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ABSTRACT

Lung cancer is the leading cause of cancer death globally, with non-small cell lung cancer (NSCLC)
accounting for most cases. This remains driven by its heterogeneity and metastatic potential. In this
research, the primary objective is to understand the differential expression of metastasis-associated
markers and differences in therapeutic potential, both of which are key to treatment outcomes. In this
study, cell scoring was applied to a dataset of 20 treatment-naive NSCLC patients, which consisted of
14 adenocarcinoma (ADC) patients, 3 squamous cell carcinoma (SCC) patients, 1 combined small cell
lung cancer (C-SCLC) patient, 1 patient with mixed adenocarcinoma and neuroendocrine carcinoma
(MANEC), and 1 pulmonary chondroid hamartoma patient undergoing surgical resections. This raw
dataset contained 9,001 cells and 24,873 genes. A narrative, literature-supported exploratory study
was conducted in which genes expressed in fewer than 3 cells and cells with fewer than 100 genes
were filtered out, resulting in 8,979 cells and 22,596 genes (Supplementary Figure S1). This allowed the
researcher to determine the relative proportions of immune and cancerous cells among the 8,979 cells
in total (Supplementary Figure S1). It enabled the researcher to assess the overall immune response in
patients diagnosed with NSCLC. Next, immune cells were filtered out to focus on cancerous epithelial
cells, resulting in a total of 3,324 cells. From these epithelial cells, known expression markers associated
with NSCLC subtyping, multidrug resistance, apoptosis resistance, and altered cancer metabolism
(GSE119911) were identified. In this analysis, the researcher demonstrated that the samples encompass
diverse immune cell populations that play a crucial role in shaping cancer heterogeneity. Concepts
of anti-apoptosis, multi-drug resistance, and metastatic potential are also explored using marker genes.
Cellular subtypes and clusters defined by the selected markers, which may otherwise be missed, were
characterized by the researcher using single-cell RNA sequencing. The observed results demonstrated
the utility of this method for uncovering cellular diversity, which could be used for cancer outcome
prediction and treatment decision-making.
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NSCLC, or lung adenocarcinoma, is the most common
form of lung cancer worldwide, accounting for 80-85
percent of all cases (1). There are three main subtypes
of lung adenocarcinoma: ADC (40% of lung cancers),
SCC (25-30% of lung cancers), and large cell carcinoma
(10% of lung cancers). If metastasis occurs, most of them
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die after the 18th month of diagnosis. Another type of
lung cancer is small-cell lung cancer, which occurs in
a smaller proportion of the population. NSCLC occurs
when abnormal cells form and multiply in the lungs.
These cells are usually larger and grow more slowly
than those in small-cell lung cancer. During metastasis,
NSCLC can spread to other parts of the body, such as
the adrenal glands, bones, brain, liver, lymph nodes, and
skin. Specifically, in the advanced stage of this disease,
more than 70% of the patients experience metastatic
spread. Treatments can vary depending on the patients’
conditions. For instance, if the cancer cells are confined
to the lung, surgery might be the first-line treatment, in
which a healthcare provider removes the tumor and the
surrounding cells. Other forms of treatment that are used
include chemotherapy (the use of drugs to attack lung
cancer), immunotherapy (the use of certain drugs to
boost the immune system so that it can recognize/destroy
cancer cells), targeted therapy (the use of drugs to attack
specific types of lung cancer), and radiation therapy
(the use of X-rays to kill cancer by aiming them at lung
cancer wherever it is on the body).

NSCLC usually arises from mutations in DNA that
encode genes responsible for cell-cycle regulation. These
mutations usually occur at cell division checkpoints,
mechanisms that ensure cells divide in a controlled
manner (2). The three main cell cycle checkpoints are the
G1/S checkpoint, the G2/M checkpoint, and the spindle
checkpoint.

In the GI1/S checkpoint, regulation of the cell
cycle occurs through the hypophosphorylation /
phosphorylation of the tumor-suppressing retinoblastoma
protein (Rb) along with its interaction with the E2 factor
(E2F) family of transcription factors (2). When any of
these processes involve gene deletion, overexpression,
or point mutations, they can affect the balance between
phosphorylation and hypophosphorylation of the
Rb protein, which in turn can lead to increased cell
proliferation. At the G2/M checkpoint, the transition
into mitosis often depends on the accumulation of a key
protein called Cyclin B. The G2/M checkpoint is often
responsible for checking problems in DNA replication
or damage. In situations of DNA damage/stress, a
regulatory factor such as protein 53 (p53) will enforce a
G2 arrest until the damage is repaired.

Cancerous cells, despite abnormalities within their
DNA damage and replication machinery, continue
to divide, leading to further mutations and genomic
instability. In the spindle checkpoint, a quality-control
mechanism ensures that chromosomes are correctly
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distributed and specifically attached to the mitotic
spindle. This should result in cells receiving equal
numbers of chromosomes and prevent any chromosome
missegregation/misalignment. A common feature of
cancer cells, therefore, is a faulty chromosome number
and partitioning, which can lead to aneuploidy. Therefore,
due to the loss of control of cell division, many cells will
divide rapidly, leading to cancer heterogeneity.

Cancer  heterogeneity can be interpatient,
intratumoral, and intertumoral (3). Intratumoral
heterogeneity refers to genetic and phenotypic diversity
within a single tumor and is of great importance for
treatment resistance, disease trajectory, metastasis
potential, and disease recurrence. Subpopulations of
tumors may differ from one another in cell morphology,
genetic makeup, metabolism, and proliferation rate,
among other characteristics. In this case, genetic
mutations can drive cancer cell heterogeneity by
accumulating over cell division cycles. Cells within
a cancer can also undergo even further changes, such
as environmental selection and pressure. For example,
tumor cells can interact with either immune cells, the
extracellular matrix, or other cells. This can further lead
to the differentiation of cell subpopulations within a
tumor. This ultimately increases genetic diversity in the
population, allowing the tumor to resist drugs or other
treatments. The resistant population can thus continue
to divide and grow rapidly over time. This heterogeneity
present in cancer can often have big implications in
clinical decision-making. Some clinical decisions often
use single-core biopsy samples, which are taken from
cells, tissues, or bodily fluids, to diagnose advanced
cancer. This can lead to several problems because the
various tumoral subpopulations are often not detected
in the process. It is often hard to tell how the tumor
subpopulation will diversify and expand throughout
time. Often, a combinatorial approach can be helpful in
addressing this by integrating various drugs with multi-
omics to target multiple pathways and eliminate the
cancer cell population as much as possible. Multi-omics
can be used to analyze tumor samples, characterizing
differences between cells within the same tumor
(intramolecular heterogeneity) or molecular variation
across different tumor samples (intermolecular
heterogeneity). It can also be used to identify the growth
and evolution of tumor subpopulations over time.

Furthermore, cancer cells can accumulate mutations
that enable their migration to various organs and tissues,
further from the original cancer site—a process called
metastasis. Metastatic potential refers to the capacity of
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a tumor, often malignant, to spread from the primary site
to other parts of the body through the bloodstream or
lymphatic system (4).

In this study, the researcher analyzed a single-cell RNA
sequencing dataset from patients with NSCLC across
stages I-IV and sought to characterize cell heterogeneity
using three main factors: metastatic potential, multidrug
resistance (MDR), and apoptosis evasion markers.
Through a literature review, the researcher identified
specific markers associated with each of the factors
above. Hence, this work presents an exploratory study of
a publicly available dataset, combined with an extensive
review of differentially expressed genes identified in cell
subpopulations, characterizing alternative trajectories
observed in heterogeneous NSCLC.

METHODS AND MATERIALS

The dataset used originated from a single-cell RNA
sequencing study of 20 treatment-naive NSCLC patients,
available on the publicly available Gene Expression
Omnibus (GEO) platform under accession GSE119911
(5). The samples originated from a diverse population
of NSCLC patients: 14 ADC patients, 3 SCC patients, 1
C-SCLC patient, 1 patient with MANEC, and 1 patient
with pulmonary chondroid hamartoma undergoing
surgical resection.

The raw dataset, comprising 9,001 cells and 24,873
genes, was analyzed using the scanpy package. Genes
expressed in fewer than 3 cells and cells with less than
100 genes were filtered, resulting in 8,979 cells and
22,596 genes (Supplementary Figure SlI). The dataset
was then normalized and log-transformed to remove
technical noise and stabilize the data structure, so that
downstream analyses reflect true biological differences
between cells rather than artifacts of sequencing depth.
The top 2,000 most variable genes were selected for
downstream analysis (Supplementary Figure S2).

Following the initial filtering, a principal
component analysis (PCA) was applied to further
reduce the dataset’s dimensionality, and the top 50
principal components were used for a cell-nearest-
neighbors search with the default 15 neighbors and
Euclidean distance. Using this graph, the researcher
carried out Leiden clustering to identify discrete
subgroups for manual cell annotation. The clustering
quality was assessed across different granularity
settings, and a resolution of 0.1 was selected for its
good visual balance between cluster separation and
granularity (Supplementary Figure S3). Quality control
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measurements were also re-assessed to ensure that the
detected data-structure results reflect genuine biological
signals (Supplementary Figure S3). Automated cell
annotation was carried out using the Immune All
Low model from the celltypist package (6). The model
allows the researcher to distinguish between cancerous
cells and their immune microenvironment in detail. To
better characterize the properties of the tumor cells,
cells annotated as epithelial were selected for further
analysis, and the neighborhood search and Leiden
clustering were repeated. Manual cell annotations were
performed by calculating the Mann-Whitney U-test
for differentially expressed genes within each cluster
versus all others.

Metastasis is a major challenge in NSCLC mortality.
Therefore, cells were further scored for their metastatic
potential using five markers, which have been described
as strong predictors - phosphoinositide-3-kinase
regulatory subunit 1 (PIK3RI), Family Tyrosine Kinase
(FYN), Thrombospondin-1 (THBSI), Spectrin Alpha,
Non-Erythrocytic 1 (SPTANI), Secreted Phosphoprotein
1 (SPPI) (7). The PIK3RI gene encodes 5 protein
domains. In cancerous cells, including those in NSCLC,
mutations have been detected across all 5 protein
domains. Deletion mutations are common in the PIK3R]
gene, thereby promoting tumor development through
uncontrolled activation of the PI3K signaling pathway
(8). The uncontrolled activation of the PI3K signaling
pathway can trigger Epithelial-mesenchymal transition
(EMT), which causes cancer cells to acquire migratory
features and detach, spreading across various tissues/
organs throughout the body. The FYN gene is part of
the Src family protein kinases (SFKs) and is located
on chromosome 6 (9). This gene can significantly
contribute toward NSCLC through cell proliferation and
inhibition of apoptosis (10). It promotes cell proliferation
by targeting microRNA-125a-3p, which induces cell
capture, thereby inhibiting cell proliferation (11). It
promotes inhibition of apoptosis by blocking ERK1/2,
reducing caspase activation, and interfering with
pathways such as the Akt/mTOR/S6K axis, ultimately
leading to cell survival. FYN increases the expression of
EMT transcription factors and decreases the expression
of epithelial cells (9). This can cause cancerous cells to
spread throughout the body by traversing the circulatory
and lymphatic systems of the body. The THBSI gene was
found to be lowly expressed in NSCLC (12). It is located
on chromosome 15 in humans. Low expression of this
gene can inhibit tumor suppression and cell migration,
ultimately leading to a poor prognosis (12). Inhibition
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of the THBSI gene can promote metastasis in NSCLC
by suppressing immune responses, including T cells,
altering the tumor microenvironment to favor cancer
cells, and inhibiting angiogenesis (13). The SPTANI
gene, located on chromosome 9, plays an important role
in maintaining the stability of the plasma membrane/
organelles, thereby ensuring polarity and cell stability
(14). It also plays minor roles in DNA repair, cell
adhesion, and cell cycle control (14). Overexpression or
underexpression of this gene can disrupt the functions
listed above and increase the risk of cancer development.
SPTANI was found to be expressed at lower levels in
lung cancer due to suppression by microRNA-128-3p,
which affects its ability to repair DNA. Therefore, this
has implications for mutations in the genes that can
ultimately lead to cancer progression (15). In addition,
low expression levels of the SPTANI gene can weaken
cell-to-cell adhesion, which in turn can allow tumor
cells to detach and spread throughout the body through
the cardiovascular and lymphatic systems (16). The
SPPI (secreted phosphoprotein 1) gene, located on
the 4th chromosome, is a multifunctional secreted
phosphorylated glycoprotein (17). Increased SPP1
expression has been associated with poor prognosis
in various cancers, including NSCLC (17). SPPI
contributed to anti-cancer drug resistance in NSCLC
(17). The SPPI gene can bind to cell-surface receptors
such as CD44 and integrins, thereby boosting cell
motility, which in turn can increase invasion. The score
was overlaid on the (Uniform Manifold Approximation
and Projection) UMAP plot to distinguish clusters with
high potential for establishing metastasis.

Furthermore, NSCLC has been shown to have a high
potential to develop resistance to multiple therapies (18).
This is known as multi-drug resistance (MDR). Two
markers largely responsible for MDR in NSCLC: ATP-
Binding Cassette Subfamily B Member 1 (4BCBI) and
ATP-Binding Cassette Subfamily B Member 2 (4BCG2)
were identified. ABCBI marker refers to the gene
(MDR 1) and its protein product, P-glycoprotein (P-gp).
Overexpression of these genes due to genetic mutation
has been identified in a wide range of multidrug-resistant
cancers. ABCG?2 is a significant marker for stem cells and
cancer stem cells and is a crucial efflux pump. It seems
to have a particularly significant impact on the survival
of patients with lung cancer and on immunotherapy
response, particularly regarding immune cell infiltration.
Both of these markers have been identified widely in
multidrug-resistant cancer but have had a significant
impact on survival. The percentage of cancerous cells
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expressing one or both of those markers was identified.
Cell clusters with higher or lower proportions of MDR
markers were also identified.

NSCLC has also been shown to have a high potential
to evade apoptosis. The researcher therefore investigated
the expression of the apoptosis evasion markers B-cell
lymphoma 2 (BCL2), Survivin (BIRC5), and Myeloid Cell
Leukemia (MCLI) (19). The BCL2 and MCLI proteins
bind to and neutralize pro-apoptotic proteins such as
BCL-2-associated X protein (BAX), BCL-2 homologous
antagonist/killer (BAK), BCL-2-like protein 11 (BIM),
and p53 upregulated modulator of apoptosis (PUMA),
which block the activation of executioner caspases,
thus keeping the cell alive (20). Furthermore, Survivin
promotes tumor growth and cell division. It does this by
interfering with caspase-9, thereby preventing entry into
the intrinsic pathway of apoptosis by binding to Smac/
DIABLO. MCLI has also been implicated in resistance
to chemotherapeutic agents, pointing to the multiple
functions of these proteins in cancer pathways (21).

RESULTS

Histologic subtype cancer cells of NSCLC -
adenocarcinoma, squamous cell carcinoma,
neuroendocrine carcinoma

There are three main subtypes of NSCLC: ADC,
SCC, and neuroendocrine carcinoma (NEC). As shown
in the heat maps in Figure 1, the researcher clearly
identified ADC as the most common NSCLC subtype,
with 61.4% of epithelial cells expressing the three
markers: Napsin A Aspartic Peptidase (NAPSA), Keratin
7 (KRT7), and NK2 Homeobox 1 (NKX2-I) (Figure
1A and Supplementary Figure S4). The second most
common subtype of NSCLC was SCC, with 24.7% of
the epithelial cells expressing the three markers: Tumor
Protein P63 (TP63), Keratin 5 (KRT5), and Keratin 6A
(KRT6A) (Figure 1B and Supplementary Figure S4).
The least common subtype of NSCLC was NEC, with
13.1% of the epithelial cells expressing the three markers:
Synaptophysin (SYP), Neural Cell Adhesion Molecule 1
(NCAM]), and Chromogranin B (CHGB) (Figure 1C and
Supplementary Figure S4). The researcher next sought to
explore the distribution of these markers across clusters
(Figure 1). All clusters showed high expression of the
ADC markers, with only clusters 0, 3, and 8 showing
lower expression. Markers of SCC were more clearly
defined across clusters, with cluster 12 showing high
KRT6A expression. Similarly, clusters 4 and 8 were
strongly defined by CHGB expression.
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Figure 1. A) Percentage of cells that express the three markers commonly found in ADC based on each cluster. B) Percentage
of cells that express the three markers commonly found in SCC based on each cluster. C) Percentage of cells that express the
three markers commonly found in NEC based on each cluster.
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Cell type annotations

Cell heterogeneity largely wunderlies cancer
heterogeneity, which can be described as differences
among cancer cells within a tumor (intratumoral
heterogeneity) or between tumors from different
patients (intertumoral heterogeneity). In this analysis,
the researcher used marker genes to annotate cell
types within the NSCLC samples. The researcher
identified the immune composition inside these cancers
(Figure 2). The presence of the varying immune cells
defines immune responses, further shaping cancer cell
heterogeneity (Figure 2). The identified immune cells
can be divided into two categories: innate immunity and
adaptive immunity. The innate immune cells represented
in Figure 2 include CDI16+ natural killer (NK) cells,
alveolar macrophages, macrophages, DCs, mast cells,
and non-classical monocytes. The adaptive immune cells
shown in Figure 2 include the following: double-positive
thymocytes, mast cells, plasma cells, regulatory T cells,
rcm/naive helper T cells, tem/trm cytotoxic T cells, and
pDC cells. The non-immune cells include epithelial cells
and plasma cells.

Epithelial and Immune cells

Ei ® Alveolar macrophages
® CD16+ NKcells
é
E Y » @ DC
. o @ Double-positive thymocytes
v B e ® Epithelial cells
> A " @ Fibroblasts
W, ? ©® Macrophages

Mast cells

Non-classical monocytes
Plasma cells

Regulatory T cells
Tcm/Naive helper T cells
Tem/Trm cytotoxic T cells
pDC

2
®
L

Figure 2. UMAP of cell types, including cancer-associated

fibroblasts and immune cells, based on annotation using
cell markers from CellTypist.

When cancer cells emerge, the innate immune system
is usually the first to be activated, as it can respond
to a broad range of mutated cells. It is the first line of
defense. In many cases, a more specific adaptive immune
system is required, with mechanisms developed to target
specific cancer antigens. Once exposed to these antigens,
immune cells in the adaptive immune system develop
immunological memory, so a secondary exposure is
likely to elicit a faster response. The innate cells and
their respective functions are explained in the following
examples (22). Macrophages’ function is associated with
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cancer cell clearance through phagocytosis, as they
engulf particles and transport them to the extracellular
matrix, where lysozymes break them down. Regulatory
T cells are a component of the adaptive immune system
and do not directly attack cancerous cells; instead, they
direct other immune cells, such as cytotoxic T cells,
against them. NK cells are a type of white blood cell,
specifically lymphocytes. They can directly destroy these
cancerous cells and also communicate with other immune
cells by releasing cytokines to fight them off. DC cells
act as antigen-presenting cells by capturing cancer cells,
processing their antigens, and presenting these antigens
to T cells to activate adaptive immune responses. Mast
cells release chemicals like histamine, which can dilate
blood vessels, bringing in other immune cells to directly
target cancer cells. Non-classical monocytes are the first
line of defense because they are often anti-inflammatory,
thereby maintaining vascular homeostasis. They
recognize the cancerous cells and recruit other immune
cells to target them.

The adaptive cells and their respective functions
are explained in the following examples. Double-
positive thymocytes are immature T cells that express
both CD4 and CDS8. Once they undergo positive or
negative selection, they can mature into either CD4 or
CDS8 receptors. Plasma cells are B lymphocytes that
secrete antibodies (23). They are mainly responsible
for humoral immunity. These B-lymphocytes, once
exposed to a particular cancer antigen, can develop
immunological memory and respond to that antigen
much faster upon secondary exposure. Regulatory T
cells are a component of the adaptive immune system
and do not directly attack cancerous cells; instead, they
direct other immune cells, such as cytotoxic T cells and
B cells, to them. Regulatory T cells ensure that various
immune cells do not directly attack self-antigens; only
antigens from cancerous cells are targeted. Naive helper
T cells are CD4 receptor-expressing cells that developed
in the thymus but have not yet encountered a specific
antigen. Once they encounter a specific antigen, they
differentiate into effector cells, which, in turn, can
coordinate various immune responses. Tem/trm cytotoxic
T cells are long-lived immune cells that provide varying
levels of protection against pathogens and tumors. TEM
cells (effector memory) circulate throughout the blood
and tissues, providing fast and rapid action. TRM cells
(tissue-resident memory T cells) reside in specific tissues
and provide a rapid, localized immune response. pDC
cells fight cancer by activating other immune cells, such
as T and NK cells. Because distinct immune cells target
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different cancer cells, this directly reflects a complex  types, indicating it is the bin cluster identified by the
heterogeneous cellular environment in which some  unsupervised Leiden algorithm.

cancer cells are often eliminated. In contrast, others As shown in Figure 3B, the metabolic plasticity
become resistant and can divide and multiply. of NSCLC is a primary driver of its resilience to

physiological stress and therapeutic intervention, as
Cell clustering and differential expression analysis evidenced by Clusters 4, 5, and 7. Cluster 7 functions

Following the identification of immune cells and  as a bioenergetic powerhouse, characterized by the
cancer cells annotated as epithelial cells, the immune overexpression of Cytochrome c¢ Oxidase Subunit 6C
cells were filtered out to further focus the analysis on ~ (COX6C), which catalyzes the terminal step of the
the properties of the 3,324 cancerous cells. Unsupervised  electron transport chain, thereby maximizing ATP
clustering at a Leiden resolution of 0.10 was performed, production via oxidative phosphorylation (24). This
yielding 15 clusters (Figure 3A). Using differential metabolic efficiency is complemented by Lysosomal
expression analysis, the researcher identified markers  Associated Protein Transmembrane 4 Beta (LAPTM4B),
that define these clusters, summarised in Figure 3B. a lysosomal protein that activates the Nuclear Factor
All clusters, except cluster 0, were clearly defined  Erythroid 2-Related Factor 2 (NRF2) signaling pathway
by their marker genes. Cluster 0 showed a mix of cell to bolster antioxidant defenses and inhibit apoptosis.
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Figure 3. Unsupervised clustering and differential expression analysis of the NSCLC samples. A) Leiden clustering identified
15 distinct clusters at a resolution of 0.1. B) The top cluster-specific differentially expressed genes.
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Similarly, Cluster 5 maintains essential metabolic flux
via Nicotinate Phosphoribosyltransferase (NAPRT),
which preserves NAD+ levels required for the
activity of survival-linked enzymes such as ADP-
ribose transferases (25). This theme extends to hypoxia
adaptation in Cluster 4, where Osteosarcoma Amplified
9 (089) facilitates survival in oxygen-depleted
environments by binding and degrading HIF-1 subunits.
Furthermore, Cluster 4 highlights a critical bridge
between metabolism and chemoresistance: the expression
of Transglutaminase 2 (7TGM2) is a determinant of
cisplatin sensitivity, with non-methylated, overexpressed
states correlating with significant drug resistance (26).
Collectively, these clusters define a phenotype capable
of navigating the harsh metabolic demands of the tumor
microenvironment.

The transition from localized malignancy to systemic
metastasis is orchestrated through the structural and
phenotypic shifts identified in Clusters 3, 12, and 14.
Cluster 14 is prominently defined by Metallopeptidase 13
(MMPI3) and Troponin T (TNNTI); the former remodels
the extracellular matrix (ECM) to facilitate bone marrow
microinvolvement, while the latter overactivates the Wnt/
B-catenin pathway to drive the EMT (27). This structural
interference is mirrored in Cluster 12, where Cathepsin
B (CTSB) protease activity degrades collagen and
elastin, providing a physical pathway for invasion (28).
At the same time, S100 Calcium Binding Protein A8
(S10048) enhances metastatic potential through calcium-
mediated signaling (29). Cluster 3 further augments this
invasive phenotype via Ribosomal Protein L19 (RPL19)
overexpression, which triggers the erbB-2 signaling
pathway, a known facilitator of aggressive metastatic
spread (30). By integrating internal signaling shifts
with active ECM degradation, these clusters collectively
transform the tumor’s physical architecture, thereby
supporting systemic dissemination and poor clinical
outcomes.

Underlying the rapid expansion of NSCLC is a
comprehensive loss of regulatory checkpoints, as
demonstrated in Clusters 2, 8, 10, and 12. Cluster 8
exploits non-canonical Notch signaling via Delta-
Like Non-Canonical Notch Ligand (DLKI), which
serves as both a predictor of recurrence and a
target for radioimmunotherapy, alongside Gastrin-
Releasing Peptide (GRP), which bypasses apoptotic
triggers to maintain proliferation (31). In Cluster 10,
the co-amplification of Epidermal Growth Factor
Receptor (EGFR) with Coiled-coil-Helix-Coiled-Coil-
Helix Domain Containing 2 (CHCHD?2) results in
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hyperactive growth signaling, further accelerated by
Phosphohistidine Phosphatase 1 (PHPTI) activity (32).
The collapse of tumor suppression is most pronounced
in Cluster 12, where the downregulation of Interferon
Gamma Inducible Protein 16 (/FI16) suppresses p53,
effectively bypassing G2-stage cell-cycle arrest (33). This
loss of homeostatic control is complemented by findings
in Cluster 2, in which the downregulation of the alveolar
marker Surfactant Protein C (SFTPC) removes a natural
brake on the Wnt/B-catenin pathway (34). Together, these
clusters illustrate how the hijacking of developmental
pathways and the silencing of tumor suppressors create
an environment of unchecked cellular growth.

The clinical trajectory of NSCLC is deeply influenced
by the establishment of an immunosuppressive niche,
as seen in Clusters 1, 9, 11, and 13. Cluster 9 facilitates
this through the secretion of Colony Stimulating Factor 3
(CSF3) (G-CSF) and C-X-C Motif Chemokine Ligand 2
(CXCL2), which recruit neutrophils and white blood cells
to cultivate a pro-inflammatory yet immunosuppressive
milieu via ERK/MAPK and PI3K/AKT signaling (35).
While Cluster 1 retains some defensive capacity through
CALMLS5 and its co-localization with cytotoxic
immune activity, this is often overwhelmed by the
pro-metastatic influence of S100 Calcium Binding
Protein A4 (S10044). Strategic evasion is further refined
in Clusters 7 and 11, where markers such as HERV-H
LTR-Associating Protein 2 (HHLA2) and Calcitonin-
Related Polypeptide Alpha (CALCA) create an immune
shield, preventing T-cell infiltration and neutralizing
natural killer (NK) cell responses by inhibiting TNF-a
production. However, Cluster 13 presents a potential
therapeutic window: the expression of Proteasome 20S
Subunit Beta 9 (PSMBY) is essential for MHC Class |
antigen presentation, making it a crucial biomarker to
guide T cell-based immunotherapy and overcome the
immune siloing characteristic of these clusters (36).

In conclusion, this unsupervised cell annotation
of NSCLC reveals a highly heterogeneous landscape
characterized by metabolic adaptation and immune
subversion. A prominent trend across clusters is the
hijacking of developmental pathways, such as Wnt/p-
catenin and Notch, which transition from normal
pulmonary maintenance to driving EMT and systemic
metastasis. Furthermore, the data highlight a clear shift
toward an immunosuppressive microenvironment, in
which markers such as HHLA2, Secretory Leukocyte
Protease Inhibitor (SLPI), and CALCA shield malignant
cells from cytotoxic activity. These findings demonstrate
the need to move beyond broad treatments toward
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personalized strategies that simultaneously target
metabolic vulnerabilities, such as NAD+ biosynthesis,
and restore immune visibility through biomarkers like
Proteasome 20S Subunit Beta 9 (PSMBY).

Supervised annotation of clusters with metastatic
potential

Metastasis occurs when cancer cells spread from
the original site to other areas of the body by traveling
through the lymphatic or circulatory systems (1). While
a majority of these cancer cells end up dying as they
traverse through the vessels, some can make their way
through. Once they arrive at the new site, they continue
to grow and divide in favorable microenvironments, thus
producing a metastatic tumor. These metastatic tumors
can also be referred to as malignant (1). For NSCLC,
cancerous cells often form a primary site in the lung
tissue. Cancer cells can then spread toward metastatic
secondary sites, which could include the adrenal gland,
bone, brain, and liver (37). Using metastatic markers
PIK3RI1, FYN, THBSI, SPTANI, and SPPI, the researcher
calculated a metastasis score and overlaid it on the
UMAP of cells in Figure 4. Clusters 4, 0, and 10 showed
the highest metastatic score, suggesting that cells in these
clusters are evolving toward a high potential to establish
metastasis in secondary sites. Meanwhile, clusters with
the lowest metastatic potential included clusters 6 and 9.
This meant that the cancer cells were less likely to grow
and spread to other parts of the body.

Metastasis Score

UMAP2

¢

-3
UMAP1

Figure 4. UMAP of metastasis scores overlaid on the
3,324 cancerous cells.
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Clusters with multi-drug resistance potential

Next, a detailed literature review was conducted
to identify previously characterized MDR markers,
including ABCBI and ABCG2. The ABCBI marker
refers to the gene (MDR 1) and its protein product,
P-glycoprotein (P-gp). Overexpression of these genes due
to genetic mutation has been identified in a wide range
of multidrug-resistant cancers. Furthermore, ABCG?2 is a
crucial efflux pump and a significant marker of stem cells
and cancer stem cells. It has a particularly significant
impact on the survival of patients with lung cancer and
on the effect of immunotherapy related to immune cell
infiltration. Using the dimensionality-reduced data from
Figure 5B for visual reference, along with the bar chart
and heatmap from Figure 5A, the researcher found that,
of the 3,324 cancerous cells, approximately 35 highly
expressed the ABCBI marker (1.05% of all cancer cells).
In comparison, 173 cells highly expressed the ABCG2
marker (5.20% of total cancer cells). In addition, 3 cells
contained both markers (0.09% of total cancer cells).
When analyzed by cluster in Figure 5A, clusters 7 and
13 were identified as having the highest proportions of
MDR+ cells, with cluster 7 containing around 17 percent
of MDR+ cells within its cancer population and cluster
13 containing around 12 percent of MDR+ cells within
its cancer population.

Clusters with apoptosis evasion potential

The researcher next sought to study markers
of apoptosis evasion in NSCLC. Markers of this
characteristic were identified from the 3,324 cancerous
cells and included BCL2, BIRCS5 (Survivin), and MCL].
Apoptosis is a crucial genetic mechanism to regulate
cell death. It is also responsible for maintaining
normal development and homeostasis in various
human cells. Overall, there are two major apoptotic
pathways: exogenous and endogenous (38). In an
exogenous pathway, the stimulus is activated outside
the cell, causing apoptosis, whereas in an endogenous
pathway, internal mechanisms within the cell activate
apoptosis. Evasion of either of these apoptosis
pathways can lead to the development of cancer cells,
a process called apoptosis evasion. The BCL2 protein
(B-cell lymphoma 2) contains both of the pro and anti-
apoptotic activities (38). The anti-apoptotic activities
of this BCL2 protein can allow cells to permanently
evade apoptosis, thereby enabling malignant clone
formation. Within the subfamily of anti-apoptotic
proteins, the members include BCL-2, BCL-XL,
MCL-1, BCL-W, and BFL-1 (38). This family of
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Figure 5. Investigation of the MDR-linked markers in NSCLC. A) MDR (+ or -) status distributed across 15 cell clusters given
through a visual representation and with a table. B) UMAP plot overlaid with each multi-drug resistance marker across the

clusters.

proteins generally blocks apoptosis by inhibiting
caspase activity and altering mitochondrial membrane
permeability. Survivin is the smallest inhibitor of the
apoptosis protein family. Yet it has a unique structural
identity. It is overexpressed in malignant tissue cells,
disrupts intracellular signaling during apoptosis, and
enables various cancer cells to adapt to unfavorable
conditions (38). MCLI1 is a protein that is part of
the larger subfamily of anti-apoptotic BCL2 family
members. They largely inhibit apoptosis by binding
and inactivating pro-apoptotic proteins such as BAK/
BAX and by regulating the mitochondrial pathway
of apoptosis (38). Like the survivin marker, this
marker is often overexpressed in various cancer cells.
Because of this overexpression, it can lead to tumor
progression, which ultimately leads to cancer cell
heterogeneity as more tumor cells divide and become
exposed to different subenvironments in the body. As

June 2026 Vol. 4 No. 3

American Journal of Student Research www.ajosr.org

shown in Figure 6A, the BCL2 marker was expressed
within 8.51 percent of the cancer cell population. The
BIRCS5 marker was detected in 36.91% of the cancer
cell population. The MCLI marker was detected in
90.76% of the cancer cell population. Cell clusters
such as 1 and 3 had a high apoptosis evasion score,
indicating rapid division and growth of tumor cells.
On the other hand, a low apoptosis evasion score was
observed for cell clusters such as 6 and 9, indicating
few cells expressing mechanisms that limit apoptosis.
The MCLI marker has the highest mean expression in
Clusters 7 and 14. The BIRC5 marker has the highest
mean expression in Clusters 8 and 3. The BCL2 marker
has the highest mean expression in Clusters 8 and 11
(Figure 6B). Overall, this shows that a high percentage
of the 3,324 cancerous cells express mechanisms that
limit apoptosis, allowing rapid division and growth of
tumor cells, which in turn could lead to heterogeneity.
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DISCUSSION

In this analysis, the researcher analyzed a sample
of NSCLC cases and identified cancer heterogeneity
associated with metastatic potential, multidrug resistance,
or evasion of apoptosis. The researcher identified distinct
clusters associated with overexpression of metastasis-
linked markers, suggesting that cell populations from
the primary NSCLC site could evolve to form metastases
at secondary sites. The studied markers PIK3RI, FYN,
THBSI, SPTANI, and SPPI have been described in
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multiple NSCLC studies. The PIK3RI gene has been
linked to poor survival in patients, primarily due to loss
of expression, which can induce carcinogenesis. Studies
have shown that it was the 11th most frequently mutated
gene among 4,429 tumors across 20 tumor types. An
increase in THBSI gene expression has been linked to
poor survival, with studies largely conducted in mice
indicating that it reduced survival from 160 days to
149 days. Thus, suggesting the role of the THBSI gene
in suppressing tumor growth. Studies have shown that
inhibiting the FYN gene increases survival rates in
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patients. Thus, innovative medicines have been developed
to target the protein kinase encoded by the gene. Higher
SPTANI gene expression has been linked to longer
patient survival. It has been currently used as an
important biomarker to refine therapeutic conditions
across various cancers. Finally, overexpression of the
SPPI gene has been associated with unfavorable survival,
and its expression is a reliable prognostic indicator in
NSCLC, thus making it a potential immunotherapy
target.

Generally, clusters with the highest metastatic
potential indicate that the various cancerous cells within
each cluster have a high capacity for primary tumor
cells to traverse the circulatory and lymphatic systems
and establish malignant tumor sites at secondary sites
throughout the body. Regarding multidrug resistance, the
researcher examined two markers (4BCBI and ABCG?2)
that significantly affected the survival of patients with
lung cancer, as well as the effects of various treatments
on cancerous lung cells. Overall, around 208 -cells
expressed one of the two markers: 173 ABCG2 and 35
ABCBI. Additionally, 3 cells expressed both markers.

The researcher was also able to identify cluster-
specific cells, which contained the highest proportion
of MDR markers; they were clusters 7 and 13. Finally,
regarding apoptosis evasion, the researcher examined
three markers (BCL2, IREB5 (Survivin), and MCLI).
The three markers can affect the intracellular process of
apoptosis (endogenous pathway) or inhibit the activity
of enzymes such as caspases. This will then allow
cancerous cells to continue dividing and multiplying
rapidly throughout the body without undergoing cell
death. Overall, the BCL2 marker was detected in 8.51
percent of cancerous cells, with the highest expression
in clusters 8 and 11. The Survivin marker was identified
throughout 36.91 percent of the cancer cell population,
with the highest expression in clusters 3 and 8. The
MCLI marker was detected in 90.76 percent of cancer
cells, with the highest expression in clusters 7 and 14.
MDR is the common reason why several types of
treatment have been very ineffective against it. This
means that standard treatments such as chemotherapy
might not be effective in patients who express one of the
markers listed above. Therefore, current methods have
served as alternative approaches to treatment, and they
are listed as follows: immunoprevention, microparticles,
and nanomedicine. Immunoprevention aims to prevent
cancer development and can effectively eradicate cancer
cells in the early stages. Immunoprevention strategies
include vaccines, immunostimulators, and antibodies.

June 2026 Vol. 4 No. 3

scRNA-Seq Reveals Metastatic Signatures in NSCLC

Microparticles involve the use of nanoparticles for
the targeted delivery of anticancer drugs to the body,
along with clustered regularly interspaced short
palindromic repeats (CRISPR)-associated technologies.
Nanomedicine can achieve high efficacy in treating
MDR cancer by enabling control of biodistribution,
efficient drug release within resistant cancer cells, and
effective delivery of anticancer drugs. The combinations
of treatments above are alternative approaches for
patients with MDR. Therefore, clinicians should use
a combinatorial approach to treatment, administering
these treatments simultaneously to overwhelm various
resistance pathways. Immunotherapy can also be a
great tool for clinicians, as it can significantly boost the
patient’s immune system to target cancer cells effectively.

When the factors are broadly generalized, the
researcher can explain intratumoral heterogeneity and its
significance for the prognosis and treatment of NSCLC.
The genotype and phenotype diversity among these
cancer cells can have a profound impact on treatment.
While some forms of treatment eliminate most cancerous
cells, this genetic diversity will ensure that a proportion
of the cancerous cell population remains resistant to
that particular treatment. Therefore, to target a large
proportion of these diverse cancer cells, combination
therapies are often the best-suited choice (39). The
purpose of these therapies is often to target multiple
pathways simultaneously while preventing the selection
of resistant populations.

One of the major limitations of the dataset included
the sample size and the cohort compositions. The dataset
included only tumor and adjacent normal tissues from 20
patients (5). While they analyzed over 9,000 cells from
these patients using single-cell RNA sequencing, the
findings cannot be generalized to the global population
because of the genetic and phenotypic diversity of cancer
cells across populations. While these 20 patients were
diagnosed at various stages of NSCLC, from I to 1V, the
researcher cannot tell whether each stage was represented
in equal proportions. Some of the stages mentioned above
might have experienced overrepresentation, and others
underrepresentation. This might limit the ability to draw
general conclusions regarding metastasis. For future
experimentation, the researcher would seek a dataset that
includes both ethnicity and cancer stage to limit potential
bias. The researcher wants to find an equal proportion
across all ethnicities, and, within each ethnicity, an equal
proportion of cancer stages (I to I'V). This would effectively
limit the sample size and cohort composition while also
providing a much larger sample size. This would allow the
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researcher to analyze ethnicity and its major implications
in cancer heterogeneity. Essentially, the researcher would
like to determine whether or not ethnicity is a factor
contributing to distinct cancer heterogeneities.

Another key limitation of the dataset might be in
its methodology. The researchers used the Single-Cell
Tagged Reverse Transcription (STRT-Seq) technique,
which enables profiling of the transcriptome (the
complete set of RNA molecules) of cells from different
cell types and tissues (5). RNA molecules often have 5’
and 3’ ends, which indicate the directionality of a specific
strand. The 5’ end often consists of a phosphate group
attached to the carbon molecule on the ribose sugar. In
contrast, the 3° end consists of a free hydroxyl group(-
OH) attached to the carbon molecule on the ribose sugar.
Various methods of single-cell sequencing read either
full-length from the 5’ to the 3’ end, the 5’ end only, or
the 3’ end only. Regarding transcription coverage, the
STRT-Seq technique does not capture the full length
of the RNA molecule; it only targets the 5° end of the
transcript (40). Thus, it is at a disadvantage relative to
other single-cell RNA techniques in terms of gene allele
expression, RNA editing identification, and detection of
lowly expressed genes/transcripts (40). This might limit
the ability to study transcription factors or rare signaling
molecules. To address this, the researcher can look for a
dataset that uses a multi-omic approach, such as single-
cell RNA sequencing or other omics, such as epigenetics.
This will significantly enhance efficiency by enabling
the integration of diverse data for cell mapping, allowing
detailed study of various genes and their transcription
factors, providing richer cell-type data, and improving
overall heterogeneity analysis (40).

CONCLUSION

In summary, the research question of metastatic
and therapeutic signatures in NSCLC was addressed
by exploring intratumoral heterogeneity. Through a
literature review, markers of MDR, apoptosis evasion,
and metastatic potential were identified and used to
characterize a publicly available scRNA-seq dataset
from patients at various stages of NSCLC. Clusters
of cells that overexpressed the metastasis-associated
markers PIK3RI, FYN, THBS1, SPTANI, and SPPI were
identified, suggesting a high likelihood of secondary site
establishment, which is associated with poor prognosis.
Similarly, MDR markers ABCBI and ABCG2 were
linked to distinct cell populations, suggesting that these
markers should be used to guide treatment decisions.
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Finally, the researcher performed unsupervised
clustering, identified differentially expressed markers,
and commented on other cellular trajectories that could
define treatment outcomes. This exploratory work is
a valuable overview of a publicly available dataset,
providing detailed insights into the identified altered
pathways and their roles in NSCLC.
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SUPPLEMENTARY MATERIALS
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Supplementary Figure 1. A QC Metric was created that passes a specific gene population and then calculates the proportion
of gene counts. The QC Metric can then be visualized as a violin Plot with the following variables: the number of genes in the
matrix, the total counts per cell, and the percentage of counts in mitochondrial genes.
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Supplementary Figure 2. To graph these results, the count depth was first used, then scaled with a loglp transformation for
normalization. Then, feature selection was used to identify the genes that are highly variable and most informative. In this
case, 2,000 of the genes were selected that represented the above qualities and characteristics. Notice how the dispersion of
genes in the normalized graph shows less variability compared to the dispersion of genes that were not normalized.
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Supplementary Figure 3. A reassessment of the filtering strategy, visualizing various QC metrics using UMAP. The
reassessment was performed after normalization, as demonstrated by a logarithmic transformation.
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Supplementary Figure 4. Representation of the three main subtypes of cancer cells across the 3,324 cancerous cells, a)
classification of subtypes based on subtype markers, and b) distribution based on each marker or mixtures of markers.
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