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From Single Cells to Systems:

Network Maps for Cluster Identification in Single-Cell Data
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Results of Network-Based
Identification of Public TCR Clones

Mining Identifying Public TCRs:

Public TCRs

Computational Workflow

- Harnessing Single-Cell Data: Advanced
computational analysis reveals shared (“public”)
TCRs across individuals, uncovering universal
Immune responses

« Mapping Functional networks: Network analysis of
TCR clusters identifies patterns and relationships
crucial for understanding adaptive immunity

« Accelerating Immunotherapy: Insights from
public TCRs pave the way for developing broad-
spectrum cell therapies targeting common
Immune threats

« Our network analysis allowed us to identify
the most frequent CDR3 amino acid
sequences and visualize relationships

« By integrating TCR sequence data with
transcriptomic profiles, we mapped CDR3
amino acid sequences to distinct T cell
subsets, revealing that public TCRs are
enriched in activated cytotoxic responses.

STEP ONE:
DATA ACQUISITION AND INTEGRATION

Sample Selection

» Single-cell datasets from multiple
studies are identified through public
repositories (e.g., GEO, SRA) and/or
internal data sources that meet
biological and technical selection
criteria

Data Consolidation

» Raw and/or processed single-cell
datasets are collated o

» Study-specific metadata is
extracted and harmonized

Select and consolidate samples
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Figure 3: Network represents the most frequent CDR3 amino acid
sequences found in the dataset. (A) Nodes (CDR3 sequences) are
connected by edges defined by a Hamming distance <2. Node size
represents log frequency of the sequences. Nodes are colored according
to their sharing levels in the dataset: red found in all donors (public TCRs).
(B) Pathway analysis identifying pathways and genes associated with
most frequent CDR3 amino acid sequences.

STEP THREE:
TCREXTRACTION AND CLONOTYPING

Figure 1. What are Public TCRs? A T-cell receptor (TCR) is like a lock that only
fits specific "keys" (antigens) to help the immune system recognize threats. A
public TCR is a receptor found in many different people, meaning their
immune systems have independently developed the same way to recognize go“\Q B o P
a particular antigen. In contrast, a private TCR is unique to an individual,

TCR extraction (TraCeror MiXCR)
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« Public vs. Private TCRs: While most TCR sequences
are unique to individuals, some “public” TCRs recur
across multiple people, revealing shared antigen
targets for immunotherapy.

« The Role of CDR3: The complementarity-

multiple unrelated individuals are
tagged as “public”
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TCR extraction. Showing the
sensitivity of extraction of
assembled-TCR (AsTCR), V gene,
J gene and CDR3 amino acid
sequences from scRNA-seq
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 Per-cell transcriptomic profiles can
be overlaid on clonotype networks for
data with corresponding cell
barcodes for each CDR3

Figure 2. The T cell receptor.
(A) Overview of the T cell receptor (TCR). (B) Overview of the complementary
determining regions (CDRs) within the antigen binding region of the TCR.
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- Computational Power for Discovery: Identifying

public TCRs requires large-scale data mining,
advanced computational pipelines, and robust
analytical frameworks.

- Challenges in Data Analysis: The complexity of
single-cell data demands specialized
bioinformatics expertise to integrate, clean, and
analyse datasets effectively.

Advanced analysis, such as TCR clonal
sharing between UMAP clusters

- Can use enrichment analyses to
identify upregulated pathways in
cells harboring shared TCRs to
unmask potential relationships
between clonotypic expansion and
specific biological functions
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