1). As expected, SBP rose to ∼ 166 mmHg 

in both sexes by week 2 (Table 4.1), consistent with prior Ang II infusion studies (249). SBP 

elevation was already detectable at week 1, confirming effective induction of hypertension 

(Figure 4.2a-b). However, in contrast to previous work, NET deficiency did not alter the 

magnitude or trajectory of the blood pressure response compared to WT controls.  

Despite the marked increase in blood pressure, Ang II infusion did not produce detectable 

changes in normalized kidney or heart weight at study endpoint, indicating no measurable organ 

enlargement under these conditions (Table 4.1). This likely reflects an early stage of Ang II-

induced hypertension, prior to the structural remodeling commonly reported in longer or higher-

dose Ang II models (344,345). 

4.3 Early renal injury markers show mild, sex-dependent changes with Ang II-induced 
hypertension, with no clear effect of PAD4 deficiency 

To further investigate renal outcomes in this Ang II-induced hypertension model, 

glomerular morphology and markers of tubular injury were assessed. 

Glomeruli were examined in PAS-stained kidney sections from all groups (Fig. 4.3a). 

Qualitatively, WT mice infused with Ang II exhibited mild mesangial matrix expansion and 

increased glomerular cellularity relative to WT controls and Padi4-/- mice. Padi4-/- + Ang II mice 

displayed glomerular morphology broadly similar to WT + Ang II, with no clear qualitative 

differences in mesangial expansion or hypercellularity detectable by visual assessment alone.  
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Figure 4.1: Experimental design for assessing NETosis dynamics and kidney injury during Ang II-induced 
hypertension. 
Male and female WT and Padi4⁻/⁻ mice were either implanted with subcutaneous osmotic minipumps delivering 

Angiotensin II (Ang II; 1000 ng/kg/min) or received sham surgery without pump placement. The schematic inset shows 

the Padi4 exon 9-10 deletion that generates NET-deficient mice. Systolic blood pressure was recorded at baseline, week 1, 

and week 2 of infusion. At the experimental endpoint (week 2), bone marrow and kidney neutrophils were isolated for ex 

vivo NETosis assays, and kidney tissue was collected for injury marker analysis (RT-qPCR), immune cell profiling (IHC), 

and CitH3 staining to assess PAD4-dependent NETs.  
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Table 4.1: Endpoint physiological parameters in Ang II-infused mice.  
Two weeks after pump implantation, systolic blood pressure (SBP) was measured using tail-cuff plethysmography. Body 

and organ weights were recorded at the time of tissue collection. Differences between groups were tested using one-way 

ANOVA with Tukey’s multiple-comparison correction. Statistical comparisons are indicated as follows: *= WT vs Ang 

II; ¶= Padi4-/- vs Padi4-/- + Ang II. Two symbols=P<0.01, three symbols=P<0.001, four symbols=P<0.0001. N= 6-7 

animals per group. 
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Figure 4.2: Weekly systolic blood pressure (SBP) measurements in Ang II-infused mice.  
SBP was measured prior to pump implantation (week 0) and weekly thereafter until study endpoint in a, males and b, 

females. Values represent the mean of 7-10 tail-cuff plethysmography readings per mouse. Differences between groups 

were tested using two-way ANOVA with Tukey’s multiple-comparison correction. Statistical comparisons are 

indicated as follows: *= WT vs Ang II. ¶=Padi4-/- vs Padi4-/- + Ang II. 2 symbols=P<0.01, 3 symbols=P<0.001, 4 

symbols=P<0.0001. N= 6-7 animals per group. 
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Tubular injury was assessed by quantifying NGAL and KIM-1 mRNA expression in 

whole-kidney lysates using RT-qPCR (Fig. 4.3b-c). In males, Ang II infusion significantly 

increased NGAL expression in WT mice compared to WT controls (Fig. 4.3b). In Padi4-/- mice, 

Ang II produced kidney NGAL levels that trended lower than WT + Ang II but remained 

statistically indistinguishable from both WT baseline and Ang II-treated WT groups. This pattern 

suggests a possible attenuation of NGAL upregulation in the absence of PAD4, although 

variability across replicates prevents definitive conclusions. 

For KIM-1, male WT + Ang II kidneys showed elevated expression relative to WT 

controls (Fig. 4.3c). Padi4⁻/⁻ + Ang II mice displayed intermediate KIM-1 that were significantly 

higher than WT baseline but trended lower than WT + Ang II without achieving statistical 

significance. As with NGAL, this may reflect a modest reduction in injury signaling in PAD4-

deficient mice, though the overlap between groups limits strong interpretation.  

In females, neither NGAL nor KIM-1 expression differed significantly across groups, 

indicating minimal detectable tubular injury after two weeks of Ang II infusion in either 

genotype (Fig. 4.3b-c). Yet, the absence of measurable tubular injury markers in females 

highlights a clear sex-dependent difference in susceptibility to Ang II-induced kidney injury.  

Overall, these results indicate that two weeks of Ang II infusion produced mild renal 

injury in males after two weeks, with subtle variable changes across genotypes. While PAD4 

deficiency did not markedly alter tubular injury markers, the modest downward trends in NGAL 

and KIM-1 expression in Padi4⁻/⁻ + Ang II males suggest a possible attenuation that could not be 

statistically resolved. Together, these results imply that PAD4-dependent NETosis does not exert 

a strong effect on early structural or tubular injury in this model of Ang II-induced hypertension,  

 



 
 

125 

 

 

 

 

 

 

 

 

 

Figure 4.3: Assessment of kidney injury in Ang II-infused mice. 
a, Glomerular morphological changes were evaluated in PAS-stained kidney sections from mice infused with Ang II for 2 

weeks (63x magnification). b, NGAL and c, KIM-1 mRNA expression was quantified in kidney tissue by RT-qPCR. 

Group differences were tested using Kruskal-Wallis or one-way ANOVA with appropriate post-hoc correction. *=P<0.05. 

N= 6-7 animals per group. 
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underscoring the need to evaluate immune activation and cellular responses rather than overt 

tissue damage at this stage. 

4.4 Renal immune cell recruitment in Ang II-induced hypertension occurs independently of 
PAD4-dependent NETosis 

Given that renal immune activation is a hallmark of hypertensive kidney injury, immune 

cell populations were quantified in the kidney to assess whether PAD4-dependent NETosis alters 

neutrophil, macrophage, or T cell recruitment during Ang II–induced hypertension.  

Renal neutrophils were assessed by MPO immunostaining. Representative images show 

the presence of MPO+ cells within the renal cortex across all groups (Fig. 4.4). In males, Ang II 

infusion induced a variable but nonsignificant increase in MPO+ neutrophils in both WT and 

Padi4-/- kidneys compared to controls. These findings indicate that any neutrophil recruitment to 

the male kidney is modest at this early hypertensive stage and is not detectably influenced by 

PAD4 deficiency. 

 In females, baseline neutrophil levels were lower overall. Yet, Ang II induced a marked 

increase in renal MPO+ cells in WT mice, whereas this response was blunted in Padi4-/- + Ang II 

mice. This suggests that PAD4-dependent NETosis may contribute to renal neutrophil 

recruitment in hypertensive females. Interestingly, untreated Padi4-/- females showed a modest 

increase in MPO+ cell numbers compared to WT controls, which may reflect compensatory 

changes in neutrophil activation associated with NETosis deficiency under steady-state 

conditions (346).  

Macrophages are key mediators of renal inflammation in hypertension. Their recruitment 

to the kidney contributes to oxidative stress, inflammatory signaling, and fibrosis, and has been 

associated with worsened blood pressure elevation in Ang II–induced and salt-sensitive models 

(347–349) 
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Figure 4.4: Neutrophil staining in kidney sections of Ang II-infused mice. 
Neutrophils were detected by MPO immunostaining with DAB in paraffin-embedded kidney sections from a, male 

and b, female mice infused with Ang II for 2 weeks. Representative images show MPO+ cells in WT and Padi4-/-
 

mice under sham or Ang II conditions (10x magnification). Quantification reflects the mean number of MPO+
 
cells 

per mouse across 12 fields of view. Group differences were tested using Kruskal-Wallis or one-way ANOVA with 

appropriate post-hoc correction. *=P<0.05, ***=P<0.001. N= 4-7 animals per group. 
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Macrophage abundance in the kidney was assessed by F4/80 immunostaining to 

determine whether PAD4-dependent NETosis influences macrophage recruitment during Ang 

II–induced hypertension (Fig. 4.5).  

In males, Ang II infusion produced a modest increase in F4/80+ macrophages in both WT 

and Padi4-/- mice, but only the Padi4-/- + Ang II showed a statistically significant elevation 

compared to WT controls (Fig. 4.5a). This indicates that Ang II-induced hypertension induces 

kidney macrophage recruitment independently of PAD4-dependent NET formation and may 

even be slightly more pronounced in the absence of PAD4.  

In females, renal macrophage numbers were modestly but significantly elevated in Padi4-

/- mice compared to control, independent of Ang II infusion (Fig. 4.5b). Ang II treatment did not 

significantly increase macrophage abundance in WT and did not further amplify macrophage 

levels in Padi4-/- females. These findings suggest that PAD4 deficiency is associated with higher 

baseline renal macrophage numbers in females, potentially reflecting sex-dependent differences 

in macrophage homeostasis that appears independent of Ang II stimulation. 

T cells are major drivers of hypertensive kidney injury, as their infiltration and activation 

amplify renal inflammation, oxidative stress, and sodium-retention pathways that promote and 

sustain elevated blood pressure (341). To evaluate whether PAD4-dependent NETosis influences 

renal T cell recruitment during Ang II-induced hypertension, kidney sections were stained for 

cluster of differentiation 3 (CD3), a pan-T cell marker (Fig. 4.6). 

In males, Ang II infusion increased renal CD3+ T cell numbers in both WT and Padi4-/- 

mice relative to their respective sham controls (Fig. 4.6a). Although WT + Ang II showed a 

notable numerical rise in T cell infiltration, the variability in this group prevented the increase 

from reaching statistical significance. In contrast, Padi4-/- + Ang II males displayed a robust and  
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Figure 4.5: Macrophage staining in kidney sections of Ang II-infused mice. 
Macrophages were detected by F4/80 immunostaining with DAB in paraffin-embedded kidney sections from a, male and 

b, female mice infused with Ang II for 2 weeks. Representative images show F4/80+ cells in WT and Padi4-/- mice under 

sham or Ang II conditions (10x magnification). Quantification reflects the mean number of F4/80+ cells per mouse across 

12 fields of view. Group differences were tested using Kruskal-Wallis or one-way ANOVA with appropriate post-hoc 

correction. *=P<0.05, **=P<0.01. N= 4-7 animals per group.
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significant elevation in CD3⁺ cells, indicating that Ang II–driven T cell recruitment occurs 

independently of PAD4. 

In females, Ang II significantly increased renal T cell infiltration in both WT and Padi4-/- 

mice (Fig. 4.6b). The magnitude of T cell accumulation was similar across genotypes, with Ang 

II elevating CD3⁺ cell numbers in both groups to a comparable extent. These findings again 

suggest that PAD4 deficiency does not limit T cell recruitment to the hypertensive kidney. 

Together, these data indicate that early renal immune recruitment in Ang II-induced 

hypertension is mild and proceeds largely independent of PAD4-dependent NETosis, with only 

subtle sex-specific differences. 

4.5 NETs do not deposit in the kidney at two weeks of Ang II-induced hypertension 
During inflammatory injury, dysregulated NET formation can lead to NET deposition in 

the kidney, contributing to structural damage and amplified inflammatory signaling (350). CitH3, 

a PAD4-dependent NET component, serves as a widely used marker of these deposits (351). To 

assess whether PAD4-mediated NETs accumulate during Ang II-induced hypertension, we 

performed CitH3 immunofluorescent staining on fresh-frozen kidney sections. Consistent with 

our findings that NETs do not drive renal immune cell recruitment in this model, no CitH3-

positive areas were detected in any group or sex, suggesting that PAD4-mediated NETs are 

absent or rapidly cleared at the two-week time point (Fig. 4.7).  
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Figure 4.6: T cell staining in kidney sections of Ang II-infused mice. 
T cells were detected by CD3 immunostaining with DAB in paraffin-embedded kidney sections from a, male and b, 

female mice infused with Ang II for 2 weeks. Representative images show CD3+
 
cells in WT and Padi4-/- mice under 

sham or Ang II conditions (10x magnification). Quantification reflects the mean number of CD3+ cells per mouse across 

12 fields of view. Group differences were tested using Kruskal-Wallis or one-way ANOVA with appropriate post-hoc 

correction. ***=P<0.001, ****=P<0.0001. N= 4-7 animals per group. 
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Figure 4.7: Immunofluorescent staining for PAD4-dependent NETs (citrullinated histone H3, CitH3) in kidney 
sections from Ang II-infused mice. 
CitH3 staining was performed on fresh-frozen kidney sections from all groups. Nuclei were counterstained with 

Hoechst (blue) to visualize tissue architecture.	Representative images show no detectable CitH3-positive signal (red), 

indicating an absence of PAD4-dependent NETs across all groups and sexes. Scale bar = 200 µm. 
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4.6 Kidney neutrophils display distinct NETosis dynamics compared to bone marrow 
neutrophils 

Release of neutrophils from the bone marrow exposes them to diverse biological factors 

and tissue-derived signals, leading to altered reactivity as they age and acquire tissue-specific 

characteristics (352). To characterize baseline differences in NETosis dynamics between tissue-

resident kidney neutrophils and naïve bone marrow neutrophils, we compared their responses to 

100 nM PMA stimulation in untreated WT mice and quantified the distribution of cells across 

the three NETosis stages (spread, disintegrated nucleus, and complete NETosis) (Fig. 4.8). 

Unstimulated neutrophils were also assessed, but no spontaneous NETosis occurred, limiting 

further interpretation (Fig. 4.9). 

Overall, kidney- and bone marrow-derived neutrophils displayed significantly different 

NETosis profiles in both male and female neutrophils. In both sexes, bone marrow neutrophils 

showed a pronounced accumulation in the disintegrated-nucleus stage, far exceeding that in 

kidney neutrophils, suggesting a stronger early response to PMA in this compartment (Fig. 4.8b-

c). However, only about 1/3 of cells progressed to complete NETosis, particularly in males, 

indicating potential insufficient activation to initiate final NET release (Fig. 4.8b).  

In contrast, kidney neutrophils exhibited lower overall levels of both disintegrated 

nucleus cell and complete NETosis (Fig. 4.8b-c), yet the time-course plots show a progressive 

decline in disintegrated-nucleus cells accompanied by a corresponding increase in complete 

NETosis (Fig. 4.8a). This pattern suggests that, although fewer kidney neutrophils enter the early 

stages of NETosis, a greater proportion ultimately complete the NET release process, potentially 

reflecting distinct activation thresholds and tissue-specific priming states.   
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Figure 4.8: Compartment-specific NETosis dynamics in PMA-stimulated neutrophils from males and females. 
a, Line plots show the median proportion of each NETosis stage (spread, disintegrated nucleus, NETosis) over time in bone 

marrow and kidney neutrophils stimulated ex-vivo with 100 nM PMA. Neutrophils were isolated from WT mice using 

immunomagnetic separation and analyzed using live-cell NETosis assay. b-c, Comparison of the AUC for each NETosis stage 

over time in bone marrow and kidney neutrophils from b, males and c, females. Compartment-dependent differences were 

assessed using two-way ANOVA with appropriate post-hoc correction. N= 3-5 animals per group. 
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Figure 4.9: Assessment of NETosis in unstimulated neutrophils from Ang II-infused mice. 
Line plots show the median proportion of cells in each NETosis stage (spread, disintegrated nucleus, NETosis) over 24 

hours. Data are shown for bone marrow and kidney neutrophils isolated from female and male WT and Padi4-/-
 
mice under 

sham or Ang II conditions. N= 3-4 animals per group. 
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4.7 Female NETosis dynamics are unchanged in Ang II-induced hypertension 
 To assess whether Ang II-induced hypertension alters the NETosis in female mice, we 

compared PMA-stimulated (100 nM) NETosis profiles between untreated and Ang II-infused 

animals in both WT and Padi4-/- groups. As expected, PAD4-deficient neutrophils showed 

greatly impaired nuclear swelling and NET release in both the bone marrow and kidney, 

confirming the requirement of PAD4 for efficient NET formation (Fig. 4.10-4.11). 

In WT female neutrophils, NETosis levels were present but low across both 

compartments and conditions, resulting in substantial intra-group variability. Nevertheless, WT 

neutrophils displayed a greater capacity for NET formation than Padi4-/- neutrophils, reflected by 

significantly higher proportions (AUC) of disintegrated nucleus cells in bone marrow (Fig. 

4.10b, panel 2) and higher disintegrated nucleus and complete NETosis in kidney neutrophils 

compared to genotype-matched controls (Fig. 4.11b, panel 2-3). 

However, no differences in NETosis stages were observed between WT untreated and 

WT + Ang II female neutrophils in either compartment, indicating that Ang II-induced 

hypertension did not alter NETosis progression in female neutrophils (Fig. 4.10-4.11). 

Interestingly, Padi4-/- neutrophils from the bone marrow exhibited increased spreading 

(Fig. 4.10b, panel 1), with a similar trend in the kidney (Fig. 4.11b, panel 1). This may reflect  

either rapid progression of stimulated WT cells toward later NETosis stages or enhanced early in 

the absence of PAD4. Importantly, these patterns did not differ between neutrophils from 

untreated and Ang II-infused animals, reinforcing that exposure to hypertensive conditions does 

not modify NETotic responses in female neutrophils.  
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Figure 4.10: Assessment of NETosis dynamics in PMA-stimulated bone marrow neutrophils from Ang II-infused 
female mice. 
a, Line plots show the median proportion of each NETosis stage (spread, disintegrated nucleus, NETosis) over 24 hours in 

bone marrow neutrophils isolated from female WT and Padi4-/-
 
mice under sham or Ang II conditions, stimulated ex vivo 

with 100 nM PMA. b, Barplots show the AUC (% x hours) for each NETosis stage, representing the overall magnitude of 

each phenotype over time. A global Kruskal-Wallis test was performed for each cell state, followed by pairwise Mann-

Whitney U tests with Holm correction. *=P<0.05, **=P<0.01. N= 3-4 animals per group. 
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Figure 4.11: Assessment of NETosis dynamics in PMA-stimulated kidney neutrophils from Ang II-infused female 
mice. 
a, Line plots show the median proportion of each NETosis stage (spread, disintegrated nucleus, NETosis) over 24 hours in 

kidney neutrophils isolated from female WT and Padi4-/-
 
mice under sham or Ang II conditions, stimulated ex vivo with 

100 nM PMA. b, Barplots show the AUC (% x hours) for each NETosis stage, representing the overall magnitude of each 

phenotype over time. A global Kruskal-Wallis test was performed for each cell state, followed by pairwise Mann-Whitney 

U tests with Holm correction. *=P<0.05. N= 3-4 animals per group. 
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4.8 Early signs of altered NETosis appear in male bone marrow neutrophils during Ang II–
induced hypertension 
 To determine whether Ang II-induced hypertension alters NETosis in male mice, we 

compared PMA-stimulated (100 nM) NETosis profiles in bone marrow neutrophils from 

untreated and Ang II-infused WT and Padi4-/- animals. As observed in females, Padi4-/- 

neutrophils showed markedly impaired nuclear swelling and NET release, confirming the 

requirement of PAD4 for efficient NET formation (Fig. 4.12). 

Male WT bone marrow neutrophils exhibited a far more robust NETotic response than 

females, with cells across NETosis stages comprising roughly 60% of the population by the end 

of the time course. (Fig. 4.12a) WT neutrophils from both untreated and Ang II-infused males 

displayed substantially higher AUC values for disintegrated nucleus and complete NETosis 

stages compared with their Padi4-/- controls, which remained near zero (Fig. 4.12b).  

Consistent with findings in females, PMA-induced cell spreading was significantly 

higher in Padi4-/- neutrophils than in WT neutrophils, and this effect was unaffected by exposure 

to hypertensive conditions (Fig. 4.12b, panel 1). Although spreading tended to be slightly lower 

in neutrophils from Ang II–infused mice, this difference did not reach significance. 

To directly assess the impact of Ang II-induced hypertension on NETosis progression ex 

vivo, we compared WT untreated and WT + Ang II groups. Neutrophils from Ang II-infused 

males displayed a modest reduction in disintegrated nucleus cells (Fig. 4.12, panel 2) 

accompanied by a corresponding increase in complete NETosis (Fig. 4.12, panel 3). However, 

these trends did not reach statistical significance. Thus, when each NETosis stage was evaluated 

independently, Ang II–induced hypertension did not significantly alter the progression of either 

the disintegrated nucleus or complete NETosis stages in male bone marrow neutrophils. 
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Figure 4.12: Assessment of NETosis dynamics in PMA-stimulated bone marrow neutrophils from Ang II-infused 
male mice.  
a, Line plots show the median proportion of each NETosis stage (spread, disintegrated nucleus, NETosis) over 24 hours in 

bone marrow neutrophils isolated from male WT and Padi4-/- mice under sham or Ang II conditions, stimulated ex vivo 

with 100 nM PMA. b, Barplots show the AUC (% x hours) for each NETosis stage, representing the overall magnitude of 

each phenotype over time. A global Kruskal-Wallis test was performed for each cell state, followed by pairwise Mann-

Whitney U tests with Holm correction. **=P<0.01, ***=P<0.001, ****=P<0.0001. N= 4-5 animals per group. 
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Although the overall magnitude of NETosis was not significantly different between 

PMA-stimulated neutrophils from untreated and Ang II-infused WT males, we further examined 

timing and progression metrics to better resolve potential differences (Fig. 4.13a-b).  

When assessing the proportion of NETosis-stage cells at 6, 12, and 24 hours, we 

observed a widening separation over time, with neutrophils from Ang II-infused mice showing a 

progressively higher proportion of cells in complete NETosis. However, these differences did not 

reach significance due to inter-group variability (Fig.4.13a).  

Temporal NETosis metrics, T50 and peak proportion, were next assessed. T50 values 

were similar between groups, occurring between 9 and 12 hours, indicating comparable overall 

NETosis kinetics. In contrast, peak NETosis was approximately 5% higher in the Ang II group, 

although this trend was not statistically significant (4.13b). 

To determine whether the relative distribution of NETosis stages differed between 

groups, we visualized the proportions of spread, disintegrated nucleus, and complete NETosis 

using stacked-area plots and quantified overall stage composition using CLR-transformed 

Euclidean distances (Fig.4.13c). Although the stacked area plots showed a similar proportion of 

cells across stages overall, the analysis revealed a significant shift in overall stage composition 

between groups, driven by a decrease in disintegrated nucleus cell and a corresponding increase 

in complete NETosis in the Ang II group.  

Together, these findings suggest that while absolute NETosis output is 

unchanged, hypertension may bias male neutrophils toward more efficient transition from the 

disintegrated nucleus stage to late-stage NETosis, indicating a potential shift toward enhanced 

NET-releasing capacity. 
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Figure 4.13: Assessment of NETosis kinetics and cell-state dynamics in bone marrow neutrophils from Ang II-
infused male mice. 
a, Bar plots showing the percentage of NETosis-stage cells at 6, 12, and 24 hours after stimulation with 100 nM PMA in 

WT and Ang II groups. Pairwise Mann-Whitney U tests with Holm correction were performed at each time point. b, 

Boxplots of key temporal NETosis metrics (t50 and peak NETosis proportion) derived from the NETosis time courses. 

Mann-Whitney U tests were performed to compare WT and Ang II groups. c, Stacked area plots showing the global 

distribution of neutrophil cell states (spread, disintegrated nucleus, NETosis) over 24 hours. Stage-composition vectors 

were CLR-transformed and analyzed using a global multivariate PERMANOVA, followed by univariate CLR tests to 

assess differences between WT and Ang II groups. N= 4-5 animals per group. 
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4.9 Hypertension promotes early-stage NET release in the kidney 
To determine whether Ang II-induced hypertension alters NETosis in tissue-resident 

kidney neutrophils, we compared PMA-stimulated (100 nM) NETosis profiles from untreated 

and Ang II-infused WT and Padi4-/- male mice (Fig. 4.14). We again observed an absence of 

disintegrated nucleus and NETosis in Padi4-/- neutrophils, with WT neutrophils from both 

untreated and Ang II-infused males exhibiting higher AUC values for disintegrated nucleus and 

complete NETosis stages compared with their Padi4-/- controls, which remained near zero (Fig. 

4.14b). PMA-induced cell spreading was again significantly higher in Padi4-/- neutrophils than in 

WT neutrophils, and this effect was comparable in sham and Ang II groups (Fig. 4.14b, panel 1).  

PMA stimulation induced a NETotic response in ∼10-15% of WT kidney neutrophils 

from Ang II-infused males over 24 hours (Fig. 4.14a). By contrast, WT neutrophils from 

untreated males showed seemingly lower overall NETotic activity, with peak medians around 

5% for both disintegrated nucleus and complete NETosis stages. 

To quantify these differences, we compared AUC values between untreated and Ang II-

infused WT males. Kidney neutrophils from Ang II-infused animals displayed a higher overall 

burden of disintegrated nucleus cells across time, suggesting enhanced priming or upstream 

activation of the NETotic program (Fig. 4.14, panel 2). However, this increase did not translate 

into a proportional rise in complete NETosis. Although, AUC values for late-stage NETosis were 

numerically higher in the Ang II group, the difference did not reach statistical significance due to 

inter-group variability (Fig. 4.14, panel 3).  

Thus, Ang II–induced hypertension significantly altered the early nuclear swelling phase 

of NETosis in male kidney neutrophils but did not substantially increase the magnitude of 

terminal NET release.  

 



 
 

144 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.14: Assessment of NETosis dynamics in PMA-stimulated kidney neutrophils from Ang II-infused male 
mice. 
a, Line plots show the median proportion of each NETosis stage (spread, disintegrated nucleus, NETosis) over 24 

hours in kidney neutrophils isolated from male WT and Padi4-/-
  
mice under sham or Ang II conditions, stimulated ex 

vivo with 100 nM PMA. b, Barplots show the AUC (% x hours) for each NETosis stage, representing the overall 

magnitude of each phenotype over time. A global Kruskal-Wallis test was performed for each cell state, followed by 

pairwise Mann-Whitney U tests with Holm correction. *=P<0.05, ***=P<0.001, ****=P<0.0001. N= 4-5 animals per 

group. 

 

WT
Ang II
Padi4-/-

Padi4-/- + Ang II

*
*

***
****

*
***

****

Pe
rc

en
ta

ge
 o

f s
pr

ea
d 

ce
lls

Pe
rc

en
ta

ge
 o

f d
isi

nt
eg

ra
te

d 
nu

cl
eu

s 
ce

lls

Pe
rc

en
ta

ge
 o

f 
N

ET
os

is
ce

lls

AU
C 

of
 s

pr
ea

d 
ce

lls

AU
C 

of
 d

isi
nt

eg
ra

te
d 

nu
cl

eu
s 

ce
lls

AU
C 

of
 N

ET
os

is
ce

lls

WT               Ang II             Padi4-/- Padi4-/- + Ang II WT                Ang II             Padi4-/- Padi4-/- + Ang II WT                 Ang II           Padi4-/- Padi4-/- + Ang II

a

b



 
 

145 

We further characterized the progression of disintegrated nucleus and NETosis stages in 

WT kidney neutrophils from untreated and Ang II–infused male mice and quantified differences 

in their temporal profiles and overall stage composition (Fig. 4.15). 

Comparison of disintegrated nucleus levels at matched time points (6, 12, and 24 hours) 

showed a pattern consistent with the AUC results. Neutrophils in the Ang II group had 

significantly higher proportions at 12 and 24 hours, despite both groups displaying the same 

overall trajectory, in which disintegrated nucleus cells peak and then decline at later time points 

(Fig. 4.15a). Temporal metrics revealed similar kinetics between groups, with T50 values 

occurring between 6 and 9 hours (Fig. 4.15c).	Although the Ang II group showed a numerically 

higher peak in disintegrated nucleus cells, likely driving the AUC difference, variability 

prevented statistical significance (Fig. 4.15c). 

Terminal NETosis increased progressively in both groups across 6, 12, and 24 hours, 

with Ang II neutrophils consistently trending higher. However, variability again limited 

statistical conclusions (Fig. 4.15b). The similarity in T50 values indicates that terminal NETosis 

progresses at a comparable rate in both groups (Fig. 4.15d). While the Ang II group showed a 

modestly higher peak proportion of NETosis, this trend did not achieve statistical significance 

due to variability (Fig. 4.15d). 

To determine whether Ang II-induced hypertension altered the relative distribution of 

NETosis stages in male kidney neutrophils, we visualized stage proportions using stacked-area 

plots and quantified overall stage composition using CLR-transformed Euclidean distances (Fig. 

4.15e). Kidney neutrophils from Ang II–infused males showed approximately a 2-fold increase 

in the total proportion of cells engaged across NETosis stages. Composition analysis revealed a 

significant shift between groups, driven primarily by a higher proportion of  
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Figure 4.15: Assessment of NETosis kinetics and cell-state dynamics in kidney neutrophils from Ang II-infused 
male mice. 
a-b, Bar plots showing the percentage of neutrophils in the (a) disintegrated nucleus and (b) NETosis stages at 6, 12, and 

24 hours after stimulation with 100 nM PMA in WT and Ang II groups. Pairwise Mann-Whitney U tests with Holm 

correction were performed at each time point. c-d, Boxplots of key temporal metrics (t50 and peak NETosis proportion) 

derived from the (c) disintegrated nucleus and (d) NETosis time courses. Mann-Whitney U tests were performed to 

compare WT and Ang II groups. e, Stacked area plots showing the global distribution of neutrophil cell states (spread, 

disintegrated nucleus, NETosis) over 24 hours in WT and Ang II groups. Stage-composition vectors were CLR-

transformed and tested for differences using a global multivariate PERMANOVA, followed by univariate CLR tests to 

assess differences between WT and Ang II groups. Results of these analyses are summarized in the accompanying table. 

N= 4-5 animals per group. 
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disintegrated nucleus cells in the Ang II group. Importantly, the relative proportion of terminal 

NETosis was not significantly different, suggesting that increased early-stage activity does not 

strictly translate into a proportional increase in NET release. 

Together, these results indicate that Ang II-induced hypertension primes kidney 

neutrophils to enter early NETosis stages more readily, but this priming does not consistently 

translate into full NET release. 
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Chapter 5  

NET- induced senescence-associated reprogramming in endothelial cells 
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5.1 Introduction and Rationale 
ECs play a central role in maintaining vascular homeostasis and are key targets and 

mediators of vascular inflammation. As such, they are directly exposed to and respond to NET-

derived components. A clear link between NETs and tissue damage has been established, 

positioning NETs as active contributors to vascular injury and necrosis (49). More specifically, 

NETs have been shown to alter angiogenesis and wound healing (353,354), impair endothelial 

proliferation and vascular regeneration (326,355), and amplify vascular inflammation, ultimately 

driving endothelial activation (276,356). Given their central role in disrupting endothelial 

homeostasis across vascular and inflammatory diseases, there is a critical need to more fully 

define the mechanisms by which NETs modulate EC function.  

Targeted studies have shown that NET-exposed ECs exhibit inflammasome activation 

(285,357), impaired nitric oxide production (285), increased release of pro-inflammatory 

cytokines and chemokines (358), and reduced regenerative capacity (326). While these pathway-

specific findings highlight the diverse stress responses triggered by NETs, they provide an 

incomplete picture and underscore the need for an unbiased transcriptomic approach to capture 

to full spectrum of endothelial pathways altered by NET exposure.  

We therefore sought to characterize the global transcriptional response of NET-treated 

ECs to identify key mechanisms driving NET-induced endothelial injury. 

5.2 HL-60-derived NETs dose-dependently impair endothelial cell proliferation  
To investigate the mechanisms of NET-induced EC injury, we first established an in vitro 

model in which HUVECs were exposed to NETs generated from differentiated HL-60 cells 

(359). (Fig. 5.1). NET preparations were collected and used to validate that HL-60–derived 

NETs elicit measurable biological effects in ECs. 
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Figure 5.1: Schematic of the in vitro model of endothelial NET exposure and downstream experimental readouts. 
HL-60 cells were differentiated into neutrophil-like cells and stimulated with PMA to induce NET formation. NETs 

were subsequently isolated, quantified based on DNA content, and applied to cultured HUVECs at an effective 

concentration of 10 ng/mL for 24 hours. Following NET exposure, endothelial viability and proliferative	capacity were 

assessed, and RNA was extracted for bulk RNA-sequencing and downstream transcriptional analyses. 
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HUVECs were treated with a range of NET concentrations (0.2-50 ng/mL DNA) for 24 

hours, and viability and proliferation were assessed. NETs did not impact EC viability at any 

concentration tested, but produced a dose-dependent reduction in proliferation, with 

approximately a 5-fold reduction at the highest concentration (Fig. 5.2). These results were 

comparable to those reported for NETs generated from primary human neutrophils (326)and 

confirm that HL-60-derived NETs are biologically active and capable of suppressing endothelial 

proliferative capacity, establishing this system as an appropriate model to investigate NET-

driven endothelial injury in vitro. 

Given the observed dose-dependent effect of NETs on endothelial proliferation, we 

selected a mid-range concentration (10 ng/mL) between the two most effective doses (5-50 

ng/mL) for all subsequent experiments (Fig. 5.1). The impact of this concentration on viability 

and proliferation was reassessed using three independent NET preparations, ensuring that 10 

ng/mL DNA consistently elicited a measurable biological response while preserving the dynamic 

range to detect pathway-specific modulation in downstream mechanistic assays (Fig. 5.3). 

As expected, the responses induced by 10 ng/mL NETs were consistent with those 

observed in the dose-response experiment. This concentration did not affect HUVEC viability 

(Fig. 5.3a) but induced a 2-fold reduction in proliferation (Fig. 5.3b), with low variability across 

NET samples (Fig. 5.3), validating it as a reliable experimental condition for downstream 

transcriptomic and mechanistic analyses of NET-induced EC injury.  
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Figure 5.2: Dose-response assessment of NET effects on endothelial cell viability and proliferation. 
HUVECs were treated with increasing concentrations of NETs (0.2-50 ng/mL) for 24 hours. a, Cell viability was 

measured using an XTT assay. b, Cell proliferation was measured using a BrdU incorporation assay. Statistical 

differences were tested using one-way ANOVA with appropriate post-hoc multiple-comparison correction. Data is 

presented as mean ± SEM. *=P<0.05, **=P<0.01, ***=P<0.001. N= 4-9 biological replicates per condition.  
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Figure 5.3: Validation of NET-induced functional effects and reproducibility across independent NET 
preparations at the selected working concentration. 
HUVECs were treated with 10 ng/mL NETs for 24 hours. a, Cell viability was measured using the PrestoBlue assay, 

and b, proliferation was assessed by BrdU incorporation. Left, summary analysis with data from all NET-treated 

conditions combined. Right, the same data shown stratified by individual NET preparations. Data is presented as 

mean ± SEM. Statistical significance was determined using an unpaired two-tailed t-test. ***=P<0.001. N= 3-9 

replicates per condition.  
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5.3 NET-induced transcriptional reprogramming in endothelial cells includes 
inflammatory activation and cell cycle repression 

To broadly characterize the transcriptional changes and identify pathways altered by NET 

exposure, bulk RNA-sequencing was performed on NET-treated HUVECs and paired controls 

(Fig. 5.1). PCA demonstrated clear separation between groups, indicating a strong and consistent 

transcriptional response to NET treatment (Fig. 5.4a). This was further supported by sample-to-

sample Euclidean distance analysis, which showed tight clustering within treatment groups and 

low similarity between NET-treated and control samples (Fig. 5.4b), indicating treatment-

specific transcriptional signatures.  

Differential expression analysis revealed a substantial number of NET-responsive genes 

(Fig. 5.5a). After applying thresholds for adjusted p < 0.05 and |log2 fold change| ≥ 1, 2226 genes 

were significantly upregulated and 2476 were downregulated (Fig. 5.5b). GO and KEGG 

pathway analyses were performed separately on upregulated and downregulated genes.  

Among the top 20 significantly enriched KEGG pathways, upregulated genes were 

associated with Pathways in cancer, several inflammatory signaling pathways (TNF, MAPK, 

NF-&B, JAK-STAT, IL-17), Cytokine-cytokine receptor interaction, Kaposi sarcoma-associated 

herpesvirus infection, Human cytomegalovirus infection, Fluid shear stress and atherosclerosis, 

and Lipid and atherosclerosis (Fig. 5.6a). Cellular senescence was also significantly enriched 

and is highlighted in Figure 5.6, consistent with the observed reduction in EC proliferation 

following NET exposure. Together, these pathways indicate a strong inflammatory and stress-

response consistent with endothelial dysfunction. 
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Figure 5.4: Principal component and sample distance analyses of HUVECs RNA-sequencing data. 
Bulk-RNA sequencing was performed on HUVECs treated with 10 ng/mL NETs for 24 hours and compared to paired 

controls. a, Principal component analysis (PCA) based on normalized gene expression values from control and NET-

treated HUVECs. Each point represents an individual biological replicate. b, Sample-to-sample Euclidean distance 

heatmap generated from normalized expression data across biological replicates.  
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Figure 5.5: Differential gene expression analysis in NET-treated endothelial cells relative to control. 
Bulk-RNA sequencing was performed on HUVECs treated with 10 ng/mL NETs for 24 hours and compared to 

paired controls. a, Volcano plot of differentially expressed genes in NET-treated HUVECs relative to control, with 

downregulated genes shown in blue and upregulated genes shown in red. Each point represents an individual gene. 

b, Venn diagram summarizing the number of significantly upregulated (red) and downregulated (blue) genes, and 

unchanged genes (purple). Differential expression was defined by P<0.05 and |log2 fold| > 1.   
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GO enrichment supported a broad regulatory and developmental shift among NET-

treated samples. Significant biological process (BP) terms included regulation of cellular and 

biological activity and responses to oxygen-containing compounds, reflecting a global stress and 

signaling response to NET exposure (Fig. 5.6b). 

Molecular function (MF) enrichment highlighted modulation of signaling receptor 

activity and protein kinase regulatory functions, suggesting activation of receptor-mediated 

signaling and alterations in kinase-driven pathways (Fig. 5.6b). Consistent with this, upregulated 

genes were strongly associated with the plasma membrane and extracellular components in the 

cellular component (CC) analysis, including Cell periphery, Plasma membrane, Extracellular 

matrix, and Extracellular space (Fig. 5.6b), supporting the engagement of NETs with cell-

surface receptors and extracellular structures.  

The KEGG pathway analysis of downregulated genes revealed strong and consistent 

representation for pathways involved in DNA synthesis and cell cycle progression (DNA 

replication, Cell cycle, and Homologous recombination), as well as important pathways for 

maintaining genome integrity (Fanconi anemia pathway, Mismatch repair, and Base excision 

repair) (Fig. 5.7a). Together, these results indicate a marked suppression of cell cycle 

progression and DNA-maintenance programs in NET-treated ECs.  

Consistent with this, the most significantly enriched GO BP terms include Chromosome 

segregation, Nuclear division, Mitotic cell cycle, and Organelle fission, all of which reflect 

impaired mitotic progression (Fig. 5.7b). Correspondingly, enriched MF terms, which include 

Microtubule binding, Microtubule motor activity, and Cytoskeletal protein binding, further 

support disruption of mitotic spindle dynamics. In agreement with these patterns, CC enrichment  
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Figure 5.6: Pathway and Gene Ontology enrichment analysis of upregulated genes following NET exposure. 
a, KEGG pathway enrichment analysis showing significantly enriched pathways in NET-treated HUVECs, ranked by 

adjusted p-value, with dot size representing gene count and color indicating rich factor. The cellular senescence pathway 

met significance criteria and is shown despite not being among the top-ranked pathways due to its relevance to 

downstream analyses. b, Gene Ontology (GO) enrichment analysis of the same gene set, showing enriched biological 

process (BP), molecular function (MF), and cellular component (CC) terms, ranked by p-value.  
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Figure 5.7: Pathway and Gene Ontology enrichment analysis of downregulated genes following NET exposure. 
a, KEGG pathway enrichment analysis showing significantly enriched pathways in NET-treated HUVECs, ranked by 

adjusted p-value, with dot size representing gene count and color indicating rich factor. b, Gene Ontology (GO) 

enrichment analysis of the same gene set, showing enriched biological process (BP), molecular function (MF), and cellular 

component (CC) terms, ranked by p-value.  
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demonstrated overrepresentation of genes associated with the spindle, chromosomal regions, and 

other structures crucial for cell cycle progression (Fig 5.7b). 

Results from the KEGG and GO analyses indicated broad suppression of cell cycle 

processes along with the activation of inflammatory signaling pathways. To determine whether 

these reflected coordinated pathway-level transcriptional shifts, GSEA was performed across the 

entire transcriptome (Fig. 5.8a).  

 GSEA revealed negative enrichment of pathways that regulate cell cycle progression, 

including G2/M checkpoint essential for mitotic entry, E2F targets that drive DNA replication 

and S-phase entry, and Myc targets which support metabolic activity and proliferative growth 

(Fig 5.8a). Together, these suppressed pathways align with the function reduction in proliferation 

observed in NET-treated ECs. 

 The positively enriched pathways were also consistent with KEGG and GO results, 

including a coordinated upregulation in TNF-alpha signaling via NF-&B, IL-2/STAT5 signaling, 

IL-6/JAK/STAT3 signaling, and Coagulation (Fig. 5.8a), consistent with activation of endothelial 

inflammatory signaling.  

 Leading-edge genes driving these pathway enrichments were visualized in a heatmap, 

which showed NET-induced downregulation of key cell cycle regulators, including the 

transcription factor E2F2, the cyclin-dependent kinase 1 (CDK1) regulator CDKN3, the G1/S 

transition mediator CDCA3, and several mitotic machinery components such as CENPF and 

KIF15 (Fig. 5.8b). Conversely, upregulated genes supported activation of immune and 

chemokine pathways in NET-treated cells and included components of TNF signaling 

(TNFRSF4 and TNFSF11(RNAKL)) and NF-&B signaling (TLR2) (Fig. 5.8b). Genes involved in  
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Figure 5.8: Gene set enrichment analysis and leading-edge gene expression in NET-treated endothelial cells. 
a, Gene Set Enrichment Analysis (GSEA) of the full ranked transcriptome comparing NET-treated and control HUVECs. 

Significantly enriched gene sets are shown with positive (red) and negative (blue) normalized enrichment scores (NES), 

ranked by magnitude of enrichment. b, Heatmap of leading-edge genes contributing to enriched gene sets shown in (a). 

Rows represent genes and columns represent individual biological replicates. Expression values are displayed as row-

scaled z-scores. 
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extracellular matrix remodeling (MMP9 and CDCPI) and the pro-coagulant response (F3, Tissue 

Factor), consistent with endothelial inflammatory activation.  

5.4 Gene set enrichment analysis identifies senescence-associated transcriptional programs 
in NET-treated endothelial cells 

Together, the enrichment analyses indicate a transcriptional profile characteristic of 

cellular senescence (360). They reflect well-established senescence-associated DNA-damage 

signaling and suppression of E2F-driven cell cycle programs that lead to stable G2 to mitosis 

(G2/M) arrest rather than a reversible G0 quiescent state. Accordingly, NET treatment was 

associated with downregulation of G2/M regulators and signatures of mitotic failure, a 

recognized upstream event in senescence, alongside enriched NF-&B signaling, a key driver of 

the SASP (361–363) (Fig. 5.8).  

To further assess whether NETs induce a broad senescence program in ECs, we evaluated 

their transcriptomes against a unified senescence signature (Fig. 5.9). Given the variability of 

senescence profiles across cell types and driving mechanisms (360), each sample was first scored 

using the newly developed transcriptome-based human universal senescence index (hISU), 

which integrates multiple senescence datasets to capture conserved transcriptional features of 

senescence (335). The resulting hISU senescence scores were markedly elevated in NET-treated 

samples, reaching ~ 0.95 on a 0–1 scale, whereas control samples remained below 0.2 (Fig. 

5.9a). This significant shift indicates that NETs induce a robust, global transcriptional state 

reflective of true senescence rather than transient cell cycle arrest in ECs.  

GSEA was then performed on senescence-associated mechanistic gene sets, curated from 

established core senescence signatures (Appendix B), to identify the predominant senescence-

related programs contributing to the endothelial transcriptional phenotype induced by NETs (Fig. 

5.9b). This revealed strong positive enrichment of SASP-related genes, which showed the largest  
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Figure 5.9: Senescence-associated transcriptional signatures in NET-treated endothelial cells. 
a, Human Universal Senescence Index (hUSI) scores derived from control and NET-treated HUVEC transcriptomes 

(10.1038/s43587-025-00886-2). Data is presented as mean ± SEM. ***=P<0.001. b, Gene Set Enrichment Analysis 

(GSEA) of curated senescence-related gene sets comparing NET-treated and control HUVECs, with normalized 

enrichment scores (NES) for SASP (red), endothelial and chromatin remodeling (purple), DNA damage response (DDR)/ 

checkpoint activation (green), and cell cycle regulatory (blue) gene sets. c, Heatmap of leading-edge genes driving the 

senescence-associated enrichment patterns shown in (b), grouped by functional category and displayed as row-scaled z-

scores. 
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NES value, together with enrichment of endothelial activation and chromatin remodeling  

programs characteristic of endothelial senescence (364,365). Conversely, the DNA damage 

response (DDR) and DNA-integrity checkpoint gene sets were negatively enriched, in line with 

KEGG results indicating suppression of DNA repair pathways. Cell cycle regulatory genes 

showed an even stronger negative enrichment, supporting characteristic senescence-associated 

cell cycle exit (366). A heatmap of leading-edge genes highlights the specific genes driving these 

enrichments (Fig. 5.9c).  

Together, these enrichment patterns are consistent with a senescence-like transcriptional 

program contributing to NET-induced endothelial injury, integrating suppression of cell cycle 

and repair pathways with activation of SASP and endothelial-remodeling signatures. 

5.5 Targeted validation of G2/M regulators shows modest transcriptional suppression 
without corresponding protein-level changes following NET exposure 

To validate the observed suppression of G2/M regulators, we quantified the expression of 

key mitotic genes in independently generated NET-treated endothelial samples using RT qPCR 

(Fig. 5.10). The panel included the central G2/M kinase CDK1 and its associated cyclins, cyclin 

B1, cyclin B2, and cyclin A2 (CCNB1/2, CCNA2), the mitotic entry regulator polo-like kinase 1 

(PLK1), and members of the minichromosome maintenance (MCM) protein family as indicators 

of DNA replication and potential cell cycle exit. 

mRNA expression analysis revealed a significant yet modest decrease in CDK1, PLK1, 

CCNB2, and MCM2 in NET-treated ECs, consistent with suppression of G2/M transition and cell 

cycle arrest (Fig. 5.10). The remaining genes showed similar downward trends but did not reach 

significance, with considerable variability observed across NET-treated samples. This 

heterogeneity likely reflects differences in NET potency and baseline EC health, 	
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Figure 5.10: Targeted transcriptional validation of G2/M arrest and cell cycle suppression in NET-treated 
endothelial cells.  
mRNA expression levels of selected G2/M and cell cycle–associated genes identified from transcriptomic enrichment 

analyses were quantified by RT-qPCR in control and NET-treated HUVECs following 24-hour NET exposure. Gene 

expression was normalized to GAPDH and expressed relative to control samples. Data presented as mean ± SEM. 

*=P<0.05, **=P<0.01. N=5 biological replicates.  
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suggesting that the impact of NET exposure on G2/M regulatory genes may vary in magnitude 

across preparations. 

To determine whether reduced transcription of CDK1 and PLK1 translated to changes at 

the protein level, we assessed their expression level in NET-treated cells by Western blot. Levels 

of CDK1 and PLK1 were not significantly altered after 24 hours of NET exposure, although both 

kinases showed a modest downward trend (Fig. 5.11). This may be due to the short treatment 

window, during which transcriptional changes may precede detectable shifts in protein 

abundance (367).  

Together, these G2/M regulator measurements indicate that 24-hour NET exposure leads 

to modest transcriptional suppression without detectable changes in CDK1 or PLK1 protein 

abundance. This suggests that the suppression of cell cycle pathways observed in the RNA-

sequencing data reflects an early transcriptional reprogramming toward cell cycle exit rather than 

a fully established arrest. 

5.6 NET exposure induces limited and variable functional senescence-associated changes in 
endothelial cells 

To investigate whether the transcriptional suppression of cell cycle genes and the broader 

senescence-associated transcriptional profiles identified by RNA-sequencing reflect true NET-

induced senescence, we next assessed functional markers of senescence in ECs (Fig. 5.12). The 

levels and activity of endogenous lysosomal senescence-associated β-galactosidase (SA-β-gal), a 

marker known to increase in senescent cells (368), were compared between control and NET-

treated ECs. In contrast, NET-treated cells displayed a modest but consistent increase in 

enzymatic SA-β-gal activity that reached statistical significance (Fig. 5.12b), indicating altered 

lysosomal activity associated with senescence. 
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Figure 5.11: Protein-level quantification of G2/M regulatory kinases in NET-treated endothelial cells.  
Protein expression of the mitotic entry kinases CDK1 and PLK1 was quantified by Western blot in control and NET-

treated HUVECs following 24-hour NET exposure. Protein levels were normalized to β-Tubulin and expressed 

relative to control samples. Data presented as mean ± SEM. N=4 biological replicates.  
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Figure 5.12: Assessment of functional senescence markers in NET-treated endothelial cells. 
a, Representative images of SA-β-gal colorimetric staining in control and NET-treated HUVECs with associated 

quantification presented as mean ± SEM. 20x magnification, scale bar=200µm. N=6 biological replicates. b, SA-β-gal 

enzymatic activity measured in control and NET-treated HUVECs. *=P<0.05. N=8 biological replicates. c, Relative p21 

expression quantified by Western blot in control and NET-treated HUVECs following 24-hour NET exposure. Protein 

expression levels were normalized to β-Tubulin. Data presented as mean ± SEM. N=4 biological replicates. 
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Although colorimetric SA-β-gal staining was increased in some NET-treated samples, responses 

were highly variable and did not differ significantly from controls (Fig. 5.12a), which may 

reflect the lower sensitivity of the colorimetric assay compared with the activity-based assay. 

The cyclin-dependent kinase inhibitor, p21, a key mediator of senescence-associated cell 

cycle arrest, has previously been reported to be upregulated in NET-treated ECs (326). To further 

evaluate whether NET exposure induces functional senescence, we quantified p21 protein levels 

in NET-treated ECs by Western blot (Fig. 5.12c). Compared with paired controls, NET- treated 

cells exhibited a consistent upward trend in p21 expression, although this increase did not reach 

statistical significance. Together, these findings indicate the emergence of early senescence-

associated features following NET exposure, while suggesting that a fully consolidated senescent 

state has not yet been established at this time point.	
 Overall, the data presented in this chapter demonstrate that 24-hour NET exposure elicits 

a robust senescence-associated transcriptional signature in ECs, while functional senescence 

markers remain modest and heterogeneous. This dissociation between transcriptional 

reprogramming and classical senescence phenotypes suggests that 24-hour NET exposure may 

induce an early or primed state of senescence rather than a fully established senescent phenotype 

in ECs. Consideration of the timing, stability, and biological consequences of this response is 

therefore critical for interpreting the role of NETs in endothelial dysfunction. 
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6.1 Summary of Findings 
This thesis examined NET formation and NET-mediated cellular responses and injury 

across complementary in vivo and in vitro models. A time-resolved imaging and analysis 

pipeline was developed to characterize NET formation dynamics in response to distinct stimuli 

and to assess NETosis modulation in an Ang II-induced model of hypertension. Using this 

approach, altered NETosis dynamics were identified following two weeks of Ang II infusion and 

were associated with increased tubular injury despite the absence of overt renal NET deposition, 

implicating altered NETosis dynamics in hypertension-associated kidney injury.	
We further characterized NET-induced transcriptional programs in ECs indicative of 

altered cell cycle regulation and pro-inflammatory activation, consistent with early senescence-

associated reprogramming and supported by functional measures suggestive of cell cycle 

perturbation. These findings identify endothelial senescence as a potential driving mechanism in 

early NET-induced EC injury.  

6.2 Improved NETosis quantification through integrated imaging and machine learning 

The high-throughput methodology and analysis pipeline presented in Chapter 3 allows 

for tracking of NET release across its various morphological stages (39,45,369), enabling 

inference of underlying mechanisms and progression dynamics. By segmenting and 

characterizing single-cell features, this comprehensive approach identifies distinguishing traits of 

each NETosis stage and supports the development of robust algorithms for automated single-cell 

classification using CPA. The live-cell imaging assay concurrently captures the timing and 

progression of NETosis under diverse conditions, providing quantitative insights into the 

magnitude of responses, the sequence of morphological transitions, and the composition of cell 

populations, and the mechanisms governing temporal dynamics. 
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The live-cell imaging assay offers distinct advantages over conventional 

immunofluorescence staining protocols, eliminating the need for extensive sample manipulation 

and fixation that can alter NET structures and limit temporal resolution (336). Its 96-well format 

requires fewer cells and minimizes sample preparation time, making it well-suited for high-

throughput screening applications. 

Our analysis pipeline performs automated quantification of conventional NET metrics 

over time, including NET count, area and fluorescence intensity, thereby reducing the well-

recognized potential for user bias (336). Beyond standard quantification, our pipeline integrates 

morphological features from phase-contrast images, a source of valuable mechanistic insights 

(39). By leveraging the ilastik Random Forest classifier in combination with CellProfiler, we 

achieved improved segmentation of low-contrast cells. Together with DNA and Annexin V 

staining data, these image features enable characterization of sequential cellular changes and 

distinction between apoptotic and NETotic cells, a well-recognized pitfall in NET research 

(39,336). These two pathways of neutrophil cell death exhibit differing morphological features, 

membrane integrity profiles, and Annexin V staining (39,369), which are more easily discernable 

with this imaging methodology.  

The comprehensive feature characterization of this approach generates sufficient single-

cell data to resolve key steps preceding NET release and to capture the full spectrum of NET 

phenotypes (45,190,194), through supervised classification in CPA. This enhances assay 

sensitivity and provides a more accurate and comprehensive view of NETosis, enabling detection 

of subtle dose- and stimulus-dependent differences. 



 
 

173 

6.3 Adaptable single-cell profiling of NETosis across neutrophil sources 

Comprehensive single-cell characterization further supports the adaptability of the 

pipeline for neutrophils derived from various sources. Human and mouse neutrophils have been 

reported to exhibit distinct NETting patterns (370), underscoring the need for an adaptable, non-

stringent analysis workflow capable of accommodating biological variability. Such flexibility is 

difficult to achieve with rigid deep-learning-based approaches but is enabled by a Random Forest 

framework such as the that implemented in CPA (337). The compatibility of CellProfiler and 

CPA allows unbiased incorporation of all extracted features (334), facilitating the development 

of classification algorithms that remain robust across experimental contexts. 

Consistent with previous reports describing three sequential stages of NETosis, our 

pipeline resolved these stages across all neutrophil models examined, despite differences in 

NETosis dynamics and structural features. In human blood neutrophils, PMA stimulation 

induces cell body spreading within 30 minutes, followed by nuclear swelling filling up the 

intracellular space in most cells between 80-120 minutes and NETosis release between 120-220 

minutes (39,45). In contrast, our results showed a delayed onset of each stage in neutrophil-

directed HL-60s (Fig. 3.11) and in mouse bone marrow neutrophils (Fig. 3.22), consistent with 

reports that they release fewer NETs and form less prominent network structures (370). Despite 

these kinetic differences, the sequential morphological progression was preserved, supporting the 

robustness of our methodology for characterizing NET progression across diverse neutrophil 

sources and validating the use of HL-60 cells as a high-throughput screening model. 

Accordingly, our approach captured the previously reported differential progression of NETosis 

between PMA and ionomycin (Fig. 3.16), identifying an earlier onset of cell activation and 

NETosis with ionomycin (197) 
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This adaptability was further demonstrated through application of the pipeline to kidney 

neutrophils in our Ang II–induced hypertension model, where it enabled discrimination of 

NETosis dynamics between kidney and bone marrow neutrophils (Fig. 4.8) and identified stage-

specific alterations in neutrophils from Ang II–infused animals (Fig. 4.12-4.15).	Together, these 

results validate the adaptability of the pipeline across experimental systems and disease contexts. 

6.4 Temporal analysis reveals NETosis regulatory features not captured by endpoint 
measurements 

As highlighted in our Ang II-induced hypertension model, differences in neutrophil 

activation and NETosis priming can manifest as changes that are detectable only through 

comprehensive temporal analysis of NETosis progression. End-point only measurements of NET 

release can fail to capture stimulus- or phenotype-dependent differences in NETosis (197), 

underscoring the importance of defining temporal dynamics. While endpoint NET measures 

remain a valuable tool and have revealed, for example, PMA dose-dependent increases in NET 

levels (371,372), our methodology extends these findings by uncovering the dynamic processes 

underlying concentration-dependent differences, manifesting as changes in both the rate and 

magnitude of NETosis. Similarly, endpoint analyses have shown that PAD4 inhibition abrogates 

NET release in response to both PMA and ionomycin (372). While our results are consistent with 

this and show reduced NET release following PAD4 inhibition,	temporal analysis further 

revealed stimulus-specific effects of PAD4 inhibition on distinct stages of NETosis (Fig. 3.14), 

as well as a greater propensity for cell spreading in Padi4-/- mouse neutrophils (Fig. 3.22), 

consistent with reports that these cells generate higher levels of ROS and display enhanced 

activation (346) 
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6.5 Technical considerations of the NETosis analysis pipeline 

A key strength of our methodology is its versatility for mechanistic studies of NETosis. 

When paired with pharmacological interventions targeting specific NET mediators, it can be 

used to investigate mechanisms of NETosis inhibition, degradation, and regulation. Its adaptable 

design allows tracking of single-cell progression through NETosis stages (TrackObjects in 

CellProfiler) (333), enabling detailed examination of associations and transitions between stages. 

The pipeline is also flexible in its staining requirements. While Annexin V staining provides 

valuable information for distinguishing NETosis stages, we achieved approximately 88% 

classification accuracy with DNA staining alone. This allows Annexin V to be replaced with 

fluorescent labeling of alternative targets for added mechanistic insight, although it may impact 

classification performance and require optimization. While these features highlight the flexibility 

of the pipeline, several technical and biological factors should be considered when interpreting 

results generated using this approach.  

Although mean proportions of NETosis stages are generally consistent between cell 

populations, individual neutrophils exhibit substantial variability in the timing of stage onset and 

progression (45,369). This intrinsic heterogeneity introduces variability between experiments 

and necessitates sufficiently large sample sizes to achieve adequate statistical power.  

In addition, the low contrast of activated and NETting cells in phase-contrast images can 

lead to segmentation errors in ilastik, with individual cells occasionally being over-segmented 

despite extensive annotation of cell morphologies. Such segmentation errors may contribute to 

misclassification and underestimation of specific NETosis stages. Furthermore, while the general 

trained CPA model architecture is transferable between experiments, it must be retrained for 

each dataset to account for differences in imaging conditions and cell populations. Although this 
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enables identification of experiment-specific phenotypes, it requires a sufficiently large and 

representative training set to avoid overfitting. Variability in user-generated CPA training 

datasets may also introduce classification bias. While quantification of terminal NETosis was 

consistent between users, interpretation of intermediate stages should therefore emphasize 

relative trends rather than absolute proportions. 

Finally, the current pipeline provides only two-dimensional resolution, limiting complete 

detection of NET structures and accurate reporting of their area. Nuclear swelling preceding 

NET release has been associated with gradual increases in cell height (45,369), a parameter not 

captured by the present analysis and therefore excluded as a metric, which may hinder distinction 

from cells in terminal NETosis. Despite these limitations, the ability of this assay to monitor 

NETosis at single-cell resolution across defined morphological stages provides a powerful tool 

for addressing outstanding questions in the field. 

6.6 Limited contribution of NETs to early disease features in Ang II-induced hypertension 
Results from our study demonstrate that while two weeks of Ang II infusion induces 

robust blood pressure elevation, this increase is not exacerbated or attributable to NET release 

(Fig. 4.2). Contrary to reports suggesting a direct role for NETs in driving hypertension (262), 

SBP levels were comparable between WT and Padi4-/- Ang-infused mice in both males and 

females at the two-week time point. While this finding does not negate the association between 

NETs and hypertension (267,373), it suggests that NETs may not contribute to early blood 

pressure elevation and raises the question of when and under what conditions NETs exert 

pathogenic effects during hypertensive disease progression. 

NETs are well established as modulators of immune activation and responses in a range 

of inflammatory disease contexts, with their deleterious effects often linked to NET deposition in 

target organs (49,374). In the present model, while Ang II induced renal immune cell 
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recruitment, these populations were not substantially altered by PAD4 deficiency (Fig. 4.4-4.6), 

indicating that immune cell recruitment to the kidney is not NET-driven at this stage in the 

disease model. Immune cell recruitment may rather be attributable to Ang II–mediated activation 

of renal endothelial and tubular cells, which is well established to promote leukocyte infiltration 

through chemokine and adhesion molecule signaling (220). 

Consistent with a limited role for NETs in this model, we did not detect NET deposition 

in the kidney following two weeks of Ang II infusion (Fig. 4.7). The absence of renal NET 

accumulation is consistent with the limited contribution of NETs to blood pressure elevation and 

immune activation in this model. While NETs have been detected in renal biopsies from 

hypertensive patients (267)and implicated in some Ang II–induced preclinical models (262,268), 

differences in mouse strain, disease context, and experimental severity may underlie variability 

in NET deposition and NET-driven pathology across studies. 

NET accumulation has predominantly been reported in settings of sustained inflammation 

and is often associated with impaired clearance, immune complex binding and complement 

activation (153,375,376), suggesting that prolonged Ang II exposure and persistent hypertension 

may be required to trigger the level of immune activation necessary for NET deposition. 

Although neutrophils represent an early immune cell population recruited during hypertension, 

NET deposition may arise as a downstream consequence of chronic blood pressure elevation 

rather than as an initiating event, which could account for the lack of effect of NET depletion on 

blood pressure or renal immune cell recruitment in this model.  

6.7 Sex differences in renal injury during Ang II–induced hypertension 
In our model of Ang II-induced hypertension, blood pressure levels were comparable 

between males and females, yet females exhibited relative protection to kidney injury, as 



 
 

178 

reflected by lower expression of tubular injury markers KIM-1 and NGAL (Fig. 4.3b-c). This 

dissociation between blood pressure and renal injury suggests that sex-dependent mechanisms 

downstream of Ang II contribute to renal protection in females. 

Consistent with this, overall renal immune cell infiltration remained lower in females 

than in males following Ang II infusion (Fig. 4.4-4.6), and WT female neutrophils from both 

untreated and Ang II-treated groups displayed a reduced capacity to undergo NETosis (Fig. 4.10-

4.11). These findings point to sex-dependent differences in immune and neutrophil activation as 

potential contributors to kidney protection in females.  

In the general human population, pre-menopausal women exhibit lower susceptibility to 

hypertension, with the increased prevalence of hypertension after menopause implicating a 

prominent role for sex hormones in blood pressure regulation and disease pathogenesis (377). 

Beyond systemic blood pressure control, sex hormones modulate tissue responses to Ang II 

through differential regulation of the RAS. Estrogen promotes Ang II signaling toward Ang II-

(1-7)-ACE2-Mas and AT2 receptor pathways that favor anti-inflammatory responses, whereas 

testosterone enhances AT1 receptor-mediated signaling linked to oxidative stress, fibrosis, and 

immune activation (378,379).  

Consistent with our observations, females are reported to exhibit reduced immune cell 

infiltration and a more anti-inflammatory immune profile in hypertension (380–382), with males 

exhibiting greater immune-mediated kidney injury (383). Although sex-dependent neutrophil 

phenotypes in hypertension remain less well defined, available evidence supports greater 

neutrophil recruitment in males during hypertension (380), and our findings suggest sex-specific 

differences in neutrophil activation states that may further contribute to differential pathogenicity 

between sexes.  
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6.8 Subtle NET-dependent effects in the kidney may not require deposition 
While renal NET accumulation was not detected in our model, it does not exclude the 

possibility of transient or localized NET release without overt deposition. This is supported by 

the observation that Ang II-infused WT male mice exhibited greater expression of kidney injury 

markers than Padi4-/- males (Fig. 4.3b-c), despite comparable blood pressure levels and no 

detectable differences in renal immune cell populations or NET deposition. Together, these 

findings suggest that PAD4-dependent NET release may contribute to renal injury through 

mechanisms that are not captured by histological detection of NETs or immune cell 

quantification. 

 Ang II-induced hypertension was associated with increased renal infiltration of 

neutrophils, as well as T cells and macrophages (Fig. 4.4-4.6), reflecting a heightened 

inflammatory milieu, particularly in males. Under such conditions, neutrophils can exhibit 

prolonged survival, which has been linked to enhanced NET release (384,385). It is therefore 

plausible that NETs are generated transiently or locally within the kidney and are rapidly cleared, 

preventing detectable NET deposition.  

Such transient NET release may still enable cell-NET interactions that have been shown 

to exert detrimental effects on renal parenchymal cells through engagement of pattern-

recognition receptors, induction of mitochondrial dysfunction, and local activation of 

complement pathways (293,386,387). In addition, NET-derived granule proteases and histones 

impair renal cell function through cytotoxic effects, leading to tubular epithelial cell injury, 

glomerular damage, and activation of cell death pathways (298,329). Collectively, these 

mechanisms provide biological context for the differential expression of tubular injury markers 

between Ang II–infused WT and Padi4⁻/⁻ mice and are consistent with the presence of subtle, 

PAD4-dependent injury in the absence of detectable NET deposition. 
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6.9 Compartment-specific modulation of neutrophil reactivity in hypertension 
As observed in our model, neutrophil reactivity and NET-releasing behaviour differ 

between the bone marrow and kidney compartments, even at baseline (Fig. 4.8). This 

compartment-specific heterogeneity has previously been reported and is commonly attributed to 

differences in neutrophil maturation and aging, as well as exposure to distinct tissue 

microenvironmental cues, which collectively drive a phenotypic drift (388,389).  

Compared to bone marrow neutrophils, kidney neutrophils exhibited reduced engagement 

of the early nuclear disintegration stage but a greater transition toward terminal NETosis, 

resulting in increased overall NET formation in this compartment (Fig. 4.8). Transcriptomic and 

proteomic profiling studies indicate that aged or tissue-resident neutrophils exhibit features of 

cellular activation and altered responsiveness (389). This pre-activated state may therefore limit 

engagement of early NETosis mechanisms in response to stimulation yet promote efficient 

progression to terminal NET release once initiated. 

During hypertension, both the bone marrow niche and the renal microenvironment can 

shift toward a pro-inflammatory and stress-associated milieu that alter neutrophil phenotypes and 

functional responsiveness (272,390,391). In our model, alterations in NETotic responses were 

evident as early as the bone marrow (Fig. 4.13), indicating that Ang II-associated signals may 

prime neutrophils prior to their release into the circulation, as previously reported (392) 

Hypertension is associated with increased sympathetic activation, a feature that has been 

recapitulated in Ang II–induced hypertension models (392,393). Although sympathetic signaling 

was not directly assessed here, it is known to remodel the bone marrow niche and modulate 

mature neutrophil function (272,394). Along with other hypertension-associated changes in the 

hematopoietic environment (395), this may contribute to the NETotic profile observed in our 

Ang II–induced hypertension model, characterized by a greater proportion of disintegrated 
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nucleus–stage cells transitioning to terminal NETosis ex vivo (4.13), consistent with a 

hyperactivated neutrophil phenotype prior to bone marrow egress (3) 

The Ang II-associated activation of bone marrow neutrophils was accompanied by 

altered NETotic behaviour in kidney neutrophils (Fig. 4.14). This aligns with evidence that 

hypertension can reprogram circulating neutrophils and shape their functional responses 

following tissue recruitment (256,396). We observed a greater proportion of neutrophils from 

Ang II-infused male mice entering the disintegrated nucleus stage compared to controls (Fig. 

4.14), suggesting that Ang II-associated cues facilitate initiation of NETosis in kidney-resident 

neutrophils (267,397). Although terminal NET formation increased modestly, this increase did 

not mirror the extent of nuclear disintegration, indicating that Ang II primarily amplifies early 

NETotic commitment rather than uniformly driving terminal NET release in kidney neutrophils. 

6.10 Neutrophil responses in PAD4-deficient mice 
Although PAD4 deficiency is classically associated with impaired NET formation (123), 

our data indicate that Padi4-/- neutrophils retain early activation responses, reflected in normal 

spreading from PMA stimulation (Fig. 4.12, 4.14). This is consistent with PAD4 acting 

downstream of early cytoskeletal responses (398,399), and Padi4-/- neutrophils maintaining 

migratory capacity and key effector functions (113,400). Notably, untreated Padi4-/- mice 

displayed increased baseline neutrophil numbers (Fig. 4.4), a phenotype that was more 

pronounced in females and was mirrored by a similar increase in macrophage abundance. These 

findings suggest that PAD4 deficiency may alter baseline myeloid composition in the kidney 

rather than simply abolishing NETotic capacity, raising the possibility that PAD4-dependent 

immune contexts may engage target tissues through distinct activation or effector programs. 
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6.11 Early endothelial responses to NET exposure 
Our transcriptomic data reveals that NET exposure elicits a coordinated endothelial 

response characterized by induction of inflammatory signaling pathways and suppression of 

DNA replication and cell cycle programs (Fig. 5.8). Enrichment of genes associated with 

extracellular receptor-mediated signaling suggests involvement of EC-surface receptor 

engagement, consistent with prior reports demonstrating interaction of extracellular histones and 

other NET-derived molecules with pattern-recognition receptors such as TLR2 and TLR4 

(298,401). Receptor-mediated signaling has been shown to underlie NET-induced endothelial 

activation, promoting a pro-inflammatory and pro-thrombotic phenotype (276). This was 

recapitulated in our dataset by enrichment of TNF, N&-KB and MAPK signaling pathways (Fig. 

5.6a), which have previously been implicated in NET-associated endothelial dysfunction 

(157,354,402).  

Notably, enrichment of inflammatory signaling in our model occurred concurrently with 

transcriptional programs indicative of perturbed cell replication. This was reflected by 

downregulation of E2F targets and G2/M-associated genes (Fig. 5.8), alongside impaired 

endothelial proliferation in vitro (Fig. 5.3b). Such coupling of inflammatory activation with 

growth suppression is consistent with reports describing NET-induced impairment of wound 

healing and endothelial regeneration (157,354), which emerging evidence has linked to 

enforcement of cell cycle arrest mediated by p21 (326). Mechanistically, TNF- and NF-&B- 

dependent signaling is known to promote p21 activation, leading to RB- and DREAM-mediated 

repression of E2F-dependent transcription and inhibition of mitotic entry (403–405).  

While NETs increase endothelial oxidative stress and may also contribute to DNA damage–

associated cell cycle arrest (358), the concordance between the inflammatory signaling axis 

described above and the transcriptional profile observed in our data suggests that NET exposure 
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predominantly promotes a G2/M-associated cell cycle halt through engagement of canonical 

stress and inflammatory signaling pathways.	Together, these findings capture the early 

development of an adaptive transcriptional reprogramming to NET exposure, resulting in 

regulated suppression of endothelial proliferation through checkpoint-dominant control 

mechanisms. 

6.12 Early senescence-associated transcriptional reprogramming in NET-treated 
endothelial cells 

The pro-inflammatory phenotype and concurrent disruption of cell cycle programs observed 

in our transcriptomic data is consistent with early NET-induced senescence-associated 

transcriptional reprogramming and aligns with the observed impairment of proliferation (406). 

This pattern suggests that NETs rapidly initiate endothelial states associated with sustained 

proliferative arrest, rather than transient growth suppression.  

A central feature of senescence-associated reprogramming is the SASP, which encompasses 

coordinated upregulation of cytokine-, chemokine-, and NF-κB-dependent signaling, as well as 

extracellular matrix–modifying factors (407,408). While the precise composition and induction 

mechanisms of the SASP vary across cell types and contexts, the transcriptomic profile described 

here captures several conserved hallmarks of this program (335,409). Notably, enrichment of 

JAK/STAT signaling, a key regulator of SASP induction and maintenance (410), was observed 

alongside NF-κB–dependent gene expression (Fig. 5.6a), consistent with the established role of 

NF-κB as a central transcriptional driver of senescence-associated inflammatory programs 

(314,360). 

In parallel, senescence is enforced through sustained inhibition of cyclin-dependent 

kinase activity, most prominently via induction of CDK inhibitors such as p21(366). In our 

model, transcriptional repression of cyclins and mitotic regulators, together with upregulation of 



 
 

184 

CDK inhibitors CDKN1A (p21) and CDKN2A (p16) (Fig. 5.8b), supports engagement of a 

G2/M-associated cell cycle arrest (411). Such arrest is widely reported to precede and facilitate 

establishment of a stable senescent state, particularly when accompanied by downregulation of 

cyclin A and B1 (411,412), as observed here. Consistent with this transition from checkpoint 

engagement to loss of mitotic competence, we observed transcriptional downregulation 

of CDK1 and PLK1 (Fig. 5.10), two central drivers of mitotic entry whose repression is closely 

associated with commitment to senescence-associated growth arrest (413,414). 

Although cell cycle arrest can initially serve as a transient protective response to cellular 

stress, progression toward senescence is strongly influenced by the efficiency and resolution of 

DNA repair (415). The transcriptional patterns observed in our data suggest impaired 

coordination of DNA repair programs, a condition reported to favor sustained p21 signaling and 

irreversible cell cycle exit rather than re-entry into proliferation. In our model, NET exposure did 

not induce EC death (Fig. 5.3a), excluding apoptosis as the primary outcome, while the 

combined persistence of E2F- and G2/M-associated cell-cycle repression and induction of 

senescence-associated transcriptional signatures argues against reversible quiescence and instead 

supports progression toward senescence-associated growth arrest (416). 

In this regard, our findings are consistent with previous reports describing p21-mediated 

cell cycle arrest and functional markers of senescence in NET-treated ECs (329,330). However, 

our data extends this framework by revealing that NET exposure induces a broader senescence-

associated transcriptional program that emerges early and may represent a driving response 

preceding the development of more overt endothelial injury. 

6.13 Functional implications of early senescence-associated endothelial reprogramming 
Functional assessment of endothelial proliferative capacity and senescence demonstrated 

that NET exposure markedly impairs EC growth and is associated with a modest senescence-
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associated phenotype, as reflected by increased SA-β-galactosidase activity (Fig. 5.12b). 

However, these functional changes, together with the associated transcriptomic profile, likely 

reflect commitment toward senescence rather than a fully established senescent state, as 

transcriptional repression of key G2/M regulators and induction of the senescence driver p21 

were not yet accompanied by corresponding protein-level changes (Fig. 5.11, 5.12c) (417,418). 

This may be attributable to the relatively short exposure duration of 24 hours, which 

appears sufficient to induce stress- and inflammatory-signaling and initiate senescence-

associated transcriptomic reprogramming, but precedes the emergence of more stable and fully 

developed senescence features (417,419). While terminal senescence is classically considered 

irreversible once established, the endothelial state observed here likely represents an early or pre-

senescent commitment phase that does not inherently guarantee progression to terminal 

senescence without continued or sustained insult (420). 

Nonetheless, even in the absence of fully consolidated senescence, engagement of early 

senescence-associated programs is likely sufficient to impair endothelial functions that depend 

on proliferative capacity, including endothelial repair and barrier integrity (421). Disruption of 

these processes has previously been linked to NET exposure and is representative of endothelial 

dysfunction that can arise prior to the establishment of terminal senescence (300). 

Taken together, our results indicate that NET exposure elicits a robust endothelial stress 

response that commits cells to a senescence-associated trajectory, likely preceding and 

predisposing toward the establishment of a fully consolidated senescent state. 

6.14 Limitations and Considerations 

Despite the complementary mechanistic insights provided by the in vivo Ang II model 

and the in vitro NET–endothelial system, both approaches have inherent limitations in fully 
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recapitulating human hypertension and NET-mediated injury. The Ang II infusion model 

captures a defined RAAS-driven hypertensive context and therefore does not encompass the full 

spectrum of factors contributing to hypertensive kidney injury or NET biology in humans. 

Moreover, Ang II can exert direct tissue effects that can occur independently of blood pressure 

elevation, which may complicate separation of pressure-mediated injury from hormone-driven 

inflammatory remodeling (345), and may be particularly relevant when interpreting NET-

associated effects. 

Similarly, the in vitro NET–endothelial model isolates specific NET-derived signals but 

does not capture key in vivo dynamics such as blood flow, immune–cell interactions, or NET 

clearance. The transient nature of NET release also limits accurate estimation of physiologically 

relevant NET exposure levels in vitro relative to in vivo kinetics, further limiting direct 

extrapolation to physiological conditions. In both experimental contexts, relatively short 

exposure durations restrict inference on chronic disease progression and long-term injury 

outcomes. 

With respect to NET specific measurements, assessment of NETs in vivo is further 

complicated by their transient and spatially restricted release, which may limit their detection 

despite functional effects. While the ex vivo NET assay provides insight into neutrophil 

activation states and NET-forming propensity, these measurements are performed under isolated 

conditions that limit generalizability. Finally, use of a global Padi4-/- model, while informative 

for NET-associated processes, may influence other immune compartments and thereby confound 

attribution of observed effects.  

6.15 Future Directions 
Future studies should extend both the in vivo and in vitro systems to better resolve the 

temporal progression and mechanisms of NET-associated renal and endothelial injury. In vivo, 
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longer durations of hypertension, use of complementary hypertensive models, and applying 

blood-pressure–lowering interventions that do not directly target the RAAS, would help 

distinguish Ang II–specific effects from pressure-dependent injury and assess the persistence of 

PAD4-dependent NETosis dynamics. In vitro, NET withdrawal followed by extended 

endothelial culture would enable direct assessment of whether early senescence-associated 

reprogramming progresses to stable terminal senescence or remains a reversible stress-associated 

state. Additionally, cross-system approaches integrating NET-primed neutrophils, such as those 

isolated from hypertensive mice, with endothelial readouts using co-culture systems would 

provide a mechanistic bridge between neutrophil activation states observed in vivo and 

endothelial dysfunction characterized in vitro. Ultimately, assessing ECs isolated directly from 

hypertensive mice would allow determination of whether features of early senescence-associated 

reprogramming observed in vitro are recapitulated in vivo. 

6.16 Conclusion  
The studies presented in this thesis collectively investigated NET formation at the 

mechanistic level, examined its regulation and behavior in the context of hypertension, and 

assessed the downstream impact of NET exposure on ECs. Using a time-resolved approach, 

NETosis dynamics were shown to be altered under hypertensive conditions and associated with 

increased kidney injury, supporting a role for altered NET behavior in hypertension-associated 

pathology. In parallel, NET exposure was found to rapidly induce a broad senescence-associated 

transcriptomic program in ECs, accompanied by impaired proliferative capacity and consistent 

with an early stress-driven reprogramming state at the time point examined. 

Together, these findings support a framework in which NET activity is dynamically 

regulated in hypertension and, when encountered by ECs, engages transcriptional programs 

associated with early functional dysfunction. While these effects were characterized in distinct 
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experimental contexts, they collectively highlight the pathogenic potential of NETs and provide 

a conceptual link between altered NET biology in hypertension and endothelial vulnerability to 

injury. This perspective shifts attention away from static NET detection and acute cytotoxicity 

toward dynamic regulation of NET formation and early cell-state reprogramming as relevant 

features of NET-mediated vascular and renal injury in hypertension. 
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Appendix A: NETosis assay de tails and supplementary data 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
 

Figure A.1: CellProfiler Analyst classifier interface.  
Individual cells are assigned to one of  five classification bins: 1) Dead, 2) Spread, 3) Disintegrated nucleus, 4) NETosis, and 

5) Negative to train a Random Forest classifier.  
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Figure A.3: Top 10 classification features for neutrophil-directed HL-60 cell sorting.  
Boxplots showing the distribution of each feature across classified cell types (n = 5 experiments, N = 4,886 cells). Mann-

Whitney test and Holm-Bonferroni correction performed ****p<0.0001. 
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 Figure A.4: Individual channel images corresponding to the overlays shown in Figures 3.11 and 3.14. 
Representative images are presented for each channel: 1) phase-contrast, 2) DNA (green), 3) Annexin V (red), 

and 4) the composite overlay. Scale bar = 30 µm.  
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Figure A.5: Line plots of the percentage of negative and dead cells over time in dHL-60 experiments.  
a, Proportions of cells with increasing PMA concentrations. b, Proportions of cells compared between PMA- and 

ionomycin-stimulated cells, with or without PAD4 inhibition with GSK484. Median proportions with 95% 

confidence interval are shown. 

 

a

b



 
 

227 
 

ilastik probability 
map Identify cellsCell segmentation 

overlay

DNA image Identify DNA DNA merged to 
parent cells

Annexin V image Identify Annexin VAnnexin V merged to 
parent cells

Mask DNA outside of 
cells (NETs) NETs filtered by size NETs merged to 

parent cell Overlay

W
T 

+ 
PM

A
Pa

di
4-/

- +
 P

M
A

W
T 

+ 
PM

A
Pa

di
4-/

- +
 P

M
A

W
T 

+ 
PM

A
Pa

di
4-/

- +
 P

M
A

W
T 

+ 
PM

A
Pa

di
4-/

- +
 P

M
A

a

b

c

d



 
 

228 

 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure A.6: CellProfiler object-based segmentation and NET detection in mouse bone marrow-derived neutrophils. 
(a-d), Representative steps of the CellProfiler pipeline for segmenting cells, DNA, Annexin V and NETs, shown for WT  

and padi4-/- cells treated with 100 nM of PMA at 12 hours. Scale bar = 30 µm. a, Ilastik-generated probability maps and 

corresponding CellProfiler segmentations overlaid on phase contrast images. b, Raw green fluorescence images (DNA) 

image, DNA object identification by CellProfiler and mapping to parent cells. c, Raw red fluorescence images (Annexin V), 

CellProfiler-identified Annexin V-positive regions, and their association with parent cells. d, NET segmentation from 

masking of DNA areas outside of segmented cells in CellProfiler and mapping to parent cells, with resulting composite 

overlays showing segmented cells (blue), DNA (green) and Annexin V (red) with NETs outlined in red.  
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Figure A.7: Top 10 classification features for mouse bone marrow-derived neutrophil sorting.  
Boxplots showing the distribution of each feature across classified cell types (n = 4 experiments, N = 2,183 cells). Mann-

Whitney test and Bonferroni correction performed *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001. 
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Figure A.8: Line plots of the percentage of negative and dead cells over time in bone marrow-derived 
neutrophil experiments.  
Median proportions with 95% confidence interval are shown for WT and Padi4-/- neutrophils with or without PMA 

stimulation. 
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Appendix B: Senescence-associated gene sets for GSEA 
Table B.1: Curated senescence-associated gene sets used for GSEA on NET treated ECs 
Senescence-associated gene sets were curated based on established literature and used for GSEA of endothelial 

transcriptomic data. Listed genes represent core components of each biological theme, with references indicating the 

primary sources supporting gene set composition. 

Gene set Biological 
theme 

Genes Key references  

Cell cycle regulators 

Cell cycle 
arrest and 

proliferative 
suppression 

CCND1, CCND2, CCNE1, 
CCNE2, CDK2, CDK4, 
CDK6, E2F1, E2F2, RB1, 
CDKN1A, CDKN2A 

(420,422,423) 

DDR/Checkpoint 

Persistent 
DNA damage 
response and 
checkpoint 
activation 

ATM, ATR, CHEK1, CHEK2, 
TP53, MDM2, H2AFX, 
RAD51, RAD50, MRE11, 
NBN, BRCA1, BRCA2, 
FANCD2, FANCI, XRCC5, 
XRCC6, GADD45A, 
GADD45B, CDKN1A, 
CDC25A, CDC25C, SESN1 

 
(424–426) 

SASP 

Senescence-
associated 
secretory 

phenotype 
(inflammatory 
and paracrine 

signaling) 

IL1A, IL1B, IL6, CXCL8, 
CXCL1, CXCL2, CXCL3, 
CXCL10, CCL2, CCL5, CSF2, 
TNF, TGFB1, VEGFA, 
ICAM1, VCAM1, SELE, 
MMP1, MMP3, MMP9, 
SERPINE1, IGFBP3, IGFBP7, 
PLAUR, PTGS2, FOS, JUN, 
STAT3, NFKB1, RELA, 
CEBPB, CEBPD, SOD2, 
NOX4, TGFB2, TGFB3, 
EDN1, ANGPT2 

 
(363,366,407) 

Endothelial/chromatin 
remodeling 

Endothelial 
senescence 
identity and 
chromatin 
remodeling 

HMGA1, HMGA2, EZH2, 
SUZ12, EED, BMI1, CBX7, 
CBX8, SUV39H1, SETDB1, 
KDM6B, KDM5A, KDM5B, 
DNMT1, DNMT3A, 
DNMT3B, HIST1H1C, 
HIST1H1D, HIST1H2AC, 
HIST1H2BD, HIST1H3A, 
HIST1H4A, LBR, LMNA, 
LMNB1, LMNB2, SP100, 
PML, ATRX, DAXX, FOXO1, 
KLF2, KLF4, NOS3, VCAM1, 
ICAM1, SELE, TGFB1, 
THBS1, ANGPT2 

 
(417,427,428) 


