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Cells in tumors are rarely uniform, and this diversity plays a major role in how cancers grow and respond to treatment. In this
study, single-cell RNA sequencing data from breast cancer cell lines were analyzed, focusing on genes that distinguished one
cluster of cells from another. Some clusters contained thousands of marker genes, while others had only a few. Most clusters
shared less than 20-30% of their markers, and many top markers were unique to a single cluster. These findings indicate that the
dataset is highly heterogeneous, with each cluster representing a distinct cellular state. To place these clusters in a biological
and therapeutic context, marker genes were examined for enriched pathways against GO:BP, KEGG and Reactome and checked
against target tractability information (Target Development Levels) from the Pharos/TCRD database. This revealed clusters
characterized by enrichment of DNA repair and cell-cycle programs, epigenetic regulators (HDAC/BET/EZH2), metabolic and
stress-response pathways (e.g., HIF, glutathione), and immune-related signatures (including checkpoint modulation). Several
clusters contained genes already associated with approved or chemically tractable drugs. Overall, the results highlight the extent
of tumor heterogeneity and demonstrate how combining cluster-specific gene signatures with pathway analysis and drug-target
mapping can help identify potential strategies for more precise and tailored treatments.
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Introduction

The human body contains trillions of cells, all carrying the
same DNA. Yet somehow, each cell knows what to become
such as a neuron, a skin cell, or a muscle fiber, depending on
which genes it turns on or off. This selective gene expres-
sion is what gives cells their identity, and in many ways, their
behavior1. In cancer, this process becomes far more chaotic.
Tumors are not just clumps of identical cells; they are more
like ecosystems, made up of different cell types that behave
in very different ways. This variation, known as cancer het-
erogeneity, is one of the biggest reasons why diagnosing and
treating cancer remains so difficult2.

For years, researchers used bulk RNA sequencing to study
gene expression in tumors. Bulk RNA sequencing represented
a major step forward at the time letting us see which genes
were active in cancer tissue. However, the bulk approach aver-
ages signals from thousands, sometimes millions, of cells. As
a result, while we could see general trends, we lost sight of the
finer details. If there were rare but important cell types hidden
in the mix, they often went unnoticed3. Other approaches,
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like histopathology or imaging, give structural insights and
can sometimes hint at molecular differences, but they still lack
the resolution to track gene expression on a cell-by-cell basis.

Newer methods like spatial transcriptomics and multi-
omics have tried to bridge that gap, adding layers of context
to gene expression data. They have made progress particularly
in mapping where specific gene activity happens within tissues
but these approaches come with their own challenges. Reso-
lution is often limited, or the data becomes hard to interpret at
scale. They are valuable, but not yet complete answers4,5.

Single-cell RNA sequencing (scRNA-seq) addresses these
limitations by enabling high-resolution profiling of gene ex-
pression at the level of individual cells. It offers a far more
detailed view by looking at the gene expression of individ-
ual cells. This has already led to some exciting discoveries,
including the identification of transcriptionally distinct can-
cer cell states and rare subpopulations, and has been widely
used to study tumor-immune and tumor-stromal interactions
in primary tumor samples6,7. However, scRNA-seq datasets,
particularly those derived from cancer cell lines, can contain
technical contamination that introduces non-epithelial tran-
scriptional signals, which may bias downstream analyses if
not carefully considered. Interpretation of such data there-
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fore requires explicit attention to potential sources of contam-
ination, including ambient RNA, doublets, or sample cross-
contamination, rather than assuming the presence of true mi-
croenvironmental populations.

One thing that seems increasingly clear is that we need more
advanced analytical tools to make sense of this complexity.
That is where machine learning can really make a difference.
By handling high-dimensional, noisy data, it can spot subtle
patterns that traditional methods might miss especially when
it comes to identifying rare subpopulations or mapping out
functional states, not just surface markers8.

This study uses single-cell RNA sequencing combined with
unsupervised machine learning to explore heterogeneity in
breast cancer cells. The goal is to better understand how tu-
mor cells differ at the transcriptional level, identify cellular
subpopulations, and relate their gene expression patterns to
known and potential annotated targets. By combining high-
resolution single-cell data with advanced computational anal-
ysis, this work seeks to shed light on tumor diversity and to
consider how transcriptional heterogeneity may contribute to
more precise and personalized annotation-based insights.

Methods

Dataset Selection

The data used in this study were obtained from previously
published single-cell RNA sequencing (scRNA-seq) dataset
available in the Gene Expression Omnibus (GEO) database
(GSE173634)9. Specifically, the dataset includes transcrip-
tional profiles from 35,276 individual cells drawn from 32
well-characterized breast cancer cell lines, along with one
non-cancerous epithelial line (MCF12A). These cell lines rep-
resent key molecular subtypes of breast cancer including Lu-
minal A/B, HER2-enriched, Basal-like and were originally
profiled using Drop-seq. The original study that generated
this dataset aimed to build a single-cell atlas of transcriptional
states, which could be used to deconvolve bulk tumor biopsies
and predict drug response based on cell-level heterogeneity.
For the current analysis, this dataset was selected due to its
depth and diversity, making it an ideal resource for exploring
tumor heterogeneity at single-cell resolution.

This study was designed as a computational, observational
analysis using existing scRNA-seq data. The primary goal
was to investigate the transcriptional diversity present within
breast cancer cell lines using unsupervised machine learning
approaches. The study is cross-sectional in nature, capturing
a single snapshot of gene expression across tens of thousands
of cells. Since the emphasis was on the diversity of cellular
states within tumors rather than between patients, no selection
was made based on demographic or clinical metadata.

Data Preprocessing

The analysis was carried out in Python using Scanpy,
with support from additional libraries such as scikit-learn10

and umap-learn11. Standard preprocessing steps were ap-
plied, including filtering low-quality cells, normalizing counts
to account for differences in sequencing depth, and log-
transforming the data to stabilize variance. Before any fil-
tering or preprocessing, the dataset included approximately
35,276 cells and around 47,096 genes. Cells with fewer than
500 detected genes, more than 6,000 detected genes, more
than 50,000 total counts, or greater than 5% mitochondrial
gene expression were excluded, and genes expressed in fewer
than three cells were removed. After filtering, the dataset was
carefully evaluated using three standard measures: the num-
ber of genes detected per cell ngenes by counts, total transcript
counts (totalcounts), and the proportion of mitochondrial gene
expression (pctcounts mt) to make sure only reliable cells re-
mained. These thresholds were used to remove low-quality
cells and potential doublets characterized by unusually high
gene complexity or UMI counts. Following these steps, the
data were normalized to account for sequencing depth and
log-transformed to stabilize variance for downstream analysis.
After loading the quality-controlled dataset, an additional light
filtering step was applied to remove residual low-complexity
cells (cells with fewer than 200 detected genes) and genes
detected in fewer than three cells prior to normalization and
highly variable gene selection.

As an additional quality-control step, CellTypist12 was used
to assess whether the dataset contained transcriptional signa-
tures inconsistent with an epithelial cell identity. Most cells
were annotated as epithelial, as expected for breast cancer cell
lines, while a smaller fraction received immune or stromal
labels. Because the data were derived from established cell
lines, these non-epithelial annotations were not interpreted as
representing true tumor microenvironment populations. In-
stead, they were considered likely to arise from technical fac-
tors such as ambient RNA contamination, doublets, or sam-
ple cross-contamination. All cells were retained for down-
stream analyses, and non-epithelial labels were treated solely
as indicators of potential technical bias rather than biologically
meaningful cell states.

To enhance signal quality by increasing the signal-to-noise
ratio and prioritizing biologically informative variation, highly
variable genes (HVGs) were identified using the Seurat v3
method13, implemented within the Scanpy framework14. This
step retains genes whose expression changes strongly from
cell to cell and which are more likely to reflect real biologi-
cal variation. In contrast, the genes which show little variation
or are affected by technical noise are removed. By retaining
more informative genes and removing background noise, this
step makes it easier to find meaningful patterns in the data. Af-
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ter excluding low-quality cells and genes with minimal vari-
ability, 3,335 genes were retained for downstream analysis.

Dimensionality Reduction and Clustering

Principal Component Analysis (PCA)14 was used for initial
dimensionality reduction on the highly variable genes. A
scree plot was generated to help determine how many prin-
cipal components to retain. As the curve began to level off
around PC 20-25, selecting 30 components was considered a
reasonable and conservative choice, ensuring that meaning-
ful variance was captured without including excessive noise.
These components served as the input for constructing a k-
nearest neighbors (kNN) graph using 15 neighbors and Eu-
clidean distance. Clustering was performed using the Leiden
algorithm15 with a resolution parameter of 1.0, resulting in 36
transcriptionally distinct clusters. For visualization, Uniform
Manifold Approximation and Projection (UMAP) was com-
puted using Euclidean distance, a minimum distance of 0.5
and used to embed the data in two dimensions.

Clustering Robustness Assessment

To assess the robustness of clustering outcomes, both Eu-
clidean and Cosine distance metrics were used to compute
similarities between cells. Clustering results from both met-
rics were compared using the Adjusted Rand Index (ARI)16

and Normalized Mutual Information (NMI)17. The scores
ARI = 0.988 and NMI = 0.993 indicate strong agreement be-
tween the two approaches, suggesting that the clustering is
highly stable and not overly sensitive to the choice of distance
metric. Based on this evaluation, Euclidean distance was used
for all subsequent analyses, as it is commonly applied in PCA
space and is particularly well-suited when absolute differences
in gene expression carry biological meaning.

Marker Gene Identification

To interpret the identified clusters, marker genes were
detected using a rank-based t-test, implemented via
scanpy.tl.rank genes groups14. The t-test high-
lights genes that are significantly more expressed in one
cluster compared to others, offering insight into the biological
functions of different cell populations. We highlight that
this test might lead to inflations of significance, as it treats
cells as independent biological entities. However, the results
were found to be approximate to the Wilcoxon rank-sum
test. Visualizations such as UMAP plots, violin plots, and
HVG plots were used to validate and explore these findings.
While the Wilcoxon rank-sum test18 is common in single-cell
studies, the t-test was chosen because, after log-normalization
and variance scaling, the data more closely match its as-
sumptions. In this setting, the t-test makes differences in

average expression easier to interpret and runs faster on large
datasets. To check robustness, results were compared with
Wilcoxon-based rankings, and the main marker gene patterns
were consistent across both methods.

Gene Annotation and Marker Filtering

To make the data easier to interpret, Ensembl gene IDs were
converted into familiar gene symbols (like TP53) by query-
ing the BioMart database via the mygene Python package.
BioMart is a widely used biological database system that pro-
vides access to gene annotations and allows mapping between
different gene identifiers across genomic resources. Next, to
reduce false positives and focus on meaningful expression
changes, the marker gene list was filtered using two criteria:
an adjusted p-value below 0.05 and a log fold-change greater
than 0.2519. This step ensured that only genes with statisti-
cally significant and biologically relevant differences were re-
tained. These filtered marker genes were organized by cluster.

Functional Enrichment

To further characterize heterogeneity across clusters, several
downstream analyses were performed. First, the number of
unique marker genes per cluster was calculated to quantify
transcriptional distinctiveness, and Jaccard similarity indices
were computed to measure overlap in marker sets between
clusters. Heatmaps were generated to visualize marker pres-
ence and cluster similarity patterns. Functional enrichment
analysis was then used to better understand the biological roles
underlying each cluster, drawing on Gene Ontology Biolog-
ical Processes (GO:BP), Kyoto Encyclopedia of Genes and
Genomes (KEGG), and Reactome databases via g:Profiler20.
Enrichment analyses were performed separately for each clus-
ter using the filtered marker genes as input, with multiple test-
ing correction applied using the g:SCS method and a signifi-
cance threshold of adjusted p-value < 0.05. The background
gene set consisted of all genes tested in the differential ex-
pression analysis. These enrichment results provided insight
into the biological pathways represented in each cluster and
were used to place cluster-specific functions in the context of
higher-order signaling and metabolic programs.

Therapeutic Mapping of Cluster-Specific Pathways

Building on the functional enrichment analysis, the identified
pathways were grouped according to their potential therapeu-
tic relevance. This helped classify clusters into categories such
as protective, adverse, and context-dependent. Here, “protec-
tive” refers to pathways that increase treatment sensitivity or
suppress tumor growth; “adverse” refers to pathways linked to
resistance or progression; and “context-dependent” describes
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pathways whose effects- beneficial or harmful, depend on tu-
mor lineage and microenvironment.

Drug Target Mapping and Pharos Integration

Cluster-specific marker genes were mapped to known and pre-
dicted annotated targets using the Pharos/TCRD database21.
Pharos/TCRD is a public database that catalogs human protein
targets and organizes them based on their biological character-
ization and drug development status. To achieve this, a Python
client was developed to query the Pharos GraphQL API. This
tool pulled information such as each gene’s Target Develop-
ment Level (TDL)22, protein family, and name, compiling a
clean dataset linking marker genes to their druggability clas-
sification. This step enabled the annotation of the identified
gene expression patterns by linking them to existing informa-
tion about known and predicted drug targets.

Workflow Overview

The pipeline in Figure 1 outlines the major steps of the study,
from preprocessing and clustering scRNA-seq data to identi-
fying marker genes, analyzing enriched pathways, and linking
them to potential drug targets.

Results

Single-cell RNA Sequencing analysis uncovered transcrip-
tional heterogeneity across breast cancer cells. After data
processing, dimensionality reduction and clustering showed
the cells organized into groups based on their gene expres-
sion pattern. Marker genes analysis and functional enrichment
explained their biological relevance. Further, linking marker
genes with annotated targets explained how distinct cell pop-
ulations can respond to treatment.

Quality Control and Filtering

Quality control and filtering removed low-quality cells and un-
informative genes. After this filtering process, approximately
34,497 high-quality cells were retained for downstream anal-
ysis. The retained cells showed a balance of gene detection
and sequencing depth, indicating strong coverage across the
dataset. A small fraction of potential doublets was detected,
and mitochondrial gene content was consistently low, suggest-
ing minimal contamination from stressed or dying cells. Cell-
type annotation performed as part of quality control indicated
that while most cells were epithelial, a minority showed im-
mune or stromal transcriptional signatures, which were treated
as technical artifacts rather than biologically meaningful pop-
ulations. Together, these results confirmed the effectiveness
of the filtering process: low-quality cells were successfully

removed, while biologically relevant cells remained for fur-
ther analysis. To further refine the dataset on gene level
and focus on the most informative gene features, highly vari-
able genes (HVGs) were identified. This is of benefit as
non-variable genes are not expected to explain a lot of vari-
ance in the dataset and can be filtered to reduce dimension-
ality. Instead of selecting a fixed number of top genes, we
applied threshold-based filtering based on mean expression
and dispersion. Genes which did not meet specific criteria
(e.g., min mean = 0.0125, max mean = 3, min disp
= 0.5) were filtered out as invariable. This step retained
3,335 highly variable genes.

Dimensionality Reduction and Clustering

Dimensionality reduction revealed clear patterns in the
dataset. Cell clustering was then carried out using the Lei-
den algorithm, which identified 36 cell clusters. Each cluster
corresponds to a transcriptional subpopulation, reflecting the
underlying heterogeneity within the tumor samples.

Visualization with UMAP

Visualization of the clustering results in a low-dimensional
space using UMAP with Euclidean distance revealed well-
defined separation between 36 identified clusters, indicating
that the unsupervised approach effectively captured transcrip-
tional heterogeneity in the dataset. The clusters varied in size,
suggesting the presence of both dominant and less common
subpopulations.

To further assess the impact of technical variation, over-
lays of key quality control metrics such as the number of de-
tected genes per cell, total UMI counts, and mitochondrial
gene content were applied to the UMAP projection. As shown
in Figures 2, these QC features were distributed across multi-
ple clusters without any single metric dominating the structure
of the embedding, suggesting that the clustering patterns were
driven primarily by biological differences rather than techni-
cal artifacts. This suggests that the clustering patterns are pri-
marily driven by genuine biological differences, rather than
artifacts related to data quality or sequencing depth.

Top left: Cells are colored by Leiden cluster assignment,
with each discrete color representing a distinct transcriptional
cluster identified through unsupervised clustering. These clus-
ters reflect groups of cells with similar gene expression pro-
files.

Top right: Cells are colored by the number of detected
genes per cell (ngenes by counts), shown as a continuous color
gradient. Higher values (lighter colors) indicate cells with
greater gene detection, reflecting higher transcriptional com-
plexity or sequencing depth.

Bottom left: Cells are colored by total transcript counts
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Fig. 1 Single-Cell RNA Sequencing Analysis and Therapeutic Target Mapping Pipeline

(totalcounts), also shown as a continuous gradient. This panel
illustrates variation in sequencing depth across cells, with
higher counts appearing in lighter colors.

Bottom right: Cells are colored by the percentage of mito-
chondrial gene expression (pctcounts mt). The relatively uni-
form coloring across clusters indicates low and consistent
mitochondrial content, suggesting minimal contribution from
stressed or dying cells and supporting overall data quality.

Marker Gene Identification

To interpret the identified clusters, the top marker gene for
each cluster listed in Table 1 was examined and its known bi-
ological function considered. A summary of the top marker
genes for each cluster, including ranking scores, log fold-
changes, and adjusted p-values, is provided in Table 1. p-
values reported as 0.000000e+00 indicate values below nu-
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Fig. 2 UMAP projections of single-cell RNA-seq data based on Euclidean distance, highlighting 36 clusters.

merical precision rather than true zero values.
Several clusters were defined by genes associated with

cell proliferation and cell-cycle regulation, including H2BC11
(Cluster 25) and POTEC (Cluster 28), reflecting actively di-
viding cancer cell states23. Other clusters were marked by
genes linked to epithelial differentiation and lineage iden-
tity, such as CLDN10 (Cluster 4), SCGB3A2 (Cluster 13),
SCGB2A2 (Cluster 18), PIP (Cluster 19), and TFF1 (Cluster
22), which are commonly associated with luminal epithelial
programs in breast cancer24.

Cluster 0 was characterized by expression of MAGEA4,
a cancer-testis antigen commonly associated with tumor-
specific transcriptional programs in malignant cells.

Additional clusters showed marker genes related to extra-
cellular matrix organization, cell adhesion, or mesenchymal-
like transcriptional programs. For example, RARRES1 (Clus-
ters 6 and 7), POSTN (Cluster 17), TNMD (Cluster 21),
and ITGB1 (Cluster 35) have been linked to cell-matrix in-
teractions, tissue remodeling, and migratory behavior25. A
small number of clusters were marked by genes with immune-
associated annotations, most notably CCL19 (Cluster 11)26.
Given the cell line origin of the dataset, this immune-related
signal was interpreted as a technical or stress-associated tran-
scriptional program rather than evidence of true immune cell

populations.
Together, the marker genes listed in Table 1 indicate that

the identified clusters capture a range of cancer cell-intrinsic
transcriptional programs, including proliferative, epithelial
differentiation-related, and mesenchymal-like states, provid-
ing functional context for the unsupervised clustering results.

Defining Cellular Heterogeneity

The analysis started with a filtered set of marker genes
(p-adj < 0.05, logFC > 0.25) that included all statistically
significant markers across clusters. Using this data, the num-
ber of transcriptionally distinct clusters were identified and
compared to assess how clearly separated clusters are. Marker
genes were unevenly distributed across subpopulations, with
some clusters having thousands and others only a few. These
results show the dataset is far from homogeneous, instead, it
contains multiple distinct subpopulations of cells, each repre-
senting unique cellular states or subtypes. The Jaccard index
was calculated using the set of significant markers from each
cluster (thresholded by adjusted p-value and log-fold change),
measuring the fraction of genes shared between pairs of clus-
ters. The resulting values, typically 20-30%, indicated that
most clusters shared only a minority of their marker genes.
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Table 1 Summary of top marker genes per cluster, including ranking scores, log fold-changes, and adjusted p-values.

Cluster Gene Symbol Ranking Score Log fold-change (logFC) p-value Adjusted p-value
0 C1QTNF4 39.76585 9.492082 0.000000e+00 0.000000e+00
1 RSPO2 44.57847 10.939459 0.000000e+00 0.000000e+00
2 FAM9C 67.60514 9.344266 0.000000e+00 0.000000e+00
3 HOXB13 32.237 5.992637 0.000000e+00 0.000000e+00
4 CLDN10 39.6229 9.144331 0.000000e+00 0.000000e+00
5 S100A2 304.42023 8.714493 0.000000e+00 0.000000e+00
6 RARRES1 269.6609 6.666044 0.000000e+00 0.000000e+00
7 RARRES1 235.41852 6.675642 0.000000e+00 0.000000e+00
8 OBP2B 27.886747 7.449968 0.000000e+00 0.000000e+00
9 SOX17 36.06809 10.394246 0.000000e+00 0.000000e+00
10 TAL1 25.73949 7.917273 0.000000e+00 0.000000e+00
11 CCL19 14.978386 15.643583 0.000000e+00 0.000000e+00
12 RPL23AP29 22.693521 11.086494 0.000000e+00 0.000000e+00
13 SCGB3A2 26.973503 11.228862 0.000000e+00 0.000000e+00
14 APOD 152.06302 10.007493 0.000000e+00 0.000000e+00
15 BTBD16 44.573856 10.751011 0.000000e+00 0.000000e+00
16 FGF4 36.689407 8.942721 0.000000e+00 0.000000e+00
17 POSTN 138.4066 14.15132 0.000000e+00 0.000000e+00
18 SCGB2A2 169.01219 10.739865 0.000000e+00 0.000000e+00
19 PIP 151.2719 9.937758 0.000000e+00 0.000000e+00
20 FABP7 36.23737 8.100706 0.000000e+00 0.000000e+00
21 TNMD 30.257122 14.770732 0.000000e+00 0.000000e+00
22 TFF1 134.33574 7.941581 0.000000e+00 0.000000e+00
23 MAGEA8 19.786705 8.202033 0.000000e+00 0.000000e+00
24 FMR1NB 17.453014 5.825913 0.000000e+00 0.000000e+00
25 H2BC11 47.172913 6.489651 0.000000e+00 0.000000e+00
26 DCAF4L2 97.496 6.840144 0.000000e+00 0.000000e+00
27 SKAP1-AS2 22.359995 5.000379 0.000000e+00 0.000000e+00
28 POTEC 34.063824 12.76734 0.000000e+00 0.000000e+00
29 ARL14EPL 49.107025 10.559164 0.000000e+00 0.000000e+00
30 SCGB1B2P 48.315758 13.790806 0.000000e+00 0.000000e+00
31 DKK4 65.626755 16.803635 0.000000e+00 0.000000e+00
32 LOC124903372 31.792841 6.824976 0.000000e+00 0.000000e+00
33 MME 31.743504 6.088414 0.000000e+00 0.000000e+00
34 GAGE1 28.316442 8.482694 0.000000e+00 0.000000e+00
35 ITGB1 28.824125 2.559696 3.1002636E-28 1.3082856E-27

This result confirmed clear clustering and strong heterogene-
ity in this dataset.

Although most clusters present distinct top marker genes,
there are also some overlaps. For example, clusters 6 and 7
share the same top marker gene (RARRES1) and show par-
tial overlap in their marker gene sets, despite being identified
as separate clusters. This overlap suggests that these clusters
represent closely related transcriptional states rather than com-
pletely distinct cell types. Although we see clear distinctions
between clusters on the UMAP, two-dimensional representa-
tion overlaps could present close biological functions and tra-

jectories in the analyzed dataset.

Functional Enrichment per Cluster

This analysis showed that clusters are not just defined by
their marker genes, they also represent distinct biological
programs (Table 2). Developmental pathways were notably
enriched in several clusters, aligning with the well-known
phenomenon of embryonic program reactivation in cancer27.
Four clusters capture the key themes. Cluster 6(KRT14) re-
flects epidermal/keratinocyte differentiation, a pattern often
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Table 2 Top five marker genes identified for each cluster.

Cluster Top 5 Marker Genes
0 C1QTNF4, AQP9, MAGEA4, MAGEA10, ESM1
1 RSPO2, SPON2, CYTL1, SFRP2, CAMK4
2 FAM9C, CES1, PIGR, S100A7, S100A8
3 HOXB13, LINC02899, SCGN, IKZF3, SKAP1-AS2
4 LOC100505715, CLDN10, LINC02515, ZFP42, PSPHP1
5 KRT14, SERPINB13, S100A2, KRT6A, COL17A1
6 RARRES1, SERPINB4, PI3, S100A7, S100A8
7 RARRES1, SERPINB4, PI3, S100A7, S100A8
8 ALKAL2, PCDH19, BMP5, PSLNR, OBP2B
9 SOX17, TRPC6, CALCRL, PREX2, LIX1
10 PSG9, TAL1, MESP2, MAGEA11, CIMIP5
11 CCL8, VCAM1, PNMA5, ODAM, CCL19
12 RPL12P2, RPL23AP29, CLCA2, SLC1A7, RPS26P43
13 CLDN6, SCGB3A2, TMPRSS11E, TRBC2, TNNC2
14 APOD, CLEC3A, SLC25A18, WFIKKN2, TEX19
15 KRT13, LYPD2, BTBD16, TRIM31, MUC4
16 FGF4, SGCG, SYT10, DSCAM-AS1, BCAS3
17 DCN, POSTN, SCN3A, COL1A2, COL3A1
18 HPGD, CXCL14, CST2, OLFML3, SCGB2A2
19 SOD3, SERPINA6, PIP, GNMT, BNIPL
20 CRABP1, FABP7, ANKRD30A, BACH1, IGFBP5
21 A2M, SOX10, LOC105375977, S100B, TNMD
22 TFF1, TMEM64, GFRA1, DSCAM-AS1, BCAS3
23 MAGEA8, TAT, UGT3A2, AMBP, TFF3
24 CCDC144NL-AS1, DIO2, FMR1NB, NUDT19-DT, IGFBP5
25 H2BC11, H1-2, H3C8, G0S2, CXCL6
26 DCAF4L2, CPS1, DHRS2, PAGE5, MAGEA1
27 FAM3B, MTND6P4, IKZF3, SKAP1-AS2, TFF3
28 POTEC, ANKRD30B, LINC01087, CITED1, BCL2
29 OXTR, CHRDL1, MAGEC2, PSORS1C2, ARL14EPL
30 HOXB-AS3, ALOX15B, SCGB1B2P, LINC02303, SCGB2A2
31 VIP, DKK4, PRSS56, FGL2, GABRA1
32 NPY1R, LOC124903372, SHROOM1, CYP2B7P, RIIAD1
33 MME, VCAN, HOXA5, TGFBI, FN1
34 SLC12A2, GPX2, GTSF1, GAGE1, TMEM132D-AS1
35 LDHB, PAGE2, GSTP1, ITGB1, VIM

linked to greater treatment sensitivity (protective). Cluster
25(H2BC11, H1-2, and H3C8) is heavy on cell-cycle con-
trol, marking an aggressive, proliferative state (adverse)28.
Cluster 18(SCGB2A2 and HPGD) is anchored by SCGB2A2

(a secretory/hormone-lineage marker), with enrichment in
lipid metabolism and apoptosis/cell death, consistent with
a context-dependent program29. Cluster 11(CCL8, CCL19,
and VCAM1) centers on immune-inflammatory signaling,
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Fig. 3 Top five enriched pathways per cluster. In the plot, color represents the significance of enrichment for each pathway in the cluster,
measured as − log10(adjusted p-value) where darker colors represent more significant enrichment and lighter colors represent less significant
enrichment. The size of the “X” marker represents the intersection size, corresponding with how many genes from the cluster overlap with the
given pathway, where larger markers indicate more overlap.
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which in many settings aligns with tumor-promoting inflam-
mation30. Together, these examples capture the dataset’s bio-
logical range and therapeutic implications31. This diversity is
illustrated in the dot plot showing the top five enriched path-
ways per cluster (Figure 3).

Therapeutic Mapping of Cluster-Specific Pathways

Protective clusters like Clusters 11, 9, 17, 13, and 3 were pri-
marily enriched for differentiation- and development-related
pathways, with Cluster 17 showing strong enrichment for cell
differentiation. This aligns with existing evidence that differ-
entiation programs can sensitize tumors to therapy by promot-
ing more regulated cell states32.

On the other hand, adverse clusters showed enrichment for
pathways linked to treatment resistance. For example, Cluster
17 was enriched for broad developmental programs including
morphogenesis and migration, processes often associated with
aggressive tumor phenotypes and poor therapeutic response33.
Cluster 13 highlighted cell adhesion and tissue development,
while Clusters 1 and 33 were associated with cell cycle regula-
tion, motility, and migration, features that reflect environment-
mediated drug resistance34. Cluster 11 was enriched for im-
mune and inflammatory signaling, including defense and im-
mune system processes, which are known to promote tumor
survival. Together, these features align with established mech-
anisms of drug resistance in cancer35.

Because pathway categories were assigned at the pathway
level rather than the cluster level, individual clusters may con-
tain multiple enriched pathways and therefore appear in more
than one category, reflecting biological complexity. Several
clusters exhibited context-dependent enrichment patterns. For
instance, Cluster 16 was enriched for smaller sets of pathways,
while Clusters 8, 19, and 25 showed modest enrichment for
stress and environmental response processes. These clusters
likely represent cellular programs whose functional impact de-
pends on tumor type and microenvironment, underscoring the
importance of context in therapeutic responses36. The overall
heterogeneity of the dataset is summarized in Figure 4 which
breaks down the number of protective, adverse, and context-
dependent pathways found within each cluster. The purpose of
the pathway category mapping is to summarize and compare
the types of enriched biological pathways across clusters.

Linking Cluster Markers to Annotated Targets
(Pharos/TCRD)

Initially, the single top marker gene from each of the 36 clus-
ters were investigated and only 1 approved drug target (Tclin),
2 chemically tractable proteins (Tchem), 22 biologically stud-
ied but no strong chemical modulators (Tbio) and 5 poorly
studied proteins (Tdark) were identified. Expanding the anal-

ysis to the top 5 markers per cluster modestly increased these
numbers to 9 Tclin, 17 Tchem, 106 Tbio and 13 Tdark.

While most of the top cluster markers fall outside the drug-
gable space, this analysis identified a meaningful subset with
direct therapeutic potential. Table 3 lists the marker genes
classified as Tclin or Tchem, along with the correspond-
ing transcriptional cluster in which each gene was identified,
showing which genes have existing information related to drug
targeting in the Pharos database.

Integrated Pathway Enrichment and Target Annotation
Across Clusters

An integrated summary of pathway enrichment and target an-
notation results is shown in Table 4. For each cluster, this ta-
ble shows the dominant programs (prioritized across GO:BP,
KEGG, and Reactome), the corresponding top enriched terms,
representative TDL markers annotated in Pharos/TCRD, and
a mechanism breadth label indicating whether putative path-
way categories are broad (recurrent across clusters) or selec-
tive (cluster-specific). This integrated table highlights simi-
larities and differences in biological programs across clusters
and places them in the context of existing target knowledge.

The integrated pathway analysis showed that different cell
clusters were enriched for distinct biological pathways, and
these patterns were organized using existing pathway an-
notation frameworks37. Across the 36 clusters, the anal-
ysis identified different biological pathway patterns asso-
ciated with each cluster. EMT/Stem-like/Invasion pro-
grams were the most recurrent (12 clusters), followed by
epigenetic/chromatin-associated processes (4), with smaller
contributions from immune/inflammation-related (2) and
metabolic (2) pathways38. Other pathway categories, includ-
ing CDK-associated signaling, immune checkpoint-related
signaling, and metabolic pathways, appeared more selectively
across subsets of clusters. (Program counts reflect enrichment
themes; mechanism counts reflect annotation-based pathway
groupings.) Notably, every cluster contained at least one Tclin
or Tchem marker (median 1 Tclin and 2 Tchem per cluster;
e.g., ALOX15B, BCL2, CALCRL, CPS1), indicating overlap
between cluster-specific transcriptional programs and targets
cataloged in existing resources. Collectively, these patterns
highlight recurring and cluster-specific pathway themes and
provide a structured, annotation-based view of how transcrip-
tional programs and existing target knowledge vary across
clusters.

Discussion

This study applied single-cell RNA sequencing (scRNA-seq)
combined with unsupervised machine learning to dissect the
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Fig. 4 Counts of protective, adverse, and context-dependent pathways across clusters. This figure shows the number of enriched pathways in
each cluster grouped into three annotation categories- protective, adverse, and context-dependent, based on prior literature. The stacked bars
summarize the overall pathway makeup of each cluster and highlight differences in the types of pathways present across clusters.

transcriptional heterogeneity of breast cancer cell lines. An-
alyzing over 35,000 cells 36 clusters were identified. While
most clusters present unique transcriptional profiles, there
were also some shared differentially expressed markers. This
describes some biological similarities between distinct cell
lines and sub-clusters identified here. These findings reinforce
the increasingly accepted view that cancer is not a homoge-
neous disease but rather a mosaic of diverse cellular states co-
existing within tumors2.

Functional enrichment analysis revealed that these clusters
represent a broad spectrum of biological processes, including
developmental programs, immune and inflammatory signal-
ing, metabolic specialization, extracellular matrix remodeling,
and epigenetic regulation. This diversity reflects the complex
biology of breast cancer, where distinct subpopulations con-
tribute variably to tumor growth, survival, and therapeutic re-
sistance. Notably, clusters enriched for immune-related sig-
naling or oxidative stress responses may correspond to more
protective tumor states, whereas proliferative and epigeneti-
cally active clusters represent adverse subpopulations poten-
tially driving aggressive disease progression.

Drug-target mapping demonstrated that many cluster-
defining marker genes belong to structural or lineage-specific
families, often outside the canonical druggable genome.
Nonetheless, expanding the marker sets revealed a substan-
tial number of approved drug targets together with many
other proteins that are chemically tractable, placing these tran-
scriptional programs in the context of existing target anno-
tations. Linking enriched pathways to target classes pro-
vided an annotation-based framework for organizing cluster-

level heterogeneity, including pathways related to amino acid
metabolism, lipid and eicosanoid signaling, and epigenetic
regulators. Importantly, coverage analysis indicated that
some therapies have broad activity across multiple clusters,
while others offer selective advantages against specific sub-
populations, highlighting the complementary roles of broad-
spectrum and precision-targeted interventions.

This work builds upon prior studies of intratumoral hetero-
geneity by systematically integrating cluster-level transcrip-
tional profiles with therapeutic opportunities39. The frame-
work established here bridges fundamental transcriptomic
characterization with pharmacogenomic resources, offering
a scalable and generalizable framework for organizing tran-
scriptional heterogeneity in the context of existing pharma-
cogenomic annotations. The workflow exemplifies the power
of combining scRNA-seq with unsupervised machine learning
and drug-target databases to generate both biological insight
and translational hypotheses.

Future research should extend this framework to primary
patient tumors, integrate multi-omics datasets, and experimen-
tally evaluate candidate therapeutic strategies in preclinical
models. It should apply advanced computational and experi-
mental approaches to mitigate technical artifacts such as batch
effects and dropout events to ensure more robust and repro-
ducible results. In addition, future studies could leverage pa-
tient single-cell RNA-seq data, incorporate spatial validation
to confirm cellular context, and employ functional perturba-
tion assays such as CRISPRi or siRNA to test cluster-specific
targets.

In summary, this study set out to assess whether scRNA-
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Table 3 Top Marker Genes with Pharmacological Relevance Identified via Pharos/TCRD, including their associated transcriptional clusters.

Gene
Symbol

Target Devel-
opment Level
(TDL)

Gene Name Gene Family Cluster

BCL2 Tclin Apoptosis regulator Bcl-2 NA 26
CALCRL Tclin Calcitonin gene-related peptide type 1 receptor GPCR 8
CPS1 Tclin Carbamoyl-phosphate synthase [ammonia], mitochondrial Enzyme 27
GABRA1 Tclin Gamma-aminobutyric acid receptor subunit alpha-1 IC 31
ITGB1 Tclin Integrin beta-1 NA 35
MME Tclin Neprilysin Enzyme 33
OXTR Tclin Oxytocin receptor GPCR 29
SCN3A Tclin Sodium channel protein type 3 subunit alpha IC 17
SLC12A2 Tclin Solute carrier family 12 member 2 Transporter 34
ALOX15B Tchem Arachidonate 15-lipoxygenase B Enzyme 30
TRPC6 Tchem Short transient receptor potential channel 6 IC 8
CES1 Tchem Liver carboxylesterase 1 Enzyme 2
FABP7 Tchem Fatty acid-binding protein, brain NA 21
FN1 Tchem Fibronectin NA 33
GNMT Tchem Glycine N-methyltransferase Enzyme 20
GSTP1 Tchem Glutathione S-transferase P Enzyme 35
HPGD Tchem 15-hydroxyprostaglandin dehydrogenase [NAD(+)] Enzyme 18
HSD17B1 Tchem Estradiol 17-beta-dehydrogenase 1 Enzyme 24
VCAM1 Tchem Vascular cell adhesion protein 1 NA 11
LDHB Tchem L-lactate dehydrogenase B chain Enzyme 0
NPY1R Tchem Neuropeptide Y receptor type 1 GPCR 32
S100B Tchem Protein S100-B NA 22
SERPINA6 Tchem Corticosteroid-binding globulin NA 20
SLC1A7 Tchem Excitatory amino acid transporter 5 Transporter 12

seq combined with machine learning could resolve cancer het-
erogeneity into meaningful sub-clusters and connect them to
therapeutic annotation. The analysis showed that breast can-
cer cells can be grouped into clusters, with some presenting
distinct gene expression programs while others share overlap-
ping biological trajectories. Some clusters carried druggable
targets, while others were linked to pathway vulnerabilities
that were distinct or shared between clusters.

Limitation

Several limitations should be acknowledged. First, the study
is based on established cancer cell lines rather than patient-
derived tumor samples, which may not fully capture the com-
plexity and microenvironmental context of human tumors.
Second, computational predictions of annotated targets and
classes require experimental validation to confirm biological
relevance and clinical efficacy. Third, this analysis focuses
primarily on transcriptional data, omitting other regulatory
layers such as epigenetic modifications, proteomics, and tu-
mor microenvironment interactions. In addition, cell line-

based transcriptomic analyses are susceptible to technical ar-
tifacts, including the presence of non-epithelial transcriptional
signatures identified through automated annotation. While
these signals were not biologically interpreted, their presence
may introduce bias and should be considered when general-
izing the results. Finally, there is a risk of over-interpreting
pathway enrichment labels, as they may not fully reflect func-
tional activity without orthogonal validation.

Conclusion

This study used single-cell RNA sequencing and computa-
tional analysis to resolve transcriptional heterogeneity within
breast cancer cell lines, grouping over 35,000 cells into clus-
ters characterized by distinct yet partially shared biological
programs. Functional enrichment showed that these clus-
ters reflect diverse processes, including developmental, im-
mune, metabolic, structural, and epigenetic pathways. Drug-
target mapping against the Pharos/TCRD database showed
that while many markers are structural or lineage-specific, sev-
eral markers overlapped with genes that have existing drug-
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Table 4 Integrated pathway enrichment and target annotation by cluster. This table summarizes the dominant biological programs and
enriched pathways identified in each cluster, along with representative genes annotated using the Pharos/TCRD database. The information is
organized to provide a structured overview of cluster-level biological patterns and associated target annotations.

Cluster Dominant Programs Top Enriched Terms Representative
TDL Markers

Mechanism Breadth

17 DNA repair/Genomic stability;
EMT/Stem-like/Invasion; Epi-
genetic/Chromatin

anatomical structure
development; develop-
mental process; system
development; multicel-
lular organism devel-
opment; multicellular
organismal process

CPS1, ITGB1,
MME, OXTR,
SCN3A

HDAC/BET/EZH2
modulation (selective);
PARP/ATR/ATM pathway
inhibition (broad); TGF-
β /FAK pathway modulation
(broad)

9 DNA repair/Genomic stabil-
ity; EMT/Stem-like/Invasion;
Hypoxia/Stress signaling;
Metabolism (general)

anatomical structure de-
velopment; multicellular
organism development;
system development;
developmental process;
anatomical structure mor-
phogenesis

BCL2, CALCRL,
ITGB1, MME,
SLC12A2

HIF/stress pathway modu-
lation (selective); Metabolic
pathway modulation (se-
lective); PARP/ATR/ATM
pathway inhibition (broad);
TGF-β /FAK pathway mod-
ulation (broad)

7 DNA repair/Genomic stability;
EMT/Stem-like/Invasion

anatomical structure de-
velopment; developmen-
tal process; multicellular
organism development;
multicellular organismal
process; cell differentia-
tion

CPS1, ITGB1,
OXTR

PARP/ATR/ATM pathway
inhibition (broad); TGF-
β /FAK pathway modulation
(broad)

21 DNA repair/Genomic stability;
EMT/Stem-like/Invasion; Pro-
liferation/Cell cycle

anatomical structure de-
velopment; multicellular
organism development;
developmental process;
system development;
multicellular organismal
process

BCL2, CPS1,
FABP7, LDHB,
S100B

CDK inhibition (selective);
PARP/ATR/ATM pathway
inhibition (broad); TGF-
β /FAK pathway modulation
(broad)

13 DNA repair/Genomic stability;
EMT/Stem-like/Invasion; Im-
mune/Inflammation

cell adhesion; tissue
development; response
to external stimulus;
anatomical structure de-
velopment; cell migration

ITGB1,
SLC12A2,
FN1, LDHB

Immune checkpoint
modulation (selective);
PARP/ATR/ATM pathway
inhibition (broad); TGF-
β /FAK pathway modulation
(broad)

target annotations, including nine approved drug targets and
additional chemically tractable proteins. Pathway-level anal-
ysis further organized cluster-specific biology in relation to
existing pathway and target annotation frameworks, provid-
ing a structured way to compare shared and cluster-specific
biological programs across clusters. Overall, these analyses
resolve intratumoral transcriptional heterogeneity into cluster-
level gene programs and organize them in relation to biolog-
ical pathways and existing drug-target annotations at single-
cell resolution.
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