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ABSTRACT
Background: Biomarkers that capture the microenvironmental basis of response to neoadjuvant immunotherapy in non-small 
cell lung cancer (NSCLC) remain limited. We integrated single-cell and bulk transcriptomic data to identify response-associated 
immune programs with patient-level relevance.
Methods: Single-cell RNA-seq and clinical annotations from GSE207422 were used to construct an NSCLC tumor microen-
vironment atlas and refine myeloid and T cell states. UCell scoring, sample-level summaries, pseudobulk differential analysis, 
Monocle2 trajectory inference, and targeted macrophage–T cell interaction analysis were applied. A posttreatment SPP1 in-
flammatory TAM-derived NR-TAM signature was projected to pretreatment bulk RNA-seq from the same cohort. INHBA was 
evaluated in pretreatment bulk data, TCGA-LUAD/TCGA-LUSC, and lung cancer cell line assays.
Results: SPP1 inflammatory TAM was enriched in nonmajor pathologic response (NMPR) samples and co-occurred with ex-
hausted CD8 T cell abundance, malignant cell hypoxia, and EMT programs. The NR-TAM signature was partially recapitulated 
in pretreatment bulk RNA-seq, with higher scores in NMPR but substantial group overlap. Exploratory ROC analysis showed 
modest discrimination for NR-TAM score (AUC = 0.60), INHBA (AUC = 0.64), and the combined model (AUC = 0.64; LOOCV 
AUC = 0.37). INHBA was higher in NMPR cases, correlated with residual tumor burden and selected TAM-related genes, showed 
less favorable survival trends particularly in LUSC, and its knockdown reduced proliferation and migration in lung cancer cells.
Conclusions: An SPP1 inflammatory TAM program is associated with unfavorable pathologic response in NSCLC neoadjuvant 
immunotherapy. INHBA is a prioritized exploratory candidate within this program. Because the evidence is associative and 
predictive performance is modest, these markers require prospective validation before clinical use.

1 | Introduction

Non-small cell lung cancer (NSCLC) remains the leading cause 
of cancer-related mortality worldwide and continues to impose a 
substantial clinical burden despite advances in surgery, systemic 

therapy, and biomarker-guided management [1,  2]. In recent 
years, immune checkpoint blockade, particularly in the neoad-
juvant setting, has reshaped the therapeutic landscape of resect-
able NSCLC by improving pathologic response and expanding 
opportunities for earlier systemic intervention [3–6]. However, 
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the clinical benefit of immunotherapy is heterogeneous, and a 
considerable proportion of patients fail to achieve major patho-
logic response or durable disease control [7–9]. This variability 
underscores the need to identify biomarkers that more precisely 
capture the biological states associated with treatment sensitiv-
ity and resistance.

Current efforts to predict immunotherapy response have 
largely relied on bulk-level features, including PD-L1 ex-
pression, tumor mutational burden, and immune-related 
transcriptional signatures [10–13]. Although these mark-
ers provide useful clinical information, their performance 
remains incomplete, in part because bulk measurements 
average signals across malignant, immune, and stromal com-
partments and therefore obscure the cellular architecture of 
the tumor microenvironment (TME) [14, 15]. This limitation 
is particularly relevant in NSCLC, where treatment response 
is strongly shaped not only by tumor-intrinsic properties but 
also by the composition, functional state, and spatial organi-
zation of immune and stromal cell populations [16, 17]. As a 
result, biomarkers defined without cellular resolution may fail 
to capture the specific microenvironmental programs that ac-
company unfavorable therapeutic outcomes.

Single-cell RNA sequencing (scRNA-seq) provides an oppor-
tunity to overcome this limitation by resolving the cellular 
heterogeneity of the TME and identifying lineage-specific pro-
grams that are masked in bulk analyses [18, 19]. In NSCLC, 
single-cell studies have revealed substantial diversity among 
lymphoid, myeloid, and epithelial compartments and have 
shown that immunotherapy response is associated with co-
ordinated remodeling of multiple cell states rather than a 
single immune variable [20–22]. Among these components, 
tumor-associated macrophages (TAMs) are of particular inter-
est because they occupy a central position at the interface of 
inflammation, stromal remodeling, antigen presentation, im-
mune suppression, and therapeutic response [23, 24]. Rather 
than constituting a uniform population, TAMs comprise mul-
tiple transcriptionally and functionally distinct states, some 
of which may support antitumor immunity, whereas others 
may reinforce immune dysfunction and tumor progression 
[25, 26]. Identifying the specific TAM states linked to poor re-
sponse may therefore yield more informative biomarkers than 
bulk macrophage abundance alone.

At the same time, single-cell discoveries face an important 
translational challenge. Although scRNA-seq can define 
high-resolution cell states, most clinically annotated cohorts 
and validation datasets remain bulk transcriptomic. For this 
reason, an effective biomarker discovery strategy should not 
stop at identifying a cell state at single-cell resolution but 
should also determine whether its transcriptional features 
can be projected to patient-level bulk data in a reproducible 
and clinically meaningful manner [27,  28]. Integrating sin-
gle-cell and bulk transcriptomic analyses may therefore offer 
a practical route to bridge biological resolution and clinical 
applicability.

In the present study, we used an integrative single-cell and 
bulk transcriptomic framework to identify immune micro-
environmental states associated with pathologic response to 

neoadjuvant immunotherapy in NSCLC. By constructing a 
TME atlas from GSE207422 and refining the myeloid and T 
cell compartments, we identified a distinct SPP1 inflamma-
tory TAM state enriched in samples with nonmajor pathologic 
response (NMPR). This macrophage state was accompanied 
by features of an unfavorable immune ecosystem, including 
increased exhausted CD8 T cell abundance and higher ma-
lignant cell hypoxia and epithelial–mesenchymal transition 
programs. We further derived an adverse response–associ-
ated NR-TAM signature from pseudobulk analysis of this 
TAM population and projected it to pretreatment bulk RNA-
seq data from the same cohort. Among the prioritized can-
didate genes, INHBA emerged as a representative molecule 
linked to poor pathologic response, residual tumor burden, 
and unfavorable survival trends in external lung cancer co-
horts. Finally, functional experiments in lung cancer cell 
lines supported the tumor-associated expression and pheno-
typic relevance of INHBA. Together, this study provides an 
integrative framework for identifying clinically relevant im-
mune programs in NSCLC immunotherapy and highlights an 
adverse response–associated macrophage axis with potential 
biomarker value.

2 | Materials and Methods

2.1 | Data Sources and Study Design

This study integrated publicly available single-cell and bulk 
transcriptomic datasets to characterize tumor microenviron-
mental states associated with pathologic response to neoadju-
vant immunotherapy in NSCLC. Single-cell RNA-seq data and 
matched clinical annotations were obtained from GSE207422 
and used to construct the cellular atlas and perform cell state 
analyses [20,  29]. According to the available annotations, 
15 immune-related samples were included in the single-cell 
analysis, comprising 12 posttreatment surgical specimens and 
three pretreatment biopsy specimens. In parallel, bulk RNA-
seq data from the same cohort were used to evaluate whether 
single cell–derived transcriptional features could be projected 
to the patient level and to assess the clinical relevance of 
candidate genes [30]. A total of 24 pretreatment bulk RNA-
seq samples were available for analysis, including 15 NMPR 
cases and 9 major pathologic response/pathologic complete 
response (MPR/pCR) cases. In addition, transcriptomic and 
clinical data from TCGA-LUAD and TCGA-LUSC were an-
alyzed as external reference cohorts for expression and sur-
vival analyses of selected candidate genes [31, 32]. Pathologic 
response groups were harmonized according to the original 
annotations, and for binary comparisons, MPR and pCR were 
combined as the MPR/pCR group.

2.2 | Single-Cell RNA-Seq Preprocessing and Quality 
Control

The single-cell expression matrix and sample annotation table 
were matched by sample identifiers and imported into Seurat for 
downstream analysis [33]. Quality control was performed based 
on the number of detected genes per cell (nFeature_RNA), the 
percentage of mitochondrial transcripts (percent.mt), and the 
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percentage of hemoglobin-related transcripts (percent.HB) 
[34]. Cells with low transcript complexity or elevated mitochon-
drial/hemoglobin signals were considered likely to represent 
low-quality cells, stressed cells, or contaminated droplets and 
were removed before downstream analyses. The distributions of 
these quality metrics before and after filtering were visualized 
using violin plots stratified by patient to illustrate the effect of 
filtering on overall data quality.

2.3 | Dimensionality Reduction, Integration, 
Clustering, and Major Cell–Type Annotation

After quality control, single cell data were processed using the 
standard Seurat workflow, including normalization, identifica-
tion of highly variable genes, data scaling, and principal com-
ponent analysis. To reduce intersample batch effects, Harmony 
was applied using sample identity as the integration variable 
[35]. The integrated low-dimensional embeddings were then 
used for UMAP visualization and graph-based clustering. Major 
cellular compartments were annotated according to cluster-spe-
cific marker genes and canonical lineage markers. Based on this 
procedure, the main cell populations were defined as T cells, B 
cells, plasma cells, myeloid cells, neutrophils, mast cells, fibro-
blasts, AT2 epithelial cells, club cells, malignant epithelial cells, 
and cycling cells.

2.4 | Refinement of Myeloid and T Cell Subsets

To further resolve intracompartmental heterogeneity within 
the immune microenvironment, myeloid cells and T cells were 
extracted separately and reanalyzed. For each compartment, 
normalization, dimensionality reduction, integration, and clus-
tering were repeated using the same general framework as de-
scribed above. Subclusters were manually annotated according 
to their marker expression patterns. Myeloid cells were subdi-
vided into monocyte, resident macrophage, IFN response mac-
rophage, APOC1_GPNMB TAM, SPP1 inflammatory TAM, and 
dendritic-cell subsets including cDC2, pDC, and mregDC [36]. 
T cells were further resolved into Exhausted CD8 T, Effector 
CD8 T, naive/memory T, Treg, CXCL13+ CD4 T, and NK cells 
[37, 38].

2.5 | Cell State Scoring and Sample-Level 
Summarization

To quantify biologically relevant transcriptional programs at 
single-cell resolution, UCell was applied to calculate signature 
scores for selected cell states [39]. The evaluated programs in-
cluded TAM-related states, T cell exhaustion, cytotoxicity, Treg-
associated programs, and malignant cell phenotypes such as 
hypoxia, epithelial–mesenchymal transition (EMT), and inter-
feron response. Based on refined cell annotations and single-cell 
state scores, sample-level summaries were generated by calcu-
lating the proportions of key cell states and the average malig-
nant cell state scores within each sample. These metrics were 
subsequently used for group comparison and correlative analy-
ses across pathologic response categories.

2.6 | Differential Characterization of SPP1 
Inflammatory TAM and Derivation of the NR-TAM 
Signature

Within the myeloid compartment, SPP1 inflammatory TAM 
was compared with the remaining myeloid subsets to identify 
its representative marker genes [40]. To reduce the influence 
of pseudoreplication inherent to cell-level testing, pseudobulk 
expression profiles were generated for posttreatment samples 
by aggregating raw counts at the sample-by-cell-subset level. 
Differential expression between NMPR and MPR/pCR groups 
within the SPP1 inflammatory TAM compartment was then 
assessed using the edgeR and limma-voom framework [41–43]. 
Genes showing stronger upregulation trends in the NMPR 
group were prioritized as candidate genes and were used to de-
rive a composite NR-TAM signature representing the adverse 
response–associated transcriptional pattern of SPP1 inflamma-
tory TAM.

2.7 | Trajectory Inference of Monocyte-To-TAM 
Transition

To investigate continuous transitions among myeloid states, 
monocyte, APOC1_GPNMB TAM, and SPP1 inflammatory TAM 
were selected for trajectory analysis using Monocle2. After mod-
erate down-sampling of overly abundant populations, a trajectory 
object was constructed from raw-count data and pseudotime was 
inferred [44]. Genes dynamically changing along pseudotime were 
identified to characterize the transcriptional progression from 
monocyte-like states toward terminal TAM programs.

2.8 | Evaluation of Macrophage–T Cell Interactions

To examine immune interaction patterns relevant to treatment re-
sponse, we focused on selected macrophage–T cell ligand–recep-
tor axes rather than reconstructing a full communication network. 
The analysis was restricted to major myeloid sender populations 
and key T cell receiver populations in posttreatment samples. For 
each sample and cell type, average gene expression was calculated, 
and interaction strength was defined according to the joint expres-
sion of ligands in sender cells and their corresponding receptors 
in receiver cells. This strategy enabled sample-level comparison 
of targeted interaction landscapes between response groups while 
maintaining interpretability for predefined immune axes.

2.9 | Projection of the NR-TAM Signature to 
Pretreatment Bulk RNA-Seq

For the pretreatment bulk RNA-seq data from GSE207422, the 
expression matrix was organized by gene symbol and duplicate 
gene entries were collapsed prior to downstream analysis. The 
NR-TAM score was then calculated from standardized expres-
sion values of the NR-TAM signature genes to quantify the ex-
tent to which the adverse SPP1 inflammatory TAM-associated 
transcriptional pattern could be captured at the patient level. The 
resulting score was used for comparison between pathologic re-
sponse groups and for visualization of interpatient heterogeneity.
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Because the NR-TAM signature was derived from posttreatment 
single-cell profiles and then evaluated in pretreatment bulk 
RNA-seq, this projection was interpreted under a defined biolog-
ical assumption: At least part of the adverse SPP1 inflammatory 
TAM-associated transcriptional program may reflect a recur-
rent tumor-microenvironmental tendency that can be detected 
at the bulk level before treatment. This analysis cannot deter-
mine whether the program is preexisting, treatment-induced, or 
a mixture of both, and bulk RNA-seq cannot resolve the cellular 
origin of each transcript. Therefore, the pretreatment bulk anal-
ysis was used to test partial patient-level recapitulation of the 
single cell–derived program rather than to establish its temporal 
origin.

2.10 | Candidate Gene Analysis of INHBA 
and External TCGA Validation

INHBA was selected as the representative candidate gene for 
patient-level evaluation. In the pretreatment bulk RNA-seq co-
hort, its expression was compared across pathologic response 
groups, RECIST categories, and clinical subgroups, and its as-
sociations with residual tumor proportion, TAM-related genes, 
and the NR-TAM score were assessed. To further evaluate its 
broader clinical relevance, transcriptomic and clinical data from 
TCGA-LUAD and TCGA-LUSC were analyzed. Kaplan–Meier 
survival analysis and Cox proportional hazards regression were 
performed to examine the prognostic association of INHBA ex-
pression in these independent cohorts.

2.11 | Cell Lines and Cell Culture

The human bronchial epithelial cell line BEAS-2B (RRID: 
CVCL_0168), human NSCLC cell lines A549 (RRID: 
CVCL_0023) and H1299 (RRID: CVCL_0060), and the human 
embryonic kidney cell line HEK293T (RRID: CVCL_0063) 
were used in this study. BEAS-2B cells were obtained from 
the American Type Culture Collection (ATCC), and A549, 
H1299, and HEK293T cells were purchased from the Cell 
Bank of the Chinese Academy of Sciences (Shanghai, China). 
BEAS-2B cells were cultured in DMEM/F12 medium (Gibco, 
Cat#11320033), whereas A549, H1299, and HEK293T cells were 
maintained in high-glucose DMEM (Gibco, Cat#11965092). All 
media were supplemented with 10% fetal bovine serum (FBS; 
Gibco, Cat#10099141C) and 1% penicillin–streptomycin (Gibco, 
Cat#15140122). Cells were cultured at 37°C in a humidified in-
cubator with 5% CO2 and routinely tested for mycoplasma con-
tamination. Cells within 10 passages after thawing were used 
for all experiments.

Short hairpin RNAs (shRNAs) targeting INHBA (shINHBA-1, 
shINHBA-2, and shINHBA-3) and a nontargeting control 
(shNC) were cloned into the lentiviral vector pLKO.1-puro 
(Addgene). Lentiviral particles were produced by cotransfecting 
HEK293T cells with the shRNA plasmids, psPAX2 packaging 
plasmid (Addgene, Cat#12260), and pMD2.G envelope plasmid 
(Addgene, Cat#12259) using Lipofectamine 3000 transfection 
reagent (Invitrogen, Cat#L3000015). After 48–72 h, viral super-
natants were collected, filtered through a 0.45-μm membrane, 
and used to infect A549 and H1299 cells in the presence of 

Polybrene (Sigma-Aldrich, Cat#TR-1003-G). Forty-eight hours 
postinfection, cells were selected with puromycin (Sigma-
Aldrich) for 1–2 weeks to establish stable cell lines. Knockdown 
efficiency was validated by quantitative real-time PCR (qPCR).

2.12 | qPCR

Total RNA was extracted from cells using TRIzol reagent 
(Invitrogen, Cat#15596026) according to the manufacturer's 
instructions. RNA concentration and purity were measured 
using a NanoDrop 2000 spectrophotometer (Thermo Scientific). 
A total of 1 μg RNA was reverse-transcribed into cDNA using 
a reverse transcription kit (Takara, Cat#RR047A). qPCR was 
performed using SYBR Green Master Mix (Applied Biosystems, 
Cat#A25742) on a QuantStudio 5 Real-Time PCR System 
(Applied Biosystems). The reaction mixture (20 μL) consisted of 
10-μL SYBR Green Master Mix, 0.4-μL forward primer (10 μM), 
0.4-μL reverse primer (10 μM), 2-μL cDNA template, and 7.2-μL 
RNase-free water. The amplification conditions were as follows: 
initial denaturation at 95°C for 10 min, followed by 40 cycles of 
95°C for 15 s and 60°C for 60 s. GAPDH was used as an inter-
nal control, and relative gene expression levels were calculated 
using the 2−ΔΔCt method. BEAS-2B cells or shNC-treated cells 
were used as reference controls as indicated. All experiments 
were performed in triplicate. The primer sequences used in this 
study were as follows:

GAPDH-F: GACAGTCAGCCGCATCTTCT,

GAPDH-R: GCGCCCAATACGACCAAATC,

INHBA-F: AGAGGAGCTCAGACAGCTCTTA,

INHBA-R: TCTCTTTCTGGTCCCCACTCT.

2.13 | CCK-8 Cell Proliferation Assay

Cell proliferation was assessed using a Cell Counting Kit-8 
(CCK-8; Dojindo, Cat#CK04). A549 and H1299 cells transfected 
with shNC or INHBA-targeting shRNAs were seeded into 96-
well plates at a density of approximately 2 × 103 cells per well in 
triplicate. Cells were cultured at 37°C in a humidified incubator 
with 5% CO2. At 0, 24, 48, 72, and 96 h, 10 μL of CCK-8 reagent 
was added to each well and incubated for 1–2 h. Absorbance was 
measured at 450 nm using a microplate reader. The OD values 
were normalized to the 0-h time point to generate cell growth 
curves. All experiments were performed independently at least 
three times.

2.14 | Wound Healing Assay

Cell migration was evaluated using a wound healing assay. A549 
and H1299 cells transfected with shNC or INHBA-targeting 
shRNAs were seeded into six-well plates and cultured to approx-
imately 90% confluence. A linear scratch was created in the cell 
monolayer using a sterile 200-μL pipette tip. Cells were gently 
washed twice with PBS to remove detached cells and then cul-
tured in medium containing 1% FBS to minimize the effect of cell 
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proliferation. Images of the wound area were captured at 0 and 
24 h using an inverted microscope. Wound width was measured 
using ImageJ software, and the migration rate was calculated as 
follows: migration rate (%) = (wound width at 0 h − wound width 
at 24 h)/wound width at 0 h × 100%. Each experiment was per-
formed in triplicate and repeated at least three times.

2.15 | Statistical Analysis

Single-cell differential expression analysis was primarily per-
formed using the Wilcoxon rank-sum test, whereas pseudobulk 
differential analysis was conducted using the limma-voom pipe-
line. Group comparisons in bulk RNA-seq and TCGA datasets 
were mainly based on nonparametric tests. Correlation analyses 
were performed using Spearman's rank correlation coefficient. 
Survival analyses, including log-rank tests and Cox propor-
tional hazards regression, were implemented using the survival 
package. For cell-based experiments, comparisons among mul-
tiple groups were performed using one-way analysis of vari-
ance (ANOVA) followed by Tukey's post hoc test. Data from in 
vitro assays are presented as mean ± standard deviation (SD). 
Statistical analyses and visualization were performed using R 
and GraphPad Prism where appropriate. Unless otherwise spec-
ified, the statistical results shown in the figures were taken as 
the primary reporting results, and a two-sided p < 0.05 was con-
sidered statistically significant.

To address the potential clinical utility of the NR-TAM score and 
INHBA expression, we performed an exploratory predictive per-
formance analysis in the pretreatment GSE207422 bulk RNA-
seq cohort. The NR-TAM score was recalculated as the mean 
gene-wise Z-score of the 12 NR-TAM signature genes detected 
in bulk RNA-seq (SPP1, SIGLEC12, RNASE1, PTGS2, OSM, 
MT1H, MT1G, MT1E, IL1R2, CXCL1, CCL8, and CCL7). NMPR 
was coded as the positive class and MPR/pCR as the reference 
class. Receiver operating characteristic analysis was used to es-
timate the apparent area under the curve for the NR-TAM score, 
INHBA expression, and a two-variable logistic regression model 
combining NR-TAM score and INHBA expression. Because of 
the small sample size, the combined logistic model was addition-
ally evaluated using leave-one-out cross-validation. Bootstrap 
resampling was used to estimate exploratory 95% confidence 
intervals for apparent AUCs. These analyses were considered 
descriptive and hypothesis-generating.

3 | Results

3.1 | Single-Cell Atlas Construction and Annotation 
of Major Cell Populations

We first performed quality control on the GSE207422 single-cell 
RNA-seq data. As shown in Figure 1A, before filtering, multi-
ple samples contained cells with low numbers of detected genes 
and relatively high mitochondrial transcript fractions. A small 
proportion of cells also showed detectable hemoglobin-related 
transcripts. After filtering, these low-quality populations were 
markedly reduced, and the overall distributions of nFeature_
RNA, percent.mt, and percent.HB became more restricted across 
samples, indicating improved data quality. After normalization, 

integration, and clustering, UMAP analysis identified several 
major cell populations in the NSCLC microenvironment, in-
cluding T cells, B cells, plasma cells, myeloid cells, neutrophils, 
mast cells, fibroblasts, AT2 epithelial cells, club cells, malignant 
epithelial cells, and cycling cells (Figure 1B). Among them, T 
cells and myeloid cells represented the major immune compart-
ments, whereas malignant epithelial cells formed a distinct epi-
thelial-associated cluster. When the global atlas was colored by 
sample, pathology, specimen source, and RECIST category, the 
same major cell populations remained readily identifiable across 
different clinical groupings (Figure 1C). Cells from different 
samples were distributed within shared cluster structures rather 
than forming completely separate sample-specific partitions, 
suggesting that the integrated atlas preserved common cellular 
identities across the cohort. The assigned annotations were sup-
ported by canonical marker expression patterns (Figure 1D,F). 
CD3D was mainly expressed in the T cell cluster, MS4A1 in B 
cells, JCHAIN in plasma cells, LST1 in myeloid cells, S100A8 in 
neutrophils, COL1A1 in fibroblasts, EPCAM in epithelial com-
partments, and MKI67 in cycling cells. The dot plot showed the 
same overall pattern and further supported the reliability of the 
major cell–type annotation. We next summarized cell composi-
tion across specimen sources and pathologic response groups. In 
both pretreatment biopsy and posttreatment surgery samples, T 
cells and myeloid cells accounted for a large proportion of the 
atlas, although the relative fractions of other cell populations var-
ied between groups (Figure 1E). A similar pattern was observed 
after stratification by pathologic response, where differences 
were mainly reflected by changes in relative cell proportions 
rather than the appearance of new major cell classes (Figure 1G). 
Together, these results established the single-cell landscape used 
for subsequent analyses of myeloid and T cell heterogeneity.

3.2 | Refined Annotation of Myeloid and T Cell 
Subsets and Identification of Key Cellular States

To further resolve immune heterogeneity, we separately re-clus-
tered myeloid cells and T cells. The myeloid compartment 
was refined into APOC1_GPNMB TAM, monocyte, resident 
macrophage, IFN response macrophage, SPP1 inflammatory 
TAM, cDC2, pDC, and mregDC (Figure 2A). The correspond-
ing marker dot plot supported these annotations, with APOC1/
GPNMB enriched in APOC1_GPNMB TAM, SPP1 enriched in 
SPP1 inflammatory TAM, and FCN1/VCAN enriched in mono-
cytes (Figure 2B). T cell reclustering identified exhausted CD8 
T, effector CD8 T, naive/memory T, Treg, CXCL13+ CD4 T, and 
NK cells (Figure 2C). Marker expression patterns were consis-
tent with these annotations, including exhaustion-associated 
markers in exhausted CD8 T cells, cytotoxic markers in effec-
tor CD8 T cells, IL7R/CCR7/TCF7 in naive/memory T cells, 
FOXP3/IL2RA/CTLA4 in Treg cells, and FCGR3A/KLRD1/
NCR1 in NK cells (Figure 2D). After transferring the refined 
annotations back to the full atlas, myeloid and T cell subpop-
ulations remained clearly localized within their corresponding 
major compartments (Figure 2E). UCell scoring further showed 
that the SPP1_TAM score was highest in SPP1 inflammatory 
TAM, the APOC1_GPNMB_TAM score was highest in APOC1_
GPNMB TAM, and the T_exhaustion score was most prominent 
in exhausted CD8 T cells. In contrast, hypoxia and EMT scores 
were mainly concentrated in malignant epithelial cells, whereas 
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the IFN_response score was more evident in myeloid popula-
tions (Figure 2F,G). At the sample level, the fraction of SPP1 in-
flammatory TAM was higher in the NMPR group than in the 
MPR/pCR group (Figure 2H). In addition, samples with a higher 
SPP1 inflammatory TAM fraction tended to show a higher pro-
portion of exhausted CD8 T cells, a higher mean hypoxia score 
in malignant cells, and a higher mean EMT score in malignant 
cells (Figure 2I). These results indicate that SPP1 inflammatory 
TAM is associated with an unfavorable immune and malignant 
cell state.

3.3 | Molecular Characterization of SPP1 
Inflammatory TAM and Derivation of the NR-TAM 
Signature

We next focused on SPP1 inflammatory TAM. In the full atlas, 
this population was localized within the myeloid compartment 
(Figure 3A). In the myeloid UMAP, the SPP1_TAM score was 
most enriched in this subset, whereas the APOC1_GPNMB_
TAM and IFN_Macrophage scores showed distinct distribu-
tion patterns, further distinguishing SPP1 inflammatory TAM 
from other macrophage states (Figure 3B). At the sample level, 
SPP1 inflammatory TAM showed a higher fraction in the 

NMPR group than in the MPR/pCR group, whether calculated 
across all cells or within the myeloid compartment (Figure 3C). 
Feature plots showed that this population expressed a charac-
teristic inflammatory program, including SPP1, INHBA, CCL2, 
CCL7, CXCL8, ADM, APOC1, and GPNMB (Figure 3D). The dot 
plot further supported its transcriptional distinction from other 
myeloid subsets (Figure 3E). Consistent with the sample-level 
trends observed above, a higher fraction of SPP1 inflammatory 
TAM was accompanied by a higher proportion of exhausted 
CD8 T cells, a higher mean hypoxia score in malignant cells, 
and a higher mean EMT score in malignant cells (Figure 3F). 
We then performed pseudobulk analysis of SPP1 inflammatory 
TAM in posttreatment samples. PCA showed transcriptional 
heterogeneity across samples, with partial separation between 
response groups (Figure 3G). The heat map of top NMPR-up 
genes showed a coordinated expression pattern across samples 
(Figure 3H), and several representative genes, including ADM, 
CCL2, CCL7, CXCL8, INHBA, and SPP1, showed higher ex-
pression trends in the NMPR group (Figure 3I). Based on these 
candidate genes, we derived an NR-TAM signature, whose score 
was overall higher in NMPR than in MPR/pCR within the SPP1 
inflammatory TAM compartment (Figure 3J). Together, these 
results identify SPP1 inflammatory TAM as a distinct adverse 
response–associated macrophage state.
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3.4 | Monocyte-To-TAM Trajectory 
and SPP1-Associated Macrophage–T Cell Interaction 
Landscape

To examine transcriptional ordering among major myeloid 
states, we performed trajectory analysis using monocyte, 
APOC1_GPNMB TAM, and SPP1 inflammatory TAM. The 
trajectory structure placed monocyte-like cells toward one 
end of the inferred trajectory, whereas APOC1_GPNMB TAM 
and SPP1 inflammatory TAM occupied more distal regions 
(Figure 4A–C). Dynamic expression patterns were compatible 
with this ordering: FCN1 and VCAN were higher in mono-
cyte-like regions, whereas APOC1, GPNMB, CCL2, INHBA, 
and SPP1 increased toward TAM-enriched regions (Figure 4D). 
We interpret these results as a computational transcriptional 
continuum rather than direct evidence of lineage conversion, 

because trajectory inference cannot exclude alternative differ-
entiation routes or treatment-related remodeling. We next evalu-
ated macrophage–T cell interaction patterns at the sample level. 
The overall interaction heat map showed that SPP1 inflamma-
tory TAM had higher inferred interaction scores with multiple 
T cell subsets, including CXCL13+ CD4 T, effector CD8 T, ex-
hausted CD8 T, and Treg cells (Figure 4E). A focused view of top 
interaction pairs highlighted SPP1-related ligand–receptor axes, 
particularly SPP1-ITGB1 and SPP1-CD44 interactions originat-
ing from SPP1 inflammatory TAM (Figure 4F). At the sample 
level, these expression-inferred interaction scores were gener-
ally higher in NMPR than in MPR/pCR samples (Figure 4G, 
4H). Together, these analyses suggest co-occurrence of an SPP1 
inflammatory TAM state with T cell dysfunction–associated 
transcriptional features, but they do not prove active signaling 
or functional macrophage–T cell suppression.
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FIGURE 2   |   Refined annotation of myeloid and T cell subsets and overview of key cellular states. (A) UMAP of reclustered myeloid cells show-
ing annotated myeloid subsets, including APOC1_GPNMB TAM, monocyte, resident macrophage, IFN response macrophage, SPP1 inflammatory 
TAM, cDC2, pDC, and mregDC. (B) Dot plot showing canonical marker expression across myeloid subsets. Dot size indicates the fraction of express-
ing cells, and color indicates the average expression level. (C) UMAP of reclustered T cells showing annotated T cell subsets, including exhausted 
CD8 T, effector CD8 T, naive/memory T, Treg, CXCL13+ CD4 T, and NK cells. (D) Dot plot showing canonical marker expression across T cell sub-
sets. (E) UMAP of the full atlas after reintegration of refined myeloid and T cell annotations. (F) Feature plots showing UCell scores for selected 
signatures, including SPP1_TAM, APOC1_GPNMB_TAM, T_exhaustion, hypoxia, EMT, and IFN_response. (G) Violin plots showing UCell score 
distributions across key refined cell states. (H) Boxplots showing sample-level fractions of selected cell states in posttreatment samples stratified by 
pathologic response. (I) Scatter plots showing the relationships of the SPP1 inflammatory TAM fraction with the exhausted CD8 T cell fraction, mean 
hypoxia score in malignant cells, and mean EMT score in malignant cells. Each point represents one sample, and black lines indicate linear trends.
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FIGURE 3   |   Molecular characterization of SPP1 inflammatory TAM and derivation of the NR-TAM signature. (A) UMAP of the full atlas high-
lighting SPP1 inflammatory TAM cells. (B) Feature plots showing UCell scores for SPP1_TAM, APOC1_GPNMB_TAM, and IFN_Macrophage with-
in the myeloid compartment. (C) Boxplots comparing the fraction of SPP1 inflammatory TAM between MPR/pCR and NMPR groups, calculated 
across all cells and within the myeloid compartment. (D) Feature plots showing representative genes enriched in SPP1 inflammatory TAM, including 
SPP1, INHBA, CCL2, CCL7, CXCL8, ADM, APOC1, and GPNMB. (E) Dot plot showing top marker genes of SPP1 inflammatory TAM relative to 
other myeloid subsets. Dot size indicates the fraction of expressing cells, and color indicates the average expression level. (F) Scatterplots showing 
the relationships of the SPP1 inflammatory TAM fraction with the exhausted CD8 T cell fraction, mean hypoxia score in malignant cells, and mean 
EMT score in malignant cells. (G) Principal component analysis of pseudobulk expression profiles of SPP1 inflammatory TAM across posttreatment 
samples. (H) Heatmap showing genes with stronger upregulation trends in NMPR in the SPP1 inflammatory TAM pseudobulk analysis. Colors rep-
resent gene-wise Z-scores. (I) Boxplots showing representative candidate genes in the SPP1 inflammatory TAM pseudobulk analysis stratified by 
pathologic response. (J) Boxplot showing the NR-TAM signature score in SPP1 inflammatory TAM stratified by pathologic response.
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3.5 | Projection of the NR-TAM Program to 
Pretreatment Bulk RNA-Seq

We next evaluated whether the adverse SPP1 inflammatory 
TAM-associated program identified from posttreatment single 
cell data could be detected at the patient level in pretreatment 
bulk RNA-seq. The resulting NR-TAM score was overall higher 
in the NMPR group than in the MPR/pCR group, although 
overlap between groups remained evident (Figure 5A). At the 
individual-sample level, most of the highest NR-TAM scores 
were observed in NMPR cases, whereas several of the lowest 
scores were found in MPR/pCR cases, indicating interpatient 
heterogeneity but an overall shift toward higher scores in the 
poor-response group (Figure 5B). The heat map of NR-TAM 

signature genes showed coordinated but heterogeneous ex-
pression patterns across samples (Figure 5C). Genes such 
as SPP1, SIGLEC12, RNASE1, PTGS2, OSM, MT1H, MT1G, 
MT1E, IL1R2, CXCL1, CCL8, and CCL7 contributed to this 
transcriptional pattern, with several NMPR samples showing 
relatively higher expression across multiple components of the 
signature. PCA based on these genes further showed partial 
separation of response groups, with PC1 explaining 35.6% of 
the variance and PC2 explaining 21.9% (Figure 5D). We then 
examined representative candidate genes individually. In the 
boxplots, INHBA, CCL7, and SPP1 showed higher expression 
trends in the NMPR group, whereas APOC1, CCL2, GPNMB, 
OSM, and PTGS2 did not show the same direction of change 
(Figure 5E). Correlation analysis further showed that the 
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NR-TAM score was positively associated with SPP1, INHBA, 
CCL2, and GPNMB expression at the sample level (Figure 5F). 
Together, these results indicate that the single cell–derived 
NR-TAM program can be partially recapitulated in pretreat-
ment bulk RNA-seq and retains a group-level association with 
unfavorable pathologic response.

We further performed an exploratory ROC analysis to eval-
uate the discriminative capacity of the NR-TAM score for 
NMPR versus MPR/pCR in pretreatment bulk RNA-seq. The 
NR-TAM score showed only modest apparent discrimination 
(AUC = 0.60; bootstrap 95% CI, 0.35–0.84), with substantial 
overlap between response groups. Using the Youden index 
threshold, sensitivity was 53.3%, and specificity was 77.8%. 
The ROC curves and summary metrics are provided in Figure 
S1 and Table S1. Thus, the NR-TAM score captures a group-
level adverse response–associated signal but does not provide 
sufficient separation for single-patient classification in the 
current cohort.

3.6 | Clinical Relevance of INHBA and External 
Prognostic Evaluation in TCGA Cohorts

Given its consistent enrichment in the adverse SPP1 inflamma-
tory TAM-associated program, we next examined the clinical 
relevance of INHBA at the patient level. In pretreatment bulk 
RNA-seq, INHBA expression was overall higher in the NMPR 
group than in the MPR/pCR group (Figure 6A). A similar pat-
tern was observed when patients were stratified by detailed 
pathologic response categories, with the NMPR group remain-
ing in the higher expression range (Figure 6B). When classi-
fied by RECIST, PR and SD cases also showed higher INHBA 
expression than CR cases, although intersample variability 
was evident (Figure 6C). We then examined INHBA expres-
sion across clinicopathologic strata. By clinical stage, INHBA 
expression showed an overall upward tendency from earlier to 
more advanced groups, with relatively higher levels observed in 
stage IIB samples (Figure 6D). At the individual-sample level, 
the ranked bar plot further showed that several of the highest 

Exhausted CD8 T | SPP1_ITGB1 Treg | SPP1_CD44

E�ector CD8 T | SPP1_CD44 Exhausted CD8 T | SPP1_CD44

CXCL13+ CD4 T | SPP1_CD44 CXCL13+ CD4 T | SPP1_ITGB1

SPP1 TAM to T−cell interactions by response

MPR/pCR NMPR MPR/pCR NMPR

0

10

20

30

40

0

10

20

30

0

10

20

30

0

10

20

30

0

10

20

30

40

0

10

20

30

40

In
te

ra
ct

io
n 

sc
or

e

(I)

SPP1 TAM to T–cell interactions by response

CXCL13+ CD4 T | SPP1_CD44

CXCL13+ CD4 T | SPP1_ITGB1

E�ector CD8 T | SPP1_CD44

Exhausted CD8 T | SPP1_CD44

Exhausted CD8 T | SPP1_ITGB1

Treg | SPP1_CD44

Z–score

–1

0

1

Sample–level SPP1 TAM interaction landscape

(H)
BD

_i
m

m
un

e0
2

BD
_i

m
m

un
e0

3

BD
_i

m
m

un
e0

4

BD
_i

m
m

un
e0

6

BD
_i

m
m

un
e0

7

BD
_i

m
m

un
e0

9

BD
_i

m
m

un
e1

0

BD
_i

m
m

un
e1

1

BD
_i

m
m

un
e1

2

BD
_i

m
m

un
e1

3

BD
_i

m
m

un
e1

4

BD
_i

m
m

un
e1

5

FIGURE 4   |   (CONTINUED)



16 of 24 International Journal of Genomics, 2026

INHBA OSM PTGS2 SPP1

APOC1 CCL2 CCL7 GPNMB

MPR/pCR NMPR MPR/pCR NMPR MPR/pCR NMPR MPR/pCR NMPR

5

7

9

2.5

5.0

7.5

10.0

0

2

4

6

0

2

4

6

2.5

5.0

7.5

1

2

3

4

5

6

8

10

12

0

1

2

3

4lo
g2

TP
M

Key NR–TAM candidate genes in bulk RNA–seq

(E)

CCL2 GPNMB

SPP1 INHBA

–1.0 –0.5 0.0 0.5 1.0 –1.0 –0.5 0.0 0.5 1.0

0

1

2

3

4

5

7

9

2.5

5.0

7.5

10.0

2.5

5.0

7.5

NR–TAM score

lo
g2

TP
M

Response
MPR/pCR
NMPR

Association between NR–TAM score and candidate genes

(F)

–1.0

–0.5

0.0

0.5

1.0

MPR/pCR NMPR

N
R–

TA
M

 sc
or

e

NR–TAM score in pretreatment bulk RNA–seq

(A)

–1.0

–0.5

0.0

0.5

1.0

N
R–

TA
M

 sc
or

e

Sample–level NR–TAM score

(B)

R2
00

31
59

3L
R0

1

R2
00

41
44

5L
R0

1

R2
00

52
33

6L
R0

1

R2
00

30
54

4L
R0

1

R2
10

25
07

8L
R0

1

R2
00

73
12

5L
R0

1

R2
00

73
12

8L
R0

2

R2
00

73
12

4L
R0

1

R2
10

08
70

7L
R0

1

R2
00

28
57

3L
R0

1

R2
10

08
69

3L
R0

1

R2
00

59
49

8L
R0

1

R2
10

17
10

2L
R0

1

R2
00

35
97

4L
R0

1

R2
00

27
16

1L
R0

1

R2
00

73
70

8L
R0

1

R2
00

59
50

6L
R0

1

R2
10

17
09

2L
R0

1

R2
10

08
69

4L
R0

1

R2
00

73
75

2L
R0

1

R2
00

52
32

8L
R0

1

R2
00

73
70

4L
R0

3

R2
00

59
49

9L
R0

1

R2
00

59
51

1L
R0

1

CCL7

CCL8

CXCL1

IL1R2

MT1E

MT1G

MT1H

OSM

PTGS2

RNASE1

SIGLEC12

SPP1
Z–score

–2

0

2

NR–TAM signature heatmap in bulk RNA–seq

R2
00

73
12

8L
R0

2

R2
00

59
49

9L
R0

1

R2
10

08
70

7L
R0

1

R2
00

30
54

4L
R0

1

R2
00

27
16

1L
R0

1

R2
00

73
12

5L
R0

1

R2
00

28
57

3L
R0

1

R2
00

52
32

8L
R0

1

R2
00

59
51

1L
R0

1

R2
10

17
10

2L
R0

1

R2
00

73
70

8L
R0

1

R2
10

25
07

8L
R0

1

R2
00

52
33

6L
R0

1

R2
00

35
97

4L
R0

1

R2
00

41
44

5L
R0

1

R2
10

17
09

2L
R0

1

R2
00

73
70

4L
R0

3

R2
10

08
69

4L
R0

1

R2
00

59
50

6L
R0

1

R2
10

08
69

3L
R0

1

R2
00

59
49

8L
R0

1

R2
00

73
75

2L
R0

1

R2
00

73
12

4L
R0

1

R2
00

31
59

3L
R0

1

(C)
Response

MPR/pCR
NMPR

Response
MPR/pCR
NMPR

R20027161LR01

R20028573LR01

R20052328LR01

R20030544LR01

R20031593LR01

R20035974LR01

R20041445LR01

R20052336LR01

R20059498LR01

R20059499LR01

R20059506LR01

R20059511LR01

R20073124LR01

R20073125LR01
R20073128LR02

R20073704LR03

R20073708LR01

R20073752LR01

R21008693LR01

R21008694LR01

R21008707LR01

R21017092LR01

R21017102LR01

R21025078LR01

–2

0

2

–5.0 –2.5 0.0 2.5
PC1 (35.6%)

PC
2 

(2
1.

9%
)

PCA based on NR–TAM signature genes

(D)
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Boxplot showing INHBA expression across clinical stages. (E) Ranked bar plot showing sample-level INHBA expression in pretreatment bulk RNA-
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INHBA-expressing cases belonged to the NMPR group, although 
overlap between response groups remained present (Figure 6E). 
In addition, the scatterplot showed a mild positive trend between 
INHBA expression and residual tumor proportion (Figure 6F). 
To place INHBA in the context of the TAM-related program, 
we assessed its association with representative genes. INHBA 
showed positive trends with SPP1, CCL2, and CCL7, whereas its 
relationship with PTGS2 and OSM appeared relatively weak, and 
its trend with APOC1 was in the opposite direction (Figure 6G). 
These patterns support the view that INHBA is linked to part of 
the adverse inflammatory TAM-associated transcriptional axis 
rather than uniformly tracking all macrophage-related mark-
ers. We further examined the prognostic relevance of INHBA 
in external TCGA cohorts. In TCGA-LUAD, the Kaplan–Meier 
curve showed a downward shift in overall survival in the 
high-INHBA group, although separation between groups was 
modest (Figure 6H). In TCGA-LUSC, the survival curves were 
more clearly separated, with the high-INHBA group showing 
poorer overall survival (Figure 6I). Consistently, Cox analysis 
showed that the hazard estimates for INHBA were located on 

the risk-increasing side in both univariate and stage-adjusted 
models, with a more evident effect in LUSC than in LUAD 
(Figure 6J). Together, these results identify INHBA as a rep-
resentative gene associated with poorer pathologic response, 
higher residual tumor burden, and unfavorable survival trends, 
supporting its prioritization for further experimental validation 
in subsequent work.

The focus on INHBA was based on concordance across sev-
eral levels of analysis rather than on the assumption that it is 
the only relevant gene in the NR-TAM program. Among the 
representative adverse response–associated genes, INHBA 
was enriched in SPP1 inflammatory TAM, showed higher ex-
pression trends in NMPR cases in pretreatment bulk RNA-seq, 
was positively associated with residual tumor proportion and 
selected TAM-related genes, showed unfavorable prognostic 
trends in external lung cancer cohorts, and could be tested in 
the available lung cancer cell line system. Other candidates 
such as SPP1, CCL7, CCL2, CXCL8, ADM, and GPNMB re-
main biologically relevant components of the program.
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FIGURE 7   |   Experimental validation of INHBA expression and its functional effects in lung cancer cells. (A) qPCR analysis of INHBA expression 
in the normal bronchial epithelial cell line BEAS-2B and the lung cancer cell lines A549 and H1299. Relative expression levels were normalized to 
GAPDH and calculated using the 2^−ΔΔCt method. (B, C) qPCR validation of INHBA knockdown efficiency in A549 (B) and H1299 (C) cells trans-
duced with shNC or three independent INHBA-targeting shRNAs (shINHBA-1, shINHBA-2, and shINHBA-3). (D, E) CCK-8 assays showing the 
proliferation of A549 (D) and H1299 (E) cells after INHBA knockdown at the indicated time points. (F) Representative wound healing images of 
A549 and H1299 cells transduced with shNC or INHBA-targeting shRNAs at 0 h and 24 h. Scale bar = 100 μm. (G, H) Quantification of migration 
rates in A549 (G) and H1299 (H) cells based on the wound healing assay. Data are presented as mean ± SD (n = 3). Statistical analysis was performed 
using one-way ANOVA followed by Tukey's post hoc test. In panel A, statistical significance was assessed relative to BEAS-2B; in panels B, C, G, and 
H, statistical significance was assessed relative to shNC. ∗P <0.05, ∗∗P <0.01, ∗∗∗P <0.001.
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Exploratory performance analysis showed that INHBA expres-
sion also had modest discrimination for NMPR (AUC = 0.64; 
bootstrap 95% CI, 0.39–0.88). A logistic model combining 
NR-TAM score and INHBA expression did not materially 
improve apparent discrimination (AUC = 0.64), and leave-
one-out cross-validation did not support robust predictive 
performance (AUC = 0.37). INHBA was therefore retained as 
a biologically prioritized candidate rather than a standalone 
clinical response classifier.

Because the TCGA survival trend was more evident in LUSC 
than in LUAD, we also examined histology distribution in the 
pretreatment GSE207422 bulk cohort. Squamous tumors were 
more frequent in the NMPR group (8/15) than in the MPR/
pCR group (4/9), whereas adenocarcinoma cases were pres-
ent in both response groups. This pattern suggests that the 
INHBA-associated adverse signal may be influenced by his-
tological context and should be validated separately in squa-
mous and adenocarcinoma cohorts.

3.7 | Experimental Validation of INHBA Expression 
and Function in Lung Cancer Cells

To further validate the relevance of INHBA in lung cancer, we 
first examined its basal expression in normal bronchial epithe-
lial and lung cancer cell lines. qPCR showed that INHBA ex-
pression was markedly higher in A549 and H1299 cells than in 
BEAS-2B cells, consistent with the transcriptomic findings in-
dicating upregulation of INHBA in lung cancer (Figure 7A). We 
next established stable INHBA knockdown models in A549 and 
H1299 cells using three independent shRNAs. qPCR confirmed 
that all three shRNAs effectively reduced INHBA expression in 
both cell lines compared with the shNC group, indicating suc-
cessful knockdown (Figure 7B,C). To assess the effect of INHBA 
depletion on cell growth, we performed CCK-8 assays in A549 
and H1299 cells. In both cell lines, the shNC group showed a 
continuous increase in cell viability over time, whereas INHBA 
knockdown attenuated this increase. This inhibitory effect was 
consistently observed across the three shRNAs, indicating that 
reduced INHBA expression suppressed lung cancer cell prolif-
eration (Figure 7D,E). We then evaluated cell migration using 
wound healing assays. Representative images showed that 
wound closure at 24 h was reduced in INHBA-silenced cells 
compared with shNC cells in both A549 and H1299 cell lines 
(Figure 7F). Quantitative analysis further confirmed that the 
migration rate was significantly decreased after INHBA knock-
down in both cell models (Figure 7G,H). Collectively, these re-
sults support that INHBA is upregulated in lung cancer cells 
and contributes to the proliferative and migratory phenotypes 
of lung cancer cells.

4 | Discussion

Neoadjuvant immunotherapy has reshaped the treatment land-
scape of resectable NSCLC, yet a substantial proportion of pa-
tients still fail to achieve a major pathologic response [45]. This 
clinical heterogeneity indicates that conventional biomarkers 
remain insufficient to fully capture the biological determinants 
of therapeutic response [46]. In the present study, we used an 

integrative single-cell and bulk transcriptomic framework to 
characterize microenvironmental programs associated with 
pathologic response to immunotherapy in NSCLC. Our analyses 
identified a distinct SPP1 inflammatory TAM state enriched in 
samples with NMPR. This state was accompanied by increased 
exhausted CD8 T cell abundance, higher malignant cell hypoxia 
and EMT scores, and stronger SPP1-centered macrophage–T cell 
interaction patterns. We further translated this single cell–de-
rived signal to the patient level by constructing an NR-TAM sig-
nature, and subsequently prioritized INHBA as a representative 
candidate associated with poorer pathologic response, higher 
residual tumor burden, unfavorable survival trends, and tu-
mor-promoting cellular phenotypes. Taken together, these find-
ings suggest that an adverse response–associated macrophage 
program may be linked to an unfavorable immune microenvi-
ronment in NSCLC.

Accordingly, the results are best interpreted as associative 
rather than causal. The enrichment of SPP1 inflammatory 
TAM, exhausted CD8 T cell features, malignant cell hypoxia, 
and EMT programs in NMPR samples indicates co-occur-
rence within an adverse response–associated ecosystem, but 
the current study cannot determine whether these processes 
are temporally ordered, mutually reinforcing, or parallel 
consequences of treatment pressure and aggressive tumor 
biology. Establishing causality will require longitudinal sam-
pling, spatial validation, and perturbation-based tumor-im-
mune models.

One important feature of this study is that the adverse micro-
environmental signal was not defined simply by overall my-
eloid abundance, but by a more specific macrophage state. In 
the refined myeloid atlas, SPP1 inflammatory TAM was tran-
scriptionally distinct from monocytes, resident macrophages, 
IFN response macrophages, and APOC1_GPNMB TAM. 
At the sample level, this population was more abundant in 
NMPR samples and showed coordinated positive trends with 
exhausted CD8 T cell proportion as well as malignant cell hy-
poxia and EMT programs. These observations suggest that poor 
pathologic response may be associated with a broader ecosys-
tem characterized by inflammatory macrophage enrichment, 
T cell dysfunction, and tumor cell stress-adaptation programs 
rather than by a single isolated immune feature, which is con-
sistent with recent NSCLC-focused work emphasizing that 
treatment-relevant TAM states are more informative than bulk 
macrophage abundance alone [47]. Importantly, our data do 
not indicate that SPP1 inflammatory TAM alone is sufficient 
to drive treatment resistance. Rather, the results support the in-
terpretation that this macrophage state marks an unfavorable 
TME in which suppressive immune remodeling and aggressive 
malignant cell programs tend to co-occur [48, 49].

The trajectory analysis provides additional context for this mac-
rophage program. Monocle-based reconstruction suggested a 
continuous transition from monocyte-like states toward termi-
nal TAM states, with SPP1 inflammatory TAM and APOC1_
GPNMB TAM occupying later branches of the trajectory. Along 
this transition, monocyte-associated genes such as FCN1 and 
VCAN decreased, whereas macrophage-associated and inflam-
matory genes including SPP1, INHBA, APOC1, GPNMB, and 
CCL2 increased toward later pseudotime. Although pseudotime 
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analysis cannot establish lineage dynamics with certainty, this 
pattern is consistent with the idea that the adverse SPP1 inflam-
matory TAM state represents a more differentiated inflamma-
tory myeloid state within the NSCLC microenvironment. Such 
a state may be particularly relevant in posttreatment samples, 
where immune remodeling has already occurred under thera-
peutic pressure [50, 51].

Another notable finding is the prominence of SPP1-centered 
intercellular communication. Compared with other myeloid 
subsets, SPP1 inflammatory TAM showed stronger inferred 
interactions with multiple T cell populations, including ex-
hausted CD8 T cells, effector CD8 T cells, Treg cells, and 
CXCL13+ CD4 T cells. Representative ligand–receptor pairs 
such as SPP1–ITGB1 and SPP1–CD44 were generally stron-
ger in NMPR samples, indicating that this macrophage state 
may participate in a more active but potentially unfavor-
able immune crosstalk network. We interpret these results 
cautiously. The interaction scores used here reflect expres-
sion-based inference rather than direct functional validation, 
and therefore should not be overinterpreted as proof of signal-
ing dependency. Nevertheless, the convergence of abundance 
analysis, state scoring, pseudotime positioning, and interac-
tion inference consistently supports the relevance of SPP1 
inflammatory TAM within an adverse response–associated 
microenvironmental program, which is biologically plausible 
given recent evidence that SPP1-positive macrophage polarity 
captures broader cellular programs linked to tumor progres-
sion and immune dysfunction [52].

A major strength of this work is that we did not stop at identify-
ing a single-cell state. Instead, we derived an NR-TAM signature 
from pseudobulk analysis of SPP1 inflammatory TAM and pro-
jected it to pretreatment bulk RNA-seq data from the same co-
hort. This step is important because many clinically annotated 
cohorts remain bulk-based, and candidate programs defined 
solely at single-cell resolution are often difficult to translate; this 
challenge has been specifically highlighted in recent reviews of 
single-cell applications in lung cancer immunotherapy [53, 54]. 
In our study, the NR-TAM signature showed higher scores in 
NMPR samples and captured structured transcriptional hetero-
geneity at the patient level. Although the separation between 
groups was not absolute, this is biologically expected in a clini-
cally heterogeneous cohort and does not diminish the potential 
relevance of the program. Rather, it suggests that the adverse 
macrophage-associated signal is one component of response 
variability, likely acting together with additional tumor-intrinsic 
and immune-contextual factors [55, 56].

The posttreatment origin of the single cell–derived NR-TAM sig-
nature is an important interpretive consideration. Projecting this 
signature into pretreatment bulk RNA-seq assumes that at least 
part of the posttreatment SPP1 inflammatory TAM program 
reflects a stable or recurrent adverse microenvironmental ten-
dency that may already be detectable before therapy. However, 
the same program may also be amplified or reshaped by neo-
adjuvant treatment itself. Therefore, the pretreatment bulk 
analysis should be viewed as evidence of partial patient-level re-
capitulation of the transcriptional program, not as proof that the 
SPP1 inflammatory TAM state is a purely preexisting resistance 
mechanism.

The exploratory predictive performance analysis also clarifies 
the current translational boundary of the NR-TAM program. 
Although the NR-TAM score and INHBA expression were 
shifted toward higher values in NMPR cases, both markers 
showed substantial overlap between response groups, and their 
apparent AUCs were modest. The combined NR-TAM plus 
INHBA logistic model did not improve robust performance 
under leave-one-out cross-validation. These results argue 
against using either marker as a patient-selection tool at this 
stage. Rather, the NR-TAM program should be interpreted as 
a biologically informative, cell state–derived signal that may 
complement future multiparameter models incorporating estab-
lished clinical biomarkers, PD-L1 expression, tumor mutational 
burden, histology, radiologic features, and other immune and 
stromal variables.

Practical measurement of SPP1 inflammatory TAM will also 
require additional development. Because this population rep-
resents a macrophage state rather than a single-marker cell 
type, routine single-marker immunohistochemistry is unlikely 
to be sufficient. More feasible pathology-compatible approaches 
may include multiplex immunohistochemistry or immunofluo-
rescence combining macrophage lineage markers such as CD68 
or CD163 with state markers such as SPP1 and INHBA, RNA 
in situ hybridization panels, targeted transcriptomic assays, or 
spatially resolved methods in research settings. Digital pathol-
ogy-based quantification may help standardize abundance and 
localization metrics. Clinically validated assays and cutoffs have 
not yet been established.

The current results should also be viewed within a broader re-
sponse landscape. SPP1 inflammatory TAM was associated with 
exhausted CD8 T cells, Treg-related interactions, malignant cell 
hypoxia and EMT programs, and variable stromal components 
in the single-cell atlas. These observations indicate that macro-
phages are unlikely to act in isolation. Poor pathologic response 
may instead reflect coordinated remodeling across myeloid, 
lymphoid, stromal, and tumor-intrinsic compartments. Future 
models should evaluate macrophage states together with T cell 
functional status, fibroblast programs, malignant cell stress ad-
aptation, and established clinicopathologic biomarkers.

Recent macrophage-related studies in NSCLC, renal cell carci-
noma, and pan-cancer settings have developed prognostic or im-
munotherapy response signatures based on M1/M2 macrophage 
programs, TAM-related risk genes, glycolysis-associated macro-
phage programs, and pro-inflammatory versus pro-tumor mac-
rophage states [47,  48,  57]. These studies support the broader 
relevance of macrophage heterogeneity for immune response, 
but many are based primarily on bulk deconvolution, prognostic 
endpoints, or nonneoadjuvant cohorts. The present study differs 
by anchoring the signature to a single-cell-defined SPP1 inflam-
matory TAM state observed in a neoadjuvant immunotherapy 
dataset and then projecting that state into matched pretreatment 
bulk RNA-seq. At the same time, our modest AUC results un-
derscore that biological novelty does not yet translate into clin-
ical readiness.

Within this adverse response–associated program, INHBA 
emerged as a particularly informative candidate. At the sin-
gle-cell level, INHBA was enriched in SPP1 inflammatory TAM. 
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At the bulk level, it showed higher expression in NMPR cases, a 
positive trend with residual tumor proportion, and coordinated 
relationships with several TAM-related genes, including SPP1, 
CCL2, and CCL7. In external TCGA cohorts, higher INHBA ex-
pression was associated with less favorable overall survival, with 
a more evident trend in LUSC than in LUAD. These findings 
do not establish INHBA as a macrophage-specific or NSCLC-
specific driver. However, they do support its prioritization as 
a representative molecule linked to an unfavorable transcrip-
tional and clinical context, which is in line with prior evidence 
that INHBA is associated with aggressive behavior in NSCLC 
[58]. In addition, the in vitro findings that INHBA knockdown 
suppressed proliferative and migratory phenotypes further sup-
port its prioritization as a candidate linked to tumor-promoting 
behavior [59].

The interpretation of INHBA also requires caution. In the current 
data, INHBA was associated with poorer pathologic response, re-
sidual tumor burden, and less favorable survival trends, particu-
larly in LUSC. However, these observations do not establish that 
INHBA is an immunotherapy resistance–specific determinant. 
INHBA may instead reflect a broader aggressive tumor phenotype 
or a histology-biased adverse microenvironmental context. Its 
connection to the macrophage-associated program is supported by 
transcriptomic co-enrichment and bulk-level correlation but not 
by direct functional evidence that INHBA regulates macrophage 
state or macrophage–T cell crosstalk. The in vitro knockdown ex-
periments support a role for INHBA in proliferation and migra-
tion, but they do not directly test immune-checkpoint blockade 
sensitivity. Future experiments using tumor-immune coculture 
systems, macrophage-conditioned models, spatial validation, or 
immunotherapy-relevant in vivo models will be needed to clarify 
whether INHBA actively contributes to immune resistance or pri-
marily marks aggressive tumor biology.

This study has several limitations. First, the single-cell cohort 
and matched pretreatment bulk cohort were relatively small, 
limiting statistical power and the stability of subgroup analy-
ses. Second, the NR-TAM score and INHBA expression showed 
substantial overlap between response groups, and exploratory 
ROC analysis demonstrated only modest discrimination; there-
fore, these markers are not ready for patient selection. Third, the 
public GSE207422 metadata did not include PD-L1 expression, 
tumor mutational burden, or other routine immunotherapy bio-
markers, preventing assessment of incremental predictive value 
beyond existing clinical markers. Fourth, the single-cell analysis 
included both pretreatment and posttreatment specimens, and 
the NR-TAM signature was derived largely from posttreatment 
SPP1 inflammatory TAM before being projected into pretreat-
ment bulk RNA-seq. This strategy is useful for testing partial re-
currence of a single cell–derived program at the patient level, but 
it cannot determine whether the program is preexisting, treat-
ment-induced, or both. Fifth, pseudo time and macrophage–T 
cell communication analyses are computational inferences 
based on transcriptional similarity and ligand–receptor co-
expression; they do not prove lineage relationships, temporal 
ordering, active signaling, or functional immune suppression. 
Sixth, the TCGA-LUAD and TCGA-LUSC analyses provide 
contextual prognostic support only, because these cohorts were 
not generated in neoadjuvant immunotherapy-treated patients. 
Seventh, the stronger trend in LUSC than LUAD suggests 

potential histology dependence that requires subtype-stratified 
validation. Finally, the functional assays tested tumor cell pro-
liferation and migration after INHBA knockdown but did not 
directly evaluate immunotherapy sensitivity, macrophage state 
regulation, or tumor–immune interactions.

5 | Conclusion

In summary, this study identifies an SPP1 inflammatory TAM 
program associated with unfavorable pathologic response in 
NSCLC treated with neoadjuvant immunotherapy and prior-
itizes INHBA as a candidate marker within this adverse re-
sponse–associated program. These findings remain associative 
and exploratory, and prospective immunotherapy cohorts with 
matched clinical biomarkers and longitudinal tissue sampling 
are needed before clinical implementation or causal interpreta-
tion can be considered.
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