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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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