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Abstract

Although the clinical significance of plasma cells within tumors has been recognized, studies on the development of plasma
cells and the characteristics of the antibodies they secrete within the tumor microenvironment remain limited. We investigated
the properties of plasma cells within cancer tissues using single-cell RNA and single cell B cell receptor sequencing. We
characterized plasma cells exhibiting clonal expansion and synthesized the antibodies produced by these cells, confirming
the clinical relevance of immunoglobulin H (IGH) isotypes. Plasma cells comprised approximately 5% of the total immune
cell population within the tumor; clonal expansion was more prevalent in plasma cells than in B cells. Among plasma cells,
the most frequent immunoglobulin isotype was IGHG1 and IGKC. We synthesized six recombinant antibodies, including
those from the largest clonal plasma cells. Two antibodies that formed clones showed membranous staining in cancer cells.
The cancer cells that metastasized to the lymph node showed a loss of expression as observed by immunohistochemistry.
Analysis of bulk RNA sequencing data from 1078 patients with breast cancer revealed that tumor-infiltrating plasma cells
expressing IGHG1 were associated with favorable prognoses. These tumors exhibited increased B cell receptor diversity,
immunogenic mutation, and intratumoral heterogeneity. This study suggests the potential for discovering cancer-associated
antibodies derived from intratumoral plasma cells.
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Abbreviations Introduction

Ab Antibody

BCR B cell receptor The discovery of cancer-associated antibodies is crucial in
scRNA-seq Single cell RNA sequencing diagnosing and treating cancer because these antibodies can
scBCR-seq Single cell BCR sequencing identify and/or target antigens that are exclusively present on
TIL Tumor infiltrating lymphocytes or overexpressed in cancer cells [1]. There are various meth-

ods of identifying cancer-specific antibodies; however, these
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methods often involve significant technical challenges and
can be labor-intensive. B cells recognize antigens through B
cell receptors (BCRs), and the diversity of BCRs is gener-
ated by V (variable), D (diversity), or J (joining) gene (V(D)
J) recombination, somatic hypermutation, and class switch
recombination during B cell development and differentiation
[2]. Therefore, theoretically, the maximum number of anti-
bodies produced by human plasma cells is upward of 10'3.

Tumor-infiltrating lymphocytes (TILs) have recently been
characterized in several human cancers using single-cell RNA
sequencing (scRNA-seq) [3—6]. However, information on
tumor-infiltrating plasma cells is still lacking. Intratumoral
plasma cells have also recently been identified as a key deter-
minant of survival in patients undergoing immunotherapy treat-
ment for cancer [7]. Additionally, the infiltration of intratumoral
plasma cells has been reported to be associated with favorable
prognoses in various cancers, including breast cancer [8—11].
This finding suggests that antibodies produced by plasma cells
play a role in anti-tumor activity, given that the primary func-
tion of plasma cells is antibody production.

To investigate the characteristics of plasma cells within
tumor tissue and the antibodies they produce, we performed
scRNA-seq and scBCR-seq on breast cancer tissues. This
approach allowed us to determine the BCR repertoire and
transcriptional characteristics of plasma cells, laying the
potential foundation for further clinical applications of can-
cer-associated antibodies in immunotherapy.

Materials and methods
Patients and tissue specimens

After obtaining written informed consent, breast cancer tis-
sue samples were surgically harvested from three female
patients treated without neoadjuvant systemic chemotherapy
at the Asan Medical Center, Seoul, Korea, in 2021. This
study was performed in accordance with the Declaration
of Helsinki and was approved by the institutional review
board (IRB) of Asan Medical Center (IRB no. 2015-0438).
For subtyping, cancer tissues were immunohistochemi-
cally stained with antibodies against estrogen receptor
(ER; diluted 1:200; NCL-L-ER-6F11, Novocastra, New-
castle-upon-Tyne, UK), progesterone receptor (PR; diluted
1:200; NCL-L-PGR-312, Novocastra, Newcastle-upon-Tyne,
UK), and human epidermal growth factor receptor 2 (HER2;
diluted 1:8; 88—4422, Ventana Medical Systems, Tucson,
AZ, USA). ER and PR were evaluated using the Allred
score system, in which their levels were regarded as positive
if > 1% of tumor nuclei were stained. Hormone receptor-pos-
itive tumors were defined as those with positive ER and/or
PR staining. Silver in situ hybridization for the HER2 gene
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was performed in cases with HER2 immunohistochemical
staining results OF > 2. The slides were evaluated for the
levels of stromal TILs using full sections in 10% increments
(if<10%, 0, 1, or 5% level criteria were used) [12].

scRNA-seq and scBCR-seq sequencing

Sample multiplexing single cell sequencing libraries were
prepared for 10 X Genomics single-cell 5’ gene expression
and V(D)J sequencing according to the protocol provided by
the 10 X Genomics chromium single-cell immune profiling
platform. The cell loading numbers for the three samples,
BC20128, BC20131, and BC20136, were 9,280, 10,080,
and 10,472, respectively, and sequencing data for a total
of 5,735 cells were generated from the multiplexed library,
which was sequenced using an Illumina NovaSeq 6000. De-
multiplexing by genotyping, gene expression count data, and
BCR repertories with reconstruction of full-length BCR
sequences were performed using Cell Ranger v6.1.1 from
the multiplexed scRNA-seq and scBCR-seq.

Processing of scRNA-seq

The 10X Genomics scRNA-seq data was processed using Cell-
Ranger (version 6.1.1) with the GRCh38 genome. Based on
a filtered gene-cell count matrix obtained using CellRanger’s
default cell calling algorithm, we performed the standard Seu-
rat clustering (version 5.0.1 in R 4.3.2) workflow as described
below; raw expression values were normalized and log trans-
formed (normalization method ="LogNormalize"). Low-
quality cells were excluded by filtering out those with <200
or > 6,000 detected genes. We also filtered out cells with mito-
chondrial counts >20% [13, 14]. Ambient RNA-contaminated
cells were excluded using demuxlet. Normalization was per-
formed using the "NormalizeData" function in Seurat with the
method set to "LogNormalize." Highly variable features were
identified using the "FindVariableFeatures" function with the
"vst" method; "nfeatures" =2000. Batch effects were corrected
using the Harmony algorithm through "RunHarmon." Dimen-
sionality reduction was performed using principal component
analysis using the "FindNeighbors" function with the Louvain
algorithm applied with a resolution of 0.6 to iteratively group
cells using the "FindClusters" function. We generated uniform
manifold approximation and projection (UMAP) with clusters
using the "Run UMAP" function. Thereafter, the following con-
founding factors were regressed using the "ScaleData" function:
cell cycle scores output using the "CellCycleScoring" function,
percentage of mitochondrial DNA, patient identification, and
the number of unique molecular identifiers. Clustering was
performed at a resolution of 0.6, and cell types were annotated
based on known marker genes from the CellMarker 2.0 data-
base specific to breast cancer.
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Processing of scBCR-seq

Raw scBCR-seq data were aligned using CellRanger (ver-
sion 6.6.1) with GRCh38 V(D)J references provided by
10X Genomics. Aligned single-cell BCR data were rean-
notated using Dandelion (version 0.3.5). The Seurat object
was converted to a Scanpy object for integration with BCR
data. This integration facilitated a comprehensive analy-
sis using both gene expression and receptor information.
Clonal analysis was performed using the ddl.tl.find_clones
function, which identifies clones based on identical V-
and J-gene usage, complementarity determining region 3
sequence length, and sequence similarity, using V(D)J chain
junctional/complementarity determining region 3 sequences
with at least 85% sequence similarity based on a number of
amino acid mismatches. Clones were further analyzed to
construct networks using the "ddl.tl.generate_network" func-
tion, which uses amino acid sequences to build Levenshtein
distance matrices. Using these distance matrices, the BCR
network was constructed by generating a minimum-spanning
tree on the adjacency matrix for each clone/clonotype, creat-
ing a simple graph with edges representing the shortest edit
distance between a B cell and its nearest neighbor.

Cell-cell communication

We used CellChat (version 2.1.0) to infer ligand-receptor-
based interactions between cells. CellChat inferred ligand-
receptor interactions on integrated scRNA-seq data accord-
ing to the standard procedures [15]. The expression matrix
and cell type information were imported into CellChat, and
we computed the intercellular communication probability
between each module and other cell populations using the
CellChat "computeCommunProb," "computeCommunProb-
Pathway," and "aggregateNet" functions. To determine the
senders and receivers in the network, the "netAnalysis_sign-
alingRole" function was applied to the netP data slot. The
ligand-receptor pairs based on cell type were identified using
the "netVisual_bubble" function. The communication prob-
ability between two cell types was calculated using the com-
puteCommunProb function in CellChat. This probability is
a quantitative measure of the interaction strength between
ligands and receptors and is calculated based on the aver-
age expression values of specific ligands in one cell type,
their corresponding receptors in another cell type, and any
associated cofactors.

Pseudotime trajectory analysis

Cell differentiation was inferred for B and plasma cells
using Monocle2 (version 2.30.0) with default parameters.
Integrated gene expression matrices for each cell type were
exported from the Seurat object into Monocle to construct a

CellDataSet. All variable genes defined by the "differential-
GeneTest" function (g-val cutoff < 0.05) were used for cell
ordering with the "setOrderingFilter" function. Dimension-
ality reduction was performed using the DDRTree reduction
method with no normalization in the reduceDimension step.

Recombinant antibody production from plasma
cells based on scBCR-seq

The variable regions for both heavy and light chains identi-
fied by scRNA-BCR sequencing were synthesized (IDT Inc.,
USA) and cloned into pCEP4 (Invitrogen, USA) expression
vectors containing a leader sequence of human immuno-
globulin kappa chain and rabbit IgG constant regions. These
expression vectors were then transfected into Expi293F
(Gibco, USA) cells for protein production. Additionally,
40 mL of 25 kDa linear polyethylenimine (PEI, Poly-
sciences, USA) was used as the transfection reagent. Follow-
ing transient expression, the cells were grown in Expi293F
Expression Medium (Gibco, USA) for five days. The rab-
bit IgG proteins were purified from the culture supernatant
using affinity chromatography with MabSelect SuRe resin
(Cytiva, USA). Protein samples were prepared by adding
or omitting 10 X reducing agent (Invitrogen, NP0004) to a
mixture of 1 pg of protein and 4 X sample buffer (Invitrogen,
NPO0007). Protein integrity and purity were assessed using
sodium dodecyl-sulfate polyacrylamide gel electrophoresis
followed by Coomassie Brilliant Blue staining, and protein
concentration was determined using a bicinchoninic acid
assay.

Immunohistochemistry using recombinant
synthetic antibodies

Formalin-fixed paraffin-embedded tumor tissues corre-
sponding to scRNA sequencing were used for immunohis-
tochemistry studies of the synthesized antibodies. The spe-
cific formalin-fixed paraffin-embedded tissue sections were
immunohistochemically stained for the synthesized anti-
bodies (1:200) using an OptiView 3, 3'-diaminobenzidine
Immunohistochemistry Detection Kit on a BenchMark XT
automatic immunostaining device (Ventana Medical Sys-
tems, Tucson, AZ, USA) according to the manufacturer’s
instructions. As negative controls, tonsil tissue and a tissue
microarray comprising 103 normal breast tissues were used.

Plasma cell scoring and the cancer genome atlas
(TCGA) bulk RNA-seq with clinical information

The plasma cell scores were calculated using the scRNA-seq
data by identifying differentially expressed genes between
plasma cells and other cell types and then applying the
plasma cell signature gene set to the bulk RNA-seq data.
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Deconvolution using the plasma cell signature gene set was
performed with the singscore R package v1.20.0. For TCGA
bulk RNA-seq data, normalized gene expression data (illu-
minahiseq_rnaseqv2-RSEM_gene_normalized) and cor-
responding clinical data for 8,469 cancer tissues including
1,079 breast cancers were downloaded from illuminahiseq_
rnaseqv2-RSEM_gene_normalized. The cancer types and
the number of samples for each cancer type are described in
our previous study [13, 14]. Inmunogenic mutation number,
intratumoral heterogeneity score, aneuploidy score, BCR
diversity scores, and plasma cell CIBERSORT score were
obtained from https://gdc.cancer.gov/about-data/publicatio
ns/panimmune [16]. Immunogenic mutations refer to mutant
proteins (neoantigens) among single nucleotide, insertion,
or deletion mutations predicted to bind to major histocom-
patibility complex (MHC) proteins and elicit an immune
response.

Measurement of IGH isotype abundance

Raw RNA-seq data (FASTQ files) were downloaded from
the Cancer Genomics Hub (https://cghub.ucsc.edu/) [17]
for breast cancer (n=1,079), approved by the National
Institutes of Health (no. 30444-1). The modified hg38
human reference genome was used as the reference
genome, masked at the IGK@ locus on chromosome 2
(chr2 88,833,331-90,359,502), IGL@ locus on chromo-
some 22 (chr22 22,010,000-23000000), and IGH@ locus
on chromosome 14 (chr14 104,930,000-106630000).
Raw RNA-seq data were then aligned with the masked
reference genome using TopHat2 (2.0.12 version, default
option) [18] with Bowtie2 (2.0.6 version) [19]. Next, the
unmapped reads of the Binary Alignment Map file, irre-
spective of the status of the other read of the pair, were
collected and used for further analysis. SAMtools (0.1.19
version) and Picard tools (1.119 version) were used to
convert the unmapped Binary Alignment Map files to
unmapped FASTQ format files [20]. Then, the unmapped
FASTQ files were mapped to the reference FASTA files
of IGH isotypes, including G1, G2, G3, G4, Al, A2, D,
E, M, GP, and EP1, to obtain read counts, which were
adjusted by the length of each IGH isotype to calculate
the normalized read count.

Microscopy imaging data

Hematoxylin and eosin-stained histology images of 744
breast cancer tissues were obtained from Berkeley Cancer
Morphometric Data (http://tcga.lbl.gov/biosig/tcgadownlo
ad.do). The intratumoral plasma cell infiltration level was
classified by a pathologist (C.0.S) into four categories,
including no/little, mild, moderate, and marked infiltration,
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based on the hematoxylin and eosin-stained histologic
images.

Statistical analysis

The Wilcoxon-rank sum test or Student’s t-test was used to
compare the intergroup differences in continuous variables.
Spearman’s correlation test was used to measure the corre-
lation between pairs of variables. Linear regression analy-
sis was used to examine the relationship between a single
dependent and one or more independent variables. Survival
analysis was performed using the log-rank test and univari-
ate and multiple Cox proportional hazards regression analy-
ses. All statistical analyses were performed with R v4.1.3.

Results

Study design and single-cell transcriptional
profiling

Based on the idea that plasma cells within the tumor micro-
environment can produce cancer-associated antibodies dur-
ing the anti-tumor immune response (Fig. 1A), we conducted
a study to elucidate the characteristics of these plasma cells
and the antibodies they generate. We performed scRNA-seq
and scBCR-seq on breast cancer tissue specimens from three
patients, two with hormone receptor-positive cancer and one
with triple-negative breast cancer (Fig. 1B). Of the 5,735
sequenced cells, 4,846 cells that passed quality control dur-
ing data preprocessing were included in the final analysis.
When annotating cell types from the scRNA-seq, various
immune and cancer cells were identified (Fig. 1C and Sup-
plementary Table 1). B and plasma cells each expressed their
respective known markers well (Fig. 1D), and plasma cells
accounted for 1-5% of the total cells in the tissue speci-
mens (Fig. 1E). For scBCR-seq sequencing, immunoglob-
ulin chain pairing analysis using Dandelion revealed that
the plasma cell clusters mostly contained a single pair of
chains (93.81%), with orphan chains accounting for only
a small fraction (2.65%), while immunoglobulin was pri-
marily detected only in plasma and B cells (Fig. 1F and
Supplementary Fig. 1A). The predominant immunoglobulin
heavy chain (IGH) isotype expressed by B cells was IGHM
(n=109) (Fig. 1G), whereas that of plasma cells was IGHG1
(n=109) (Fig. 1H and Supplementary Fig. 1B). The pairing
frequency of heavy and light chains showed that the IGHM-
IGKC combination was the most frequent combination in
B cells, while the IGHG1-IGKC combination was the most
frequent combination in plasma cells (Fig. 1G—H and Sup-
plementary Fig. 2). Additionally, we identified a list of genes
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Gene expression, all patients (n=3)
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Fig.1 Single-cell ribonucleic acid-seq gene expression (ScCRNA-
seq) and single-cell B cell receptor (BCR) sequencing (scBCR-seq)
in breast cancer tissue samples. A The schematics of the hypoth-
esis: the infiltrated plasma cells in the tumor tissue would retain the
RNA sequences for the cancer cell-associated antibody synthesis. B
scRNA-seq and scBCR-seq were simultaneously performed on breast
cancer tissue from three patients, two with hormone receptor (HR)-
positive cancer and one with triple-negative breast cancer. C In clus-
tering the scRNA-seq data, the plasma and B cell clusters are identi-
fied (circled). D The plasma cell cluster expresses known plasma cell
markers, assuring the reliability of the clustering. E The proportions

involved in the differentiation of IgM + plasma cells or naive
B cells into IgG + plasma cells (Fig. 1I). Differential gene
expression analysis between the IgG 4+ plasma cell and Naive

00000000 0000000000000°-00°°° -0000000-00°0

BSCL2
IGKC
RRBP1

00250 5@ 75@ 100

CD74
HLA-DRA
RPS27
RPS23
HLA-DPA1
LAPTMS5
CD37
HLA-DRB1
RPL18A
RPL19
RPS21
RPL32
RPL39
RPS15
RPL13
HLA-DPB1
RPL30
RPS3A
-DQA1
RPS19

 HA

Average Expression [l
-0.4 0.0 04

of each cell type from each patient. Plasma cells comprise 5.1%,
1.2%, and 1.0%, respectively. F In the pairing of immunoglobulin
(Ig) heavy and light chains, a single pair was primarily identified in
plasma and B cells; however, no Ig was detected in the other cells.
G Frequencies of Ig isotypes and their pairing found in B cells. H
Frequencies of Ig isotypes and their pairing found in plasma cells.
The most commonly identified Ig isotypes are IGHG1 and IGKC for
the heavy and light chains, respectively. I Gene lists differentially
expressed in IgG* plasma cells compared with [gM* plasma or naive
B cells (Wilcoxon-rank sum test, two-tailed). The dot plots in the
middle panel were generated, excluding the IGH-related genes

B cell confirmed that genes highly expressed in plasma cells,
such as XBPI [21] and SDCI [22], were overexpressed in
IgG + plasma cells.
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Plasma cell infiltration as an effect of tumor immune
response

We performed a cell-to-cell ligand-receptor interaction anal-
ysis using CellChat to investigate the association between
plasma and cancer cells in the immune response within the
tumor tissue and identified a strong interaction among pre-
differentiation B, cluster of differentiation 4 (CD4) T, and
cancer cells within the tumor tissues (Fig. 2A). In CellChat
analysis, enhanced interactions between CD4 T cells and B
cells via the MHC-II pathway was observed in tumor tissues
(Fig. 2B and Supplementary Fig. 3A). Therefore, it is likely
that the MHC-II pathway is activated through the interac-
tion of various cells within the tumor tissue with notably
high expression of human leukocyte antigen (HLA)-DRB1,
which encodes the beta chain of MHC-II, and HLA-DRA,
which encodes the alpha chain (Fig. 2C). The expression
of CD40-CD40LG ligand and receptor genes, which pro-
mote the differentiation of B cells into plasma cells upon
stimulation from CD4 T cells (Supplementary Fig. 3B), was
well-identified in both B and CD4 T cells (Fig. 2D). Taken
together, these findings suggest that the plasma cells within
the cancer tissue samples were cancer-associated plasma
cells induced by the immune response of the tumor-host.
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Identification of plasma cell populations exhibiting
clonal expansion and recombinant antibody
synthesis

We performed a refined cluster analysis specifically on the
plasma and B cell clusters, which allowed us to classify
the cells into naive B, B, and plasma cells (Fig. 3A and
Supplementary Fig. 4). We then conducted a trajectory
analysis, which revealed the differentiation from naive B
to B cells and finally to terminally differentiated plasma
cells (Fig. 3B). We also observed that, as naive B cells
differentiated into plasma cells, the expression of IGHG1
increased while the expression of HLA-DRA gradually
decreased (Fig. 3C). Next, we analyzed the clonality of
plasma cells with Dandelion and observed that most of the
cells forming clones were plasma cells (Fig. 3D). Based
on this information, we selected six plasma cell clones
with full Ig sequences to synthesize antibodies. Ab#1, pro-
duced from the plasma cell that formed the largest clone
(Fig. 3E), originated from the most differentiated plasma
cell (Fig. 3F) in the pseudotime trajectory analysis. The
plasma cells that produced Ab#1 were mostly from patient
1; however, a few were also present in patient 3 (Fig. 3F),
suggesting that shared antigens may exist across cancer

Cancer cell - CD4 T cell CD4 Tcell -Bcell

PPIA - BSG Strength TNF - TNFRSF1B{ @] Strength
PGE2-PTGES3 - PTGER4 max B max
PGE2-PTGES2 - PTGER4 ° | SELPLG -SELL1e | |
PGE2-PTGES - PTGER4 . PTPRC - CD22
MIF - (CD74+CXCR4) ° PGE2-PTGES3 - PTGER4
MIF - (CD74+CD44) . MIF - (CD74+CXCR4) {®
MDK — NCL
MDK - (ITGA4+ITGB1) Ui LPAR2 - ADGRES B
LAMAS - CD44 . IL16 -CD41 o
Desmosterol-DHCR7 - NR1H2 ° HLA-DRBS - CD4
CXCL10 - CXCR3 . ® p<001 HLA-DRB1 - CD4 ® p<001
COL6A2 - CD44 . “nRa
COL6AT -CD44] o HLA-DRA - CD4
CHOLESTEROL-DHCR7 — RORA ° | HA-DQB1 - CD4
CHOLESTEROL-DHCR24 - RORA ° §| HLA-DQAZ-CD41 o
APP — SORL1 ° £ | HLA-DQA1 -CD4
APP - CD74 S| HLA-DPB1 - CD4
Cancer cell = CD4 T cell % HLA-DPA1 - CD4
S| HLA-DOB-CD4{ e
HLA-DOA -CD4{ o
HLA-DMB-CD4{ o
HLA-DMA - CD4
CD40_CD40LG Color threshold: 0.5 CD55 — ADGRES
10.0 NN
ﬁq}\()e\\
H2
P
75 N Y
pu u <A
CD4 T cell 9', > q}\
TN a 50 S’
o

HLA-DOB - CD4
Relative contribution

Fig.2 Ligand-receptor interaction between cell types. A Strength of
interaction among the cell types. A strong interaction of cancer cells
with cluster of differentiation 4 (CD4) T and B cells indicates that the
plasma cells infiltrating the tumor tissue are cancer-associated. B In
cancer-associated CD4 T cells, a significant interaction with B cells
through the major histocompatibility complex class II (MHC-II) path-
way is present. C The MHC-II signaling pathway is activated through
interaction between various immune and cancer cells in breast can-
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cer tissues. Among the ligand (L)—receptor (R) pairs in the MHC-II
pathway, the contribution of human leukocyte antigen (HLA)-DRB1
and HLA-DRA is the highest. D The expression of the CDA40-
CD40LG genes, which are crucial for the differentiation of B cells
into plasma cells, shows that CD40 is primarily expressed in B cells,
while CD40LG is primarily expressed in CD4 T cells, indicating an
interaction between these two cell types
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Fig.3 Antibody synthesis using antibody sequences from plasma
cells with clonal expansion. A Uniform manifold approximation and
projection (UMAP) clustering on the B cells further identifies three
lineages of the B cells—naive B, B, and plasma cells. B Pseudotime
trajectory analysis confirmed that plasma cells are the most differenti-
ated among the B cell lineage (Spearman correlation test, two-tailed).
C The expression of IGHG1 increases during the differentiation of B
cells to plasma cells, whereas the expression of HLA-DRA decreases
(Spearman correlation test, two-tailed). D B cell receptor clonality

tissues among patients. In the clonotype analysis, cells
with the same clonotype were more frequently found in
plasma cells than in B cells, with the plasma cells express-
ing Ab#1 forming the largest group of the same clonotype,
suggestive of clonal expansion (Fig. 3G). The presence
of antibodies, such as Ab#1, generated by plasma cells
showing clonal expansion among multiple clones suggests
its potential involvement in a strong immune response,
possibly contributing to tumor-specific interactions. We
then synthesized the recombinant antibodies through
cloning based on the sequences of the six antibodies from
the selected plasma cell clones (Fig. 3H and Supplemen-
tary Table 2). In the protein electrophoresis experiment,
samples with a reducing agent were labeled as "reduced,"
while those without were labeled as "non-reduced." The

and their sizes. Cells that form two or more clones are predominantly
plasma cells. E Six plasma cell clones selected for antibody synthe-
sis, including antibody 1 (Ab#1), which formed the largest clone size.
F Pseudotime trajectory analysis shows that Ab#l is the most differ-
entiated and predominantly identified clone from patients 1 and 3. G
Clonotype frequency in B and plasma cells. The frequency of clono-
types is higher in plasma cells, and Ab#1 was synthesized from the
clonotype with the highest frequency. H Production of recombinant
antibodies for a total of six antibodies

reducing agent was used to break disulfide bonds, allowing
the visualization of separate light and heavy chain bands
in the gel (Fig. 3H).

Results of immunohistochemical staining of cancer
tissues with the corresponding synthesized
antibodies

We performed immunohistochemistry with the synthesized
antibodies on the cancer tissues previously analyzed by
scBCR-seq (Fig. 3F). Tonsil tissue was used as a negative
control for the antibodies (Supplementary Fig. 5A). After
immunostaining the tumor tissues with the synthesized
Ab#]l, staining was observed along the cell membrane in the
cancer cells from patients 1 and 3, where plasma cells were
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A Cancer cells (Ab #1) B Peritumoral non-neoplastic ductal epithelium (Ab #1)
Pt #1 (membranous +) Pt #2 (negative) Pt #3 (membranous +) Pt #1 (negative) Pt #3 (negative)

Pt #2 (negative)
Lymph node metasta3|s with loss of expression

Cancer cells (Ab #2) Peritumoral non-neoplastc ductal epithelium (Ab #2)
Pt #1 (membranous +) Pt #2 (negative) Pt #3 (membranous +) Pt #1 (negative) Pt #2 (negative)

Cancer cells (Ab #3)
Pt#1 (Iymph node metastasis with loss of expression) Pt #1 (negative) Pt #2 (negative) Pt #3 (negative)

Cancer cells (Ab #4) Cancer cells (Ab #6)
Pt #1 (negative) Pt #2 (negative) Pt #3 (negative) Pt #1 (negative) Pt #2 (negative)

Cancer cells (Ab #5)
Pt #1 (negative) Pt #2 (positive in TIL) Pt #3 (negative)

present; however, no membranous staining was observed in ~ However, a loss of expression was shown in the cancer cells
the cancer cells from patient 2 (Fig. 4A). Additionally, no  that metastasized to the lymph node of patient 1 (Fig. 4C).
immunostaining was observed in the normal ductal epithelial ~ Ab#2 also showed membranous staining in the cancer cells
cells around the tumors in any of the three patients (Fig. 4B).  of patients 1 and 3, although the associated plasma cells

Pt #3 (negative)

Pt #3 (negative)
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«Fig. 4 Immunohistochemical staining results of the synthesized anti-
bodies. A Immunostaining results of Ab#1 in cancer tissues. Mem-
branous staining was observed in cancer cells from patients 1 and 3.
B Peritumoral normal ductal epithelium showed negative staining. C
A loss of expression was observed in the cancer cells that had metas-
tasized to the lymph nodes. D Immunostaining results for Ab#2.
Membranous staining was observed in the cancer cells from patients
1 and 3. E A loss of expression for Ab#2 was observed in the cancer
cells that had metastasized to the lymph nodes. F Peritumoral normal
ductal epithelium showed negative staining. G, H, I Immunostain-
ing results for the remaining four antibodies. All ductal epithelium
showed negative staining, and some lymphocytic cells displayed posi-
tive cytosolic staining

were not identified in patient 3 (Fig. 4D). Again, no stain-
ing was observed in patient 2. Similar to Ab#1, a decreased
expression was observed in the cancer cells with lymph node
metastasis (Fig. 4E). The Ab#2 did not stain the peritumoral
normal ductal epithelium (Fig. 4F). Additionally, we identi-
fied that neither Ab#1 nor Ab#2 stained the normal ductal
epithelium in 103 independent normal breast tissue sam-
ples (Supplementary Fig. 5B). We selected four additional
plasma cells that did not form clones, where full sequences
for both heavy and light chains were identified and the
sequences or isotypes differed. Then, four different antibod-
ies were synthesized using the antibody sequence informa-
tion from these plasma cells. These antibodies, Ab#3, #4, #5,
and #6, were derived from plasma cells that did not undergo
clonal expansion, and none of them showed immunostain-
ing within the cancer tissues (Fig. 4 G H, I). The antibodies
exhibited a cytosolic expression pattern in lymphocytic cells
within the tumor tissues (Fig. 41).

Clinical significance of plasma cell infiltration
in breast cancer

To evaluate the clinical significance of plasma cell infiltration,
we identified a plasma cell signature gene set from scRNA-seq
data (Fig. SA and Supplementary Table 3). Using this gene
set, we performed deconvolution on TCGA bulk RNA-seq
data of breast cancer to calculate plasma cell scores (Fig. 5A).
Additionally, a pathologist classified the degree of plasma cell
infiltration (little, mild, moderate, or marked) in the histologi-
cal images form the TCGA breast cancer dataset (Fig. 5B).
We confirmed that the plasma cell scores derived from the
RNA-seq expression data significantly correlated with the
actual degree of plasma cell infiltration observed histologi-
cally (Fig. 5C). Additionally, this plasma cell score showed
a significant correlation with the plasma cell score obtained
using CIBERSORT (Fig. 5D). Plasma cell infiltration was
associated with the immunogenic mutation burden of the
cancer cells, which can generate novel peptide sequences and
potentially impact the immune response and plasma cell infil-
tration (Fig. SE). Patients with high plasma cell infiltration
in their breast cancer tissue specimens exhibited a favorable

prognosis (Fig. SF), even after adjusting for other clinical vari-
ables including age, sex, tumor staging, and tumor histologic
type (Fig. 5G). Plasma cell infiltration may, therefore, be an
independent prognostic factor, suggesting the high clinical
applicability of antibody synthesis.

Clinical significance of IGH isotype in breast cancer

The prognostic significance of plasma cell infiltration within
tumor tissue has been identified not only in breast cancer but
also among other cancers (Fig. 6A), indicating the substan-
tial clinical importance of plasma cells. In this study, plasma
cells most commonly secreted the IGHG] isotype; therefore,
we further investigated the clinical significance of this spe-
cific isotype. Using an in-house analysis pipeline, we meas-
ured the relative abundance of IGH isotypes from raw RNA-
seq FASTQ files (Fig. 6B). Among the various IGH isotypes
analyzed, IGHG1 showed the strongest correlation with
plasma cell score, suggesting that plasma cells within the
cancer tissue primarily secrete IGHG1 (Fig. 6C). Although
IGHGI1 was the most abundantly secreted isotype in breast
cancer tissues, the amount secreted varied among patients
(Fig. 6D). Furthermore, patients with high levels of secreted
IGHGTI in breast cancer tissues exhibited favorable progno-
ses (Fig. 6E); therefore, the level of IGHG]1 secretion also
served as an independent prognostic factor (Fig. 6F). Similar
to scRNA-seq data, HLA-DRA had the highest expression
among the MHC-II class molecules observed in the breast
cancer tissue samples, which was significantly correlated
with IGHGI isotype expression (Fig. 6G). Additionally,
increased BCR diversity within tumor tissues correlated with
higher IGHG1 expression (Fig. 6H), which may suggest that
tumors with higher IGHG1 expression have a more robust or
active immune response, potentially influencing the behavior
of the tumor and the prognosis of the patient. Breast cancers
with high IGHG1 expression are characterized by increased
immunogenic mutation burden, intratumoral heterogeneity,
and aneuploidy scores (Fig. 61), all of which are character-
istics associated with high tumor immunogenicity. When
examining the association between the somatic mutations of
breast cancer [23] and intratumoral IGHG1 expression, the
TP53 mutation among known driver mutations showed the
strongest association with high IGHGI expression (Fig. 6J).
Therefore, the increased IGHG1 levels associated with these
traits suggest that IGHG1 may be linked to the products of
immune responses associated with cancer cells.

Discussion
In this study, we analyzed the role of plasma cell infiltra-

tion in breast cancer using scCRNA-seq and scBCR-seq. Our
findings provide some insights into the immune landscape
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Fig.5 Clinical significance of plasma cell infiltration in breast can-
cer tissue. A Plasma cell scores of the bulk RNA-seq data from 1,079
patients with breast cancer using the plasma cell signature genes
identified from single-cell RNA-seq. B Histological analysis of the
patient tissue slides to classify their plasma cell infiltration levels
(little, mild, moderate, and marked). Tissues were stained in hema-
toxylin and eosin. The most representative images from two patients
(TCGA-AN-aOFZ and TCGA-A2-AOEQ) are shown. C Plasma cell
scores and infiltration levels by histology reveal a significant posi-
tive correlation (Spearman correlation test, two-tailed). D A signifi-

of breast cancer and suggest the potential of plasma cells as
key components of the tumor microenvironment. Integrat-
ing scRNA-seq and scBCR-seq allowed us to identify the
specific gene signatures and BCR repertoires associated with
plasma cells. Plasma cells expressed high levels of IGHG1
and IGKC, indicating the predominance of the specific Ig
isotypes response within the tumor microenvironment.

Cell type annotation such as plasma cells and naive B
cells from scRNA-seq data was validated by differential gene
expression analysis, which showed that genes such as XBP1
[21] and SDCI [22] were overexpressed in plasma cells,
indicating appropriate cell type classification. Additionally,
the mechanism of isotype switching from IgM to IgG is not
yet well understood. Through differential gene expression
analysis, we aimed to highlight how gene expression differs
between these two isotypes. Although well-known genes
involved in isotype switching, such as IRF4 and PRDM 1
[24], were not included in our top 20 differentially expressed
genes, several of the top genes were associated with cell dif-
ferentiation (YIPF3), and cell survival (CCT4, TMBIM4).
The increased survival signals in IgG + plasma cells suggest
that this isotype of plasma cells is involved in long-term
immunity.

Using scRNA-seq data, we investigated the ligand-
receptor interactions between cancer-associated plasma
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cant correlation between the plasma cell score developed in this study
and the CIBERSORT plasma cell score (Spearman correlation test,
two-tailed). E The plasma cell infiltration levels also show a signifi-
cant positive correlation with immunogenic tumor mutation burdens
(Spearman correlation test, two-tailed). F Patients with high levels
of plasma cell infiltration have a significantly better prognosis than
patients with lower levels of plasma cell infiltration (log-rank test,
two-tailed). G Multiple Cox regression analysis with numerous clini-
cal variables suggest that plasma cell infiltration could be an inde-
pendent prognostic factor

cells and other cell types within the tumor tissues and found
that cancer cells strongly interacted with CD4 T and B
cells. Although we could not directly observe the immune
response process leading to anti-tumor antibody production,
our scRNA-seq data analysis suggests the presence of inter-
actions between B cells and CD4 T cells. This implies that
B cell differentiation may occur within the tumor microenvi-
ronment. In the pseudotime trajectory analysis, we observed
that the antibody clones, particularly Ab#1, exhibited
marked clonal expansion and differentiation, predominantly
in patient 1. This clonal proliferation suggests that specific
antibody clones may play a role in mediating immune
responses against tumor cells. Immunostaining with Ab#1
and #2, identified as having a clonal expansion, showed
membranous staining in cancer cells but not in normal cells,
suggesting that these antibodies may be cancer-associated
antibodies. Although further validation is required to deter-
mine the clinical applicability of these antibodies, the results
of this study imply that this approach could potentially be
useful in the identification of cancer-associated antibodies.
A study by Katoh et al. [25] on the utility of identifying
cancer-associated antibodies in cancer tissues supports our
findings. Furthermore, several studies [7, 26—-28] which have
demonstrated that the intratumoral immune response propa-
gates tumor-oriented immunoglobulin clones and presents
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Fig.6 Clinical significance of IGHGI isotype. A The infiltration of
plasma cells within tumors was associated with favorable prognosis
in various cancers, including breast cancer (univariate Cox regression
analysis). B An analysis pipeline for measuring the abundance of IGH
isotypes (IGH isotype score) within tumors from bulk RNA sequenc-
ing data. C Among the various isotypes, IGHG1 showed the highest
correlation with the plasma cell score (Spearman correlation test,
two-tailed). D Among the various IGH isotypes, IGHGI is the most
abundant among 1,079 breast cancer tissues. E When the IGHGI1
score was divided based on the upper quantile, tumors with higher
IGHGTI scores had better overall, progression-free, and disease-free

a therapeutic approach for human malignancies also under-
score the potential significance of cancer-associated antibod-
ies identified in our study.

T T T T T T T T T 1
100% 60% 20% 0% 20% 60% 100%
Percent of cases

IGHG1 overexpression
= No I Yes

survival (Log-rank test, two-tailed). F IGHGI1 remained indepen-
dently significant for survival even after adjusting for other clinical
variables such as stage (multiple Cox regression analysis). G Among
the MHC-II class genes, HLA-DRA had the highest expression and
significantly correlated with the IGHGI score (Multiple linear regres-
sion analysis). H IGHG1 score was significantly correlated with
BCR diversity (Spearman correlation test, two-tailed). I Tumors with
higher IGHG]1 scores are associated with increased immunogenic
mutations, intratumoral heterogeneity, and levels of aneuploidy (Wil-
coxon-rank sum test, two-tailed). J Association between mutations
and IGHG] levels in breast cancers (Fisher exact test, two-tailed)

An unexpected observation was that the same antibody
clone was isolated from two of the three patients. This can
be partially explained by the study conducted by Furuya
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et al. [25], which described that anti-densely sulfated gly-
cosaminoglycans/nucleic acids clones found in cancer tis-
sues frequently and specifically react with various human
malignancies, suggesting the possibility of cancer-associated
clones shared among patients. In a study on pancreatic can-
cer, Yao et al. [28] identified that the antigens found within
the tumor were self-antigens, such as F-actin and Hsp60,
leading to the production of autoantibodies that reacted with
the antigens. Therefore, the cross-reactivity observed in our
study may be due to an immune response against self-anti-
gens. However, since immunostaining was not observed in
the control healthy tissues, the antibodies are likely associ-
ated with tumor cells. One limitation of our study, however,
is the lack of identification of the specific antigen bound to
the antibodies.

In this study, primary cancer cells showed immunostain-
ing for the antibodies, whereas cancer cells in the lymph
nodes exhibited reduced immunostaining. This could be
related to the evasion of the host immune system by the
cancer cells. However, further research is needed to explore
this connection.

Cancer encompasses a complex cellular microenviron-
ment in which the interactions among the numerous cell
types are pivotal in shaping disease progression and thera-
peutic responses [13, 26, 27, 29]. Although breast cancer
typically exhibits a low mutational burden and limited
immunogenicity, immune activation remains crucial for a
subset of patients [30]. TILs, for instance, have been recog-
nized as biomarkers associated with positive clinical out-
comes and a complete pathological response to neoadjuvant
chemotherapy [31]. The results of our study demonstrated a
significant correlation between plasma cell infiltration and
tumor mutation burden, suggesting that increased plasma
cell infiltration is associated with increased tumor mutation
burden. This relationship indicates that plasma cells may
respond to a higher mutational load by producing a diverse
array of antibodies, potentially enhancing anti-tumor immu-
nity. Moreover, patients with high plasma cell scores exhib-
ited improved overall survival, underscoring the prognostic
value of plasma cell infiltration in breast cancer. Multivari-
able analysis confirmed that plasma cell scores were sig-
nificant predictors of patient outcomes, highlighting plasma
cell infiltration as a potential independent prognostic factor.

In our study, IGHGI1 was observed as the most abundant
isotype, and high intratumoral IGHG1 expression has been
reported to be associated with favorable prognosis in breast
cancer, melanoma, and lung cancer [32-34]. Additionally,
IgG1 has the highest FcyR-binding affinity among the IgG
isotypes, which enables it to effectively induce antibody-
dependent cell-mediated cytotoxicity (ADCC) [35]. These
suggest that IGHG is related to an active immune response
in tumor. In particular, in lung adenocarcinoma with KRAS
mutations, high IGHG1 expression was associated with
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prolonged survival and this may result from the efficient
presentation of mutant KRAS peptides by abundant IgG1
tumor-infiltrating B cells [33]. The recent identification of
KRAS mutation-specific CD4 4+ T cells and the ability of
tumor-infiltrating B cells to present antigens and activate
CD4 +T cells suggest that IgG B cells may play a role in
antitumor immunity [36, 37]. In the breast cancer mutation
data analysis, tumors with high IGHG1 isotype expression
exhibited a significantly higher frequency of 7P53 muta-
tions. Associations with other driver gene mutations may
also suggest that IgG1 B cells are linked to tumor character-
istics. Furthermore, the decreased immunostaining observed
in lymph node metastatic tumors in our study may be related
to differences in the mutation profiles between metastatic
and primary tumors [38].

Our study has several limitations. First, the number of
donors analyzed in the single-cell sequencing for antibody
identification was limited to three, which may restrict the
ability to draw significant conclusions. Second, the lack of
functional validation experiments for the identified antibod-
ies or their binding antigens is another limitation. Addition-
ally, we did not assess the specificity of the antibodies in
various normal tissues beyond breast tissue, which limits the
comprehensive validation of their cancer specificity.

Conclusions

Our study provides an analysis of plasma cell infiltration
in breast cancer, revealing its significant association with
prognosis. The integration of scRNA-seq and scBCR-seq
has uncovered insight into the immune dynamics within
the tumor microenvironment, highlighting the potential of
IGHG1-expressing plasma cells as potential biomarkers and
immunotherapy targets by identifying cancer-associated
antibodies.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00262-025-04045-9.
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