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Abstract
Background  Lung squamous cell carcinoma (LUSC) is a leading cause of cancer-related mortality, and tumor heteroge-
neity could result in diverse prognostic subtypes. Traditional prognostic factors, like tumor, node, and metastasis (TNM) 
staging, offer limited predictive accuracy. This study aims to identify LUSC subtypes and develop predictive models that 
have the potential to improve prognosis prediction accuracy and support personalized treatment.
Methods  Expression and clinical data were collected from three datasets. One dataset (TCGA-LUSC) was used as a train-
ing set, while the others (GSE30219 and GSE73403) were independent testing sets. Unsupervised clustering was applied 
to the training set to identify LUSC subtypes. The relationship between survival outcomes and these identified subtypes 
was validated in the testing sets using binary machine learning models and survival curve analysis. The impact of chemo-
therapy on the prognosis for subtypes was also presented. Subsequently, four survival machine learning models were 
developed to predict LUSC prognosis. These models were validated in the testing sets and integrated into an online tool 
to assist in survival prediction.
Results  Two subtypes, C1 and C2, were identified in the training set. The C1 subtype was associated with poorer survival 
outcomes and was enriched in cancer-associated fibroblasts and macrophages. In contrast, the C2 subtype correlated 
with better outcomes and was enriched in CD8 + T cells. Regarding chemotherapy, the C2 subtype with chemotherapy 
showed the best survival outcomes compared to other groups. A 9-gene signature was derived from the model’s impor-
tance values for subtype prediction and included TGM2, AOC3, TBXA2R, RGS3, DLC1, MMP19, ACVRL1, TCF21, and TIMP3. 
This signature outperformed 14 published signatures and clinical variables at survival prediction with the highest time-
dependent AUC (tdAUC) and concordance index (C-index). Four machine learning models were developed using this 
signature, achieving tdAUC values of 0.712 and 0.684 and C-index values of 0.682 and 0.625 in the independent testing 
sets. An online tool for predicting survival probabilities for LUSC patients up to 10 years post-treatment is available at 
https://​hznud​uan.​shiny​apps.​io/​LCSP/.
Conclusion  We identified two LUSC subtypes by unsupervised clustering and developed an online tool for prognosis 
prediction using supervised machine learning models.

Supplementary Information  The online version contains supplementary material available at https://​doi.​org/​10.​1007/​s12672-​025-​02560-
w.
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1  Introduction

Lung cancer is a significant health threat worldwide, with approximately 1.8 million fatalities and 2.2 million new cases 
annually [1]. LUSC constitutes about 30% of all lung cancer cases and ranks second after lung adenocarcinoma [2]. The 
prognosis for LUSC patients is generally not satisfying because many cases are diagnosed at an advanced or meta-
static stage. Although recent advancements in molecular targeted therapies and immunotherapies have improved 
survival time for some patients with LUSC [3], the treatment efficacy varies due to the tumor’s heterogeneity. There is 
an urgent need to identify the subtypes of LUSC that may contribute to developing personalized medicine for LUSC.

Genomic data has been widely used to identify molecular subtypes in LUSC. For instance, one study utilized 
DNA methylation data to discover seven LUSC subtypes [4]. Similarly, another study divided LUSC samples into four 
immune subtypes based on the expression of immune-related genes [5]. Additionally, a research group has used 
somatic mutations and copy number alteration data to classify LUSC into molecular subtypes [6]. In another study, 
two LUSC subtypes with different lactate metabolism levels were identified [7]. However, several important criteria 
must be met for subtype identification to be robust and clinically significant. First, the identified subtypes should 
be validated using independent testing datasets to ensure reproducibility. Second, these subtypes should be linked 
with clinical outcomes and therapeutic responses, which enhances their potential impact on clinical decision-making. 
Finally, developing a prediction model for subtype assignment is essential for translating these findings into a clinical 
setting. In our study, we have comprehensively addressed these criteria. We identified novel LUSC subtypes, validated 
them across multiple datasets, and developed tools for precise subtype prediction in clinical practice.

The predictive prognostic models usually used clinical and gene expression data in public databases, such as 
TCGA. For instance, one study established a reliable 13-gene immune-related signature that can stratify and predict 
the prognosis of LUSC patients [8]. A two-gene risk model, developed by multivariate Cox analysis, correlated with 
survival and metastasis in LUSC [9]. Our study aims to use the strengths of multiple advanced algorithms, rather than 
relying on a single method, to develop more robust and accurate predictive models for LUSC. Besides, providing 
online tools after constructing machine learning models is necessary for the clinical practice of models.

In this study, we aimed to identify novel molecular subtypes by unsupervised clustering of mRNA expression data. 
We developed robust machine learning models incorporating genetic and clinical factors to predict patient survival. 
We created an online tool for personalized survival prediction based on these models to facilitate clinical application.

2 � Method

2.1 � Included datasets

Datasets were retrieved from the Gene Expression Omnibus (GEO) database using the following keywords:"Pulmonar
y"or"Lung,""Cancer"or"Tumor"or"Carcinoma"or"Neoplasm,""Squamous cell,"and"Prognosis"or"Survival"or"Prognostic". 
The search was restricted to studies characterized as either"Expression profiling by array"or"Expression profiling by 
high throughput sequencing", with the entry type limited to"Series". Only datasets containing between 40 and 1000 
samples were included. After downloading the expression files, datasets were selected according to the following 
inclusion criteria: (1) the study must focus on solid squamous cell carcinoma (SCC) bulk samples; (2) the sample size for 
SCC must exceed 50; (3) essential data, including overall survival (OS) status, OS time, and TNM staging information, 
must be available and complete; (4) the expression profiles must contain 12,000 or more genes; (5) the dataset must 
not be duplicated; (6) the dataset must have been published after 2010. Additionally, the TCGA-LUSC, independent 
of the GEO database, was included in this study. As all datasets used in this analysis had been previously published, 
no institutional ethics approval was required. Expression data were obtained on March 10, 2024, and no identifiable 
participant information was accessed during or after data collection.
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2.2 � RNA‑seq data processing

For the TCGA-LUSC dataset, level 3 RNA-Seq of mRNA expression data in transcripts per million (TPM) for LUSC 
patients was obtained using the TCGAbiolinks package [10]. Clinical information for TCGA-LUSC was sourced from 
the TCGA Pan-Cancer Clinical Data Resource (TCGA-CDR) [11]. Records of pharmaceutical treatments, such as chemo-
therapy, were retrieved through TCGAbiolinks. For GEO datasets, GSE30219 [12] and GSE73403, expression data (series 
matrix) and clinical information were obtained using the GEOquery package [13]. Only the maximum values were 
retained for genes with multiple probes, and expression data were log2-transformed.

2.3 � Identification of patient subtypes in the training cohort

2.3.1 � Unsupervised clustering

The training set (TCGA-LUSC) data was used to identify subtypes. To reduce gene number for clustering analysis, a 
series of filtering criteria were applied in the training set: (1) genes had to be present in the GSE30219, GSE73403, and 
TCGA-LUSC datasets; (2) only protein-coding genes were included; (3) genes required a relevance score greater than 
1 with lung cancer in the GeneCards database since a higher score indicates stronger relevance to lung cancer [14]; 
(4) each gene needed a coefficient of variation (CV) exceeding 1; and (5) significant genes were identified through 
univariate Cox analysis, retaining only those with p-values below 0.05. These filtering steps effectively minimized the 
gene numbers and reduced clustering complexity. Finally, unsupervised clustering was performed on the training set.

The optimal number of subtypes in the training set was initially determined using the Silhouette method, Calinski-
Harabasz (CH) index, and McClain index. The Silhouette method assesses how similar an object is to its subtype 
compared to others, with the optimal number of subtypes maximizing the average silhouette width. The CH index 
evaluates the ratio between-cluster variance and within-cluster variance, where a higher value indicates more distinct 
clusters. The McClain index compares the average within-cluster distance to the average between-cluster distance, 
with lower values indicating better clustering. After selecting the most suitable number of subtypes, the k-means 
method was employed to assign each sample to a specific subtype. Then, we plotted the survival curves of identified 
subtypes in the training dataset.

2.3.2 � Validation of subtype survival in independent datasets

To validate the survival differences of the identified subtypes in independent testing datasets, we developed a work-
flow named “Subtype Survival Validation Workflow (SSVW)”. This workflow included the following steps: (1) Based 
on the subtype information and expression data in the training dataset, we constructed a random forest model 
for subtype prediction using five-fold cross-validation to optimize model accuracy and robustness. The trained 
model was saved for subsequent analysis. The importance values of variables were evaluated by mean decrease 
in accuracy. Moreover, the top 9 genes with the highest importance values were used for the 9-gene signature for 
further analysis. There are some reasons for choosing 9 genes as the optimal number. Based on our experience and 
preliminary analyses, using 9 genes achieves a good balance between model complexity and predictive accuracy. 
Including more genes did not yield significant improvements, while reducing the number of genes led to a decline 
in performance. Many published studies in cancer survival prediction have successfully adopted 9-gene signatures 
[15–21]; (2) The trained model was then applied to predict subtypes in independent testing datasets (GSE30219 and 
GSE73403). Survival curves were subsequently generated for the predicted subtypes in these independent datasets. 
Consistency between the survival patterns observed in the training dataset and those in the independent testing 
datasets would serve as strong evidence for the robustness of the identified subtypes. It is noteworthy that while 
the gender ratio in TCGA-LUSC is approximately 3:1 (male to female), the GSE30219 and GSE73403 datasets exhibited 
significant gender imbalance. Specifically, the combined testing set (GSE30219 and GSE73403) initially comprised 9 
female and 121 male patients. To address this imbalance, we implemented a balanced sampling approach. In each 
of 10 iterations, we randomly selected 27 male patients from the available pool of 121 and combined them with all 9 
female patients to create a balanced dataset. The survival outcomes of the predicted subtypes were then compared 
within these balanced datasets to ensure robust and unbiased validation.
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2.3.3 � Estimation of cell infiltrations

Subsequently, we assessed the relative abundances of cell infiltrations using the EPIC algorithm [22] and gene expres-
sion data. This algorithm estimates the proportions of various cell types, such as immune cells. The predicted values for 
the cell types were normalized using the Z-score normalization method, and p-values were calculated using the t-test.

2.3.4 � Association of subtypes with clinical variables

We analyzed the association between subtypes and various clinical variables, including age, gender, and TNM staging 
by comparing their distributions across subtypes. Next, we evaluated the impact of chemotherapy on survival within 
each subtype, comparing survival rates for patients who received chemotherapy versus those who did not. The chemo-
therapy treatments were specified to cisplatin, carboplatin, paclitaxel, docetaxel, vinorelbine, etoposide, pemetrexed, 
gemcitabine, taxol, taxotere, topotecan, adriamycin, and doxorubicin. This analysis provides a reference for potential 
therapeutic strategies on whether one should receive chemotherapy based on subtype characteristics.

2.4 � Comparison of the 9‑gene signature with published gene signatures of LUSC

To validate the significance of our gene signature, we compared it with previously published signatures identified through 
a PubMed search using the keywords"LUSC"and"Signature."Several studies have developed gene signatures with different 
focuses, including immune-related genes (GeneSg1) [23], CD8 + T cell co-expressed genes (GeneSg2) [24], DNA damage 
repair genes (GeneSg3) [25], pyroptosis-related genes (GeneSg4) [26], cancer stemness-based immune-related genes 
(GeneSg5) [27], chemokine signaling-related genes (GeneSg6) [28], and immune-related genes (GeneSg7) [29]. Other 
signatures include those based on tumor progression, immune infiltration, and stemness index (GeneSg8) [30], immune-
related genes (GeneSg9) [31], ferroptosis-related genes (GeneSg10) [32], innate immune-related genes (GeneSg11) [33], 
immune-related genes (GeneSg12) [34], DNA methylation genes (GeneSg13) [35], and ferroptosis-associated genes 
(GeneSg14) [36].

We extracted gene signatures from each selected article and applied a consistent methodology to construct and 
validate our signature using independent testing sets. Subsequently, we calculated the concordance index (C-index) and 
the time dependent area under the curve (tdAUC) values to compare the performance of our signature with those of the 
published signatures. The comparison process involved the following steps: (1) In each of the 10 iterations, we randomly 
selected 50% of the samples from the testing dataset; (2) Using these subsets, we employed a Cox proportional hazards 
model to validate and compare the predictive performance of the published signatures against our 9-gene signature.

2.5 � Comparison of the 9‑gene signature with clinical variables

In the independent testing datasets, GSE30219 and GSE73403, we assessed the predictive performance of the 9-gene 
signature alongside clinical variables such as age, gender, TNM staging (T, N, and M classifications), and the AJCC Stage 
(Stage I-IV). The predictive ability was evaluated using tdAUC and the C-index to comprehensively compare their per-
formance in survival prediction. The comparison process involved the following steps: (1) In each of the 10 iterations, we 
randomly selected 50% of the samples from the testing dataset; (2) Using these subsets, we applied a Cox proportional 
hazards model to validate and compare the predictive performance of the clinical variables against the 9-gene signature. 
In this process, the values for the M stage were consistently M0 in both the GSE30219 and GSE73403 datasets. Therefore, 
the tdAUC and C-index values of M0 were 0.5 and excluded in the plot.

2.6 � Machine learning for predicting the survival of LUSC

In this study, we selected 3 basic survival machine learning models for survival analysis: Random Survival Forest (RSF), 
CoxBoost (CXB), and Gradient Boosting Machine (GBM). The RSF employs an ensemble of decision trees and could effec-
tively handle high-dimensional data. CXB is a boosting algorithm for Cox proportional hazards models. The GBM builds 
a predictive model by sequentially combining the predictions of multiple weak learners (decision trees). An ensemble 
(ESM) model was created by averaging the prediction outputs of the RSF, CXB, and GBM models.

Clinical variables, including age, gender, TNM staging (T, N, and M classifications), and the AJCC Stage, were integrated 
with the 9-gene signature to enhance survival outcome prediction. A grid parameter search was conducted for these 
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models with the following parameter settings: ntree values of 100, 200, and 500 for RSF; penalty values of 50, 100, and 200 
for CXB; and ntree values of 50, 100, and 200 for GBM. The TCGA-LUSC dataset was randomly divided into training (80%) 
and internal validation sets (20%). Models were trained on the training set, and the internal validation set was selected 
to calculate the C-index for model evaluation. The optimal parameter for each model was identified through the highest 
C-index. The model with the optimal parameters was then validated using two independent testing datasets, GSE73403 
and GSE30219. For each iteration, 50% of samples from each testing dataset were randomly selected, and the model’s 
predictive performance was evaluated in the selected subsets of the testing dataset. This process was repeated with 10 
iterations. Then, we calculated the average C-index and tdAUC values.

2.7 � Statistical analysis

In the survival analysis of subtypes, the Kaplan–Meier method was employed to calculate p-values. A chi-square test was 
utilized for categorical variables to analyze the distribution of clinical variables between the C1 and C2 subtypes. A t-test 
was conducted for numerical variables between the C1 and C2 subtypes. The hazard ratio for genes was calculated using 
a univariate Cox proportional hazards model. A survival machine learning model has also been developed into a Shiny 
app within R. The app is hosted on the Shiny server and can be accessed through a web browser.

3 � Results

3.1 � Gene expression dataset acquisition

The workflow of this study is illustrated in Fig. 1A. 62 datasets were initially retrieved from the GEO database. After the 
selection process (Fig. 1B), two datasets (GSE30219 and GSE73403) from GEO and one LUSC dataset from TCGA were 
chosen for further analysis. The demographic data of these datasets are summarized in SupTable 1. Samples from the 
TCGA-LUSC (n = 472) were used as training sets, and GSE30219 (n = 61) and GSE73403 (n = 69) were used as independent 
testing sets. The average patient ages were 63.5, 59.5, and 67 years, respectively, with a predominance of male patients. 
Both GSE30219 and GSE73403 contained only non-metastatic (M0) cases, whereas TCGA included a few metastatic (M1) 
cases (n = 6). Regarding tumor staging, GSE30219 had more T1-stage patients, while GSE73403 and TCGA were primar-
ily composed of T2 and T3-stage cases. Additionally, the median overall survival (OS) times were 6.4, 2.6, and 2.7 years, 
respectively, indicating differences in patient survival outcomes across datasets.

Fig. 1   Workflow of the study (A) and the selection process of datasets (B)
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3.2 � Classification and validation of patient clusters

3.2.1 � Clustering of LUSC patients in the training set

Based on the gene filtering criteria outlined in Sect. 2.3.1, we identified 261 genes for unsupervised clustering to uncover 
potential molecular subtypes among LUSC patients. We employed k-means clustering combined with three evalua-
tion metrics: the silhouette method, the Calinski-Harabasz (CH) index, and the McClain index to determine the optimal 
number of clusters. The Silhouette method indicated that two subtypes were optimal (Fig. 2A). Similarly, the CH index 
(Fig. 2B) and the McClain index (Fig. 2C) confirmed that two subtypes were the most suitable. Following this evaluation, 
we selected two subtypes as the most appropriate solution. The survival curve analysis revealed that the C1 subtype 
exhibited significantly poorer survival than the C2 subtype (Fig. 2D).

3.2.2 � Validation of subtype survival in independent testing sets

To ensure the robustness of the identified subtypes, we validated them in independent testing sets (GSE30219 and 
GSE73403). We built a subtype prediction model with the Random Forest classifier using the subtype information 
and gene expression profiles from the training set. The features of this model included the 261 genes identified in 
Sect. 3.2.1. The classifier was optimized through fivefold cross-validation in the training set, selecting an optimal 
mtry of 2 based on achieving the highest accuracy (0.97) during cross-validation. The top nine genes with the high-
est importance values in the Random Forest model, TGM2, AOC3, TBXA2R, RGS3, DLC1, MMP19, ACVRL1, TCF21, and 
TIMP3, were retained for further analysis (Fig. 3A). Partial dependency plots (PDPs) for these nine genes are shown in 
SupFigure 1 A–G. These plots showed that as the expression of genes increases, there is a noticeable upward trend 

Fig. 2   Discovery of Sub-
types in the Training Set 
(TCGA-LUSC). A The average 
silhouette width for vary-
ing numbers of subtypes. A 
higher average silhouette 
width indicates better-defined 
and more cohesive clusters 
in clustering analysis. B The 
calinski-Harabasz (CH) index 
plot illustrates the ratio of 
between-cluster variance 
to within-cluster variance. 
A higher CH index indicates 
a better-defined clustering 
structure. C The McClain 
index plot displays the aver-
age within-cluster distance 
compared to the average 
between-cluster distance. A 
lower McClain index suggests 
improved cluster separation. 
D The Kaplan–Meier survival 
plot illustrates overall survival 
(OS) differences among 
subtypes within the training 
cohort
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in the probability for subtype C1. We also calculated the hazard ratio (HR) of genes in overall survival by univariate 
Cox analysis, and the results showed that all 9 genes are significantly associated with worse survival since all HR > 1 
(SupTable 2).

The trained model was subsequently employed to predict subtypes within the testing sets. In the independent 
testing set GSE30219, survival analysis (Fig. 3B) revealed that LUSC patients classified as subtype C2 exhibited a 
significantly better prognosis compared to those in subtype C1 (log-rank p < 0.001, HR = 0.39, 95% CI 0.21–0.71). In 
contrast, for LUAD patients from the same dataset (GSE30219), no significant difference in survival outcomes (Sup-
Figure 2) was observed between subtypes C1 and C2 (log-rank p = 0.41, HR = 0.76, 95% CI 0.41–1.42). Analysis of 
another independent testing set, GSE73403 (Fig. 3C), showed a trend towards better survival in subtype C2, although 
this difference did not reach statistical significance (log-rank p = 0.075, HR = 0.50, 95% CI 0.23–1.07). Notably, when 
combining data from both testing sets (GSE30219 and GSE73403, Fig. 3D), subtype C2 demonstrated significantly 
better survival outcomes compared to subtype C1 (log-rank p < 0.001, HR = 0.41, 95% CI 0.26–0.67).

Then, we further evaluated whether gender imbalance might affect our predictions by constructing gender-
balanced independent testing sets. Specifically, in the combined testing set (which initially includes 9 female and 121 
male patients), we performed a sensitivity analysis where, in each iteration, we randomly selected 27 male patients 
from the 121 available and combined them with all 9 female patients to form a balanced dataset. We repeated this 
process over 10 iterations. The results were as follows: in 2 out of the 10 iterations, subtype C1 showed a significantly 
worse survival outcome than C2 (HR > 1 and p-value < 0.05), and in 9 out of 10 iterations, C1 consistently exhibited 
worse survival outcomes (HR > 1) compared to C2 (SupTable 3).

Fig. 3   Validation of subtypes in independent testing sets. A The top nine genes with the highest importance values in the Random For-
est model for predicting subtypes. B Kaplan–Meier survival plot demonstrating overall survival (OS) differences among subtypes in the 
GSE30219 dataset. C Kaplan–Meier survival plot illustrating OS differences among subtypes in the GSE73403 dataset. D Kaplan–Meier sur-
vival plot illustrating OS differences across subtypes in the combined set of GSE30219 and GSE73403. E Distribution of tumor microenviron-
ment (TME) cell types in the TCGA-LUSC dataset. F The impact of chemotherapy on survival outcomes within each subtype. C1_Chem rep-
resents the C1 subtype with chemotherapy. C1_No represents the C1 subtype without chemotherapy. C2_Chem represents the C2 subtype 
with chemotherapy. C2_No represents the C2 subtype without chemotherapy
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3.3 � Association of tumor microenvironment (TME), clinical variables, and chemotherapy with subtypes

We employed the EPIC algorithm to evaluate the association between TME cell types and the identified subtypes. In the train-
ing set, the C1 subtype was characterized by a higher abundance of B cells, cancer-associated fibroblasts (CAFs), endothelial 
cells, and macrophages (Fig. 3E), whereas CD8 + T cells were more prevalent in the C2 subtype. Regarding clinical variables, 
we observed that the C1 subtype was associated with significantly shorter survival time and older age (SupTable 4). Interest-
ingly, there were no significant differences between the subtypes regarding TNM staging or the use of chemotherapy. We 
further examined the impact of chemotherapy on survival within each subtype. C2 patients who received chemotherapy 
demonstrated the best survival outcomes (Fig. 3F).

3.4 � Comparison of the 9‑gene signature with published signatures

We searched gene signatures from published studies for LUSC to enable a fair comparison with our 9-gene signature regard-
ing survival prediction. The genes included in these signatures are shown in the supTable 5. We calculated the C-index and 
tdAUC values to assess each signature’s performance using independent test sets (GSE30219 and GSE73403). In the GSE30219 
dataset, our 9-gene signature demonstrated the highest performance with a tdAUC of 0.819 and a C-index of 0.763 (Fig. 4A, 
B). In the GSE73403 dataset, the 9-gene signature achieved the third-highest tdAUC at 0.794 (Fig. 4C) and ranked first in 
C-index with a value of 0.778 (Fig. 4D).

3.5 � Comparison of the 9‑gene signature with clinical variables

We compared the predictive performance of our 9-gene signature against clinical variables using independent testing sets 
from the GSE30219 and GSE73403 datasets. We calculated the C-index and tdAUC values for each signature to evaluate 
performance. In the GSE30219 dataset, our 9-gene signature demonstrated the highest tdAUC (Fig. 5A) and C-index values 
(Fig. 5B). Similarly, in the GSE73403 dataset, the 9-gene signature surpassed clinical variables, achieving the highest tdAUC 
(Fig. 5C) and C-index values (Fig. 5D).

3.6 � Machine learning architecture for predicting survival

We developed survival prediction models based on five clinical variables (age, gender, and TNM staging) and nine genes 
(TGM2, AOC3, TBXA2R, RGS3, DLC1, MMP19, ACVRL1, TCF21, and TIMP3). Four different machine learning models were evalu-
ated during the training phase. Following hyperparameter tuning, the optimal parameters were identified as follows: for the 
RSF model, ntree = 500; for the CXB model, penalty = 50; and for the GBM model, ntree = 100. An ensemble model (ESM) was 
subsequently constructed by averaging the prediction outputs of the RSF, CXB, and GBM models.

We calculated each model’s C-index and tdAUC values in the GSE30219 (Fig. 6A, B) and GSE73403 (Fig. 6C, D) datasets. 
Among the models, the GBM model achieved the highest tdAUC in the GSE30219 dataset with a value of 0.712 and the high-
est C-index with 0.682. In the GSE73403 dataset, the GBM model again achieved the highest tdAUC with a value of 0.684 
and demonstrated the highest C-index with a value of 0.625. The importance values of variables are shown in SupFigure 3.

3.7 � Online tool for LUSC survival prediction models

The GBM model has been developed into an online tool (Fig. 7A, B), accessible at https://​hznud​uan.​shiny​apps.​io/​LCSP/. This 
tool comprises two main components: the first visualizes the distribution of the 9-gene signature expression across two 
subtypes (Fig. 7A); the second component allows users to manually input values for clinical and gene variables to predict 
survival probabilities ranging from 0 to 10 years (Fig. 7B).

4 � Discussion

Over the past decade, genomic data have increasingly been integrated into clinical practice to enhance the manage-
ment of lung cancer. However, few studies have investigated the subtypes of lung squamous cell carcinoma (LUSC) using 
multiple datasets. This study identified two distinct LUSC subtypes in TCGA and subsequently validated these subtypes 

https://hznuduan.shinyapps.io/LCSP/
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using two independent testing datasets. Our gene signature outperformed previously published signatures, particularly 
in AUC and C-index values, demonstrating its robustness and potential clinical utility. Utilizing machine learning algo-
rithms, we developed models and online tools for predicting survival outcomes.

The GSE30219 and GSE73403 datasets differ in several aspects, including sample size, patient demographics, treat-
ment regimens, sample processing protocols, data acquisition platforms, normalization methods, and clinical features. 
These variations can influence the overall prognostic performance of gene signatures and the survival analyses of the 
identified subtypes. For instance, in the GSE30219 dataset (Fig. 3B), the C1 subtype exhibited significantly worse survival 
compared to C2 (p-value < 0.001). In contrast, although the C1 subtype in the GSE73403 dataset (Fig. 3C) also appeared to 
have poorer survival, the difference between the two subtypes was not statistically significant (p-value = 0.069). Notably, 
our 9-gene signature consistently outperformed published signatures across both datasets (Fig. 4A–D). These results 
indicate that dataset-specific characteristics may partially account for the observed differences in survival outcomes 
and signature performance and demonstrate the importance of multi-cohort validation for robust prognostic models.

Molecular subtypes are classifications of tumors based on their molecular characteristics, such as gene expression 
profiles. By categorizing tumors into these subtypes, researchers and clinicians can more accurately reflect the biological 

Fig. 4   Comparison of our 9-gene signature for survival prediction with published signatures for LUSC. A The time-dependent area under the 
curve (tdAUC) values of signatures for predicting survival in the GSE30219 dataset. B C-index values of signatures for predicting survival in 
the GSE30219 dataset. C tdAUC values of signatures for predicting survival in the GSE73403 dataset. D C-index values of signatures for pre-
dicting survival in the GSE73403 dataset. GeneSg: gene signature
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features of a tumor, thereby supporting more personalized diagnostic and treatment strategies. Among the two subtypes 
examined, we observed a higher abundance of cancer-associated fibroblasts (CAFs), endothelial cells, and macrophages 
in the C1 subtype, while CD8 + T cells were more prevalent in the C2 subtype. CAFs are known to contribute to tumori-
genesis across various cancer types by promoting tumor proliferation, invasion, and metastasis [37]. This finding suggests 
that CAFs in the C1 subtype may negatively influence patient prognosis.

Several studies have investigated the subtypes of LUSC. One study identified four subtypes based on genes associated 
with immune biological processes using the TCGA-LUSC database [5]. Another study classified LUSC into three subtypes 
utilizing lactate metabolism-related genes from the same database [7]. A study conducted a consensus clustering analysis 
on the gene expression matrix of TCGA-LUSC patients and identified distinct subtypes [38]. Our study presents several 
advantages: (1) Instead of relying on a single cohort, we validated the subtypes identified from the TCGA dataset using 
two independent datasets (GSE30219 and GSE73403), enhancing the identified subtypes’robustness. (2) We developed 
machine learning models to predict subtype classifications, which are available on GitHub (https://​github.​com/​bioCa​
ncerh​znu/​LUSCs​ubtype) to support potential applications in clinical practice.

Our 9-gene signature demonstrated strong performance for two primary reasons: (1) our approach incorporates 
genes that represent a broader spectrum of biological processes rather than being confined to a specific pathway, 
thereby providing a more comprehensive prediction of survival. (2) Our feature selection process employed rigorous 
filtering criteria, selecting genes with a relevance score exceeding 1 in the GeneCards database and retaining those with 
significant p-values (< 0.05) from univariate Cox analysis in the training set. A relevance score guarantees that published 
studies, including experimental research, validate the association of these genes with LUSC. This methodology ensured 
that the selected genes have a robust, statistically significant association with survival outcomes.

Previous studies have reported predictive models for LUSC patients. For example, one study utilized 13 immune-
related genes to stratify and predict the prognosis of LUSC patients [8], while another study focused on two genes 

Fig. 5   Comparison of our 
9-gene signature for survival 
prediction with clinical 
variables. A The tdAUC and B 
C-index values of the signa-
tures for predicting survival in 
the GSE30219 dataset. C The 
tdAUC and D C-index values 
of the signatures for predict-
ing survival in the GSE73403 
dataset. The values for the M 
stage were consistently M0 
in both the GSE30219 and 
GSE73403 datasets. Therefore, 
the tdAUC and C-index values 
were 0.5 and excluded in the 
plot

https://github.com/bioCancerhznu/LUSCsubtype
https://github.com/bioCancerhznu/LUSCsubtype
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to predict survival outcomes [9]. In comparison, our study applied two strategies to enhance the predictive mod-
els. First, we used multiple advanced algorithms to develop more robust and accurate predictive models for LUSC 
rather than relying on a single method. Second, we created an online tool that displays survival rates from 0 to 10 
years post-treatment. Making these predictive models accessible through an online tool is crucial for their practical 
application in clinical settings.

Our study found that all nine genes in the 9-gene signature were associated with poorer survival outcomes (SupT-
able 2). A review of the related literature revealed that five of these genes have previously been identified as contributors 
to worse survival. For instance, a prior study demonstrated that TGM2 could influence cancer cell proliferation, apoptosis, 
and invasion, with high TGM2 expression in LUSC associated with a poorer prognosis [39]. AOC3 was shown to acceler-
ate lung metastasis in osteosarcoma by recruiting tumor-associated neutrophils and promoting tumor vascularization 
[40]. The oncogenic role of TBXA2R in lung cancer has been well established, with findings indicating that it enhances 
cell proliferation, migration, and invasion [41]. In LUSC, high expression levels of RGS3 are a risk factor for overall survival 
[42]. Additionally, overexpression of MMP19 has been shown to promote the migration of lung cell lines [43]. Conversely, 
previous research has characterized four genes in our study as tumor suppressors. The expression of DLC1 is often lost 
in lung cancer, and ectopic DLC1 expression significantly reduces proliferation and tumorigenicity [44]. ACVRL1 is a 
tumor suppressor by inhibiting lung cancer cell growth, migration, and survival [45]. TCF21 is a newly identified tumor 
suppressor gene that reverses epithelial–mesenchymal transition [46]. TIMP3 has been found to reduce cell numbers 
and induce apoptosis in lung cancer cell lines [47].

However, this study has limitations that must be acknowledged. Firstly, our research was retrospective and involved 
a relatively small sample size. To address the limitations of retrospective design and sample size, we propose a multi-
center prospective validation study enrolling more than 100 LUSC patients. The 9-gene signature will be systematically 
evaluated using standardized qRT-PCR protocols alongside RNA-seq verification in subset samples. Time-dependent 
ROC and multivariate Cox analyses will assess its prognostic independence from clinical covariates. Additionally, several 
clinical parameters, such as surgery type, were not included in the survival prediction model due to the lack of available 

Fig. 6   Machine learning 
models for predicting survival 
in the testing set. Four distinct 
prediction models were 
trained on the training set 
(TCGA-LUSC) and validated 
using tdAUC (A) and C-index 
(B) in the GSE30219 dataset, 
as well as tdAUC (C) and 
C-index (D) in the GSE73403 
dataset. The models consist 
of three individual machine 
learning algorithms: Ran-
dom Survival Forest (RSF), 
CoxBoost (CXB), and Gradient 
Boosting Machine (GBM), 
in addition to an ensemble 
model (ESM) that combines 
the predictions of the three by 
averaging their outputs
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information in the GEO and TCGA datasets. Finally, the specific mechanisms underlying these prognostic genes in the 
pathogenesis and progression of LUSC remain unclear and necessitate further in-depth investigation in future research.

5 � Conclusions

In our study, we identified and validated two distinct subtypes of LUSC and developed machine learning models to 
predict survival outcomes. Our prognostic prediction model strongly correlated with LUSC prognosis and outperformed 
existing prognostic signatures. Furthermore, we have made the machine learning models accessible online, allowing for 
the prediction of survival rates in LUSC patients.

Fig. 7   Online Tool for Survival Prediction Using the GBM Model. A Visualization of the expression distribution of a 9-gene signature across 
two identified subtypes. B An interface that enables users to input clinical and gene expression variables to predict survival probabilities 
over 0 to 10 years. The online tool is accessible at https://​hznud​uan.​shiny​apps.​io/​LCSP/

https://hznuduan.shinyapps.io/LCSP/
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