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Abstract
Background  Neoadjuvant immunochemotherapy (NAIC) induces tumor microenvironment remodeling in non-small cell 
lung cancer (NSCLC), presenting challenges for treatment response assessment. This study developed and validated a habitat 
radiomics approach for non-invasive prediction of tumor-infiltrating lymphocyte (TIL) status to evaluate NAIC response in 
NSCLC.
Methods  This retrospective study enrolled 238 NSCLC patients following NAIC for clinical analysis, of which 201 patients 
met criteria for radiomics analysis. Patients were classified into TIL-positive and TIL-negative groups based on pathological 
assessment. Post-treatment computed tomography (CT) images were analyzed using K-means clustering to identify tumor 
habitat sub-regions for radiomic feature extraction. Seven machine learning algorithms were evaluated for TIL status pre-
diction. Model interpretability was assessed through SHapley Additive exPlanations (SHAP) analysis. Single-cell RNA 
sequencing (scRNA-seq) data were analyzed to compare major pathological response (MPR) and non-MPR tumor microenvi-
ronments through cell type annotation, differentiation trajectory analysis, and intercellular communication network analysis.
Results  Pre-treatment neutrophil-to-lymphocyte ratio (NLR) showed association with pathological response in multivariable 
analysis. The radiomics cohort was randomly divided 7:3 into training (n = 140) and test (n = 61) sets. The Random Forest 
model achieved an area under the receiver operating characteristic curve (AUC) of 0.823 (95% CI: 0.694–0.932) in the test 
set, and the habitat radiomics model stratified patients into high and low recurrence risk groups. Single-cell analysis identi-
fied immunosuppressive features in non-responding tumors, characterized by expansion of SERPINB9 + regulatory T cells 
(Tregs) that regulated suppressive intercellular communication networks.
Conclusions  This study establishes a habitat radiomics model for non-invasive assessment of TIL status following neoad-
juvant immunochemotherapy in NSCLC. The model shows reliable predictive performance and prognostic stratification 
capability, offering potential clinical utility for treatment response evaluation and patient selection.

Keywords  Non-small cell lung cancer · Habitat radiomics · Tumor-infiltrating lymphocytes · Neoadjuvant 
immunochemotherapy · Tumor microenvironment
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VCAM1	� Vascular cell adhesion molecule 1

Introduction

The integration of immune checkpoint inhibitors (ICIs) 
into neoadjuvant treatment protocols has transformed the 
therapeutic approach to locally advanced non-small cell 
lung cancer (NSCLC). Clinical trials have reported patho-
logical response rates with combined immunochemotherapy 
that exceed historical outcomes with chemotherapy alone 
[1–3]. However, considerable heterogeneity exists in patient 
responses, and reliable predictive biomarkers remain limited.

The evaluation of treatment response following neo-
adjuvant immunochemotherapy (NAIC) presents unique 
complexities distinct from conventional chemotherapy 
assessment. Standard imaging criteria, including Response 
Evaluation Criteria in Solid Tumors (RECIST), demonstrate 
limited accuracy in predicting pathological response due to 
inflammatory changes, pseudoprogression phenomena, and 
complex tissue remodeling patterns unique to immuno-
chemotherapy [4]. Post-treatment tumors frequently exhibit 
heterogeneous compositions of viable tumor cells, necro-
sis, fibrosis, and inflammatory infiltrates, creating substan-
tial challenges for radiological interpretation [5]. Studies 
have identified distinct microenvironmental regions within 
tumors, including active tumor areas, necrotic zones, and 
fibrotic regions, each displaying unique imaging character-
istics [6].

Tumor-infiltrating lymphocytes (TILs) represent key 
effector cells in anti-tumor immunity and have emerged as 
important biomarkers in immunochemotherapy. Multiple 
studies have established correlations between TIL density 
and clinical outcomes across various malignancies [7, 8]. 
In lung cancer specifically, patients with high TIL infiltra-
tion demonstrate superior pathological response rates and 
extended survival following ICI treatment [9]. However, 
current TIL assessment requires invasive tissue sampling, 
limiting its application in treatment monitoring and adap-
tive therapy strategies. Pre-surgical, non-invasive assessment 
of TIL status could identify patients who may benefit from 
treatment intensification or de-escalation, facilitate early 
evaluation of immunotherapy efficacy, and guide personal-
ized therapeutic strategies.

Radiomics has offered novel approaches for extracting 
quantitative features from medical images that capture tis-
sue properties. Radiomics extracts quantitative features 
from medical imaging based on the principle that images 
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represent data rather than mere pictures [10]. These imaging 
features, which include texture patterns, shape characteris-
tics, and intensity profiles, may reveal biological processes 
such as cellular organization, vascular patterns, and meta-
bolic states [11]. Previous investigations have established 
associations between radiomic signatures and molecular 
markers, immune infiltration patterns, and clinical outcomes 
across various malignancies [12–15]. Through unsupervised 
clustering of imaging features, habitat analysis can identify 
and quantify these sub-regions, potentially revealing char-
acteristics invisible to conventional imaging assessment. 
Previous studies in NSCLC have shown that habitat-based 
radiomics can improve prediction accuracy for treatment 
outcomes [16]. Unlike conventional whole-tumor radiom-
ics that treats the tumor as a homogeneous entity, habitat 
analysis can capture spatial variations in cellular composi-
tion, vascular patterns, and metabolic states within the tumor 
microenvironment. Research has demonstrated that PET-/
CT-based habitat radiomics effectively predicted NSCLC 
recurrence risk [17]. Habitat-based radiomics addresses this 
heterogeneity through unsupervised clustering to identify 
tumor sub-regions with distinct imaging phenotypes, poten-
tially reflecting underlying biological diversity.

Despite these advances, no studies have specifically 
investigated habitat radiomics for predicting TIL status in 
the post-neoadjuvant immunochemotherapy setting in lung 
cancer. Given the prognostic importance of TILs and the 
clinical need for non-invasive monitoring tools, this study 
aimed to develop and validate a habitat radiomics-based 
machine learning model for predicting TIL status in NSCLC 
patients following neoadjuvant immunochemotherapy and 
to elucidate the immunosuppressive mechanisms under-
lying treatment resistance through integrated single-cell 
transcriptomics.

Methods

Study design and patient population

This retrospective cohort study was conducted at Union 
Hospital, Tongji Medical College, Huazhong University 
of Science and Technology. The study protocol received 
approval from the Institutional Review Board (approval 
number UCT240116). Given the retrospective nature of the 
analysis, the requirement for informed consent was waived.

Patients with histologically confirmed NSCLC who 
received neoadjuvant immunochemotherapy combined with 
chemotherapy from August 2019 to February 2024 were 
evaluated for inclusion. Inclusion Criteria: (i) histologically 
confirmed stage IB-IIIB NSCLC according to the 8th edition 
of the American Joint Committee on Cancer (AJCC) stag-
ing system; (ii) patients who typically received at least ≥ 2 

cycles of neoadjuvant immunochemotherapy prior to sur-
gery; (iii) post-operative pathological evaluation performed 
on the treatment response of the tumor primary lesion and 
lymph nodes according to the International Association for 
the Study of Lung Cancer (IASLC) recommendations [18]. 
Exclusion criteria: (i) incomplete medical records or missing 
clinical data essential for analysis; (ii) inadequate CT image 
quality precluding radiomics analysis; (iii) interval between 
CT acquisition and surgery exceeding 30 days.

The single-cell RNA sequencing (scRNA-seq) data ana-
lyzed in this study were obtained from the Gene Expression 
Omnibus (GEO) database (accession number: GSE207422). 
This dataset consists of tumor samples from NSCLC patients 
who underwent neoadjuvant immunochemotherapy. Patients 
were clinically categorized based on pathological response 
into MPR (n = 3) and non-MPR (n = 10).

Clinical and laboratory data collection

Clinical variables were systematically extracted from elec-
tronic medical records using a standardized data collection 
form. Baseline demographics included age at diagnosis, gen-
der, body mass index (BMI), and smoking history. Tumor 
characteristics comprised histological subtype, primary 
tumor location, and clinical TNM staging.

Treatment-related variables included specific immuno-
chemotherapy agent, including pembrolizumab, nivolumab, 
durvalumab, tislelizumab, camrelizumab, platinum-based 
doublet chemotherapy regimen, and number of completed 
cycles. Laboratory parameters were collected at baseline 
within 7 days before treatment initiation and post-treatment 
within 7 days before surgery. These included complete 
blood count with differential, comprehensive metabolic 
panel including liver and kidney function tests, lactate 
dehydrogenase (LDH), and traditional tumor markers such 
as carcinoembryonic antigen (CEA), squamous cell carci-
noma antigen (SCC), and neuron-specific enolase (NSE). 
Inflammatory biomarkers were calculated as follows: neu-
trophil-to-lymphocyte ratio (NLR) = absolute neutrophil 
count/absolute lymphocyte count; PLR = platelet count/
absolute lymphocyte count. Univariate and multivariate 
logistic regression analyses identified clinical predictors 
of pathological response. Recurrence-free survival (RFS) 
was defined as the time from the date of surgery to the date 
of radiologically or pathologically confirmed recurrence, 
death from any cause, or last follow-up. Survival analysis 
employed Kaplan–Meier method with log-rank test.

Pathological assessment and TIL evaluation

Surgical specimens underwent standardized processing 
according to IASLC multidisciplinary recommendations 
for pathologic assessment following neoadjuvant therapy 
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[18]. Sections of 4 μm thickness were stained with hema-
toxylin and eosin (H&E). Pathological response assessment 
was performed by two experienced thoracic pathologists. 
The percentage of viable tumor cells was quantified across 
all tumor sections, with careful distinction from treatment-
related changes including necrosis, fibrosis, and foam cell 
aggregates. MPR was defined as residual viable tumor 
cells ≤ 10%, while pCR represented absence of any viable 
tumor cells in both the primary tumor and sampled lymph 
nodes, consistent with IASLC criteria [18, 19].

Representative slide images were digitally scanned at 
40 × or 100 × magnification and uploaded to the hospital 
pathology information system. TIL assessment was per-
formed by pathologists blinded to clinical outcomes using 
semi-quantitative evaluation methods from pictures in the 
hospital information system [20, 21]. To ensure reliability, 
pathological reports noting extensive lymphocyte infiltra-
tion or prominent lymphoid aggregates were incorporated 
to minimize sampling bias. Patients were stratified into TIL-
positive group with lymphocyte infiltration ≥ 10% and TIL-
negative group with < 10% [20].

CT image preprocessing and feature extraction

Post-treatment CT imaging was performed using contrast-
enhanced images, acquired 60–70 s after intravenous admin-
istration of iodinated contrast medium. Post-treatment CT 
imaging was performed before surgery in all patients regard-
less of apparent imaging response. Even in patients achiev-
ing pathological complete response, post-treatment CT typi-
cally demonstrates residual imaging abnormalities including 
fibrosis and inflammatory changes that can be analyzed 
using radiomics. No patients were excluded based on the 
degree of imaging response. Detailed scanning parameters 
are provided in prior published work [22]. Regions of inter-
ests (ROIs) encompassing the tumor volume were manually 
outlined by a thoracic surgeon and radiologist with 10 years 
of imaging experience using ITK-SNAP software (version 
3.8.0). Images underwent preprocessing to ensure repro-
ducibility and minimize technical variability [22]. Images 
underwent isotropic resampling using cubic spline interpola-
tion to standardize spatial resolution across scanners. Most 
tumors were resampled to 1 × 1 × 1 mm3 voxel size; larger 
tumors used 3 × 3 × 3 mm3 voxels. Intensity normalization 
was applied using z-score standardization within the lung 
window to minimize scanner-related variations.

A comprehensive set of radiomics features was extracted 
from each voxel within the tumor ROI using PyRadiom-
ics with a local neighborhood approach. Tumor sub-regions 
were identified using K-means clustering algorithm from 
scikit-learn. The optimal number of clusters was deter-
mined using the Calinski–Harabasz index across a range of 
3–8 clusters. Seven categories of features were calculated: 

shape-based features, first-order statistics, gray level co-
occurrence matrix (GLCM), gray level run length matrix 
(GLRLM), gray level size zone matrix (GLSZM), gray level 
dependence matrix (GLDM), and neighboring gray tone dif-
ference matrix (NGTDM).

Radiomic features were extracted from each habitat sub-
region. For samples with missing habitat regions, a k-nearest 
neighbors (KNN)-based interpolation method was used to 
fill missing values. Features from the habitat sub-regions 
were then combined for analysis. Feature selection was 
performed using the Mann–Whitney U test (p < 0.05) and 
Pearson correlation analysis (|r|> 0.8) with identical thresh-
olds for both models, followed by LASSO regression for the 
habitat model (24 features) and mRMR for the whole-tumor 
model (all ROI, 25 features).

Radiomic model development and interpretability

Seven machine learning algorithms were implemented: 
Logistic Regression, Random Forest, XGBoost, Light-
GBM, ExtraTrees, Multi-layer Perceptron (MLP), and Gra-
dientBoost. Hyperparameter optimization was performed 
through grid search on the training set. The search space for 
each algorithm is detailed in Supplementary Note 1. Label 
smoothing was applied to reduce overfitting. Fivefold cross-
validation was conducted on the entire cohort for robustness 
assessment.

Model performance metrics included AUC, sensitivity, 
specificity, positive predictive value (PPV), negative predic-
tive value (NPV), and F1 score with 95% confidence inter-
vals (CIs). Model performance metrics were calculated as 
follows: accuracy (ACC) = (true positives + true negatives) 
/ total samples; positive predictive value (PPV) = true posi-
tives / (true positives + false positives); negative predictive 
value (NPV) = true negatives / (true negatives + false nega-
tives). Model selection was based on AUC, with considera-
tion for balanced sensitivity and specificity. DeLong test was 
used to compare AUC differences between models.

Subgroup analyses were conducted to evaluate model 
performance across patient subsets, including: (1) age ≤ 65 
versus > 65; (2) clinical Stage II versus Stage III; and (3) 
smoking status. Model interpretability was assessed using 
SHAP analysis, which quantified each feature’s impact on 
model predictions. Multiplex immunofluorescence staining 
for CD3, CD20, and FOXP3 was performed on representa-
tive samples in the test set to validate immune infiltration 
patterns.

Immunofluorescence staining

Tissue specimens were fixed in 4% paraformaldehyde, 
embedded in paraffin, and sectioned at 4  μm thick-
ness. Two consecutive sections were selected for dual 
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immunofluorescence staining with different marker combi-
nations. Following deparaffinization and rehydration, anti-
gen retrieval was performed using citrate buffer (pH 6.0) at 
high temperature and pressure for 15 min. Sections were 
blocked with 3% BSA for 1 h at room temperature. Primary 
antibodies were applied overnight at 4 °C: CD3G antibody 
(1:100 dilution) and CD20 antibody (1:400 dilution). For 
Sect. 1, CD4 antibody (1:400, Cat No. 67786–1-Ig, Pro-
teintech) and FOXP3 antibody (1:400, Cat No. 22228–1-
AP, Proteintech) were co-incubated overnight at 4 °C, fol-
lowed by secondary antibody incubation for 1 h at room 
temperature. For Sect. 2, CD25 antibody (1:400, Abcam, 
AB231441) and CD8 antibody (1:400, Abcam, ab316355) 
were incubated similarly, followed by the same secondary 
antibody combination. Nuclei were counterstained with 4′, 
6-diamidino-2-phenylindole (DAPI) at 1:1000 dilution for 
5–10 min and mounted with anti-fade mounting medium.

Images were acquired using a digital slide scanner with 
20 × or 40 × objectives, with all fluorescence procedures per-
formed in the dark to prevent photobleaching. Prominent 
tissue structural features served as anatomical landmarks to 
ensure spatial correspondence between consecutive sections. 
To assess the spatial distribution relationships between dif-
ferent immune cell subsets, images from consecutive sec-
tions were overlaid using Adobe Photoshop CS6 software. 
Specifically, the tissue architecture revealed by the DAPI 
channel was used as reference for precise alignment through 
translation, rotation, and minor scaling adjustments.

scRNA‑seq data processing and cell type annotation

The raw gene expression matrices were processed using the 
Seurat R package (v4.3). A standard quality control pipe-
line was applied to filter out low-quality cells. Cells were 
retained for downstream analysis if they expressed between 
200 and 5,000 genes (nFeature_RNA) and had a mitochon-
drial gene content of less than 15%. Following filtration, 
gene expression counts for each cell were normalized using 
the “LogNormalize” method with a scale factor of 10,000.

The normalized data from all samples were merged, and 
the top 2000 highly variable genes were identified using 
the FindVariableFeatures function. The data were scaled, 
and Principal Component Analysis (PCA) was performed 
for linear dimensionality reduction. To correct for inter-
sample batch effects, the Harmony algorithm was applied 
to the PCA embeddings using the RunHarmony function. 
The first 30 Harmony-corrected dimensions were used for 
all subsequent analyses. A shared nearest neighbor (SNN) 
graph was constructed on the Harmony-corrected embed-
dings using the FindNeighbors function. Cell clustering was 
performed using the Louvain algorithm at a resolution of 0.8 
via the FindClusters function. For visualization, Uniform 

Manifold Approximation and Projection (UMAP) was run 
on the Harmony embeddings.

Cell clusters were annotated by evaluating the expression 
of canonical marker genes. Cluster-specific markers were 
identified by performing differential expression analysis 
using the FindAllMarkers function with Wilcoxon Rank 
Sum test, min.pct = 0.25, and logfc.threshold = 0.25. The 
identity of each cluster was assigned by cross-referencing 
these markers with established literature. Key markers used 
for annotation included: epithelial cells (EPCAM, KRT8, 
KRT18, KRT19); fibroblasts (COL1A1); endothelial cells 
(VWF); B cells (MS4A1, CD79A); plasma cells (IGHG1); 
and myeloid cells (LYZ, CSF3R).

Differential gene expression and pseudotime 
trajectory analysis

Differential gene expression (DGE) analysis between cell 
populations of interest was performed using the FindMark-
ers function in Seurat. Genes with an adjusted p-value < 0.05 
and an absolute log2 fold change > 0.25 were considered 
significant. To investigate the biological functions of these 
differentially expressed genes, Gene Ontology (GO) enrich-
ment analysis was conducted using the clusterProfiler R 
package.

The developmental trajectory of CD4 + T cells was 
inferred using the Monocle 2 R package. The CD4 + T-cell 
subset was extracted from the Seurat object to create a Cell-
DataSet object. Genes that were differentially expressed 
between the CD4 + T-cell clusters were used for ordering the 
cells in pseudotime. The DDRTree algorithm was used for 
dimensionality reduction, and the trajectory was constructed 
using the orderCells function.

Cell–cell communication and survival analysis

Intercellular communication networks were inferred and 
analyzed using the CellChat R package. The MPR and 
non-MPR datasets were analyzed separately to identify 
condition-specific signaling patterns. CellChat’s curated 
ligand–receptor interaction database was used to calculate 
the communication probabilities between T-cell subsets. Dif-
ferential signaling pathways and interactions between the 
two conditions were subsequently identified and visualized.

To evaluate the clinical relevance of SERPINB9+ regula-
tory T cells (Tregs), we performed differential gene expres-
sion analysis between SERPINB9⁺ and SERPINB9⁻ Treg 
subsets using the MAST algorithm in single-cell RNA-
seq data, adjusting for donor/batch effects (immune_id), 
sequencing depth/detection rate (nCount_RNA, nFea-
ture_RNA), and mitochondrial fraction (percent.mt). Dif-
ferentially expressed genes were identified using stringent 
criteria: log2 fold change > 1, difference in detection rate 
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(Δpct) > 0.2, and false discovery rate (FDR) < 0.01. To pre-
serve Treg identity in the gene signature, CD4 and FOXP3 
were additionally included regardless of differential expres-
sion thresholds. The resulting gene signature score was com-
puted in the TCGA-NSCLC cohort (LUAD and LUSC), and 
patients were dichotomized at the median value. Survival 
differences were assessed using Kaplan–Meier curves with 
log-rank tests and validated by multivariable Cox propor-
tional hazards models. The prognostic performance was fur-
ther validated in an external neoadjuvant immunotherapy 
cohort (GSE135222).

Quality standards and statistical analysis

This study adhered to the Transparent Reporting of a multi-
variable prediction model for Individual Prognosis Or Diag-
nosis (TRIPOD) guidelines for prediction model develop-
ment in Supplementary Table S1 [23].

Statistical analyses were performed using R (version 
4.2.1) and Python (version 3.7). Continuous variables were 
expressed as mean ± standard deviation (SD). Categori-
cal variables were presented as frequencies and percent-
ages. Between-group comparisons used Student’s t-test or 
Mann–Whitney U test for continuous variables and Chi-
square or Fisher’s exact test for categorical variables, with 
significance set at α = 0.05. Machine learning model training 
was performed on a computer with NVIDIA RTX 4060Ti 
graphics card. Single-cell analysis and visualization were 
completed on local personal servers and the HPC Platform 
of Huazhong University of Science and Technology.

Results

Patient characteristics and clinical cohort analysis

From August 2019 to February 2024, a total of 243 patients 
with NSCLC received neoadjuvant immunochemotherapy 
and underwent surgical resection at our institution. After 
applying inclusion and exclusion criteria, 238 patients com-
prised the clinical analysis cohort, with 201 patients meeting 
all requirements for radiomics analysis (Fig. 1).

The clinical cohort demonstrated a male predominance 
of 89.4%, with a median age of 62 years ranging from 
37 to 76. Squamous cell carcinoma represented the most 
prevalent histological subtype at 66.8%, followed by ade-
nocarcinoma at 25.2%. The majority of patients presented 
with stage IIIA disease at 44.1%, followed by stage IIIB at 
33.1% and stage IIB at 10.9%. Regarding immunochemo-
therapy agents, tislelizumab was most frequently admin-
istered at 42.0%, followed by pembrolizumab at 20.5%, 
and camrelizumab at 12.1%. MPR was achieved in 129 
patients representing 54.2%, while pCR was observed in 

79 patients representing 33.1% (Fig. 2A). With a maxi-
mum follow-up of 48.5 months, 65 recurrence events were 
observed representing 29.5%.

Univariate and multivariate analyses of clinical and 
laboratory parameters revealed factors associated with 
treatment response (Supplementary Table S2). Multivari-
ate logistic regression identified three independent factors 
associated with MPR achievement. Post-treatment PLR 
demonstrated an adjusted odds ratio (OR) of 1.01 (95% 
CI: 1.01–1.01, p = 0.008), pre-treatment NLR showed an 
adjusted OR of 1.17 (95% CI: 1.01–1.37, p = 0.047), and 
baseline creatinine exhibited an adjusted OR of 1.02 (95% 
CI: 1.01–1.04, p = 0.020) (Fig. 2B).

TIL status and pathological response correlation

TIL assessment identified 157 patients (66.0%) as TIL-
positive and 81 patients (34.0%) as TIL-negative. The 
relationship between TIL status and pathological response 
demonstrated strong associations. Among TIL-positive 
patients, 110 achieved MPR (70.1%) compared to only 
47 of TIL-negative patients (23.5%). Similarly, pCR rates 
were significantly higher in TIL-positive patients at 45.9 
versus 8.6% in TIL-negative patients (Fig. 2C).

TIL status showed correlations with both pathological 
response and RFS. The Sankey diagram tracked patient 
distribution from TIL status through pathological response 
to clinical outcomes (Fig.  2D). Among TIL-positive 
patients, a greater proportion achieved MPR compared to 
TIL-negative patients. The flow widths represent patient 
numbers following each trajectory, showing that TIL-pos-
itive patients had a higher tendency to achieve MPR, and 
those achieving MPR demonstrated improved event-free 
survival rates.

Pathological response markers demonstrated prognos-
tic associations in the clinical cohort (Fig. 2E). Patients 
achieving pCR showed improved RFS compared to non-
pCR patients (p = 0.010), with more pronounced separa-
tion for MPR (p < 0.001). TIL status also provided stratifi-
cation (p = 0.001). In the non-pCR subgroup, TIL-positive 
patients showed improved RFS compared to TIL-negative 
patients (p = 0.0409), demonstrating the prognostic value 
of TIL status. In contrast, traditional baseline clinical stag-
ing variables did not achieve prognostic stratification in 
this immunochemotherapy-treated population (Supple-
mentary Figure S1). Neither clinical stage (p = 0.4877), 
pre-treatment T stage (p = 0.3993), pre-treatment N stage 
(p = 0.1718), lesion location (p = 0.2050), nor smoking 
status (p = 0.5926) demonstrated significant associations 
with RFS. Most stage III patients who achieved downstag-
ing subsequently underwent surgery, potentially leading to 
better outcomes.
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Habitat identification and radiomic analysis

Figure 3A illustrates selected 6 cases showing the CT imag-
ing and pathological response. While all patients showed 
varying degrees of tumor size changes on CT imaging, 
conventional imaging alone could not reliably distin-
guish between those with favorable versus poor treatment 
response. In the TIL-positive group, H&E staining reveals 
extensive lymphocyte infiltration replacing tumor tissue, 
minimal residual viable tumor cells, and prominent stromal 
fibrosis. In contrast, the TIL-negative group pathological 

examination revealed sheets of viable tumor cells with 
sparse lymphocyte infiltration and minimal treatment-related 
changes.

Following lesion segmentation, unsupervised clustering 
analysis identified three separate habitat sub-regions within 
post-treatment tumors (Fig. 3B). The Calinski–Harabasz 
index revealed maximum value at k = 3 clusters with an 
index value of 393,162, with substantial decline at k = 4 
with an index value of 363,465 (shown in Fig. 3C). The 
resulting heatmaps displayed heterogeneous feature distribu-
tions across the lesion, where warmer colors such as red and 

Fig. 1   Study Enrollment and Patient Selection Flowchart. This flowchart illustrates the patient selection process and cohort allocation for the 
study



	 Cancer Immunology, Immunotherapy           (2026) 75:42    42   Page 8 of 19

yellow represented higher radiomics feature values, while 
cooler colors like blue indicated lower values following nor-
malization (Fig. 3D).

Machine learning model performance

The radiomics cohort was randomly divided 7:3 into train-
ing set (n = 140) and independent test set (n = 61). The dis-
tribution of clinical characteristics was balanced between 
training and test sets, with no significant differences in key 
variables (Table 1). The initial radiomic feature extraction 
yielded 5,505 features from the three habitat sub-regions. 
Following feature selection, 984 features were retained after 
Mann–Whitney U test, 137 features after Pearson correlation 
analysis, and 24 optimal features were selected by LASSO 

regression for final model development (Supplementary 
Note 2 and Figure S2A, B).

Among the 7 machine learning algorithms evaluated, 
Random Forest (RF) demonstrated the most balanced per-
formance with an AUC of 0.823 (95% CI: 0.694–0.932) in 
the test set (Fig. 4A). The fivefold cross-validation on the 
entire cohort confirmed model robustness (Supplementary 
Figure S2C). Comprehensive evaluation of seven machine 
learning algorithms showed performance for TIL prediction 
in the test set (Table 2). The radar chart analysis revealed 
varied performance characteristics across algorithms, 
with the RF model showing balanced performance across 
multiple metrics in the test set, with sensitivity of 0.786, 
specificity of 0.737, and F1 score of 0.825 (Supplemen-
tary Figure S2D). Although XGBoost achieved a slightly 

Fig. 2   Clinical Characteristics and Pathological Response Correla-
tions. A Distribution of baseline characteristics and pathological 
response outcomes in the clinical cohort. B Forest plot of multivariate 
logistic regression analysis. C Comparison of pathological response 
rates between TIL-positive and TIL-negative groups. D Sankey dia-
gram tracks the distribution of patients across TIL, MPR, and RFS 

outcomes. E Kaplan–Meier survival curves comparing RFS across 
different prognostic markers. MPR, major pathological response; 
non-MPR, non-major pathological response; OR, odds ratio; pCR, 
pathological complete response; PLR, platelet-to-lymphocyte ratio; 
RFS, recurrence-free survival; TIL, tumor-infiltrating lymphocyte
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higher AUC of 0.845 (95% CI: 0.734–0.929), its sensitivity 
of 0.762 and specificity of 0.632 were notably lower than 
RF. Therefore, RF was selected as the optimal model for 
its superior balance between sensitivity and specificity. 

Confusion matrices demonstrated the classification accuracy 
of each model, while probability distribution histograms 
illustrated the separation between predicted classes (Fig. 4B, 
C). DeLong test results comparing model performance are 

Fig. 3   Habitat Radiomics Analysis of Post-Treatment Tumors. A 
Representative cases demonstrating computed tomography imaging 
characteristics and corresponding pathological findings. B Visuali-
zation of tumor habitat sub-regions identified through unsupervised 
K-means clustering. Different colors represent distinct habitat sub-
regions within the tumor. C Calinski–Harabasz index plot for deter-

mining optimal cluster number. D The heatmap displays spatial heter-
ogeneity in radiomics features, where warmer colors (red and yellow) 
represent higher feature values and cooler colors (blue) indicate lower 
values. Abbreviations: CT, computed tomography; H&E, hematoxy-
lin and eosin; MPR, major pathological response; non-MPR, non-
major pathologic response; TIL, tumor-infiltrating lymphocyte
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Table 1   Baseline characteristics 
of training and test sets

* P < 0.05. SD—standard deviation, BMI—body mass index, CEA—carcinoembryonic antigen, ICIs—
immune checkpoint inhibitors, cT—clinical tumor, cN—clinical node, cStage: clinical stage, RFS—recur-
rence-free survival, TIL—tumor-infiltrating lymphocytes

Variables Total (n = 201) Training set (n = 140) Test set (n = 61) P

Age, mean ± SD 61.02 ± 7.15 60.84 ± 7.47 61.43 ± 6.40 0.596
BMI, mean ± SD 22.74 ± 2.95 22.78 ± 3.03 22.64 ± 2.78 0.753
CEA, mean ± SD 5.20 ± 7.97 5.61 ± 8.98 4.27 ± 4.86 0.273
Gender, n (%) 0.584
Male 181 (90.05) 125 (89.29) 56(91.80)
Female 20 (9.95) 15 (10.71) 5 (8.20)
Smoking, n (%) 0.871
Yes 107 (53.23) 74 (52.86) 33 (54.10)
No 94 (46.77) 66 (47.14) 28 (45.90)
Pathology, n (%) 0.325
Squamous carcinoma 137 (68.16) 94 (67.14) 43 (70.49)
Adenocarcinoma 49 (24.38) 33 (23.57) 16 (26.23)
Other 15 (7.46) 13 (9.29) 2 (3.28)
Location of lesion, n (%) 0.573
Left 83 (41.29) 56 (40.00) 27 (44.26)
Right 118 (58.71) 84 (60.00) 34 (55.74)
Cycles of ICIs, n (%) 0.007*
2 53 (26.37) 44 (31.43) 9 (14.75)
3 111 (55.22) 75 (53.57) 36 (59.02)
4 25 (12.44) 17 (12.14) 8 (13.11)
Other 12 (5.97) 4 (2.86) 8 (13.11)
Immunotherapeutic agents, n (%) 0.220
Tislelizumab 85 (42.29) 62 (44.29) 23 (37.70)
Pembrolizumab 39 (19.40) 31 (22.14) 8 (13.11)
Sintilimab 26 (12.94) 14 (10.00) 12 (19.67)
Camrelizumab 23 (11.44) 17 (12.14) 6 (9.84)
Nivolumab 8 (3.98) 5 (3.57) 3 (4.92)
Durvalumab 7 (3.48) 4 (2.86) 3 (4.92)
Other 13 (6.47) 7 (5.00) 6 (9.84)
cT Stage, n (%) 0.452
1 19 (9.45) 16 (11.43) 3 (4.92)
2 75 (37.31) 49 (35.00) 26 (42.62)
3 62 (30.85) 44 (31.43) 18 (29.51)
4 45 (22.39) 31 (22.14) 14 (22.95)
cN Stage, n (%) 0.029*
0 32 (15.92) 20 (14.29) 12 (19.67)
1 28 (13.93) 24 (17.14) 4 (6.56)
2 118 (58.71) 76 (54.29) 42 (68.85)
3 23 (11.44) 20 (14.29) 3 (4.92)
cStage, n (%) 0.691
IIA 11 (5.47) 7 (5.00) 4 (6.56)
IIB 20 (9.95) 15 (10.71) 5 (8.20)
IIIA 89 (44.28) 60 (42.86) 29 (47.54)
IIIB 72 (35.82) 50 (35.71) 22 (36.07)
IIIC 9 (4.48) 8 (5.71)) 1 (1.64)
RFS, n (%) 0.476
Event-free 135 (67.16) 92 (65.71) 43 (70.49)
Event occurred 50 (24.88) 38 (27.14) 12 (19.67)
Censored 16 (7.96) 10 (7.14) 6 (9.84)
TIL, n (%) 0.969
Negative 63 (31.34) 44 (31.43) 19 (31.15)
Positive 138 (68.66) 96 (68.57) 68.85)
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Fig. 4   Machine Learning Model Performance and Prognostic Strati-
fication. Receiver operating characteristic curves comparing seven 
machine learning algorithms for tumor-infiltrating lymphocyte sta-
tus prediction in the test set. B Confusion matrices for each machine 
learning algorithm. Numbers in each cell indicate patient counts, with 
color intensity representing prediction accuracy. C Probability distri-

bution for predicted tumor-infiltrating lymphocyte status of habitat 
radiomics models. Clear separation between distributions indicates 
good model discriminative ability. D Kaplan–Meier curves demon-
strating prognostic stratification capability of habitat radiomics mod-
els. Abbreviations: AUC, area under the curve; CI, confidence inter-
val; RFS, recurrence-free survival; TIL, tumor-infiltrating lymphocyte

Table 2   Performance metrics of 
machine learning algorithms for 
TIL prediction in the test set

AUC—Area under the curve, CI—confidence interval, F1—F1 score, MLP—multi-layer perceptron

Model Accuracy AUC​ 95% CI Sensitivity Specificity F1

LogisticRegression 0.787 0.816 [0.695, 0.914] 0.881 0.579 0.851
RandomForest 0.770 0.823 [0.700, 0.926] 0.786 0.737 0.825
XGBoost 0.721 0.845 [0.734, 0.929] 0.762 0.632 0.790
LightGBM 0.738 0.813 [0.696, 0.917] 0.786 0.632 0.805
ExtraTrees 0.738 0.782 [0.639, 0.905] 0.762 0.684 0.800
MLP 0.787 0.823 [0.697, 0.925] 0.810 0.737 0.840
GradientBoost 0.721 0.827 [0.703, 0.926] 0.738 0.684 0.785
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shown in Supplementary Figure S2E. For comparison, the 
whole-tumor radiomics model achieved an AUC of 0.679 
(95% CI: 0.526–0.814) (Supplementary Figure S2F and Sup-
plementary Table S3).

Subgroup analyses revealed that the habitat radiom-
ics model maintained performance across patient subsets 
(Supplementary Table S4), indicating predictive capability 
regardless of age subtype or disease stage. The radiomics 
model demonstrated reliable prognostic stratification capa-
bility in the test set (Fig. 4C). Using the optimal threshold 

determined by Youden index, patients were stratified into 
high-risk and low-risk groups based on predicted TIL 
status. The Random Forest model successfully stratified 
patients by recurrence risk, with low-risk patients show-
ing significantly improved RFS compared to high-risk 
patients (p = 0.0178). Similar prognostic stratification 
was achieved with XGBoost(p = 0.0157) and.LightGBM 
(p = 0.0633) SHAP value analysis provided insights into 
RF, XGBoost, and LightGBM model decision-making pro-
cesses (Fig. 5A–C).

Fig. 5   Model Interpretability and Biological Validation. (A-C) 
SHapley Additive exPlanations value analysis for Random Forest, 
XGBoost, and LightGBM models. Features are ranked by importance 
from top to bottom. (D-E) Multiplex immunofluorescence staining. 

CD, cluster of differentiation; DAPI, 4′,6-diamidino-2-phenylindole; 
FOXP3, forkhead box P3; MPR, major pathological response; non-
MPR, non-major pathological response; SHAP, SHapley Additive 
exPlanations; TIL, tumor-infiltrating lymphocyte
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Biological validation

To validate the biological basis of our imaging-based TIL 
predictions, we performed multiplex immunofluorescence 
staining on representative tissue sections in the test set. 
Immune cell aggregates in tumor tissues from an MPR 
patient with high TIL infiltration (Fig. 5D). TIL-negative/
non-MPR tumors exhibited elevated FOXP3 + Treg infiltra-
tion compared to TIL-positive/MPR tumors (Fig. 5E). This 
finding provides links between the imaging habitat pheno-
type and immunosuppressive cellular state, strengthening 
the biological interpretation that habitat radiomics captures 
tumor microenvironment (TME) differences. CD3 + T-cell 
infiltration was higher in MPR tumors compared to non-
MPR, indicating more active anti-tumor immune state. In 
contrast, FOXP3 + Tregs were more abundant in non-MPR 
cases, suggesting immunosuppressive microenvironment 
associated with poor pathological response.

An immunosuppressive TME driven by treg 
differentiation characterizes therapy resistance

To further dissect the heterogeneity underlying these 
immune patterns, we analyzed a public single-cell RNA 
sequencing dataset from lung cancer patients. Analysis of a 
public scRNA-seq dataset from chemoimmunochemother-
apy-treated NSCLC tumors (GEO: GSE207422) revealed 
significant remodeling of the TME between responders and 
non-responders. A total of 17,533 cells from this dataset 
were clustered, identifying nine distinct cell populations, 
including major lymphoid (T cells, B cells), myeloid, and 
epithelial compartments (Fig.  6A, Supplementary Fig-
ure S3). The non-MPR TME showed a lower T-cell propor-
tion with a relative increase in the myeloid compartment, an 
architecture consistent with an immune-excluded phenotype 
(Fig. 6A). To characterize the T-cell compartment in detail, 
we performed sub-clustering on all 6,637 identified T cells. 
Qualitative analysis of the T-cell compartment demonstrated 
a compositional shift within the non-MPR TME, charac-
terized by expansion of both Tregs and exhausted CD8 + T 
cells (CD8Tex) (Fig. 6B, C). This dual enrichment indicates 
a state of immune suppression.

To explore the origin of this expanded Treg population, 
pseudotime trajectory analysis of the CD4 + T-cell lineage 
reconstructed a continuous differentiation pathway from a 
naive T-cell root toward a Treg fate (Fig. 6D). This suggests 
that accumulation of Tregs in the non-MPR TME arises 
from differentiation of naive T cells. We observed clear tran-
scriptional reprogramming along the trajectory. As cells pro-
gressed toward the Treg fate, a naive T-cell signature (TCF7, 
CCR7) was replaced by genes essential for Treg identity 
and function, including the transcription factor FOXP3 
and co-inhibitory receptors. The serine proteinase inhibitor 

SERPINB9 was identified as a key component of this termi-
nal suppressive program (Supplementary Figure S4).

SERPINB9 + tregs drive therapeutic resistance 
by remodeling the communication network

We isolated Treg cells and grouped them by SER-
PINB9 expression levels, categorizing them as either 
SERPINB9 + Treg or SERPINB9- Treg. Notably, SER-
PINB9 + Treg cells were significantly more abundant in 
non-MPR patients (Fig. 6E).

The differential expression analysis identified 44 can-
didate genes distinguishing SERPINB9⁺ from SER-
PINB9⁻ Tregs (full gene list and statistics in Supplemen-
tary Table S5). In the external neoadjuvant immunotherapy 
cohort GSE135222, SERPINB9 expression alone failed to 
stratify patient outcomes (log-rank p > 0.05; Supplementary 
Figure S5A-B). In contrast, the multi-gene SERPINB9⁺ Treg 
signature achieved significant prognostic separation (log-
rank p < 0.05; Supplementary Figure S5C). Consistent prog-
nostic associations were observed for both progression-free 
survival and overall survival in the TCGA cohort (Fig. 6F; 
Supplementary Figure S5D). Collectively, these findings 
demonstrate that the SERPINB9⁺ Treg-associated gene sig-
nature captures clinically meaningful immunosuppressive 
biology and may serve as a prognostic biomarker in NSCLC 
patients receiving immunotherapy.

Transcriptional profiling revealed that SERPINB9 + Tregs 
express a gene signature consistent with inhibition of effector 
T cells. Their transcriptional program includes high expres-
sion of FOXP3, alongside TNF receptor superfamily mem-
bers TNFRSF9 (4-1BB) and TNFRSF4 (OX40) (Fig. 7A). 
High co-expression of these receptors characterizes a stable, 
proliferative, and suppressive tumor-infiltrating Treg phe-
notype. The signature also included interferon-stimulated 
genes (ISGs) (Fig. 7A), suggesting these Tregs actively 
respond to chronic Type I IFN signaling. Gene Ontology 
(GO) analysis confirmed their genetic program was domi-
nated by pathways related to “regulation of T-cell activa-
tion” and “negative regulation of immune effector process.” 
SERPINB9 + Tregs exhibit a distinct survival mechanism 
(Fig. 7B). High expression of SERPINB9, a stoichiometric 
inhibitor of Granzyme B, provides resistance to cytotoxic 
T-cell-mediated lysis, enabling their persistence within the 
inflamed tumor core.

Analysis of the intercellular communication network 
revealed two divergent signaling architectures defin-
ing therapeutic outcomes. The communication network 
in responders was dominated by pathways associated 
with productive adaptive immune response, specifically 
MHC-I and MHC-II antigen presentation pathways, 
along with TNF and LT (lymphotoxin) pathways. In con-
trast, the non-MPR network showed rewiring favoring an 
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Fig. 6   Single-Cell Transcriptomic Analysis Reveals Immunosup-
pressive Tumor Microenvironment. (A-C) Cells were clustered into 
nine distinct cell populations including T cells, B cells, plasma cells, 
myeloid cells, fibroblasts, endothelial cells, and epithelial cells. T 
cells were further classified into distinct subsets. Shown relative 
abundance of each T-cell subset stratified by pathological response 
status. D Pseudotime trajectory analysis of CD4-positive T-cell dif-
ferentiation. E Comparison of SERPINB9-positive regulatory T-cell 
proportions between MPR and non-MPR. F Kaplan–Meier survival 

curves for SERPINB9-positive regulatory T-cell signature in TCGA. 
Abbreviations: CD, cluster of differentiation; CD8Tex, exhausted 
CD8-positive T cells; LUAD, lung adenocarcinoma; LUSC, lung 
squamous cell carcinoma; MPR, major pathological response; non-
MPR, non-major pathological response; OS, overall survival; PFS, 
progression-free survival; scRNA-seq, single-cell RNA sequencing; 
TCGA, The Cancer Genome Atlas; Treg, regulatory T cell; UMAP, 
Uniform Manifold Approximation and Projection
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immunosuppressive state (Fig. 7C). Upregulation of T-cell 
inhibitory pathways, including the LGALS9-HAVCR2 
(Galectin-9-TIM-3) checkpoint axis and the PGE2 sign-
aling pathway. Remodeling of the tumor stroma toward 
a fibrotic state, evidenced by increased signaling from 
VCAM1 and COLLAGEN pathways (Fig. 7D). Dominance 
of CD137 (4-1BB) and OX40 pathways utilized to promote 
proliferation and functional stability of the suppressive 
SERPINB9 + Treg population rather than activating effec-
tor T cells.

Discussion

This study developed a post-treatment CT-based habi-
tat radiomics model for non-invasive prediction of TIL 
status following neoadjuvant immunochemotherapy in 
NSCLC patients. The Random Forest model achieved 
an AUC of 0.823 in the test set, demonstrating predic-
tive performance. Through recurrence risk stratification, 
this model offered significant clinical translation value for 
precision evaluation of immunochemotherapy response. 

Fig. 7   SERPINB9-Positive Regulatory T Cells Drive Immunosup-
pressive Communication Networks. A Heatmap of differentially 
expressed genes between SERPINB9-positive and SERPINB9-neg-
ative regulatory T cells. B Gene Ontology enrichment analysis of 
SERPINB9-positive regulatory T-cell signature. C Comparison of 
intercellular communication networks between MPR and non-MPR. 
D The heatmap compares signaling pathway activity between MPR 
and non-MPR across different T-cell subsets. Abbreviations: CD, 

cluster of differentiation; GO, Gene Ontology; HAVCR2, hepatitis 
A virus cellular receptor 2; LGALS9, galectin-9; MHC, major his-
tocompatibility complex; MPR, major pathological response; non-
MPR, non-major pathological response; OX40, tumor necrosis fac-
tor receptor superfamily member 4; PGE2, prostaglandin E2; TIM-3, 
T-cell immunoglobulin and mucin-domain containing protein 3; TNF, 
tumor necrosis factor; Treg, regulatory T cell
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The findings provide evidence that imaging-predicted 
TIL-negative tumors harbor elevated Treg infiltration, 
identified a SERPINB9 + Treg subset that accumulates in 
non-responding NSCLC tumors through differentiation 
from naive T cells. By bridging these scales, this study 
provides a non-invasive biomarker and illuminates bio-
logical mechanisms underlying treatment non-response.

Intratumoral heterogeneity critically influences treatment 
response. Previous studies have demonstrated that tumors 
can be classified into immune hot, altered, and cold phe-
notypes, with the immune-excluded architecture associ-
ated with poor therapeutic response [24]. TIL represents a 
component of anti-tumor immunity, with infiltration levels 
correlating with immunochemotherapy efficacy [25]. The 
findings demonstrated that NSCLC patients with high TIL 
infiltration exhibited treatment response and survival benefit 
following immunochemotherapy, consistent with previous 
investigations [7, 8]. Studies have demonstrated correlation 
between baseline NLR and immune checkpoint inhibitor 
treatment response [26]. Systematic reviews and meta-anal-
yses have confirmed the prognostic value of NLR and PLR 
as biomarkers for advanced NSCLC immunochemotherapy 
[27]. Future studies combining local radiomics-predicted 
TIL status with systemic inflammatory ratios may improve 
prediction accuracy, providing valuable information for indi-
vidualized treatment decisions.

Machine learning approaches for tumor microenviron-
ment evaluation have been shown to stratify patients receiv-
ing neoadjuvant therapy [28]. Previous studies have estab-
lished radiomics-based models for predicting CD8 + T-cell 
infiltration, proving the feasibility of non-invasive immune 
analysis [29]. Research has achieved results using conven-
tional CT features to predict CD8 + T-cell infiltration in 
NSCLC [30]. AI models have been developed that predicted 
TIL density and analyzed spatial distribution patterns, find-
ing that TIL spatial organization predicted progression-free 
survival in NSCLC patients receiving immunochemotherapy 
[8]. Artificial intelligence advances have enabled evaluation 
of multiple biomarkers. AI algorithms have been developed 
for assessment of PD-L1 expression and tumor-infiltrating 
lymphocytes, demonstrating automated biomarker evalua-
tion feasibility [31]. Deep learning models validated in large 
cohorts have shown that AI-based scores predicted immu-
nochemotherapy response with prognostic value [32]. Our 
imaging-based TIL prediction offers a non-invasive tool to 
assess the immune environment surrounding tumors.

Studies have developed habitat radiomics analysis for 
predicting progression-free survival and immune-related 
adverse reactions in NSCLC patients receiving immuno-
chemotherapy, showing excellent performance in multi-
center validation [33]. Through K-means clustering, we 
identified three distinct habitat sub-regions, enabling cap-
ture of spatial heterogeneity within tumors. Previous study 

validates this approach’s value in immune microenvironment 
assessment through integration of radiomics features from 
habitat sub-regions [22]. Studies have shown that combining 
intratumoral and peritumoral PET/CT radiomics effectively 
predicted NSCLC immunochemotherapy response [34]. 
Recent studies have shown that quantifying intratumoral 
heterogeneity can predict prognosis, histological subtypes, 
and invasiveness in lung adenocarcinoma [35–37]. Integrat-
ing intratumoral heterogeneity metrics with immune micro-
environment features may improve risk stratification and 
prognosis prediction in NSCLC patients receiving immu-
nochemotherapy [38].

The transcriptional program of SERPINB9 + Tregs 
reveals therapeutic implications. The high expression of 
FOXP3 confirms their identity as regulatory T cells [39, 40]. 
This finding has implications for therapeutic strategies tar-
geting these pathways, as work has shown that OX40/CD137 
bispecific agonist therapy can reprogram Tregs [41]. Previ-
ous work has demonstrated that anti-SerpinB9 therapy can 
achieve tumor killing and enhance immunochemotherapy 
[42]. The biological functions of SerpinB9 extend beyond 
protease inhibition, encompassing roles in immune regula-
tion [43]. The dominance of MHC-I and MHC-II pathways 
in responders, along with TNF and lymphotoxin signal-
ing, supports the formation of lymphoid aggregates. These 
organized lymphoid aggregates have been shown to improve 
immunochemotherapy response and survival in multiple 
cancer types [44, 45].

The TIL assessment approach relied on semi-quantitative 
pathological evaluation, based on representative tissue sec-
tions rather than comprehensive whole-slide analysis, which 
may introduce some degree of inter-observer variation. The 
binary classification models for TIL status may not fully 
capture immune infiltration patterns. Studies have found that 
computerized tertiary lymphoid structures density served 
as a prognostic biomarker for resectable lung adenocarci-
noma [46]. Prospective validation studies with standardized 
quantitative TIL assessment methods would strengthen the 
clinical applicability of these findings. Additionally, selec-
tion bias may exist as the cohort consisted of surgical can-
didates who generally had pathological responses and high 
TIL proportions. Multi-omics integration combining radi-
omics with circulating tumor DNA, PD-L1 expression, and 
tumor mutational burden could provide more comprehensive 
predictive models.

This study has limitations. First, the lack of an inde-
pendent, multi-center external validation cohort represents 
a limitation. While the model demonstrated performance 
in internal testing and cross-validation, its generalizability 
to other institutions, scanners, and populations remains 
to be established. Data collection and collaboration with 
multiple centers are ongoing to address this gap. Sec-
ond, the single-cell RNA-seq analysis was performed on 
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a publicly available dataset; the small sample size and 
imbalanced groups may limit the generalizability of cellu-
lar mechanism findings. Nonetheless, our orthogonal vali-
dation using FOXP3 in our own cohort corroborates the 
key finding of Treg enrichment in non-responders, lending 
credibility. Potential applications include contribution to 
surgical risk stratification, identification of patients who 
might benefit from additional therapy before surgery, 
and selection of candidates for adjuvant immunotherapy. 
While the model showed prognostic value for recurrence 
risk stratification, prospective studies are needed to deter-
mine whether radiomics-guided treatment decisions can 
improve clinical outcomes.

Conclusions

In conclusion, this study developed a habitat radiomics 
model for non-invasive prediction of TIL status following 
neoadjuvant immunochemotherapy in NSCLC. The model 
demonstrated predictive and prognostic performance, with 
biological validation through single-cell transcriptomics 
revealing SERPINB9 + Treg-driven immunosuppressive 
mechanisms. By capturing tumor heterogeneity through 
habitat analysis and machine learning, this approach pro-
vides interpretable imaging biomarkers that could guide 
personalized immunochemotherapy strategies.
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