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Abstract

Background Diffuse large B-cell lymphoma (DLBCL) is a clinically heterogeneous malignancy with diverse patient out-
comes, largely influenced by the tumor microenvironment (TME). Understanding the roles of fibroblasts and macrophages
within the TME is essential for developing personalized therapeutic strategies in DLBCL.

Methods This study is a multi-omics approach, integrating spatial transcriptomics (n=11), bulk transcriptomics (n=2,499),
immunohistochemistry (IHC, n=37), multiplex immunofluorescence (mlIF, n=56), and plasma samples (n=240) to identify
and characterize fibroblast and tumor-associated macrophage subtypes in the TME. Hub genes for LYZ" fibroblasts and FNI™*
macrophages were selected through univariate Cox regression and random forest analyses. Their prognostic significance
was validated using IHC, mIF, and autoantibody assays in DLBCL patients treated with R-CHOP and in non-small cell lung
cancer (NSCLC) patients receiving immune checkpoint inhibitors (ICIs).

Results Fibroblasts and macrophages were classified into two distinct subtypes. Patients with higher LYZ" fibroblasts infiltra-
tion demonstrated superior prognosis, which was associated with increased infiltration of FNI* macrophages. Key hub genes
identified for LYZ* fibroblasts included LYZ, ANPEP, CSF3R, C150rf48, LILRB4, CLEC7A, and COL7A1, while hub FNI*
macrophages genes included COLIAI, FNI, APOE, DCN, MMP2, SPP1, COL3A1, and COLIA2. Independent prognostic
markers in DLBCL treated with R-CHOP and NSCLC treated with ICIs were identified, including LYZ and LILRB4 at both
protein and mRNA levels, and COL1A2 autoantibodies (p <0.05). In DLBCL patients treated with R-CHOP, FNI mRNA
and autoantibody levels were also prognostic markers (p <0.05). In NSCLC treated with ICIs, COL3A1 autoantibody was
prognostic marker (p <0.05).

Conclusions This study identified a prognostically relevant LYZ* fibroblasts and FNI* macrophages in DLBCL. The hub
genes associated with these subtypes represent potential biomarkers, providing insights into improving patient outcomes
in DLBCL.

Keywords Spatial transcriptomics - Diffuse large B cell lymphoma - Cancer-associated fibroblasts - Tumor-associated
macrophages - Prognostic marker

Introduction

Diffuse large B-cell lymphoma (DLBCL) is the most preva-
lent and clinically heterogeneous subtype of non-Hodgkin
lymphoma, accounting for approximately 30-40% of cases
globally [1]. Despite significant advances in therapeutic
strategies, including immunochemotherapy regimens such as
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R-CHOP (rituximab, cyclophosphamide, doxorubicin, vin-
cristine, and prednisone), a substantial proportion (20-50%)
of DLBCL patients exhibit resistance to treatment or relapse,
leading to poor prognostic outcomes [2]. While conventional
clinical prognostic tools, such as the International Prog-
nostic Index, provide valuable risk stratification, they do
not account for key cellular interactions within the tumor
microenvironment (TME) that can impact patient outcomes
[3]. This clinical variability underscores the necessity for a
deeper understanding of the TME and its contribution to dis-
ease progression, treatment response, and patient survival.
The TME consists of a complex network of tumor cells,
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stromal cells, and infiltrating immune cells, including fibro-
blasts and macrophages, which play critical roles in tumor
progression and immune evasion [4]. Recent studies have
highlighted the importance of understanding the cellular and
molecular composition of the TME for the development of
more effective, personalized treatment strategies in DLBCL
[5]. In particular, the roles of tumor-associated macrophages
(TAMs) and cancer-associated fibroblasts (CAFs) in modu-
lating the immune response and promoting tumor growth
have garnered increasing attention.

Although fibroblasts were initially regarded as ‘immune-
neutral’ structural determinants, studies have shown that
they play a key role in regulating immune cells and influ-
encing responses to immunotherapy [6]. Stromal-immune
crosstalk is highly relevant in the era of immunotherapy.
The effectiveness of immunotherapy in different types of
lymphoma has shown promise, with Hodgkin lymphoma
being classified as a ‘hot’ tumor containing a relatively large
number of tumor-infiltrating lymphocytes that respond well
to programmed cell death protein 1 blockade. However, most
non-Hodgkin lymphomas, including DLBCL, currently fall
into the unclear categories of ‘immunosuppressive’ and
‘cold” TME, leading to poor responses to anti-PD-1 immu-
notherapy [7, 8]. Fibroblasts in the TME may exhibit both
tumor-promoting and anti-tumor phenotypes [9, 10]. Tran-
scriptomic studies of DLBCL tissues have elucidated the
relationship between the stromal and immune cell landscape
in lymphoma, capturing clinical heterogeneity beyond cell of
origin and genotype classification [11, 12]. A gene signature
closely associated with fibroblasts has been demonstrated to
correlate with favorable survival rates in DLBCL [13], and
the prognostic predictive role of fibroblasts has also been
reported in follicular lymphoma [14] and Hodgkin’s lym-
phoma [15]. However, a comprehensive characterization of
fibroblast and macrophage subtypes in DLBCL, particularly
in relation to their prognostic significance and potential as
therapeutic targets, remains lacking. In our previous study
[16], we characterized the heterogeneity of TAMs and high
glycolysis B cells in DLBCL, identifying a specific TAM
cluster associated with poor prognosis and an exhausted
immune microenvironment. Building on these findings, the
current study shifts the focus to fibroblast heterogeneity, par-
ticularly LYZ" fibroblasts, and their interactions with FNI*
macrophages. This approach provides new insights into the
stromal-immune crosstalk within the DLBCL TME and its
impact on patient outcomes.

In this study, we utilized a multi-omics approach, inte-
grating spatial transcriptomics, bulk transcriptomics, immu-
nohistochemistry, and multiplex immunofluorescence to
systematically explore the fibroblast and macrophage sub-
types in the DLBCL TME. By identifying key hub genes
and validating their prognostic value, we aim to provide
new insights into the cellular dynamics of the TME and to
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uncover potential biomarkers for improving patient stratifi-

cation and treatment outcomes.

Methods

Reagents and tools table

Reagent/resource

Reference or source

Catalog number

Spatial transcrip-
tomics
Formalin-fixed
paraffin-embed-
ded samples
Hematoxylin
Eosin
Glycerol
HCl
Visium spatial
gene expres-
sion for FFPE
reagent kit
Spatial TME
database
Single-cell RNA
sequencing
Single-cell RNA
sequencing
samples
CellMarker

Panglao DB
Bulk-RNA sequenc-
ing

Gene expression
omnibus (GEO)

RNA sequencing
samples receiv-
ing R-CHOP

RNA sequencing
samples receiv-
ing immuno-
therapy

CHCAMS

$330930-2
HT110216
15514011
H1758

1000338 (Human
transcriptome)

http://labwebsite.
yelab.site:1234/#!/

GSE182434

http://biocc.hrbmu.
edu.cn/CellMarker/

https://panglaodb.se/

http://www.ncbi.nlm.
nih.gov/geo
GSE31312
GSE181063
GSE136971
GSE100797 (CAR-
T
GSE126044 (Anti-
PD-1/PD-L1)
GSE173839 (Anti-
PD-L1)
GSE91061 (Anti-
PD-1/CTLA-4)
GSE35640 (Anti-
MAGE-A3)
GSE176307
GSE165278,

GSE78220,
GSE91061

[16]

Dako

Sigma-Aldrich
Thermo Fisher
Sigma-Aldrich

10 x Genomics

N/A

[12]

N/A

N/A

N/A

[17
[18
[19
N/A

—_ e =

N/A

N/A

N/A

N/A

N/A
N/A



http://labwebsite.yelab.site:1234/
http://labwebsite.yelab.site:1234/
http://biocc.hrbmu.edu.cn/CellMarker/
http://biocc.hrbmu.edu.cn/CellMarker/
https://panglaodb.se/
http://www.ncbi.nlm.nih.gov/geo
http://www.ncbi.nlm.nih.gov/geo

Cancer Immunology, Immunotherapy (2025) 74:123

Page 3 of 20

Reagent/resource Reference or source  Catalog number Reagent/resource Reference or source  Catalog number
KM Plot database https://kmplot.com/  N/A Rabbit anti- ab108508 Abcam
analysis/ human LYZ
Metascape https://metascape. N/A IgG antibody
website org/gp/index.html Rabbit anti- #55107 Signalway antibody
String website https://cn.string-db.  N/A human LILRB4
org/ IgG antibody
Biomarker explo- https://rookieutopia. ~ N/A Mouse anti- GB122053 Servicebio
ration of solid hiplot.com.cn/app_ human pan
tumors direct/BEST/ Cytokeratin IgG
Plasma proteomics antibody
antigen microar- HRP-labeled GB23303 Servicebio
ray goat anti-rabbit
Plasma samples ~ CHCAMS [20, 21] I5G secondary
of DLBCL antibody
Plasma samples  CHCAMS (22] HRP-labeled GB23301 Servicebio
of aNS CL% goat anti-mouse
IgG secondary
Plasma samples CHCAMS [21] antibody
‘C)(f)rkl‘;zllthy DAPI G1012 Servicebio
HuProt™ human CDI Labs Version 3.1 Microscope Nikon ECLIPSE CI
proteome high- Rabbit anti- sc-393573 Santa Cruz Biotech-
density antigen human nology
microarray COLIA2 IgG
Bovine serum  9048-46-8 Sigma antibody
albumin (BSA) Rabbit anti- #63034S Cell Signaling Tech-
Alexa fluor 647 109-605-003 Jackson }C“gg“Al G nology
goat anti-human . &
1eG antibody
Immunohistochem- Rabbit anti- #26836S Cell Signaling Tech-
istry human FN1 IgG nology
) antibody
e fombed. B N/A Rabbitanti-  ab303565 Abcam
ded samples of human CD68
DLBCL IgG antibody
Formalin-fixed CHCAMS N/A Scanner 3DHISTECH Pannoramic MIDI
paraffin-embed- CaseViewer 2.4 3DHISTECH Hungary
ded samples of Imagel https://imagej.net/ N/A
aNSCLC software/imagej/
Rabbit anti- ab108508 Abcam Software
human FYZ NovaSeq 6000 https://www.illum Tllumina
IgG antibody ina.com.cn/syste
Rabbit anti- #55107 Signalway antibody ms/sequencing-
human LILRB4 platforms/novaseq.
IgG antibody html
HRP-labeled GB23303 Servicebio R4.3.1) https://www.R-proje  N/A
goat anti-rabbit ct.org/
ng secondary Sanger plot http://www.sange N/A
antibody website rbox.com
hematoxylin G1004 Servicebio Hiplot website https://hiplot.com.cn/ N/A
Microscope Nikon E100 home/index.html
CaseViewer 2.4 3DHISTECH Hungary GenePix 4300A  Molecular Devices 141,095
Multiple Immuno- microarray
fluorescence scanner
Formalin-fixed CHCAMS N/A GenePix Pro v.6.0 Molecular Devices N/A

paraffin-embed-
ded samples

All the materials and tools in this study were listed in the Reagents

and tools table.
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DLBCL and aNSCLC sample collection

47 formalin-fixed paraffin-embedded (FFPE) and 125
plasma samples from DLBCL patients were retrospec-
tively collected before first-line R-CHOP treatment at the
Cancer Hospital, Chinese Academy of Medical Sciences
(CHCAMS), between 2010 and 2023. These samples were
used for spatial transcriptomics (ST), immunohistochemis-
try (IHC), multiple immunofluorescence (mlIF), and plasma
proteomics. Specifically, samples from 2019 to 2023 were
used for ST, while those collected from 2010 to 2020 were
used for IHC, mIF, and proteomics. All plasma samples [20,
21] were collected using ethylenediaminetetraacetic acid,
centrifuged at 867 rcf and 4 °C for 10 min, and stored in 2 ml
conical tubes at —80 °C until the microarray assay. FFPE
samples were stored at room temperature. Additionally, one
lymph node ST sample was obtained from the Spatial TME
database (http://labwebsite.yelab.site:1234/#!/). Inclusion
criteria consisted of DLBCL patients with available sam-
ples obtained prior to first-line R-CHOP chemotherapy, who
had undergone at least two cycles of R-CHOP and had com-
plete clinical data. Exclusion criteria encompassed patients
with secondary primary cancers, primary central nervous
system DLBCL, or DLBCL that transformed from indolent
lymphoma. The efficacy of R-CHOP was evaluated using
the 2014 Lugano criteria. In total, 47 DLBCL patients were
included across two cohorts: ST (n=10) [16], IHC (n=37),
and mIF (n=27). Six out of ten patients in the ST cohort and
all patients in the IHC cohorts were followed up for more
than two years.

Between 2016 and 2022, a total of 36 [22] pretreatment
plasma samples were obtained and 29 FFPE samples from
65 advanced non-small cell lung cancer (aNSCLC) patients
who received immune checkpoint inhibitors (ICIs) therapy
(nivolumab, pembrolizumab, sintilimab, triplimab, camre-
lizumab, or tirellizumab) at the CHCAMS. These samples
were used for mIF and plasma proteomics. The inclusion
criteria for patients were: (1) biopsy-confirmed aNSCLC
and complete clinical follow-up data; (2) aNSCLC patients
receiving ICIs therapy; and (3) use of ICIs as first-line or
later-line treatment. aNSCLC patients meeting any of these
conditions were excluded: (1) with other concurrent cancers;
(2) with non-primary lung tumors; (3) having concomitant
autoimmune diseases; and (4) using other immunosuppres-
sive agents (e.g., steroid medication). The efficacy of immu-
notherapy was evaluated using Response Evaluation Crite-
ria in Solid Tumors (RECIST) version 1.1. Detailed patient
characteristics are provided in Tables S1 and S2, and the
study flowchart is shown in Fig. 1. This study was approved
by the Ethics Committee of the National Cancer Center/
National Clinical Research Center for Cancer/Cancer Hospi-
tal, Chinese Academy of Medical Sciences & Peking Union
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Medical College (No. 23/262-4004). All experiments were
conducted in accordance with the Declaration of Helsinki.

For scRNA-seq, data from GSE182434 [12], which
encompassed four tumor samples from DLBCL patients,
were retrieved. Clinical data and metadata were obtained
from the original study [12]. For bulk RNA-seq, data were
extracted from three GEO datasets (http://www.ncbi.nlm.
nih.gov/geo): GSE31212 (n=470) [17], GSE181063
(n=802) [18], and GSE136971 (n=109) [19]. They were
collected from tissue samples prior to R-CHOP treatment,
with accompanying survival data.

Spatial transcriptomics analysis of cancer-associated
fibroblasts and macrophages

For the 10 ST samples, the experimental procedures, data
preprocessing, sample integration, CARD deconvolution,
cell type annotation, and intratumoral heterogeneity score
analysis were performed as same as described in our original
study [16].

First, we performed clustering and dimensionality reduc-
tion for fibroblast cells. After data preprocessing and integra-
tion, distinct subclusters of fibroblast cells and macrophages
were isolated. The data were segmented using the ‘FindClus-
ters’ function with a resolution of 0.15 for fibroblast cells
and 0.3 for macrophages. The ‘RunUMAP’ function was
used to create a two-dimensional representation of the first
30 principal components through uniform manifold approxi-
mation and projection (UMAP). Marker genes for each cell
type were identified with the ‘FindAllMarkers’ function,
selecting genes detected in at least 25% of cells within the
cluster, with a p value <0.05 from the Wilcoxon test and a
differential expression threshold of 0.25 log fold change (log
FC). Visualization of differentially expressed genes was per-
formed using DotPlot, VInPlot, and DoHeatmap functions.

Next, we analyzed cell metabolic activity, gene set func-
tional enrichment, and transcription factor activity in fibro-
blast cell types. The ‘scMetabolism’ package, designed for
quantifying single-cell metabolism, systematically evalu-
ated and scored clusters within 79 individual metabolic
pathways from conventional single-cell matrix files using a
vision algorithm. Gene set enrichment analysis (GSEA) was
performed using the irGSEA tool. Transcription factor (TF)
activity was inferred with the DoRothEA package, selecting
high-confidence TFs (‘A’, ‘B’, and ‘C’) based on ‘dorothea_
hs’ regulons provided by the package. Viper scores were cal-
culated, scaled, and integrated into the Seurat object as the
‘Dorothea’ attribute. To facilitate comparison of TF activ-
ity, mean and standard deviation were computed for scaled
Viper scores within each cell type, and TFs were ranked
based on the variance of their Viper scores. The top 20 TFs
with the most variable scores in each cell type were selected
for visualization. The ‘Cellchat’ package was used to explore
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Bulk-RNA seq for LYZ* CAF and FN71* TAM

Spatial transcriptomics for CAFs

Spatial transcriptomics (n = 10)

Bulk-RNA seq for CAFs in
R-CHOP (n = 1382) and ICls (n = 1117) cohorts

for DLBCL

Prognostic value for LYZ* CAF and FN1* TAM

|Uni-COX and Random Forest for LYZ* CAF genesl IHC (n=37) and mIF (n=29) ||Plasma (n=240) and mIF

| Cancer-Associated Fibroblasts clustering |

of LYZ* CAF_proteins (n=37) of FN1* TAMs

3 [R-CHOP and IClIs prediction of LYZ* CAF_RiskScore]

[ Meatbolism, GSEA, TFs, Celichat difference |

|TMEs for LYZ* CAF_RiskScore groups |

| R-CHOP prediction H

R-CHOP prediction
(n=37) for DLBCL

(n=125) for DLBCL

4

| Hub genes of CAFs |

I Colocalization of L YZ* CAFs and FN1*TAMQ

ICls prediction (n=29) ICls prediction (n=36)

for aNSCLC

for aNSCLC

[ survival prediction of LYZ*CAFs and FNT*TAMs |
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Fig. 1 Flowchart overview of the study and identification of cancer-
associated fibroblast subgroups. A UMAP plot showing fibroblast
cell types and their distribution across different origin cell groups.
B UMAP plot displaying all cell types. C Dot plot illustrating the
expression levels of fibroblast markers across CAF subclusters. D
Representative spatial plots (S2 and S7) of fibroblast cell type anno-

cell-cell communication, examining categories such as
‘Secreted Signaling’, ‘ECM-Receptor’, and ‘Cell-Cell Con-
tact’ with a minimum cell count criterion of 3.

For a lymph node ST sample, CARD deconvolution
and cell type annotation were performed. The ‘CARD’
package was used to deconvolute ST data based on
four DLBCL scRNA-seq datasets from GSE182434.

@®Non_GCB® GCB B

tations and HE staining. DLBCL: diffuse large B cell lymphoma;
R-CHOP: rituximab, cyclophosphamide, doxorubicin: vincristine,
and prednisone; ICIs: immune checkpoint inhibitors; CAF: cancer-
associated fibroblast; GCB: germinal-center B cell-like; UMAP: uni-
form manifold approximation and projection; HE: hematoxylin and
eosin

A ‘CARD’ object was created using the ‘CreateCAR-
DObject’ function, and deconvolution was carried
out with the ‘CARD_deconvolution’ function using
default parameters. After preprocessing steps including
SCTransform, PCA, and data integration via Harmony,
ST spots were clustered into discrete groups using the
‘FindClusters’ function with a resolution parameter of
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0.5. UMAP visualization of the first 30 principal com-
ponents, performed with ‘RunUMAP’, provided a two-
dimensional representation of the clusters. Marker
genes were identified using ‘FindAllMarkers’ following
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‘PrepSCTFindMarkers’, with genes considered if detected
in at least 25% of cells within the cluster, exhibiting a
Wilcoxon test p value < 0.05, and demonstrating a dif-
ferential expression threshold of 0.25 log fold change
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«Fig.2 Metabolism and signaling enrichment atlas of different fibro-
blast subtypes and fibroblast2 enrichment in a lymph node sample.
A Spatial plots showing cell type annotations and fibroblast2 enrich-
ment in a lymph node sample. B Correlation of transcriptional pro-
files between fibroblast]l and fibroblast2 across ten samples. C ITH
scores comparisons between GCB and non-GCB samples, fibroblast1
and fibroblast2, and GCB versus non-GCB samples within fibroblast1
and fibroblast2. D Heatmap of metabolism enrichment across differ-
ent fibroblast cell types. E Hallmark pathways associated with differ-
ent fibroblast cell types as determined by GSEA. F Heatmap repre-
sentation of the top 20 highly variable transcription factor activities in
fibroblastl and fibroblast2. DZB: dark zone B cells; LZB: light zone
B cells; ITH: intratumoral heterogeneity; and GCB: Germinal Center
B cell

(logFC). These marker genes were cross-referenced with
known cell types using the CellMarker (http://biocc.
hrbmu.edu.cn/CellMarker/) and PanglaoDB (https://
panglaodb.se/) databases. The ‘AddModuleScore’ func-
tion from the ‘Seurat’ package was used to calculate the
fibroblastl risk score.

Bulk-RNA sequencing analysis of cancer-associated
fibroblasts and macrophages

Datasets GSE31212 (platform GPL570, n=470),
GSE181063 (platform GPL14951-11332, n=2802), and
GSE136971 (platform GPL570, n=109) were annotated for
comprehensive analysis. Raw data were subjected to rigor-
ous quality control using the ‘Affy’ package in R, which
involved computing average values for multiple probes cor-
responding to a single gene. Univariate Cox analyses for
overall survival (OS) were conducted using the ‘survival’
package. Results were visualized with scatter plots, risk
score heatmaps, and time-dependent receiver operating char-
acteristic (ROC) curves generated using the ‘ggrisk’ and
‘survminer’ packages, respectively. Optimal cutoff values
for distinguishing high- and low-expression groups were
determined with the ‘maxstat’ package in R. Tumor immune
cell infiltration in all DLBCL patients was calculated using
the IOBR package. Single-sample Gene Set Enrichment
Analysis (ssGSEA) scores across cell types in GEO data-
sets were computed using the ‘GSVA’ package, leveraging
marker genes specific to each cell type. For comparative
analysis of mRNA expression of prognostic markers predict-
ing R-CHOP and immunotherapy response, the Biomarker
Exploration of Solid Tumors (BEST) (https://rookieutopia.
hiplot.com.cn/app_direct/BEST/) and KM Plot databases
(https://kmplot.com/analysis/) were used. Protein—protein
interaction networks among markers were analyzed using the
STRING website (https://cn.string-db.org/), and functional
enrichment of markers was performed using the Metascape
website (https://metascape.org/gp/index.html).

Plasma proteomics validation of DLBCL and aNSCLC
samples

To investigate the fibroblast cells and macrophages marker’s
autoantibodies (AAbs) in plasma, we performed HuProt
high-density antigen microarray (~21,000 proteins) in 20
DLBCL and 36 aNSCLC patients and antibody microarray
targeting 551 unique human proteins in 125 DLBCL patients
and 79 healthy controls [20-22].

The detailed experimental procedures were described pre-
viously [20-22]. For HuProt high-density antigen microar-
ray, proteins with GST tags were synthesized using a yeast
expression system and printed onto 24 blocks on glass sub-
strates. Microarrays were removed from —80 °C and blocked
with 5% BSA in PBS-T for 1.5 h at room temperature. Then,
microarrays were incubated with plasma samples (diluted
1:1000 in 5% BSA) for 1 h at room temperature. After three
washes with 0.1% PBS-T, Alexa Fluor 647 goat anti-human
IgG (diluted in 5% BSA) was added and incubated for 1 h in
darkness, followed by three more washes with 0.1% PBS-T.
Last, microarrays were air-dried and scanned with a GenePix
4300A using a 635 nm laser, and signal intensities of IgG
for each protein were analyzed with GenePix Pro v.6.0 soft-
ware. For antibody microarray targeting 551 unique human
proteins, antibody microarrays on glass were blocked with
500 pl of 5% milk (w/v) per well for 1 h, followed by incu-
bation with biotinylated plasma proteins at 4 °C overnight
(8 h). After washing three times with PBS containing 5%
Tween-20, arrays were incubated with 2 pg/ml streptavidin-
Cy3 for 1 h at room temperature and then washed again.
Fluorescence was detected at 532 nm using a GenePix
4300A scanner, and signal intensity was extracted with
GenePixPro7 software (Molecular Devices). The median
pixel intensity of each spot was adjusted by subtracting the
background intensity to correct for nonspecific binding or
spatial heterogeneity. Average intensities across duplicate
spots were calculated, and spots with intensities below the
background were marked as missing values.

Immunohistochemistry validation

All patient samples underwent hematoxylin—eosin stain-
ing and were meticulously reviewed by two experienced
pathologists to identify cancer lesions. IHC was performed
on FFPE samples following dewaxing and heat-induced anti-
gen retrieval. The samples were washed and treated with a
3% hydrogen peroxide solution to quench endogenous per-
oxidase activity. Primary antibodies were then applied to
FFPE samples, including rabbit anti-human IgG antibodies
specific to lysozyme (LYZ, ab108508, Abcam) and leuko-
cyte immunoglobulin-like receptor B4 (LILRB4, #55107,
Signalway Antibody), at dilutions of 1:2000 and 1:2000,
respectively, after blocking with rabbit serum. Following
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Fig.3 Cell-cell communications across all cell types and identifi-
cation of fibroblastl maker genes and performance of seven maker
gene-based risk scores in predicting survival of DLBCL receiv-
ing R-CHOP in GSE31212. A Heatmap of cell-cell communica-
tion network, showing incoming and outgoing signaling analysis. B,
C Heatmap, and circular plot illustrating the relative importance of
cell groups in the MIF and CCL4-CCRS5 signaling networks, based
on four network centrality measures. C Univariate Cox analysis of
24 fibroblast] maker genes for OS. D Random forest analysis of 24

incubation, the samples were treated with a 1:200 dilution
of HRP-labeled goat anti-rabbit IgG secondary antibody
(GB23303, Servicebio) for 50 min at room temperature.
Diaminobenzidine was used for color development, and the
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Time in months

fibroblast] maker genes for OS. E Correlation of 10 fibroblast2 maker
genes with the fibroblast score. F Protein—protein interaction net-
works of 7 fibroblastl-related proteins. G Scatter plots and heatmaps
for the seven fibroblast1-based risk scores, with Kaplan—-Meier curves
for OS. H Correlation of the 7 fibroblastl gene-based risk score with
fibroblast score calculated by MCP counter and EPIC. MIF: mac-
rophage migration inhibitory factor; DLBCL: diffuse large B cell
lymphoma; R-CHOP: rituximab, cyclophosphamide, doxorubicin:
vincristine, and prednisone; and OS: overall survival

nuclei were counterstained with hematoxylin (G1004, Ser-
vicebio). Results were examined under a white light micro-
scope (E100, Nikon) and quantified using CaseViewer 2.4
(3DHISTECH, Hungary) software.
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Protein expression were quantified by H Score. The H
Score was calculated based on the intensity of the stain and
the percentage of positive tumor cells, with scores ranging
from O to 300. Stain intensity was classified as negative (0
scores), weak (1 score), moderate (2 scores), and strong (3
scores) stain, and the percentage of positive cells was scored
from O to 100. H Score was calculated as the product of
intensity and percentage. H Scores below 60 were deter-
mined as low expression, while H Scores greater than or
equal to 60 were considered high expression.

Multiple immunofluorescence

FFPE tissue sections, 4-5 pm in thickness, were prepared
and subjected to dewaxing and rehydration. Antigen
retrieval was performed, followed by blocking of endog-
enous peroxidase activity using an antibody blocking
solution. Sequential immunostaining was conducted for
each target antigen. Primary antibodies included rabbit
anti-human IgG antibody LYZ (ab108508, dilution 1:2000,
Abcam), LILRB4 (#55107, dilution 1:2000, Signalway
Antibody), COL3A1 (#63034S, dilution 1:3000, Cell
Signaling Technology), FN1 (#26836S, dilution 1:2000,
Cell Signaling Technology), CD68 (ab303565, dilution
1:1000, Abcam), and mouse anti-human pan-cytokeratin
IgG antibody (GB122053, dilution 1:2000, Servicebio)
and COL1A2 (sc-393573, dilution 1:2000, Santa Cruz
Biotechnology). These were followed by incubation with
secondary antibodies: HRP-labeled goat anti-rabbit IgG
(GB23303, dilution 1:500, Servicebio) for LYZ, LILRB4,
COL3Al, FN1, and CD68, and HRP-labeled goat anti-
mouse IgG (GB23301, dilution 1:500, Servicebio) for pan-
cytokeratin and COL1A2. Tyramide signal amplification
(TSA) was used, with subsequent microwave treatment to
remove the TSA-antibody complex, allowing for additional
rounds of antibody labeling. iF555-Tyramide (G1233,
dilution 1:500, Servicebio) was used for LILRB4, iF488-
Tyramide (G1231, dilution 1:500, Servicebio) for LYZ,
and iF647-Tyramide (G1232, dilution 1:500, Servicebio)
for pan-cytokeratin. iF488-Tyramide (G1233, dilution
1:500, Servicebio) was used for COL1A2, iF440-Tyramide
(G1231, dilution 1:500, Servicebio) for COL3A1, iF594-
Tyramide (G1232, dilution 1:500, Servicebio) for FN1,
and iF647-Tyramide (G1232, dilution 1:500, Servicebio)
for CD68. After immunostaining, cell nuclei were coun-
terstained with 4',6-diamidino-2-phenylindole (DAPI),
and slides were coverslipped for scanning. Microscopy
(ECLIPSE C1, Nikon) and scanning (Pannoramic MIDI,
3DHISTECH) were used for result interpretation. Quan-
tification of the number and percentage of positive cells
was performed using CaseViewer 2.4 (3DHISTECH) and
Imagel software. Two experienced pathologists inde-
pendently reviewed all results. During the validation of

macrophage-associated genes in the DLBCL mlIF cohort,
the staining for the APOE antibody failed despite multiple
optimization attempts. As a result, APOE could not be
included in the validation analysis. The remaining three
proteins (FN1, COL1A2, and COL3A1) were successfully
validated using mIF, and their prognostic significance was
confirmed in DLBCL. This limitation is acknowledged,
and future studies will explore alternative approaches
to validate APOE expression and its role in the tumor
microenvironment.

Statistical analysis

All statistical analyses were conducted using R version
4.3.1, Sanger plot (http://www.sangerbox.com), and Hip-
lot (https://hiplot.com.cn/home/index.html). The ‘maxstat’
package in R was used to determine the optimal cutoff
value for categorizing high- and low-expression groups
in survival analysis. A significance level of p <0.05 (two-
tailed) was considered statistically significant for all
analyses.

Results
Study design

The overall study design, as illustrated in Fig. 1, comprised
three phases: (1) spatial transcriptomics for fibroblast sub-
types in DLBCL samples (n = 10) and a lymph node sample
(n=1); (2) bulk-RNA sequencing to assess the prognostic
value of LYZ" fibroblasts and their colocalization with FNI*
macrophages in DLBCL samples (n=1382) treated with
R-CHOP and aNSCLC samples (n=1117) treated with ICIs;
and (3) IHC and mlIF validation for the prognostic value
of LYZ" fibroblasts markers in DLBCL samples (n=237)
receiving R-CHOP and aNSCLC samples (n=29) receiv-
ing ICIs and AAbs validation for the prognostic value of
FNI* macrophages markers in DLBCL samples (n=125)
receiving R-CHOP and aNSCLC samples (n=36) receiv-
ing ICIs. Detailed clinical characteristics are provided in
Tables S1 and S2.

Fibroblast typing by ST: metabolism, GSEA, TFs
and cell-cell communication of fibroblasts

For the 10 ST samples, we performed sample harmony
integration, CARD deconvolution and cell type annotation,
and intratumoral heterogeneity score analysis in accordance
with our original study [16]. Following harmony integra-
tion, fibroblast cells were clustered into distinct types, with
clear separation between patient sample distributions and

@ Springer


http://www.sangerbox.com
https://hiplot.com.cn/home/index.html

123 Page 10 of 20 Cancer Immunology, Immunotherapy (2025) 74:123

Fibro1_low « - Fibro1_high Fibro1_low + « Fibro1_high Fibro1_low « « Fibro1_high
1.00 1.00 1.00
e 9 R
g g
® 075 T 075 075
2 = s
&
S 050 go.so go.u
i 1 i\ 9 i 2
= , i = {
©o2 ! ©02s : © 025
o i i ¢’“ p=0.00048 | G !
3 : 18 | 3 !
H 1
0.00 ! l 0.00 i 0.00 '
0 25 50 75 100 0 2 4 & 8 0 2 14 0 10 20 30 40 50 60 70 80
Number at sk Time in months Number atrisk  Time in months Number at sk Time in months
Low{ ss 28 i 6 o Low{403 200 260 199 108 67 26 6 Low{31 24 20 17 15 122 § 1 0
High{ 415 270 135 46 7 High, 398 1 207 216 2 8 High{ 78 72 5 2 3 4
B 0 25 50 75 100 0 2 4 6 8 10 12 14 0 10 20 30 40 50 60 70 &0
Fibro2_low « « Fibro2_high Fibro2_low + « Fibro2_high Fibro2_low « « Fibro2_high
_ 10 _ oo 1.00
~
X X X
5 o7s o =075
2 2 g
= 2
3 0.50 =050 go,so
7] aR7] 7]
T © T
5025 50.25- p=o13 a.,o.zs
8 8 S
0.00 0.00 Oo.oo
0 25 50 75 100 0 2 4 6 8 10 12 14 ¢ 0 2 X & % 6 N 8
Numberatrisk  Time in months Numberatisk  Time in months Numberatrisk ~ 1ime in months
Low{ 270 173 & 2 3 Low {393 206 270 189 93 s6 17 2 Lowfez 5 40 46 34 20 7 3 1
High{ 200 12 63 4 High {400 325 ¢ 3 4 3 1 H»gh' 47 A 429 22 15 4 2 0
[ 35 50 75 100 6 2 4 6 8 10 i2 14 LI B L R

03 “I.7e-4 3.3e-4  1.5e-5 o051 0.02 13e-27 1.3e9 | ] 96e-3 51e4  1.6e-4

core
g s
—
s

T cells Pdted Macrophages MO Macrophages M1 Tw’?% Macrophages MO Macrophages M1
Low= = High Low = = High

=

Overall s«:wlval(%)

'
' -
' |
028 —
p < 0.0001 i p =0.0095 '
' '
' '
' om0 '
3 H T 33 0] ] L L] b3 " T H L 0 3 %
Time in years Time in years Time in years
Number at risk Number at risk Number at risk
LYZ lowq 111 65 58 40 i 21 " $ LILRB4_low {641 477 422 322 185 106 43 " CiSorf48_lows 305 221 196 151 @ 58 2 5
LYZ hight691 556 499 375 203 100 41 8 LILRB4_high{161 144 135 93 45 24 9 2 Ci50148_hgH 497 400 361 264 138 72 30 8
3 H T 3 ] % ] u T H H ] ) D) [ [ H L] 11 11 I
E Low = = High

100

rviva

1.00
078,
5.

0%
0.2
000

8

Overall survival(%)
g

g

3 % % & K % 3
Time in months
Number at risk Number at risk

CIE I
Time in months

WZlowigo 59 50 44 35 24 9 4 0 |ULRB4Jow 31 24 198 16 15 11 6 3 O CiSorf4B low 68 68 49 44 34 24 9 3 1
LZhighao 37 33 3 20 n 2 1 1 [LWRB4 QM 78 72 64 659 41 24 S 2 1 C1Sort48 high 41 38 34 31 2 1 2 2
T % % % % ® ®© n ® I . . . . To% ™ % % % & ®n %

@ Springer



Cancer Immunology, Immunotherapy (2025) 74:123

Page 110f20 123

«Fig.4 Performance of fibroblastl and fibroblast2 in predicting sur-
vival in DLBCL receiving R-CHOP in GSE31212, GSE181063, and
GSE136971. A, B Kaplan—Meier analysis of OS based on fibroblast1
and fibroblast2 (calculated by ssGSEA). C Distribution of CD4* T
cell, macrophages M0, and M1 cell types in high and low fibroblast1
risk groups. D, E Performance of fibroblastl_markers (LYZ, LYLRB4,
and Cl50rf48) in predicting OS in DLBCL. DLBCL.: diffuse large
B cell lymphoma; R-CHOP: rituximab, cyclophosphamide, doxoru-
bicin: vincristine, and prednisone; and OS: overall survival

germinal-center B cell-like (GCB) and non-GCB groups
(Fig. 1A). PCA clustering identified two distinct fibroblast
subtypes (Fig. 1B), as illustrated in the dot plot (Fig. 1C).
Fibroblast subtype 1 (F1, 4640 spots) exhibited higher
expression of MMP1, MMP12, COL7A1l, P15, cl50rf48,
TNFAIP6, IDOI, IL6, CCLI8, and CXCLI10, and fibroblast
subtype 2 (F2, 2374 spots) showed elevated expression
of MGP, HSPB6, IGHGI, TNXB, SFRP2, NR4Al, GEM,
ZBTBI6, TAF11L6, and IGF1 (Fig. 1C, Table S3). F1 and F2
exhibited distinct regional distribution patterns in HE stain-
ing (Fig. S1 A-B), with F1 located near the tumor region and
F2 positioned farther from it, as demonstrated in the repre-
sentative staining plots (Fig. 1D). The distribution of cell
types across samples is detailed in Table S4 and Fig. S1C.

To investigate the distribution of two types of tumor-asso-
ciated fibroblasts in normal lymph node tissue, ST samples
from a normal lymph node, obtained from the SpatialTME
database (http://labwebsite.yelab.site:1234/#!/), were ana-
lyzed. Quality control of the lymph node sample revealed
4039 detected spots. The nCounts, percentage of mitochon-
drial genes, and nFeatures for this sample are shown in
Fig. S2A. PCA clustering, along with reference to single-cell
annotation databases (CellMarker and PanglLaoDB), identi-
fied eight distinct cell types (Fig. S2B). Reference mark-
ers are detailed in the heatmap (Fig. S2C) and Table S5.
Consistency between CARD deconvolution results and
manual annotation is illustrated in Fig. S3A-B. Gene mark-
ers (FC> 1.0, p <0.05) used for calculating F1 and F2 in the
lymph node sample revealed that F1 exhibited the highest
infiltration of dendritic cells, while F2 was most abundant
in normal fibroblast cells (Fig. 2A).

Transcriptional profiles correlation analysis between F1
and F2 cells across ten samples revealed that F1 cells exhib-
ited a higher correlation than F2 cells (Fig. 2B, Table S6).
This finding was consistent with the intratumoral heteroge-
neity scores (Fig. 2C, Table S7), and GCB patients showed a
higher correlation than non-GCB patients (Fig. 2C). F1 cells
demonstrated elevated metabolic activity in most (60/79)
metabolic pathways (Fig. 2D) and exhibited significant
enrichment in interferon gamma response, [L6-JAK-STAT3
signaling, and interferon alpha response (p <0.05) (Fig. 2E).
Enhanced TF activities were observed in F1 cells for USF2,
SPI1, STAT2, USF1, STAT3, HIF1A, CEBPA, SP1, IRF1,
IRF9, RUNXI, FOS, NFE2L2, REL, and PPARG (Fig. 2F).

Among 54 detected pathways across 10 cell types, the mac-
rophage migration inhibitory factor (MIF) pathway emerged
as a prominent signaling mode, both incoming and outgoing
(Fig. 3A). Specifically, macrophages and malignant B cells
were identified as the primary senders, with F1 cells display-
ing greater receptivity to the MIF pathway compared to F2
cells (Fig. 3B).

LYZ" fibroblasts risk score in bulk sequencing

To assess the prognostic value of F1 and F2 cells, 33 genes
associated with F1 (FC> 1.2, p<0.05) and 15 genes associ-
ated with F2 (FC> 1.0, p <0.05) were selected. Univariate
Cox analyses revealed that 24 genes associated with F1 had
prognostic value for OS (p <0.05) (Fig. 3C). The top 10
genes (LYZ, ANPEP, CSF3R, PLA2G7, C150rf48, IGSF6,
MMPI12, LILRB4, CLEC7A, and COL7A1I) were identified
using random forest analysis (Fig. 3D). Correlation analysis
of gene markers with fibroblast score (calculated by MCP
counter) indicated that seven genes (LYZ, ANPEP, CSF3R,
Cl50rf48, LILRB4, CLEC7A, and COL7A1I) were posi-
tively correlated (R>0, p <0.05) with the fibroblast score
(Fig. 3E). Protein—protein interaction network analysis
demonstrated interactions among these F1 signature genes
(Fig. 3F). So F1 was named as LYZ" fibroblasts. A risk score
model based on these seven LYZ* fibroblasts markers was
constructed using the formula: risk score =% (Expression *
Coefficient), with coefficients determined by Cox regression
in the ‘rms’ package. Samples were stratified into high- and
low-risk groups based on the optimal cutoff value (Fig. 3G).
The high-risk score group exhibited significantly worse OS
(» <0.05) (Fig. 3G) compared to the low-risk score group.
The LYZ" fibroblasts risk score showed a negative correla-
tion (R <0, p <0.05) with fibroblasts (as calculated by MCP
counter) and cancer-associated fibroblasts (CAFs, as calcu-
lated by EPIC) in GSE31212 (Fig. 3H), with similar results
observed in GSE181063 and GSE136971 (Fig. S4A-B).
Seven genes for LYZ* fibroblasts and 15 genes for F2
were evaluated using ssGSEA. LYZ* fibroblasts demon-
strated a significant prognostic value for OS (p <0.05)
across three GEO datasets (Fig. 4A), whereas F2 did not
(p>0.05) (Fig. 4B). According to CIBERSORT analysis,
the high-risk score group exhibited a more robust immune
environment, characterized by elevated (p < 0.05) infiltration
of activated CD4" T cells, MO macrophages, and M1 mac-
rophages (Fig. 4C). Among the seven LYZ" fibroblasts mark-
ers (LYZ, ANPEP, CSF3R, C150rf48, LILRB4, CLEC7A, and
COL7AI), LYZ and LILRB4 showed significant prognostic
value for OS across three GEO datasets (p <0.05) (Fig. 4
D-E). LYZ also demonstrated prognostic significance in six
DLBCL datasets (n=1095, p <0.05) (Fig. SSA) and was
associated with higher IGHM and MUC16 gene mutations
in patients with lower LYZ expression (p <0.05) (Fig. S5B).
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(Abbreviation: DLBCL: diffuse large B-cell lymphoma; R-CHOP: rituximab,
cycolphosphamide, doxorubicin: vincristine, and prednisone,; OS: overall survival.)

B

SMARCA2 . . § FN1 . APOE MMP2 SPP1
4 L g
FCRLS . . 3 s 2 et 3} 1
2
IRF4 . . 1 i s I N 1
0 0 0 ]
CLECL1 ) s Macro1 Macro2 Macro1 Macro2 Macro1 Macro2 Macro1 Macro2
cos2 . DCN c3 CEBPD CCLS
petem gﬂ by e 3 ngar - g 2 . 3 .
TFRC . . X 2 s 2 2 2 s,
1
cxeL3 . . - §! ! . !
° s ccLs ° . Sepyen Macro1 Macro2 Macro1 Macro2 ~ Macro1 Macro2 Macro1 Macro2
e S5 CEBPD . . ':: g CXCL1:? TFRC CDSZ. CLECL1
e Ss3 . . " 31 2y 3 o] Lp 2
® S2 et l 2 2 o
® S9 DCN . ¥ ; ; o
® S6
e sio SPP! Macro? Macro2
® S7 mmP2 o 2 Es o 3= :
e S1 ° . 2] e ' 2] i 2
e S8 APOE §: | i B
FN1 L . 0 ° °
Macro1 Macro2 Macro1 Macro2 Macro1 Macro2

g =

® Fibro2
@ Fibro1

D Macro1_low = “ Macro1_high Macro1_low = “ Macro1_high Macro1_low = “ Macro1_high E
" 100 1,00+
g g £
T =. =
g $ 2
2. AR, .
] ' ? ' 2
= = 5 =
[ ! gm ' 1 [
2 |p=0012 ’ ¢ 1p=0011 : ! |&|p=0011
S [P0H L1118, [P annnpmaif-AL
N - = » el = d hd = 0w - 2 H H i [} 2 " 0 1© E] » © = L
Monterstcat_Time in months Nomberat e Time in years Numeerat sk Time in years
Lowisz 327 267 207 8 11t 71 40 27 2 3 Low fas 28 216 157 & %2 4 Low {z ® 15 w 9 7 2
High: 5 4 l High 4 ‘ High
. R E R E R EE k e 2 . 1 1] o 12 “ . o " 2 » @ [] [
F p value Hazard ratio G
GSE31212 APOE 1.70E-08 Fesssieriiasniel 50-0(0-31-0453)
COL1A21 60E-03 O —— } 06(044083)
COL3A1 o003 [ ' ED.S(O.AG,Q%)
FN1 1.70E-03 [ TIEE- S spe—— | ;0.61(0.44,0.83)
GSE181063APOE 6 50E-07 Proesese@onssonsae] : 0.59(0.48,0.73)
COL1A22 10E-04 P Ensr(nsa,oa:» )
COL3A12.00E-03 Broerenre@ennneannans] 1 0.72(0.59,0.89)
FN1 1 50£-03 Jersersre@ecssanasnnal 50'71(0-58.0488) O”_
GSE136971APOE  0.04 v SRR TS ARt iR Sa S e 1 E 0.5(0.25,0.96)
" 4 1037(019069)  1fz - B 7:\ =
COL1A21.30E-03 : p? = - x 2
COL3A19.606-03 ' ° ' 1043(023089)
FN1 o002 ! - i ! 0.48(0.25,0.91)

02 03 04 05 06 07 08 09 10

Cancer Immunology, Immunotherapy (2025) 74:123



Cancer Immunology, Immunotherapy (2025) 74:123

Page 130f20 123

«Fig.5 Identification of macrophage subgroups and their colocali-
zation with fibroblastl in predicting survival of DLBCL receiving
R-CHOP in GSE31212, GSE181063, and GSE136971. A UMAP plot
showing macrophage cell types and their distribution across different
origin cell groups. B Dot plot and violin plot illustrating the expres-
sion levels of macrophage markers. C Colocalization of macrophagel
with fibroblastl in ten samples. D Kaplan—Meier analysis for OS
based on macrophagel (calculated by ssGSEA). E, F Protein—protein
interaction networks of 8 macrophagel-related proteins and univari-
ate Cox analysis of 4 macrophagel maker genes for OS. G OS strati-
fied by the fibroblastl marker-based risk score combined with mac-
rophagel in GSE181063, and distribution of fibroblasts, macrophages
MO, and M1 cell types in high and low macrophagel risk groups.
DLBCL.: diffuse large B cell lymphoma; R-CHOP: rituximab, cyclo-
phosphamide, doxorubicin: vincristine, and prednisone; UMAP: uni-
form manifold approximation and projection; and OS: overall survival

Additionally, LYZ and LILRB4 were found to be elevated in
responders compared to non-responders among pan-cancer
patients (melanoma, NSCLC, and breast cancer) receiving
immunotherapy (including CAR-T and anti-PD-1/PD-L1/
CTLA-4/MAGE-A3) (p<0.05) (Fig. S5C) and were
associated with superior progression-free survival (PFS)
(p<0.05) (Fig. S5D). Higher levels of LYZ and LILRB4 were
also linked to enrichment in the IL6-JAK-STAT?3 signal-
ing pathway (p <0.001) (Fig. S5E). LYZ and LILRB4 are
highly expressed in dendritic cells and macrophage cells in
single-cell samples of NSCLC (rn=38) (Fig. S6A). Patients
with higher LYZ or LILRB4 expressions also demonstrated
longer OS in the GSE218989 (n=339) compared to those
with lower LYZ or LILRB4 expression (p <0.05) (Fig. S6B).

Macrophage typing by ST and their prognostic value
in bulk-seq

Based on cell-cell communication results and differences
in immune cell infiltration observed in bulk-RNA sequenc-
ing, macrophages were categorized into distinct types at the
ST level. Macrophage cells were divided into two subtypes,
with patient sample distributions showing a mix of GCB and
non-GCB groups (Fig. 5A). As illustrated in the dot plot and
UMAP plots (Fig. 5B, Fig. S7A), macrophages1 (M_1, 1786
spots) exhibited higher expression levels of CCL5, CEBPD,
C3, DCN, SPP1, MMP2, APOE, and FNI, whereas mac-
rophages2 (M_2, 1078 spots) showed elevated expression
of CXCLI13, TFRC, CD52, CLECLI, IRF4, FCRLS5, and
SMARCA?2 (Fig. 5B and Table S8). M_1 was named as FNI™*
macrophages. The distribution of cell types across samples
is detailed in Fig. S7B and Table S9. Correlations between
FNI* macrophages and M_2 cells across ten samples
are shown in Fig. S7C and Table S10. FNI* macrophage
cells demonstrated enriched activity in the HALLMARK
pathways of epithelial mesenchymal transition, IL6-JAK-
STAT3 signaling, complement, angiogenesis, and coagula-
tion (p <0.05) (Fig. S7D). Enhanced TF activities for SP3,

PRDM14, SMAD3, JUN, RUNXI1, SP1, and HNF4G were
specifically observed in FNI* macrophage cells (Fig. STE).
Colocalization of LYZ" fibroblasts and FNI™ macrophage
cells was evident across ten samples in Fig. 5C. Patients with
higher FNI* macrophage cell infiltration (top 10 genes cal-
culated by ssGSEA) also showed superior OS across GEO
datasets (p <0.05) (Fig. 5D). Protein—protein network anal-
ysis revealed interactions among these FNI" macrophage
signatures (Fig. 5E). Four genes (APOE, COLIA2, COL3Al,
and FN1) demonstrated prognostic value for OS across three
GEO datasets (p <0.05) (Fig. 5E). Patients with higher FNI*
macrophage and LYZ" fibroblasts cell counts exhibited the
best OS compared to other groups (p <0.05) (Fig. SF).

Validation of prognostic value for LYZ" fibroblasts
and FN1* macrophages markers in DLBCL
and aNSCLC patients receiving immunotherapy

To validate the generalizability of our findings beyond
DLBCL, we extended our analysis to NSCLC samples.
NSCLC was selected as a representative solid tumor model
due to its well-characterized TME and the availability of
large-scale clinical and transcriptomic data. This compara-
tive approach allowed us to explore whether the fibroblast-
immune cell interactions identified in DLBCL are conserved
in other cancer types, providing broader insights into their
potential as therapeutic targets. To validate the prognostic
value of FNI™ macrophages markers, we conducted IHC
analysis of LYZ and LILRB4, and mIF analysis of FN1,
COL1A2, COL3A1, and CD68 in 37 DLBCL patients
treated with R-CHOP, along with mIF analysis of LYZ and
LILRB4 in 29 aNSCLC patients receiving ICIs (Tables S1
and S2). In DLBCL patients, Fig. S8 presents the scoring
criteria for LYZ and LILRB4, categorized as strong, mod-
erate, weak, and negative expression. Representative IHC
staining of LYZ is illustrated for a patient with prolonged
PEFS (1697 days) and another with short PFS (341 days),
alongside LILRB4 staining in a patient with long PFS
(826 days) and one with short PFS (64 days), and accord-
ing to HE images, they were highly expressed in fibroblasts
(Fig. 6A). PFS analysis demonstrated the prognostic signifi-
cance of LYZ protein expression in this cohort (p <0.05)
(Fig. 6B), while not LILRB4 protein expression. In aNSCLC
patients treated with ICIs, representative mIF staining for
DAPI, LYZ, LILRB4, and pan-cytokeratin is shown in
Fig. 6C, with LYZ and LILRB4 intensity identified as sig-
nificant predictor of OS (p <0.05) (Fig. 6D). COL3A1 and
FNI* macrophages intensity identified as significant predic-
tor of PFS (p <0.05) (Fig. 6E).

To further validate the prognostic value of FNI* mac-
rophages markers, we performed an AAb assay using
the HuProt high-density platform on samples from 20
DLBCL and 36 NSCLC patients, as well as utilizing 551
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Fig.6 Prognostic value of
LYZ and LILRB4 proteins in
DLBCL receiving R-CHOP
(n=37, 10X) and aNSCLC
receiving ICIs (n=29, 2X and
10X). A Representative [HCs
staining of LYZ in patient 1
(PFS=1697 days) and patient
2 (PFS=341 days), LILRB4 in
patient 3 (PFS =64 days) and
patient 4 (PFS =826 days). B
Kaplan—Meier survival curves
of PFS grouped by the LYZ and
LILRB4 expression in DLBCL.
C Representative mIF staining
of LYZ, LILRB4, and pan
Cytokeratin. D Kaplan—Meier
survival curves of OS grouped
by the LYZ and LILRB4
expression in aNSCLC. E
Kaplan—Meier survival curves
of PFS grouped by the COL3A1
expression and FNI* mac-
rophages in DLBCL. DLBCL:
diffuse large B cell lymphoma;
R-CHOP: rituximab, cyclo-
phosphamide, doxorubicin:
vincristine, and prednisone;
aNSCLC: advanced non-small
cell lung cancer; ICIs: immune
checkpoint inhibitors; IHC:
immunohistochemistry; PFS:
progression-free survival; mIF:
multiple immunofluorescence;
and OS: overall survival
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unique human protein microarrays on 125 DLBCL sam-
ples (Tables S1 and S2). For the 20 DLBCL samples, we
employed fold change > 1.0 and p < 0.05 as cutoffs for select-
ing candidate AAbs (Fig. 7A, Table S11). Among these,
the COL1A2 AAD was elevated (p=0.06) in the complete
remission group compared to none-complete remission
group. Representative density staining of the COL1A2 AAb
from a patient with long PFS (2011 days) and another with
short PFS (193 days) is shown in Fig. 7A. Patients with
higher COL1A2 AAD levels demonstrated superior PFS
(p<0.05) (Fig. 7B). Additionally, elevated COL1A2 and
COL3A1 mRNA expression was associated with improved
OS in the GSE218989 (p <0.05) (Fig. 7C). In the 36 NSCLC
samples, high levels of COL1A2 and COL3A1 AAbs were
also correlated with better PFS (p <0.05) (Fig. 7C). Further-
more, in 125 DLBCL samples compared to 79 healthy con-
trols, FN1 AAb levels were significantly higher in DLBCL
(p<0.05), and elevated FN1 AAb levels were associated
with improved PFS (p <0.05) (Fig. 7D).

Discussion

Several studies have focused on CAFs and DLBCL progno-
sis [23-26]. B. Apollonio, et.al found that DLBCL exposure
reprograms key immunoregulatory pathways in fibroblasts,
including the transition from homeostatic chemokine to
inflammatory chemokine expression, as well as an increase
in antigen-presenting molecules. Activated fibroblasts
inhibit the activity of CD8* tumor-infiltrating lymphocytes
through the abnormal expression of PD-1 ligands (PD-L1
and PD-L2) [23]. Five genes (A2M, FN1, CTSB, MMP9,
and SPARC) were reported to have association with CAFs
infiltration in DLBCL [24]. The gene signature of DLBCL
stroma was correlated with better survival in B cell lym-
phoma, possibly due to CAFs attracting and trapping malig-
nant B cells, thereby preventing their dissemination to new
anatomical sites [25], like adipose tissue-derived fibroblasts
can suppress the formation of plasmablasts and induce the
formation of regulatory B cells [26]. However, whole tissues
provide average gene expression levels, which fail to reveal
the differences in cellular heterogeneity within tumors.
Additionally, single-cell transcriptomics studies focused on
DLBCL, such as GSE182434 [12], did not include fibro-
blast cells. In contrast, spatial transcriptomics effectively
addresses these issues. While our previous work [16] high-
lighted the role of TAMs and high glycolysis B cells in
shaping an exhausted immune microenvironment, the cur-
rent study reveals the critical role of fibroblast-macrophage
interactions, particularly LYZ* fibroblasts and FNI* mac-
rophages, in determining DLBCL prognosis. These findings
expand our understanding of the DLBCL TME and identify

novel therapeutic targets with potential relevance across
cancer types.

This study employed a multi-phase design to investigate
the interactions between fibroblast and macrophage sub-
types in DLBCL. The research commenced with spatial
transcriptomics to categorize fibroblast subtypes, followed
by bulk-RNA sequencing to evaluate the prognostic implica-
tions of LYZ* fibroblasts and FNI* macrophages in DLBCL.
Subsequent validation through IHC and mIF revealed a sig-
nificant association between high LYZ" fibroblast scores
and improved patient prognosis, alongside increased infil-
tration and colocalization of FNIT macrophages. Notably,
key prognostic markers, including LYZ, LILRB4, COL1A2,
COL3Al, and FN1, were identified as critical indicators for
survival in DLBCL and NSCLC patients.

Lysozyme (LYZ), which encodes lysozyme, is a compo-
nent of the innate immune system produced by various cells,
exhibiting antibacterial properties and showing high expres-
sion in mucus and saliva, with some immunosuppressive
effects [27-29]. LYZ can promote fibroblast proliferation
through the JAK/STAT3 signaling pathway [30]. Yu-Jie
Zhou et al. discovered a LYZ" epithelial cells associated
with traditional serrated adenoma in colorectal cancer [31].
In DLBCL, studies have found that higher levels of LYZ
were associated with longer OS [32-34], and LYZ was posi-
tively correlated with macrophage infiltration in Hodgkin
lymphoma [35]. Additionally, LYZ could inhibit the growth
of human gastric cancer and lung cancer fibroblasts [36].
Consistent with our findings that LYZ is associated with
favorable prognosis in DLBCL. LYZ" fibroblasts were asso-
ciated with higher macrophage infiltration, high transcrip-
tion factor activity of HIF1A [37] and STAT3 [38], usually
activated in CAF and promotes CAF activation. In NSCLC,
previous studies have indicated that fibroblasts were linked
to poorer prognosis. We predict that LYZ, highly expressed
in dendritic cells and macrophages in NSCLC, may exert its
effects by inhibiting fibroblast proliferation.

Fibroblast proliferation was increased in co-culture
with exosomes secreted by macrophages, and the expres-
sion levels of Collagen type I alpha 2 (COLIA2), Colla-
gen type III alpha 1 (COL3A1I), and Fibronectin 1 (FNI)
were significantly elevated [44]. FNI is a key member
of the extracellular matrix glycoprotein family and has
been found to be widely expressed in various cell types.
It mediates the interaction between cells and the extra-
cellular matrix, playing a role in cell adhesion, migra-
tion, differentiation, growth of immune cells [39], and
can regulate macrophage adhesion, playing an important
role in the inflammatory response [40]. FN1 has gar-
nered increasing attention due to its relationship with
tumor progression and its potential value as a therapeu-
tic target in cancer immunotherapy [41-43]. In various
tumors, including liver cancer [44], pancreatic ductal
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«Fig. 7 Prognostic significance of autoantibodies against COL1A2,
COL3Al, and FNI in patients with DLBCL receiving R-CHOP
(n=20 and 125) and NSCLC treated with ICIs (n=36). A Volcano
plot, boxplot, and representative density plots of patients illustrating
the distribution of COL1A2 autoantibodies in DLBCL. B Kaplan—
Meier curve for PFS based on COL1A2 autoantibody levels in
DLBCL. C Kaplan—Meier curves for OS and PFS in NSCLC patients
receiving immunotherapy, stratified by COL1A2 and COL3Al
mRNA levels in GSE128989 and autoantibody presence, alongside
representative density plots of COL1A2 and COL3Al autoanti-
bodies. D Comparison of FN1 autoantibody levels between healthy
controls and DLBCL, with Kaplan—Meier analysis for PFS based on
FN1 autoantibody levels. DLBCL: diffuse large B cell lymphoma;
R-CHOP: rituximab, cyclophosphamide, doxorubicin: vincristine,
and prednisone; NSCLC: non-small cell lung cancer; ICIs: immune
checkpoint inhibitor; OS: overall survival; and PFS: progression-free
survival

adenocarcinoma [45], breast cancer [46], gastric cancer
[47], and thyroid cancer [48], FNI is positively corre-
lated with higher macrophage infiltration. SPPITFNI1™
macrophages were first identified during the fibrosis pro-
cess following cardiac and renal injury, showing expres-
sion of the resident macrophage marker gene APOE, and
were demonstrated to have pro-fibrotic effects, capable
of regulating fibroblast activation, also known as fibro-
genic macrophages [49-52]. SPPI*FNI* macrophages
can alter the expression of inflammatory and fibrotic
genes in fibroblasts via FNI [53]. In DLBCL, patients
with higher expression of FNI were correlated with
longer survival [13, 54-58], which aligns with our find-
ings that FN1 levels at the mRNA and autoantibody lev-
els were associated with favorable prognosis in DLBCL,
and the colocalization of FNI™ macrophages with LYZ"*
fibroblasts. COLIA2 and COL3A 1 were fibrous collagens
that encodes the precursor of the alpha 2 chain of type
I collagen and alpha 1 chain of type III collagen [59].
COLIA2 and COL3A1I were highly expressed in smoking-
related lung cancer [60], and COL3A1 was upregulated in
cisplatin-resistant lung cancer cells [61]. In lung adeno-
carcinoma, patients with high COL3A I-positive endothe-
lial cell scores have better prognoses and lower meta-
static risks, along with increased infiltration of cytotoxic
cells (including macrophages, activated CD8-positive T
cells, and NK cells), as well as the immune checkpoint
molecules CTLA-4, PDCDI1, and PDCDILG?2 [62]. In
melanoma, mutations in COL3A1 were associated with
improved overall survival in ICIs treatment, increased
infiltration of pro-inflammatory M1 macrophages, and
decreased infiltration of immunosuppressive M2 mac-
rophages [63]. This aligns with our findings that COL3A1
levels at the mRNA and AAb levels were associated
with favorable prognosis in NSCLC undergoing ICIs.
COL1A2, as a regulatory factor for macrophages, was
associated with higher levels of macrophage infiltration
in various tumors (including melanoma [45], pancreatic

ductal adenocarcinoma [46], colorectal cancer [47], and
gastric cancer [48]). In DLBCL, COLIA2 mRNA was
expressed at lower levels in high-grade DLBCL com-
pared to low-grade DLBCL [49], and it was positively
correlated with favorable prognosis in DLBCL [7]. This
aligns with our findings that COL1A2 levels at the mRNA
and AADb levels were associated with favorable prognosis
in DLBCL.

The identification of LYZ, FN1, COL1A2, and
COL3AL1 as robust prognostic biomarkers in both DLBCL
and NSCLC opens new avenues for their clinical appli-
cation. These biomarkers hold significant potential for
integration into routine clinical practice, particularly
for patient stratification, prediction of immunotherapy
response, and monitoring of treatment efficacy. LYZ pro-
tein levels could serve as a valuable tool for identifying
high-risk DLBCL and NSCLC patients, while elevated
FNI1 protein and autoantibody levels, along with COL3A1
protein expression, may predict improved responses to
R-CHOP therapy in DLBCL. Furthermore, COL1A2 and
COL3A1 autoantibodies could serve as predictive mark-
ers for response to ICIs therapy in NSCLC. By incorpo-
rating these biomarkers with existing prognostic tools,
clinicians can refine risk assessment and tailor personal-
ized treatment strategies, ultimately enhancing survival
outcomes for DLBCL and NSCLC patients.

There are some limitations to this study. Firstly, while
our approach identified LYZ* fibroblasts and FNI™ mac-
rophages, further functional studies are required to fully
understand their biological roles within the TME in
DLBCL. Second, our analysis did not explore the poten-
tial interactions between these fibroblast and macrophage
subtypes and other immune cell populations, which may
play critical roles in shaping the TME and influencing
patient outcomes. Third, while we validated our findings
in NSCLC samples, the generalizability of these results to
other cancer types requires further investigation. Finally,
in vivo and in vitro experiments are essential to confirm
the therapeutic potential of the identified biomarkers and
to evaluate their relevance across different cancers.

Conclusion

In summary, our study identified distinct LYZ* fibroblasts
and FNI* macrophages within the TME of DLBCL, both
of which demonstrated significant prognostic value and
spatial colocalization. Key genes associated with these
subtypes, including LYZ, LILRB4, COL1A2, and FNI,
were correlated with improved patient survival in DLBCL
and showed potential relevance in NSCLC. These find-
ings suggest that these biomarkers may serve as promising
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candidates for further investigation into their therapeutic
potential across cancer types. However, additional valida-
tion and functional studies are needed to confirm their
roles and applicability in clinical settings.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00262-025-03968-7.
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