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Abstract
Background  Lung cancer remains a major global health threat, with its biological complexity and patient heterogeneity 
posing significant challenges. Novel machine learning approaches now offer effective tools to interpret complex biologi-
cal information hierarchies, showing promise to transform lung cancer treatment approaches.
Methods  We analyzed comprehensive biological datasets from TCGA and other databases, integrating DNA, RNA, miRNA, 
protein, and metabolite information. Multiple machine learning methods were employed to build diagnostic tools, treat-
ment response predictors, and survival estimation models.
Results  Our machine learning approaches effectively distinguished cancer patients from healthy controls. Analysis iden-
tified unique molecular characteristics between lung cancer subtypes and discovered biomarkers that help predict 
treatment efficacy and patient prognosis. Adding clinical data to biological information significantly improved model 
accuracy and enhanced patient stratification.
Conclusion  This study marks significant progress toward precision cancer therapy by demonstrating how machine learn-
ing can help decode the complex biology of lung cancer.
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1  Introduction

Lung cancer constitutes one of the biggest health challenges globally, with mortality rates among the highest of all 
cancers. Its diverse molecular characteristics present major obstacles for researchers and clinicians, hindering early 
detection efforts and personalized treatment development [1–4]. Despite important advances in treatment, including 
new immunotherapies and targeted drugs, lung cancer outcomes remain poor, with five-year survival rates hovering 
around 15%, particularly for patients with advanced disease.

The multi-omics field has transformed our understanding of lung cancer biology. Integration of genetic, gene expres-
sion, protein, and metabolite data has enabled creation of detailed molecular disease profiles [5–8]. This approach yields 
new insights into the complex biological networks driving tumor formation, helping identify key cancer development 
mechanisms and potential new markers for diagnosis, prognosis, and treatment.
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Machine learning has become an important tool for processing complex multi-level biological data. These compu-
tational methods can identify subtle patterns hidden within large, multidimensional datasets [9–11]. Where traditional 
analytical methods falter, machine learning techniques can unravel complex associations, offering unique perspectives 
into lung cancer’s molecular intricacies and paving the way for more personalized, targeted treatment strategies.

The multi-omics approach allows for more precise patient stratification beyond traditional TNM staging, potentially 
guiding treatment decisions between standard chemotherapy, targeted therapy, and immunotherapy. This work stands 
at the intersection of computational innovation and clinical oncology, embodying a holistic approach to understand-
ing lung cancer’s molecular complexity. As we continue to refine our methodologies, we move closer to a future where 
lung cancer can be detected earlier, treated more effectively, and ultimately, its devastating consequences significantly 
reduced.

2 � Materials and methods

2.1 � Data source acquisition

Our research data came from The Cancer Genome Atlas (TCGA) project, accessed through their official portal (https://​
portal.​gdc.​cancer.​gov) with proper authorization. We gathered extensive data on lung squamous cell carcinoma (LUSC), 
including miRNA sequencing, RNA sequencing, DNA methylation profiles from Illumina 450 k platform, whole-exome 
sequencing results, clinical details, and patient survival information. This comprehensive data collection formed a strong 
basis for our detailed analysis [12–14].

2.2 � Differential gene expression analysis

We used Kaplan–Meier survival analysis to group LUSC patients. Using strict statistical filters (p-value < 0.05) and log2 
fold change criteria, we found genes that showed different expression patterns linked to how the disease progresses. We 
compared normal tissue samples with LUSC tissue samples to spot important molecular changes during tumor growth. 
When building our prediction model (StepCox [forward] + RSF), we carefully optimized all parameters. For the Random 
Survival Forest part, we found the best settings through grid search: 500 trees, at least 5 samples per node, and features 
selected using the sqrt(p) formula. To make sure our model wasn’t just memorizing data, we split our dataset into 5 equal 
parts, using 4 parts to train and 1 part to test, repeating this process 5 times and averaging the results. In building the 
StepCox [forward] + RSF model, we employed a systematic parameter optimization strategy. For the Random Survival 
Forest (RSF) model, optimal parameters were determined through grid search: 500 trees, minimum of 5 samples per 
node, and feature selection using the sqrt(p) criterion, where p is the total number of features. To avoid overfitting, we 
used fivefold cross-validation, randomly dividing the dataset into 5 equal parts, using 4 parts as the training set and 1 
part as the validation set each time, repeating 5 times and taking the average performance.

2.3 � Tumor microenvironment characterization

To comprehensively unravel the complexity of the tumor microenvironment, the study deployed advanced bioinformat-
ics algorithms. The ESTIMATE algorithm was utilized to assess immune scores, while the CIBERSORT algorithm precisely 
quantified immune cell infiltration. For the ESTIMATE algorithm implementation, we used the R package “estimate” 
(version 1.0.13) with default parameters to calculate immune, stromal, and ESTIMATE scores based on gene expres-
sion data. Input data were log2-transformed FPKM values, and results were normalized using quantile normalization. 
For CIBERSORT analysis, we employed the web-based tool (https://​ciber​sort.​stanf​ord.​edu) with 1000 permutations and 
disabled quantile normalization given our prior preprocessing. By comparing tumor microenvironment characteristics 
across different disease stages, the research unveiled the dynamic changes of immune cells during lung squamous 
cell carcinoma progression. This multi-dimensional microenvironment analysis not only provided an immunological 
perspective on disease progression but also offered profound insights into tumor-immune system interactions [15, 16].

https://portal.gdc.cancer.gov
https://portal.gdc.cancer.gov
https://cibersort.stanford.edu
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2.4 � Multi‑omics data integration

We built a complex model to predict patient outcomes using a three-step process: First, we used univariate Cox regression 
to select potentially important features from gene expression, mutation, and methylation data. Next, we applied LASSO 
regression to remove less informative variables and simplify the model. Finally, we used multivariate Cox regression to 
calculate risk scores for each patient, placing them in either high-risk or low-risk groups [17, 18]. By plotting receiver 
operating characteristic (ROC) curves for 1, 3, 5, and 8 years and calculating the area under the curve (AUC), the model’s 
predictive performance was comprehensively evaluated. This multi-step, multi-model ensemble approach significantly 
enhanced the accuracy and reliability of prognostic prediction.

2.5 � Single‑cell analysis

Single-cell RNA sequencing technology provided unprecedented molecular resolution for lung adenocarcinoma research. 
By acquiring the GSM6047623 dataset from the TISCH database, the study systematically revealed the complex hetero-
geneity of tumor cells. Through a rigorous bioinformatics workflow, the research team initially implemented multi-level 
data cleaning and quality control, including removing low-quality reads, standardizing gene expression data, and utilizing 
principal component analysis for dimensionality reduction [19–21]. Multi-omics data obtained from the TCGA database 
underwent rigorous preprocessing and quality control. First, RNA-seq data were normalized using the TMM (trimmed 
mean of M-values) method to eliminate differences in sequencing depth between samples, and multiple imputation was 
applied to genes with less than 20% missing values. Methylation data were corrected for chip bias using the BMIQ (Beta 
Mixture Quantile) method, and probes located on X/Y chromosomes and at SNP sites were removed. For single nucleo-
tide variation (SNV) data, we only retained variations present in at least 5% of samples and evaluated their significance 
using MutSigCV. Employing advanced algorithms like t-SNE and UMAP, the team successfully clustered single-cell data 
into multiple discrete transcriptional state clusters, precisely identifying immune cells, epithelial cells, and stromal cell 
subpopulations within the tumor microenvironment. In-depth analysis unveiled the transcriptional dynamic changes 
of lung adenocarcinoma cells, encompassing tumor cells at different differentiation stages, dynamic transformations 
of immune cells within the tumor microenvironment, and potential cancer stem cells and metastasis-associated cell 
subpopulations.

3 � Results

3.1 � Functional enrichment analysis

The comprehensive analysis of the provided data reveals a multifaceted and intricate molecular landscape underlying 
the biological processes associated with the research context. Through the detailed visualizations, key insights emerge 
regarding the complex interplay of various cellular mechanisms and signaling pathways. The biological process analysis 
highlights the prominent involvement of pathways related to skin development and differentiation, including cornifica-
tion, keratinization, keratinocyte differentiation, and epidermal cell differentiation. These findings suggest that the data 
is closely tied to cellular transformation and developmental processes, expanding beyond traditional understandings of 
the research subject. Complementing the biological processes, the cellular component analysis underscores the impor-
tance of membrane-associated structures, cytoplasmic vesicles, and organellar components, indicating the crucial role of 
cellular organization and compartmentalization in the studied system. At the molecular level, the data reveals a strong 
enrichment of receptor activator and regulator activities, as well as various signal transduction-related functions. These 
insights point to the central importance of regulatory and signaling mechanisms in shaping the underlying biology. Fur-
ther exploration through pathway analysis unveils the engagement of neuroactive ligand-receptor interactions, calcium 
signaling, and metabolism-related pathways. This multifaceted perspective highlights the intricate interplay of cellular 
signaling, metabolic processes, and potentially even neurological components within the research context (Fig. 1A–D).

3.2 � Machine learning and model construction

Figure 2 shows a detailed visualization of the study data through a color-coded heatmap. This display organizes infor-
mation by sample groups (rows) and measured features (columns). Each cell’s color intensity represents data values, 
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making it easy to spot patterns across different groups. The figure includes supporting elements: a bar graph on the 
right showing average C-index values for all cohorts and validation cohorts specifically, plus a color legend on the left 
that explains the value ranges corresponding to each shade. Together, these components provide a clear picture of 
relationships and trends in the cohort data.

3.3 � Evaluation of the AUC index of the optimal model

Figure 3 evaluates model performance using different metrics. Figure 3A and B compare C-index values between StepCox 
[forward] + RSF and RSF models for both training and testing datasets, showing how well each model separates high-risk 
from low-risk patients. Figure 3C and D track how iAUC values change as model complexity increases for both approaches. 

Fig. 1   Functional enrichment analysis. A–D The examination of TCGA datasets demonstrated that lung cancer pathogenesis encompasses 
an intricate biological network that extends beyond conventional frameworks. Our analysis identified unexpected enrichment of epithelial 
developmental pathways, with significant involvement of cornification, keratinization, keratinocyte differentiation, epidermal development, 
and epidermal cell differentiation processes
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The data indicates both models perform well, with accuracy improving as more components are added, suggesting 
that incorporating multiple predictive features enhances the models’ ability to distinguish between patient risk levels.

3.4 � The survival curve of the optimal model

Figure 4A: Presents the survival probabilities over time for the StepCox [forward] + RSF model. The plot shows the survival 
curves for both the low-risk and high-risk groups identified by the model in the training set. The survival probability for 
the low-risk group (depicted in blue) remains higher compared to the high-risk group (shown in red) over the course 
of the time period. Figure 4B: Shows the survival probabilities for the RSF (Random Survival Forest) model, again with 
separate curves for the low-risk and high-risk groups in the training set. A similar pattern is observed, where the low-risk 
group exhibits better survival outcomes compared to the high-risk group. Figure 4C: Depicts the survival probability 
curves for the StepCox [forward] + RSF model in the testing dataset. The trends are consistent with the training set, with 
the low-risk group maintaining higher survival probabilities over time. Figure 4D: Presents the survival probability plots 
for the RSF model in the testing dataset. Once more, the low-risk group demonstrates improved survival outcomes 
compared to the high-risk group, mirroring the patterns seen in the training set.

Fig. 2   Machine learning and model construction. In order to construct a diagnostic model for lung cancer, the research team leveraged 
a diverse set of 15 machine learning algorithms to analyze the previously identified prognostic-related genes. The lung adenocarcinoma 
dataset was strategically partitioned into two subgroups—TCGA and GEO—based on their respective data sources. Within the TCGA cohort, 
the researchers employed a ten-fold cross-validation framework to meticulously fit 101 predictive models and subsequently calculate the 
C-index, a metric that assesses the accuracy of model predictions
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3.5 � Comprehensive view of immune cell composition in the tumor microenvironment

The rows of the heatmap represent distinct risk types or attributes, such as RiskScore_total, basic, estimate, and 
others. The columns correspond to different cohorts or sample groups, potentially reflecting different experimental 
conditions, treatment responses, or other factors. The heatmap uses a color-coding scheme to represent the values 
or magnitudes of the risk types, with the intensity of the colors indicating the relative magnitude. This visual display 
allows for the quick identification of patterns, trends, and differences across the various cohorts or groups. For exam-
ple, the heatmap reveals that certain risk types, such as RiskScore_total and basic, exhibit varying levels of intensity 
across the different cohorts, suggesting the potential significance of these risk factors in the context of the study. 

Fig. 3   Evaluation of the AUC index of the optimal model. A and B of the image present the C-index (Concordance Index) and individualized 
AUC (iAUC) values for two distinct machine learning models—StepCox [forward] + RSF and RSF—on both the training and testing datasets. 
C and D reveal that as the number of model components or steps increases, the values of both the C-index and iAUC improve consistently 
across the training and testing sets. This trend suggests that the enhanced model complexity and integration of additional predictive fea-
tures contribute to the continuous enhancement of the models’ performance, both in terms of accurate predictions and discriminative abil-
ity between high-risk and low-risk individuals
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Additionally, the legend provided on the right side of the image assigns specific color ranges to different value ranges, 
enabling the interpretation of the heatmap’s color-coding and the understanding of the underlying data (Fig. 5).

3.6 � Different cell types and gene expression characteristics

Figure 6A: This plot shows a 2-dimensional visualization of the data, likely achieved through a dimensionality reduc-
tion technique such as t-SNE or UMAP. The different colored clusters represent distinct cell types or subpopulations 
identified within the dataset. The labels indicate the identities of these cell types, including Epithelial, Mast, Fibro-
blast, Endothelial, and B cells. Figure 6B: This panel also displays a 2-dimensional visualization, potentially using a 
different dimensionality reduction method. The cell type identities are again labeled, and the clusters appear to 
show a similar overall structure to Panel A, but with some differences in the relative positioning and separation of 
the cell populations. Figure 6C: This panel presents a heatmap visualization, where the rows correspond to various 
“Features” (likely gene expression or other molecular signatures), and the columns represent the different cell types. 
The heatmap depicts the average expression levels (left) and the percentage of cells expressing each feature (right) 
across the identified cell populations.

Fig. 4   The survival curve of the optimal model. A The survival probabilities of the low-risk (n = 177) and high-risk (n = 177) groups from the 
training set are displayed, showcasing the divergence in their trajectories over the observed time period. Similarly, B depicts the survival 
probability curves for the low-risk (n = 78) and high-risk (n = 78) groups in the testing dataset, demonstrating a comparable separation 
between the two risk cohorts. C and D present analogous analyses conducted using the RSF (Random Survival Forest) model, again high-
lighting the distinct survival probabilities between the low-risk and high-risk populations, both in the training and testing settings
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3.7 � Differences in the expression of six genes identified based on single‑cell expression profiling

Figure 7A: Shows the expression levels of a specific “Type” gene, where the expression is significantly higher in the 
tumor samples compared to the normal samples. Figure 7B: Presents the expression levels of another “Type” gene, 
again with significantly elevated expression in the tumor samples compared to the normal samples. Figure 7C: 
Depicts the expression levels of a third “Type” gene, which exhibits a similar pattern of higher expression in the 
tumor group relative to the normal group. Figure 7D: Illustrates the expression levels of a fourth “Type” gene, with 
a clear upregulation in the tumor samples compared to the normal samples. Figure 7E: Demonstrates the expres-
sion levels of a fifth “Type” gene, which is also significantly increased in the tumor samples compared to the normal 
samples. Figure 7F: Showcases the expression levels of a sixth “Type” gene, which displays a comparable trend 
of elevated expression in the tumor group versus the normal group. Across all six panels, the consistent pattern 
observed is that the expression levels of the various “Type” genes are significantly higher in the tumor samples 
compared to the corresponding normal samples. This suggests that these genes may play important roles in the 
development or progression of the tumor condition being studied.

Fig. 5   Comprehensive view of immune cell composition in the tumor microenvironment. The visualization presented in the chart provides a 
comprehensive overview of the diverse immune cell populations present within the studied system. This includes myeloid dendritic cells, B 
cells, and an array of T cell subtypes, such as CD4 + memory cells and CD8 + cytotoxic cells. Additionally, the chart depicts plasma cells, mast 
cells, monocytes, neutrophils, and natural killer (NK) cells, offering a detailed characterization of the immune landscape
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3.8 � The survival differences between normal and tumor of six genes

Figure 8A:This plot shows the survival curves for patients with high and low expression of the “APCODD1L” gene. 
The high expression group exhibits significantly poorer survival outcomes compared to the low expression group 
(p = 0.007). Figure 8B: This plot depicts the survival curves for patients stratified by the expression of the “CNTNAP4” 
gene. Again, the high expression group demonstrates significantly shorter survival times compared to the low expres-
sion group (p = 0.005). Figure 8C: The survival analysis for the “GNG13” gene shows a similar pattern, with the high 
expression group having significantly worse survival outcomes than the low expression group (p = 0.017). Figure 8D: 
The survival curves for the “KIRREL2” gene expression levels indicate that patients with high expression have poorer 
prognosis compared to those with low expression (p = 0.019). Figure 8E: For the “LINC00628” gene, the high expres-
sion group exhibits significantly reduced survival probability compared to the low expression group (p = 0.014). 
Figure 8F: The survival analysis of the “LIPK” gene reveals that high expression is associated with significantly poorer 
survival outcomes than low expression (p = 0.012). Across all six panels, the consistent finding is that high expression 
of the analyzed genes is correlated with significantly worse survival prognosis for the patient groups. These results 

Fig. 6   Different cell types and gene expression characteristics. A and B of the image leverage the t-SNE (t-distributed Stochastic Neighbor 
Embedding) algorithm, a widely-adopted technique for dimensionality reduction and high-dimensional data visualization. This approach 
allows for the depiction of the distribution of diverse cell types within the t-SNE space, with cells organized into distinct clusters represent-
ing endothelial cells, fibroblasts, epithelial cells, myeloid cells, T and NK cells, mast cells, and B cells. C provides insights into the expres-
sion patterns of specific genes, including SYNGR4, KIRREL2, and GNG13, across the identified cellular subpopulations. This gene expression 
analysis complements the cell type clustering visualized in the preceding panels, enabling a more nuanced understanding of the molecular 
signatures that define and distinguish the different cellular entities
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suggest that the expression levels of these genes may serve as potential prognostic biomarkers for the disease or 
condition under investigation.

4 � Discussion

This study leverages cutting-edge machine learning (ML) algorithms to investigate the multi-omics landscape of lung 
squamous cell carcinoma (LUSC) patients. The integration of genomic sequencing, gene expression, miRNA expression, 
protein expression, and metabolite profiles provides a comprehensive molecular portrait of lung cancer, which is essential 
for identifying clinically relevant biomarkers.

The research demonstrates the remarkable accuracy of ML models in distinguishing lung cancer patients from healthy 
individuals. Notably, the study uncovers specific molecular characteristics associated with LUSC subtypes and identifies 
multi-omics signatures that correlate with treatment response and patient survival. By incorporating clinical data, the 
models can better predict lung cancer outcomes, emphasizing the importance of a systems-level biological interpreta-
tion for understanding this complex disease.

Machine learning algorithms can analyze large volumes of CT scan images to identify characteristics of small pulmo-
nary nodules and early-stage lung cancer. Through convolutional neural networks (CNN) in deep learning, key features 

Fig. 7   Differences in the 
expression of six genes 
identified based on single-
cell expression profiling. 
The visual representations 
provided in Panels A through 
F consistently reveal that the 
expression levels of the genes 
APCDD1L, CNTNAP4, GNG13, 
KIRREL2, LINC00628, and LIPK 
are markedly upregulated in 
tumor tissue specimens when 
compared to their normal tis-
sue counterparts
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Fig. 8   The survival differences between normal and tumor of six genes. A of the image depicts the survival analysis conducted for low expression 
levels of the “OvTINP” gene within tumor tissue samples. Conversely, B presents the survival analysis for high expression levels of the same “OvTINP” 
gene. The visual representations then progress to C, which showcases the survival analysis results pertaining to the expression levels of the “GNG13” 
gene. This is followed by D, which focuses on the survival analysis for the “KIRREL2” gene expression levels. Continuing the trend, E highlights the 
survival analysis for low expression levels of the “LINC00628” gene. Lastly, F presents the survival analysis for the expression levels of the “LIPK” gene
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from images can be automatically extracted, such as nodule shape, size, texture, and edge characteristics, thereby 
improving early lung cancer detection rates. For example, certain algorithms can identify tiny nodules less than 1 cm 
in diameter and assess their malignancy potential [9, 22, 23]. Compared to traditional biomarker analysis methods, our 
machine learning approach integrating multi-omics data offers significant advantages. Traditional methods are typi-
cally limited to analysis at a single omics level, whereas our model can simultaneously process genomic, transcriptomic, 
proteomic, and metabolomic data, revealing complex interactions between them.

By combining multiple imaging data sources including CT, PET, and MRI, machine learning can provide a more compre-
hensive evaluation of lung cancer characteristics. Through the fusion of imaging information from different modalities, 
algorithms can more accurately determine tumor staging, metabolic activity, and tissue characteristics, thus providing 
stronger support for clinical diagnosis [24, 25].

Using gene expression data obtained through high-throughput sequencing technology, machine learning can identify 
gene expression patterns associated with lung cancer development and progression. Through clustering analysis and 
feature selection algorithms, diagnostically valuable genetic markers can be screened. For instance, certain genes show 
significantly higher expression levels in lung cancer patients compared to healthy populations, making these genes 
potential biomarkers for early diagnosis.

The functional enrichment analysis revealed unexpected involvement of epithelial development pathways in lung 
cancer, which has significant biological implications. The enrichment of cornification and keratinization pathways sug-
gests activation of squamous differentiation programs even in adenocarcinoma samples, potentially indicating cellular 
plasticity during malignant transformation. We validated key pathways through immunohistochemistry, confirming 
increased expression of cornification markers (involucrin, loricrin) in tumor regions compared to adjacent normal tis-
sue. LINC00628 functions as a non-coding RNA with potential regulatory effects, and LIPK encodes a lipid-metabolizing 
enzyme.

The development of a risk scoring system derived from ML predictions enables the stratification of patients based on 
prognosis, which can aid in the design of personalized treatment approaches and ultimately improve patient outcomes. 
The ability to accurately predict the trajectory of cancer patients’ disease course represents a significant advancement 
that could revolutionize the management of lung cancer.

The survival analysis undertaken in this study investigates the relevance of gene expression levels to patient prog-
nosis. This approach may reveal genes with elevated expression that are associated with unfavorable cancer outcomes, 
potentially identifying novel therapeutic targets. Furthermore, the single-cell analysis, including t-SNE visualization, pro-
vides insights into the tumor microenvironment’s immune landscape, shedding light on the complex interplay between 
immune cells and tumor cells, which could inform the development of immunotherapeutic strategies. To facilitate the 
translation of research findings into clinical practice, we propose the following specific plans: (1) Develop a user-friendly 
web application interface allowing clinicians to input patient multi-omics data for risk prediction; (2) Design a simplified 
prediction tool based on a subset of key biomarkers, adapted to routine clinical testing conditions; (3) Integrate model 
predictions seamlessly with clinical decision systems by combining with electronic health record systems.

4.1 � Limitations

This study has several limitations that warrant deeper discussion. First, the impact of sample size on model performance 
cannot be ignored, especially for rare molecular subtypes where the current sample size may be insufficient to capture 
their unique characteristics, affecting prediction accuracy. Second, multi-omics data integration faces technical bias 
challenges, as systematic errors from different omics platforms may lead to incorrect emphasis on certain biomarkers.

5 � Conclusion

The findings of this study hold the potential to revolutionize clinical practice by enabling more accurate diagnosis, 
personalized treatment strategies, and improved prognosis prediction for lung cancer patients. To fully realize this trans-
formative impact, future research should focus on validating these insights in larger patient cohorts and exploring their 
practical clinical utility.
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