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A B S T R A C T

Purpose: The tumor microenvironment (TME) in lymphoma is influenced by M2 macrophages. 
This research proposes an novel predictive model that leverages M2 macrophage-associated genes 
to categorize risk, forecast outcomes, and evaluate the immune profile in patients with newly 
diagnosed diffuse large B-cell lymphoma (DLBCL) undergoing R-CHOP therapy.
Methods: Gene expression data and clinical information from DLBCL patients were retrieved from 
The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases. Co-expressed 
genes linked to M2 macrophage in DLBCL were analyzed using CIBERSORT. Gene Ontology (GO) 
and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses were conducted to 
explore associated signaling pathways. The M2 macrophage-related gene prognostic model was 
developed and validated using Cox and LASSO regression. Prognostic signature genes were 
verified by single-cell RNA-seq analysis.
Results: 92 M2 macrophage-related genes were identified based on bulk-seq data. MS4A4A, 
CCL13, LTB, CCL23, CCL18, XKR4, IL22RA2, and FOLR2 were used to construct the risk model. 
AUC values for 1-, 3-, and 5-year survival were 0.74, 0.72, and 0.72, respectively. High-risk 
patients demonstrated elevated immune scores and poorer overall survival. The high-risk sub
group also exhibited greater sensitivity to both chemotherapeutic agents and immune checkpoint 
inhibitors.
Conclusion: This study presents an accurate and reliable M2 macrophage-related risk model, 
enhancing understanding of distinct prognostic subsets in DLBCL. It offers potential novel drug 
options for future treatments.

1. Introduction

Diffuse large B-cell lymphoma (DLBCL) is one of the most commonly diagnosed forms of non-Hodgkin lymphoma, representing 
30–40 % of all cases [1]. Although the incorporation of the anti-CD20 monoclonal antibody rituximab into chemotherapy has 
significantly improved DLBCL survival, the prognosis for DLBCL patients remains poor, necessitating the exploration of new 
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therapeutic targets [2,3]. Gene expression profiling studies of DLBCL biopsy specimens have revealed increased infiltration of mac
rophages into the DLBCL stroma [4]. Within the tumor microenvironment, macrophages exist in diverse polarized subtypes, with 
functional heterogeneity observed between M1 and M2 macrophages. However, the specific mechanisms underlying the impact of M2 
macrophage infiltration on DLBCL pathogenesis remain unclear [5,6].

Expression of immune checkpoint genes in diffuse large B-cell lymphoma (DLBCL) exhibits heterogeneity. PD-1/PD-L1 blockade 
emerges as a potential therapeutic strategy for patients with refractory or relapsed DLBCL [7]. The prognostic and predictive bio
markers associated with immune infiltration and the expression of PD-1, PD-L1, PD-L2, and CTLA-4 in DLBCL samples remain poorly 
defined.

The role of macrophages in the tumor microenvironment has been a subject of controversy [8]. In the classical model, macrophages 
are classified into M1 and M2 subtypes, each characterized by distinct activation mechanisms and effector functions [9]. M1 polar
ization is linked to macrophage-mediated tissue damage and tumor cell killing, whereas M2 polarization is believed to support tumor 
growth by suppressing immune responses and promoting angiogenesis [10]. A high abundance of tumor-associated macrophages 
(TAMs) has been associated with poor prognosis in DLBCL patients not treated with rituximab [11–14]. Conversely, high TAM 
infiltration has been associated with a favorable outcome in patients treated with rituximab-containing regimens [13,15]. Notably, a 
high abundance of TAMs with an M2-like phenotype, characterized by CD163 expression, has been associated with poor prognosis, 
even in patients treated with rituximab [16]. Consequently, further investigation into the correlation between clinicopathological 
features, prognosis, and M2 TAMs is urgently required.

The aim of this study is to identify genes associated with M2 macrophage infiltration in DLBCL and develop a prognostic model to 
predict patient outcomes, stratifying individuals into high and low risk groups. Furthermore, we seek to assess the therapeutic 
sensitivity to various treatments, offering a theoretical basis for the development of novel therapeutic approaches for DLBCL.

2. Materials and methods

2.1. Patients and cohorts

Gene expression data (RNA-seq) from 481 DLBCL samples, along with clinical follow-up and clinicopathological information, were 
retrieved from The Cancer Genome Atlas (TCGA) using the TCGAbiolinks [17] R package in R software (version 4.2.2, https://www.r- 
project.org). Additional clinical and genetic subtypes data for DLBCL patients were retrieved from the supplementary files of the GDC 
DLBCL publication [3]. Additionally, gene expression data coupled with corresponding clinical information for 414 and 498 DLBCL 
patients were retrieved from the GSE10846 and GSE31312 datasets, respectively [4,18].

Gene expression levels, quantified as Transcripts Per Kilobase Million (TPM), were ascertained by leveraging the count2TPM 
function available in the IOBR R package [19]. For gene symbol annotation, the Homo sapiens GRCh38 annotation file was retrieved 
from Ensembl [20]. Data Preprocessing for Microarray: The Robust multi-array average (RMA) algorithm was employed to uniformly 
preprocess and normalize the raw array data [21].

2.2. Characterization of lymphoma immune microenvironment

The ESTIMATE algorithm was used to infer the proportions of immune and stromal cells in the samples, utilizing the ’estimate’ 
package in R [22]. To assess the immune cell composition, we employed the CIBERSORT algorithm using the CIBERSORT R script 
v1.03 package in R software. CIBERSORT results were derived from the leukocyte signature matrix (LM22) and the reference gene 
matrix [23]. Only samples with a CIBERSORT p-value <0.05 were included in the analysis.

2.3. Gene expression correlation analysis

Correlation analysis was performed using gene expression data from NCICCR-DLBCL and M2 macrophage infiltration information 
from CIBERSORT. A co-occurrence network linking M2 macrophage infiltration to genes associated with it was constructed based on 
Pearson’s correlation coefficients (|R| > 0.45) and a p-value threshold of p < 0.001.

2.4. Enrichment analysis of biological functions

Biological pathway enrichment analysis was conducted using the ’clusterProfiler’ [24] to examine genes associated with M2 
macrophage infiltration. GO and KEGG pathway analyses were performed to investigate the biological processes and signaling 
pathways linked to M2 macrophage infiltration. Moreover, GSEA was performed using the expression profiles of all genes across the 
two subtypes. This analysis aimed to identify gene sets that were significantly enriched in specific subtypes or risk categories.

2.5. Construction of risk assessment model

A model for predicting outcomes associated with M2 macrophages was constructed through the application of Cox and LASSO 
regression methods within the training group. First, we performed a univariate regression analysis to determine genes related to M2 
macrophages that have a significant correlation with survival results. Genes with a p-value <0.01 were considered potential candi
dates. LASSO analysis was applied to further narrow down the selection of key M2 macrophage-related genes. This analysis was 
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conducted using the ’glmnet’ package in R.
The risk model was developed using the expression values (M) of each selected M2 macrophage gene and its coefficient (β). Risk 

score =
∑j

n=1(βj*Mj), where j represents the index of selected genes. Based on the median risk score, DLBCL patients were categorized 
into low- and high-risk subgroups. Time-dependent receiver operating characteristic (ROC) curves were utilized to assess the pre
dictive accuracy of the model. The NCICCR-DLBCL dataset was used as the training dataset, and external validation was conducted 
using two distinct cohorts, GSE10846 and GSE31312. The clinical characteristics of the training and validation cohorts are summa
rized in Table 1. A significance threshold of p < 0.05 was applied to all statistical analyses.

2.6. Relationship between the clinical characteristics and M2 macrophage-related risk model

To evaluate the prognostic accuracy of the risk model within specific subgroups defined by clinical factors such as age, gender, Ann 
Arbor stage, Eastern Cooperative Oncology Group Performance Status, lactate dehydrogenase (LDH) levels, cell of origin (COO), and 
number of extranodal sites, we performed a comparative survival analysis across different risk groups within each clinical subgroup.

Additionally, to clarify the association between the risk model and clinical variables, we analyzed the distribution of risk scores 
among various clinical subgroups. This comparison was conducted using the ’ggpubr’ package in R, which facilitated the visualization 
and interpretation of the relationships between the risk model and specific clinical characteristics.

2.7. Identification of independent prognostic factors and development of a nomogram

In the training and validation datasets, we executed univariate and multivariate regression analyses to determine whether the risk 
score and clinical parameters independently predicted outcomes in DLBCL patients. By incorporating these prognostic factors, we 
performed a nomogram using the ’foreign’ and ’survival’ packages in R. The nomogram effectively assigned score points to each 
prognostic factor based on its contribution to overall survival (OS). The C-index was utilized to evaluate the accuracy of the nomogram. 
Calibration curves visually demonstrated the agreement between observed and predicted survival rates.

2.8. Correlation of immune modulators with the M2 macrophage-associated prognostic model

Immune checkpoint inhibitors (ICIs) have shown promise in cancer treatment by blocking checkpoint proteins and promoting T 
cells to target and eliminate cancer cells [25]. In the context of B-cell lymphoma, previous studies have identified several immune 
checkpoint genes, such as PD-1, CD47, CD276, LAG3, HAVCR2, and CTLA-4, as potential therapeutic targets [26–33].The Wilcoxon 
test was employed to evaluate the relationship between the risk score and the expression levels of these checkpoint molecules. This 
analysis aimed to clarify the possible influence of the M2 macrophage-related risk model on the tumor immune microenvironment and 
its potential role in shaping immunotherapy approaches.

2.9. Predict drug sensitivity

In order to evaluate the response to chemotherapy in patients with DLBCL, we employed the R package "pRRophetic" for our 
analysis [34]. This package employs ridge regression to predict drug sensitivity for individual samples. The predictive accuracy was 
evaluated using the GDSC (Genomics of Drug Sensitivity in Cancer) training dataset [35]. In this analysis, we aimed to predict the 

Table 1 
Clinical and pathological characteristics of patients with DLBCL in this study.

Training cohort Validation cohort-1 Validation cohort-2

NCICCR (n = 234) GSE10846 (n = 305) GSE31312 (n = 426)

Age, No. (%)
＞60 years 118 (50) 159 (52) 247 (58)
≤60 years 116 (50) 146 (48) 179 (42)

Gender, No. (%)
Male 139 (59) 171 (56) 243 (57)
Female 95 (41) 134 (44) 183 (43)

Subtype, No. (%)
ABC 87 (37) 125 (41) 183 (42)
GCB 111 (48) 133 (44) 203 (48)
Unknown 36 (15) 67 (15) 40 (10)

Ann Arbor Stage, No. (%)
I or II 109 (47) 144 (47) 200 (47)
III or IV 121 (52) 161 (53) 226 (53)

ECOG score, No. (%)
<2 166 (71) 230 (75) 350 (82)
≥2 52 (22) 75 (25) 76 (18)
Unknown 16 (1) – –

Abbreviations: ECOG: Eastern Cooperative Oncology Group; GCB: germinal center B-cell-like lymphoma; ABC: activated B-cell-like lymphoma.
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sensitivity of DLBCL patients to specific chemotherapeutic or target agents. By employing ridge regression and cross-validation 
techniques, we obtained accurate predictions of drug sensitivity for each sample. The GDSC training set served as a valuable 
resource for training and validating the prediction model.

2.10. Validation results by single-cell RNA sequence (scRNA-seq) analysis

For the validation of our findings, we utilized scRNA-seq data retrieved from the heiDATA (https://heidata.uni-heidelberg.de). This 
dataset included three normal control samples and three DLBCL samples. The Seurat R package (v4.0.2) was employed for maintaining 
data integrity and conducting quality control [36]. Genes detected in three were removed from further analysis to improve the ac
curacy of the results.

Prior to further analysis, we applied several quality control filters to the libraries. Libraries with more than 5 % mitochondrial 
transcripts were excluded to reduce potential bias from damaged cells. In addition, libraries exhibiting an abnormal range of unique 
molecular identifiers (UMIs) suggestive of doublets, as well as those with fewer than 200 expressed genes, were also discarded. After 
data preprocessing, we normalized the expression data to a logarithmic scale using the ’NormalizeData’ function. To standardize the 
data, we employed the "ScaleData" function. Next, we identified marker genes with significant differential expression by applying the 
following criteria: genes must be detected in at least 25 % of cells within the target cluster, have a Wilcoxon test p-value <0.05, and 
exhibit a minimum log fold change of 0.25. Visualization of gene expression levels was performed using FeaturePlot, DotPlot, and 
DoHeatmap. Using established classical markers, we annotated the resulting clusters as T cells (CD2, CD3D, CD3E, CD3G, TRAC), NK 
cells (NKG7, GNLY), B cells (CD19, MS4A1, CD79A), and macrophages (CD163, CD68, CD14).

2.11. Validation results by immunohistochemistry

To validate the protein expression of genes in the M2 macrophage-related risk model across both DLBCL and normal tissues, we 
retrieved data from the Human Protein Atlas [37]. Using these IHC data, we assessed the protein expression profiles of the M2 
macrophage-related risk model genes in DLBCL samples and their corresponding normal tissue counterparts. This further strengthened 
the robustness of our findings and provided additional evidence for the potential clinical significance of the identified genes.

2.12. Statistical analysis

All statistical analyses in this study were performed using R software (version 4.2.2, https://www.r-project.org/). Continuous 
variables between two groups were compared using the independent Student’s t-test, while the Wilcoxon rank-sum test was employed 
for non-normally distributed variables.

3. Results

3.1. Elevated infiltration of M2 macrophages is linked to adverse prognoses

To investigate the association between M2 macrophages and the prognosis of DLBCL, we utilized the CIBERSORT algorithm to 
quantify the M2 macrophage infiltration in the NCICCR-DLBCL samples. Following this, DLBCL patients were stratified into two groups 
based on high and low M2 macrophage infiltration. Kaplan-Meier survival analysis demonstrated a significant survival difference 
between the high- and low-M2 macrophage subgroups (Fig. 1A), with patients in the low-M2 macrophage subgroup showing improved 
overall survival (Fig. 1A). These findings were further corroborated by the analysis of the GSE10846 and GSE31312 datasets, which 
consistently demonstrated that patients with high infiltration of M2 macrophages had significantly poorer overall survival compared to 
the low M2 macrophage content group (Fig. 1B and C; p < 0.001, p = 0.024).

Fig. 1. The group with a high content of M2 macrophages exhibited significantly worse prognosis. (A) NCICCR training cohort; (B) GSE10846 
validation cohort-1; (C) GSE31312 validation cohort-2.
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3.2. Identification of genes associated with M2 macrophage infiltration

To identify genes linked to M2 macrophage infiltration in DLBCL, we integrated the sequencing data from the NCICCR-DLBCL 
database with M2 macrophage infiltration data derived from CIBERSORT. A significance threshold of P < 0.001 and an absolute 
Pearson correlation coefficient (|R| > 0.45) were applied. Consequently, we identified 92 genes associated with M2 macrophage 
infiltration (Table S1). Fig. 2 illustrates the top six genes with the strongest correlations. Among the genes correlated with M2 
macrophage infiltration, studies across various types of tumors have shown that MS4A4A is selectively expressed by tumor-associated 
macrophages [47]. Targeting MS4A4A may potentially enhance the efficacy of immune checkpoint inhibitors (ICIs) in DLBCL. CCL13, 
CCL23, and CCL18 are cytokine genes, and CCL18 plays a crucial role in the interaction of TAMs with neoplastic tumor cells [48]. 
Elevated CCL18 levels have been linked to poor prognosis in various cancers, including breast cancer, cutaneous T-cell lymphoma, and 
lung cancer [49–51].

3.3. Gene correlation analysis and exploration of potential underlying mechanisms

Utilizing the 92 identified genes, we generated a co-expression network diagram to showcase their complex interplay and con
nections (Fig. 3A). A correlation analysis was performed to examine gene relationships (Fig. 3B). We also carried out GO and KEGG 
pathway analyses based on these genes (Fig. 3C and D). The KEGG analysis highlighted significant alterations in pathways related to 
phagosome dynamics, complement regulation, coagulation cascades, and B cell receptor signaling. In the GO analysis, several bio
logical pathways were notably impacted, including the response to external stimuli, activation of immune responses, leukocyte 
proliferation, and eosinophil migration. Moreover, there were distinct changes in cytological components, such as the secretory 
granule membrane, collagen trimer, and cytoplasmic vesicle lumen. Additionally, significant alterations in molecular functions were 
observed, particularly in immune receptor activity, immunoglobulin binding, chemokine activity, and chemokine receptor binding. 
These co-expressed genes potentially modulate M2 macrophage infiltration in DLBCL through the following mechanisms. The com
plement of phagosomes, coagulation cascades, and signaling pathways of the B cell receptor, as highlighted in the KEGG analysis, are 
also proposed as potential mechanisms through which M2 macrophages may facilitate tumor progression [45]. KEGG analysis has 
revealed a statistically significant association between changes in the Coronavirus disease (COVID-19) and M2 macrophage activity, 
implying that COVID-19 infection may potentially enhance M2 macrophage function, thereby influencing the development of DLBCL.

Fig. 2. Correlation maps of the top 6 genes associated with M2 macrophage infiltration.
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3.4. Construction and validation of prediction models

In the training cohort (NCICCR-DLBCL dataset), we conducted univariate regression analysis using the gene expression profiles of 
92 genes and survival data from DLBCL patients, identifying 66 prognostic genes (Fig. 4A). Next, LASSO Cox regression was employed 
to select the optimal subset of genes for the risk score model, ultimately identifying 8 M2 macrophage-related genes that formed the 
foundation of our prognostic signature in DLBCL (Fig. 4B–D). Risk score = (MS4A4A × − 0.035) + (CCL13 × 0.036) + (LTB × − 0.07) 
+ (CCL23 × 0.05) + (CCL18 × 0.11) + (XKR4 × − 0.08) + (IL22RA2 × − 0.017) + (FOLR2 × − 0.017). Patients were categorized into 
high-risk (n = 110) and low-risk (n = 124) groups based on the median risk score threshold. The survival outcomes were markedly 
poorer for the high-risk group compared to the low-risk group (p < 0.001, Fig. 4E). Time-dependent ROC curve analysis indicated 
strong predictive accuracy (AUC values: 1-year: 0.74, 3-year: 0.72, and 5-year: 0.72) (Fig. 4F). Similarly, the high-risk subgroup had 
markedly poorer prognoses than the low-risk subgroup (Fig. 5A–C; p < 0.001 for GSE10846; p < 0.05 for GSE31312). Additionally, the 
AUC values for the two independent validation cohorts varied between 0.67 and 0.84 (Fig. 5B–D), reinforcing the reliability and 
predictive accuracy of our model.

Fig. 3. Results of gene correlation, GO, and KEGG analyses. (A) Co-occurrence network between M2 macrophage infiltration and genes related to 
M2 macrophage infiltration; The red and blue linkages indicate the positive and negative correlations, respectively; (B) Results of correlation 
analysis; (C–D) Results of GO and KEGG analysis.
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Furthermore, we performed gene set enrichment analysis based on different risk scores. The high-risk group showed enrichment in 
pathways related to antigen processing and presentation, as well as the PPAR signaling pathway (Fig. S1). On the other hand, the low- 
risk group was predominantly associated with enriched pathways, including metabolism of ascorbate and aldarate, olfactory trans
duction, and metabolism of porphyrin and chlorophyll (Fig. S2).

3.5. Distribution of risk scores in various subtypes of DLBCL

DLBCLs of the activated B-cell-like subtype were overrepresented in the high-risk subgroup, whereas those of the germinal center B- 
cell-like subtype were predominantly found in the low-risk group (p = 1.34e-14) (Fig. 6A–C). Schmitz et al. previously classified 
DLBCL into four major genetic subtypes, each demonstrating unique responses to immunochemotherapy: MCD, BN2, N1, and EZB. 
Different responses to immunochemotherapy were observed across these subtypes, with the BN2 and EZB groups demonstrating more 
favorable survival rates, whereas the MCD and N1 subtypes were correlated with worse outcomes. Specifically, the high-risk group 
contained a higher percentage of MCD patients, who are typically linked to poorer prognosis (Fig. 6B–D).

3.6. Predictive value of risk score on prognosis

A nomogram was constructed based on the NCICCR-DLBCL data, incorporating age, ECOG, and COO, all of which were found to be 
significant predictors of patient prognoses (Fig. 7A). Notably, the prognostic prediction using the risk score demonstrated excellent 
calibration for 1-, 3-, and 5-year prognoses, closely aligning with the actual prognoses of patients (Fig. 7B). Furthermore, the outcomes 
of both univariate and multivariate analyses demonstrated that the risk score exerts a independent influence on survival outcomes 
(Fig. 7C and D).

Additionally, we explored the impact of different clinical characteristics on the prognosis within each risk score subgroup. Notably, 
the survival advantage in the low-risk score group was particularly evident among patients with early Ann Arbor stages (I + II), age 
≤60, ECOG<2, fewer than 2 extranodal sites, and low IPI levels (Fig. 8A, B, C, D, E). Regarding the COO subgroups, high-risk scores in 
the ABC group correlated with worse survival outcomes, while the GCB group still demonstrated better prognosis regardless of risk 

Fig. 4. Construction of an M2 macrophage-related prognostic model. (A) Univariate prognostic analysis results; (B) Lasso regression analysis results; 
(C) Cross-validation results; (D) Eight M2 macrophage-related prognostic model genes used to create our prognostic signature in DLBCL; (E) Survival 
analysis results in NCICCR training cohort; the dashed lines indicate the corresponding 95 % confidence intervals; (F) ROC curves and AUCs for 1, 3, 
and 5 years in the NCICCR training cohort.
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score groups (Fig. 8F). The AUC of the risk score outperformed that of the IPI score in both the NCICCR training cohort and the 
GSE31312 validation cohort. (Fig. S3).

3.7. M2 macrophage-related risk model and immunity

The results revealed a significantly higher infiltration of CD8 T cells,M1 and M2 macrophages, and monocytes in the high-risk 
group compared to the low-risk group (p < 0.01, Fig. 9A). Conversely, the low-risk group exhibited a notably higher frequency of 

Fig. 5. External validation of the M2 macrophage-related prognostic model. (A) Kaplan-Meier survival curves showing a significantly worse 
prognosis for the high-risk group in the GSE10846 validation cohort; the dashed lines indicate the corresponding 95 % confidence intervals; (B) ROC 
curves and AUCs for 1, 3, and 5 years in the GSE10846 validation cohort; (C) Kaplan-Meier survival curves showing a significantly worse prognosis 
for the high-risk group in the GSE31312 validation cohort; (D) ROC curves and AUCs for 1, 3, and 5 years in the GSE31312 validation cohort.
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M0 macrophages, memory B cells, and naïve B cells (p < 0.05). Furthermore, the expression of immune checkpoint markers (PD-1, PD- 
L1, PD-L2, CD47, CD276, LAG3, TIGIT, HAVCR2, and CTLA-4) was higher in the high-risk group (p < 0.01, Fig. 9B). Moreover, the 
high-risk group had elevated immune scores in contrast to the low-risk group (Fig. S4).

Fig. 6. Comparison of different risk scores in various subtypes of DLBCL. (A–B) Comparison of risk scores in various subtypes of DLBCL, with GCB 
representing germinal center B-cell-like lymphoma and ABC representing activated B-cell-like lymphoma. ns p ≥ 0.05; *p < 0.05; **p < 0.01; ***p 
< 0.001; ****p < 0.0001. (C–D) Distribution of samples in different groups in the NCICCR cohort, showing the percentage of risk scores in each 
corresponding grouped sample. Different colors represent different subtypes of DLBCL. The table above presents the distribution of a certain subtype 
in any two risk groups and analyzes the p-value using the chi-square test.
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3.8. Verification of core M2 macrophage-related risk gene expression patterns using scRNA-seq and IHC analysis

To further confirm the cellular composition expressing the core M2 macrophage-related risk genes within the tumor microenvi
ronment, we conducted scRNA-seq analysis using DLBCL data from the heiDATA database. The t-SNE analysis uncovered four distinct 
clusters of cells, which included B cells, monocyte-derived macrophages, NK cells, and T cells (Fig. 10A). Upon analyzing the 
expression pattern of the risk genes, we observed that MS4A4A, CCL18, IL22RA2, and FOLR2 were predominantly expressed in 
macrophages, while LTB showed a predominant expression in pan-leukocytes (Fig. 10B and C). Additionally, XKR4 was found to be 
expressed at low levels in NK cells, while FOLR2 and CCL23 were detected at low levels in B cells. The IHC results of protein expression 
for MS4A4A, CCL13, LTB, CCL23, CCL18, XKR4, IL22RA2, and FOLR2 obtained from the HPA database are displayed in Fig. S5.

3.9. Screening for potential drugs with anti-cancer compounds

We utilized the GDSC database to assess their potential association with drug sensitivity. Drug sensitivity for each cancer cell line 
was quantified by the IC50 value, which represents the concentration required to inhibit cell growth by 50 %. A lower IC50 value 
indicates greater sensitivity to the drug. Considering the notably poorer prognoses observed in the high-risk group, we identified six 
drugs that demonstrated increased sensitivity in this cohort: Venetoclax, AZD7762 (a novel checkpoint kinase inhibitor), AZD6482, 
Bortezomib, Epirubicin, and Cyclophosphamide (Fig. 11). This analysis suggests that grouping patients based on their risk scores can 
aid in identifying DLBCL patients who may benefit more from these specific drugs.

Fig. 7. Assessment of risk score on the prediction of patient prognosis. (A) Nomogram based on age, COO, risk score, and ECOG. ECOG represents 
Eastern Cooperative Oncology Group, and COO represents cell of origin. (B) Calibration curve of the nomogram, indicating agreement between 
predicted and observed survival in the model. (C–D) Results of univariate and multivariate analyses, demonstrating that the risk score is an in
dependent factor influencing survival status over other indicators.
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4. Discussion

The involvement of tumor-associated macrophages in DLBCL has been widely investigated, with their presence linked to diverse 
prognostic outcomes, which are influenced by treatment protocols and the specific macrophage subtypes present [5]. Immunohis
tochemical studies have demonstrated that tumor-associated macrophage (TAM) markers, such as CD68 and CD163, are linked to 
poorer prognoses in DLBCL patients undergoing chemotherapy alone. However, the addition of rituximab to chemotherapy appears to 
improve outcomes, particularly in cases of de novo DLBCL [13]. In contrast, an elevated presence of tumor-associated M2 macrophages 
has been associated with poorer disease-free survival in de novo DLBCL patients treated with R-CHOP [38]. In this study, we sought to 
develop and validate a prognostic model specifically focused on M2 macrophage infiltration in DLBCL patients. The M2 
macrophage-based prognostic model exhibited strong predictive accuracy for clinical outcomes, offering significant insights into the 
tumor microenvironment, activated signaling pathways, and patient responsiveness to chemotherapy and targeted therapies in DLBCL.

Previous studies have explored macrophage infiltration using various markers like CD68 or CD163 through immunohistochemistry 
assays. However, these studies yielded inconclusive results regarding the association between CD68+ and CD163+ TAM density and 
patient survival [5]. In our analysis, we applied the CIBERSORT to estimate the proportions and gene expression profiles of infiltrating 
M2 macrophages using publicly available datasets. Our findings consistently indicated that an increased presence of M2 macrophages 
correlated with reduced overall survival in both the NCICCR-DLBCL cohort and the validation cohorts GSE10846 and GSE31312 (p <
0.001). This is in line with a similar study by Chloé B. Steen et al., which reported that high levels of M2-like monocytes/macrophages 
in the gene expression profile were associated with unfavorable outcomes [39].

Subsequently, we identified genes co-expressed with M2 macrophages in the NCICCR-DLBCL cohort and investigated their in
fluence on patient prognosis. The Gene Ontology (GO) analysis revealed that key molecular functions, such as the secretory granule 
membrane, collagen trimer, and cytoplasmic vesicle lumen, were primarily altered in the cellular components identified. These 
changes identified in the GO analysis represent potential mechanisms through which M2 macrophages may drive tumor progression. 

Fig. 8. Impact of different clinical characteristics on prognosis within each risk score subgroup. (A–F) Survival advantage among patients with 
different Ann Arbor stages, age, ECOG, extranodal sites, IPI levels, and COO subgroups. IPI represents International Prognostic Index, and COO 
represents cell of origin.
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Moreover, the activity of the MHC class I receptor was relatively diminished compared to other biological pathways. One of the 
primary mechanisms of immune evasion in DLBCL is the downregulation of MHC class I expression on the cell surface, a phenomenon 
that occurs in approximately 50 % of DLBCL cases [44]. This implies that M2 macrophages may influence the regulation of MHC class I 
expression, highlighting the need for further exploration. Additionally, pathways such as the phagosome pathway, coagulation cas
cades, and B cell receptor signaling, identified in the KEGG analysis, are potential mechanisms through which M2 macrophages could 
contribute to tumor progression [45]. Further research is essential to elucidate the detailed mechanisms, which will be a focus of our 
future work. Moreover, KEGG analysis has revealed a statistically significant association between changes in the Coronavirus disease 
(COVID-19) and M2 macrophage activity, implying that COVID-19 infection may potentially enhance M2 macrophage function, 
thereby influencing the development of DLBCL. This presents a novel avenue for research exploration. Using lasso regression analysis, 
we identified MS4A4A, CCL13, LTB, CCL23, CCL18, XKR4, IL22RA2, and FOLR2 as the genes required for model construction. The 
accuracy of the model was further confirmed through validation using data from the GEO database. The M2 macrophage-related 
prognostic model displayed robust predictive performance, effectively stratifying patients into high- and low-risk groups across all 
cohorts. Notably, the high-risk group was predominantly enriched in the activated B-cell-like (ABC) DLBCL and MCD LymphGen 
subtypes, reflecting different M2 macrophage prognosis subsets. Consistent with this, a previous study found that the S3 state of 
monocytes/macrophages, characterized by an M2-like expression profile and associated with poor prognosis, was most frequently 
observed in ABC DLBCL [39]. Previous indicated that both the BN2 and MCD subtypes are associated with poorer prognoses compared 
to other subtypes [40]. Specifically, the MCD-like subtype exhibits low expression of T cell signatures, suggesting a potentially less 
active immune response within the tumor microenvironment [40]. The study demonstrated that both MCD and BN2 subtypes exhibit a 
significantly greater proportion of high-risk patients. Previous research has established that the EZB subtype is related to GCB-DLBCL, 
which are associated with a favorable outcome [41–43]. Our findings showed a significant increase in the EZB subtype within the 
low-risk group. These findings showed the heterogeneity within DLBCL and the potential for subtype-specific therapeutic strategies. 
Additionally, the risk model remained effective after stratification based on various clinical factors. Our study demonstrated that 

Fig. 9. Immune cell infiltration analysis. (A) Correlation of M2 macrophage-related prognostic model with immune cell infiltration. Green and red 
violins represent the low- and high-risk groups, respectively, and white points in the violin indicate median values. (B) Correlation between the M2 
macrophage-related prognostic model and immune checkpoints. Blue and red boxplots represent the high- and low-risk groups, respectively.
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low-risk patients had significantly better prognoses in comparison to other groups, particularly among those with ECOG-PS≥2, 
age≤60, fewer than two extranodal sites, a low International Prognostic Index (IPI), and earlier disease stages.

The impact of the cell of origin (COO) status on DLBCL survival is well-established. Our study demonstrated that, while the 
prognoses of high- and low-risk germinal center B-cell-like (GCB) patients were comparable, low-risk activated B-cell-like (ABC) 
patients had significantly better outcomes compared to their high-risk counterparts. This finding may help to partially clarify the 
longer survival observed in patients with GCB DLBCL compared to those with ABC DLBCL. The M2 macrophage prognosis subsets 
appear to be influenced by COO, particularly in ABC DLBCL. Further studies are needed to explore the functional implications of these 
M2 macrophage prognostic subsets to verify our hypothesis.

Upon analyzing the roles of genes in the M2 macrophage risk model, we identified MS4A4A as a key macrophage marker, which has 
been linked to autoimmune disorders, including rheumatoid arthritis and cutaneous systemic sclerosis [46,47]. Recent studies across 
various tumor types have highlighted that MS4A4A is predominantly expressed by tumor-associated macrophages and is linked to poor 
clinical outcomes in cancer patients [48]. Targeting MS4A4A could potentially enhance the efficacy of immune checkpoint inhibitors 
(ICIs) in DLBCL. CCL13, CCL23, and CCL18 are cytokine genes, and CCL18 plays a crucial role in the interaction of TAMs with 

Fig. 10. scRNA-Seq reveals expression patterns of M2 macrophage-related risk model genes. (A) tSNE plots showing major cell subsets identified by 
10×genomics. (B–C) Violin plots (B) and UMPA (C) plots showing different expression patterns of M2 macrophage-related risk model genes.
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neoplastic tumor cells [49]. Elevated CCL18 levels have been correlated with poorer prognosis in various cancer types, such as breast 
cancer, cutaneous T-cell lymphoma, and lung cancer [50–52]. In contrast, IL22RA2 exhibits predominant expression in cells belonging 
to the myeloid lineage [53,54], whereas FOLR2+ macrophages have been linked to better survival outcomes in breast cancer patients 
[55]. Our analysis of DLBCL scRNA-seq data revealed that MS4A4A, CCL18, IL22RA2, and FOLR2 were predominantly expressed in 
macrophages, whereas LTB was mainly expressed in pan-leukocytes, and XKR4 was found at low levels in NK cells. The precise 
biological roles of the eight M2 macrophage-associated genes in the prognostic model for diffuse large B-cell lymphoma (DLBCL) are 
still not fully understood. Further investigation into the biological function, cell-specific expression, and topological analysis of these 
M2 macrophage risk model genes in DLBCL is warranted.

Our study also highlighted notable differences in immunological profiles and chemotherapeutic responses between the low and 
high risk subgroups. Wilcox test analysis indicated distinct immune cell infiltration patterns between these groups, with higher 
proportions of M1 and M2 macrophages, monocytes, CD4 memory-activated T cells, and CD8 T cells in the high-risk group. In contrast, 
the low-risk group exhibited relatively higher proportions of M0 macrophages, memory B cells, and naïve B cells. Additionally, im
mune checkpoint expression (PD-1, PD-L1, and CTLA-4) was significantly higher in the high-risk group. These findings indicate that 
the macrophages and CD8 T cells infiltrating the high-risk group may exhibit elevated levels of immune checkpoint expression, which 
could help explain the observed prognostic differences. Future studies should investigate whether immune checkpoint expression in 
different macrophage subsets contributes to therapeutic resistance to PD-1 blockade. Additionally, our observations indicated that the 
high-risk group had elevated stromal and immune scores, increased immune checkpoint gene expression, and reduced tumor purity. 
Elevated expression of immune checkpoint genes may foster an immunosuppressive microenvironment, facilitating tumor immune 
escape. GSEA analysis revealed that the low-risk group was predominantly enriched in metabolism-related pathways, whereas the 
high-risk group exhibited a significant enrichment in immune-related pathways.

Finally, leveraging the GDSC database, we predicted that the high-risk group may exhibit greater sensitivity to standard chemo
therapy regimens compared to the low-risk group. Identifying patients who are less likely to respond to targeted therapies or 
chemotherapy could facilitate more tailored and effective treatment strategies. Notably, the drugs predicted by our risk model, such as 
Venetoclax, AZD7762 (a novel checkpoint kinase inhibitor), AZD6482, Bortezomib, Epirubicin, and Cyclophosphamide, all have 
potential utility in treating DLBCL. While the specific mechanisms of action of these small-molecule compounds require further 
investigation, our findings suggest their potential for tumor therapy, particularly among DLBCL patients, based on a combined score 
from eight genes, including MS4A4A, CCL18, LTB, IL22RA2, FOLR2, and XKR4.

Several limitations must be acknowledged in this study. The clinical data sourced from public databases were incomplete and 
lacked critical clinical information, highlighting the need for future prospective multicenter studies with larger sample sizes to further 
validate the accuracy and robustness of the M2 macrophage-related prognostic model. Moreover, functional experiments are necessary 
to further investigate the molecular mechanisms by which M2 macrophage-related genes impact the progression of DLBCL. The TCGA 
and GEO datasets might lack diversity in terms of patient demographics and geographic distribution. Consequently, future research 
involving prospective studies with more diverse validation cohorts will be essential to confirm and strengthen the robustness of our 
findings.

Fig. 11. Sensitivity analysis of chemotherapeutic and targeted drugs between different risk groups.
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5. Conclusion

In summary, this study identified M2 macrophage-related genes in DLBCL patients and successfully established and validated a 
robust M2 macrophage-related risk model for predicting overall survival in DLBCL. Our results suggest potential therapeutic targets for 
clinical practice and provide insights into the immune status of DLBCL. The findings contribute to a deeper understanding of M2 
macrophage subset infiltration features and offer new strategies for personalized therapy. Further exploration of these findings and 
experimental validation will advance the field and potentially improve patient care.
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