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Abstract 14 

Background: Lactylation, a metabolism-linked post-translational modification, has 15 

emerged as a potential regulator of cancer stem cell behavior. This study focused on 16 

lung adenocarcinoma (LUAD) and sought to identify lactylation-related genes with 17 

prognostic value, using the tumor cell stemness index (mRNAsi) as a quantitative 18 

indicator of stemness and validating selected targets experimentally. 19 

Methods: Public LUAD transcriptome datasets were analyzed through an integrated 20 

bioinformatics pipeline. WGCNA, consensus clustering, differential expression 21 

analysis, machine-learning screening, and multivariate regression were combined to 22 

identify candidate prognostic factors and establish a risk-score model, followed by 23 

internal and external validation. Functional annotation, immune microenvironment 24 

assessment, single-cell RNA sequencing (scRNA-seq), computational molecular 25 

docking, and immunohistochemistry were used to explore the biological relevance of 26 

the model. 27 

Results: Six prognostic genes were obtained, including KIF23, TOP2A, HSPD1, 28 

DTYMK, CAV3, and CYP27A1. The risk signature stratified LUAD patients into 29 

high-risk (HRG) and low-risk (LRG) groups, with poorer survival observed in HRG. 30 

Gene set enrichment indicated that the 'MYC targets V1' pathway was activated in 31 

both HRG and LRG. Immune profiling showed higher tumor purity in HRG. 32 



Single-cell analysis annotated 11 cell populations and revealed higher HSPD1 33 

expression in tumor samples, whereas CYP27A1 was more abundant in normal 34 

samples. CERES analysis suggested that LUAD cells showed greater dependency on 35 

KIF23, TOP2A, and HSPD1. These genes also showed favorable docking with 36 

BRD-K71781559, and IHC supported higher KIF23 and TOP2A protein expression in 37 

LUAD tissues. 38 

Conclusion: A six-gene LUAD prognostic panel composed of KIF23, TOP2A, 39 

HSPD1, DTYMK, CAV3, and CYP27A1 was developed. This panel may facilitate 40 

prognostic stratification and guide future mechanism-based therapeutic exploration. 41 

1. Introduction  42 

Lung adenocarcinoma (LUAD) is a frequent and clinically difficult subtype of lung 43 

cancer whose incidence has increased over recent years. Its clinical behavior is 44 

marked by invasion, aggressiveness, and limited therapeutic responsiveness[1]. 45 

Available treatments include non-invasive surgical resection, chemoradiotherapy, 46 

tyrosine kinase inhibitors (TKIs), including gefitinib, anaplastic lymphoma kinase 47 

inhibitors, and PD-1/PD-L1-directed immunotherapy[2, 3]. Nevertheless, durable 48 

disease control is limited to part of the patient population. The prognosis of LUAD 49 

remains unfavorable, with a reported 5-year overall survival (OS) rate of about 50 

17.4%[1]. Identification of additional prognostic genes is therefore important for 51 

refined risk evaluation and individualized treatment planning. 52 

Tumor stem cells (TSCs) are central to LUAD biology because they are involved in 53 

tumor initiation, metastatic dissemination, and persistent disease. Through 54 

self-renewal and multilineage differentiation, these cells sustain tumor expansion[4, 55 

5]. They may also resist cell death, chemotherapy, and radiotherapy, thereby 56 

facilitating distant spread[5]. For this reason, TSC-related features are both 57 

therapeutically relevant and prognostically meaningful in invasive tumors[6, 7]. A 58 

small cancer stem cell (CSC) compartment may drive tumor progression. The 59 

mRNA-based stemness index (mRNAsi), generated using one-class logistic 60 

regression (OCLR), measures transcriptomic stemness and represents CSC-related 61 

activity. Increased mRNAsi values have been linked to pathological grade and 62 

features reflecting CSC activity and tumor differentiation[8]. 63 



Lactic acid is no longer viewed only as an end product of metabolism. It also 64 

functions as a signaling mediator in pathological processes such as inflammation and 65 

malignancy[3, 9]. In tumors, enhanced glycolysis and lactate accumulation can 66 

support CSC self-renewal and maintenance of stemness[10]. Previous work in liver 67 

cancer stem cells (LCSCs) reported greater glycolytic activity, lactate accumulation, 68 

and lactylation than in hepatocellular carcinoma (HCC) cells[10]. However, the 69 

regulatory role of lactylation in tumor stemness, especially in lung cancer cells, is still 70 

not fully clarified. Therefore, this study investigated lactylation-associated regulation 71 

of LUAD stemness and plasticity to identify candidate therapeutic targets for LUAD. 72 

Transcriptomic and clinical data were collected from the Cancer Genome Atlas 73 

(TCGA, http://portal.gdc.cancer.gov/) and Gene Expression Omnibus (GEO, 74 

https://www.ncbi.nlm.nih.gov/geo/) resources. An integrated bioinformatics strategy 75 

was used to screen mRNAsi-associated lactylation-related prognostic genes in LUAD. 76 

Based on these genes, we constructed and evaluated a prognostic model and classified 77 

patients into high-risk (HRG) and low-risk (LRG) groups. Nomogram construction, 78 

clinical subgroup assessment, immune infiltration analysis, somatic mutation 79 

evaluation, and drug sensitivity prediction were then performed to define 80 

group-specific features. Finally, single-cell RNA sequencing (scRNA-seq) analysis 81 

was used to map prognostic gene expression across cell populations, providing 82 

evidence for LUAD prognostic assessment and therapeutic exploration. 83 

Keywords: Lung adenocarcinoma, Lactylation modification, mRNAsi, prognostic 84 

genes, Single-cell RNA sequencing 85 

2. Materials and methods 86 

2.1 Data collection 87 

LUAD transcriptomic profiles, clinical annotations, and survival information were 88 

downloaded from the UCSC Xena platform and GEO database. In TCGA-LUAD, 576 89 

tumor specimens with complete follow-up information were available. The 90 

GSE31210 dataset, generated on the GPL570 platform, provided expression profiles 91 

for 226 tissue samples with survival data. The scRNA-seq dataset GSE131907 92 

(GPL16791), also obtained from GEO, included transcriptomic data from 11 LUAD 93 



specimens and 11 matched control samples. 94 

A list of 308 lactylation-associated genes (LAGs) was obtained from MSigDB 95 

through the GSEA portal and is provided in Supplementary Table S1. 96 

2.2 Calculation of mRNAsi 97 

For TCGA-LUAD, the OCLR algorithm was applied to build a machine 98 

learning-derived mRNAsi model that captured oncogenic dedifferentiation-associated 99 

stemness. Spearman correlation was used to relate the mRNAsi model weight vector 100 

to TCGA-LUAD expression profiles. The correlation coefficients were subsequently 101 

normalized to a 0-1 range by subtracting the minimum value and dividing by the 102 

overall range; values closer to 1 represented stronger stemness potential. 103 

The difference in mRNAsi between LUAD tumor tissues and control samples was 104 

tested at P < 0.05. LUAD cases were then classified into high-mRNAsi and 105 

low-mRNAsi groups according to the median mRNAsi value. Kaplan-Meier (K-M) 106 

survival curves were plotted with "survminer" (v 0.5.0)[11] to evaluate survival 107 

differences between groups (P < 0.05). 108 

2.3 WGCNA 109 

In TCGA-LUAD, gene modules associated with mRNAsi were identified using the 110 

"WGCNA" package (v 2.27)[12]. Hierarchical clustering was used to evaluate sample 111 

outliers before network construction. A soft-thresholding power suitable for scale-free 112 

topology was chosen under R² > 0.90 while maintaining mean connectivity near zero. 113 

The co-expression adjacency matrix was generated with a minimum module size of 114 

50 genes, and each module was assigned a distinct color. Pearson correlations 115 

between mRNAsi and modules were calculated (|cor| > 0.30, P < 0.05). Modules 116 

showing the strongest positive and negative correlations with mRNAsi were 117 

considered hub modules. Gene significance (GS) and module membership (MM) 118 

were calculated, and genes with |GS| > 0.7 and |MM| > 0.5 were retained as hub 119 

module genes for subsequent analyses. 120 

2.4 Consistency clustering analysis 121 

Using key module gene-expression profiles, LUAD patients from TCGA-LUAD were 122 

clustered with "ConsensusClusterPlus" (v 1.64.0)[13], and the number of repetitions 123 

per clustering (reps) was set to 50. This analysis assigned patients to molecular 124 

clusters. Wilcoxon tests compared mRNAsi across clusters (P < 0.05), and K-M 125 

analysis was used to assess survival differences among clusters (P < 0.05). 126 



To identify mRNAsi-associated lactylation-modified genes, DE-LRGs between 127 

clusters were screened with "limma" (v 3.56.2)[14] using |log2FC| >= 1.0 and adj.P < 128 

0.05. The biological functions and pathways of these DE-LRGs were then explored by 129 

GO and KEGG enrichment analyses using "clusterProfiler" (v 4.8.3)[15], with P < 130 

0.05 defined as the significance threshold. 131 

2.4 Machine learning 132 

Three machine learning methods were used to select feature genes from DE-LRGs in 133 

TCGA-LUAD. SVM-RFE was run with the "caret" package (v 7.0-1)[16], and 134 

10-fold cross-validation was applied to determine the gene set with the smallest error. 135 

XGBoost was then performed with "XGBoost" (v 1.7.8.1)[17]. RF analysis was 136 

conducted using "randomForest" (v 4.7-1.2)[18], and genes with an importance score > 137 

5 were retained. Feature genes selected by all three approaches were finally obtained 138 

by intersection. 139 

2.5 Constriction and assessment of risk model 140 

In TCGA-LUAD, feature genes were examined by univariate Cox regression using 141 

the "survival" package (v 3.8-3)[11], with P < 0.05 used to identify prognosis-related 142 

genes. A forest plot was generated with "forestplot" (v 3.1.6)[19] to present these 143 

results. Multivariate Cox regression was subsequently applied to build the prognostic 144 

risk model, and the prognostic genes identified above were incorporated into the 145 

model. Each patient-specific risk score was calculated with the following formula: 146 

𝑟݅݋ܿݏ ݇ݏ𝑟݁ = ݂݅݁݋ܿ)∑ ∗ ܺ݅)௡
௜=1  147 

In this formula, "coef" denotes the multivariate Cox regression coefficient of a given 148 

prognostic gene, and "X" represents the corresponding gene-expression value. 149 

For model evaluation, 500 TCGA-LUAD patients were stratified into HRG and LRG 150 

according to the median risk score. 151 

Risk distribution curves illustrated risk-score stratification, whereas survival-status 152 

scatter plots described patient outcomes across the two risk groups. K-M analysis was 153 

used to compare survival between HRG and LRG (P < 0.05). Time-dependent ROC 154 

curves for 1-, 3-, and 5-year survival were constructed with "survivalROC" (v 155 

1.0.3.1)[20] (AUC > 0.6). Expression differences in prognostic genes between HRG 156 

and LRG were also evaluated. 157 



Model robustness was further tested in the independent GSE31210 cohort (n = 226) 158 

using the same analytical strategy. 159 

2.6 Clinical characteristics and independent prognostic analysis 160 

A heatmap was used to summarize the distribution of molecular clusters and clinical 161 

subgroups, including gender, age, stage, M stage, N stage, and T stage, between HRG 162 

and LRG LUAD patients. 163 

In TCGA-LUAD, risk scores were combined with clinical variables. Univariate and 164 

multivariate Cox regression analyses (P < 0.05) were used to determine independent 165 

prognostic predictors for LUAD. 166 

A survival-prediction nomogram for LUAD patients was constructed with "rms" (v 167 

6.7-0)[21]. Prediction accuracy was assessed using calibration curves generated by 168 

"rms", decision curves produced with "rmda" (v 1.6)[22], and ROC curves plotted 169 

with "timeROC" (v 0.4)[23]. 170 

2.7 Immune infiltration and immunologic escape analyses 171 

The immune landscapes of HRG and LRG were compared using CIBERSORT, 172 

XCELL, TIMER, and EPIC. Spearman or Pearson correlation analysis was then 173 

performed to examine associations between risk scores and immune-cell abundance 174 

(|cor| > 0.30, P < 0.05). 175 

For assessment of the LUAD immune microenvironment, stromal scores, immune 176 

scores, ESTIMATE scores, and tumor purity were calculated in TCGA-LUAD HRG 177 

and LRG samples with the "ESTAMATE" package (v 1.0.13)[24]. Intergroup 178 

differences were tested at P < 0.05. 179 

Immune escape-related genes retrieved from the literature[25] were analyzed for 180 

correlations with both risk scores and prognostic genes (|cor| > 0.30, P < 0.05). 181 

2.8 Drug sensitivity analysis and GSEA 182 

Drug sensitivity in TCGA-LUAD HRG and LRG patients was evaluated by 183 

estimating IC50 values for 198 conventional agents with "oncopredict" (v 1.21)[26]. 184 

IC50 differences between groups were tested for each drug (P < 0.05). 185 

GSEA was conducted in the training cohort to explore biological functions associated 186 

with risk status. DEGs between HRG and LRG were identified using "DESeq2" (v 187 

1.40.2)[27] and ranked by log2FC. The "h.all.v2024.1.Hs.symbols.gmt" collection 188 

was used as the background gene set, and enrichment was evaluated using |NES| > 1 189 



and P < 0.05. 190 

2.9 Single cell expression analysis of prognostic genes 191 

The GSE131907 dataset was analyzed with "Seurat" (v 5.2.1)[14]. During quality 192 

control, low-quality cells and genes were removed, including cells with >20% 193 

ribosomal gene expression or >3% erythrocyte gene expression. The remaining data 194 

were normalized with NormalizeData, followed by highly variable gene selection 195 

with FindVariableFeatures and PCA using RunPCA. Significant PCs were selected 196 

according to JackStrawPlot (P < 0.05). Cells were clustered using FindNeighbors and 197 

FindClusters and visualized by tSNE. Cell annotations were assigned with the TISCH 198 

database (http://tisch.comp-genomics.org/home/), after which prognostic gene 199 

expression was examined across immune cell subsets. 200 

2.10 Identification of important genes and drug screening via CERES and 201 

molecular docking 202 

CERES is a CRISPR knockout-based metric used to quantify gene dependency in 203 

cancer cell lines and to identify cancer-associated genetic vulnerabilities[28]. A lower 204 

CERES score indicates that the gene is more likely to be essential for the 205 

corresponding cancer cell line. 206 

To prioritize essential candidates among the prognostic genes, CERES scores were 207 

calculated across 318 LUAD cell lines, and genes with the lowest scores were 208 

selected. Candidate antitumor drugs related to these essential genes were then 209 

explored. CTRP and PRISM data from the BEST website (https://bestwebsite.gallery/) 210 

were used to evaluate correlations between important genes and antitumor drugs 211 

(|cor| > 0.30, P < 0.05). Drugs positively associated with high expression of these 212 

genes were considered sensitive candidates. 213 

Molecular docking was then performed for selected therapeutic candidates. 214 

Three-dimensional ligand structures were obtained from PubChem, whereas receptor 215 

structures were downloaded from RCSB PDB (http://www.rcsb.org/). Binding energy 216 

was estimated using the CB-Dock web interface. Binding energies < -5 kcal/mol were 217 

interpreted as indicating meaningful affinity between the compound and the protein 218 

target. 219 



2.11 Immunohistochemical (IHC) analysis 220 

To assess protein-level expression of prognostic genes in LUAD patients, IHC 221 

staining was conducted on tissue specimens. Thirty specimens were collected from 222 

the General Hospital of Ningxia Medical University. Written informed consent was 223 

obtained from all participants, and the protocol was approved by the hospital ethics 224 

committee (approval number: KYLL-2023-177). 225 

Paraffin-embedded tissue sections from 15 tumor patients were deparaffinized with 226 

xylene, rehydrated through graded ethanol, and processed for antigen retrieval. 227 

Endogenous peroxidase activity was inhibited with 3% hydrogen peroxide. Sections 228 

were blocked with 10% universal goat serum to minimize nonspecific binding and 229 

then incubated with primary antibodies (Supplementary Table 2). Biotinylated 230 

anti-rabbit secondary antibodies were applied for primary-antibody detection. 231 

Staining was visualized with diaminobenzidine (DAB), followed by hematoxylin 232 

counterstaining. Finally, samples were dehydrated, cleared, mounted, and evaluated 233 

by whole-film scanning. 234 

2.12 Statistical analysis 235 

All statistical analyses were performed using R software (v 4.3.0). The Wilcoxon test 236 

was applied for two-group comparisons, and the Kruskal-Wallis test was used for 237 

multi-group comparisons (P < 0.05). 238 

3. Results 239 

3.1 The effect of mRNAsi on LUAD 240 

The Wilcoxon test showed that mRNAsi was markedly higher in LUAD tumor 241 

samples than in normal tissues (P < 2 × 10-16) (Fig. 1A). K-M analysis further 242 

indicated shorter overall survival in the high-mRNAsi group than in the low-mRNAsi 243 

group (P = 0.045) (Fig. 1B). 244 

No outlier sample was detected in TCGA-LUAD. The optimal power value was 10 245 

(Fig. 2A). After removal of the gray module, 16 gene modules remained (Fig. 2B). 246 

MEbrown was strongly and positively correlated with mRNAsi (cor = 0.72, P = 4×247 

10-93), whereas MEyellow showed a strong negative correlation (cor = -0.81, P = 8×248 

10-133) (Fig. 2C). Applying |GS| > 0.7 and |MM| > 0.5 yielded 2,557 key module 249 

genes (Fig. 2D-E). 250 



 251 

Figure 1. Analysis of the impact of mRNAsi on overall survival in LUAD. (A) Box 252 

plot showing the differences in mRNAsi between LUAD tumors and normal samples 253 

(P < 0.05). (B) Kaplan-Meier (K-M) survival analysis comparing overall survival 254 

between the high-mRNAsi and low-mRNAsi groups (P < 0.05). 255 



 256 

Figure 2. Weighted gene co-expression network analysis (WGCNA). (A) Selection of 257 

the optimal soft power for network construction, based on an R² value > 0.90 and 258 

mean connectivity close to 0. (B) Merged gene modules from the co-expression 259 

network, with a total of 16 modules identified (excluding the gray module). (C) 260 

Heatmap showing the correlation between gene modules and mRNAsi (|correlation 261 

coefficient (cor)| > 0.30 and P < 0.05). (D-E) Scatter plots depicting the relationship 262 

between gene significance (GS) and module membership (MM). 263 

3.2 Identification and functional analyses of 44 DE-LRGs 264 

Consensus clustering separated 509 LUAD patients into two molecular clusters, with 265 

261 cases in cluster 1 and 248 cases in cluster 2 (K = 2) (Fig. 3A). Cluster 2 had 266 

significantly higher mRNAsi than cluster 1 (P < 2 × 10-16) (Fig. 3B). Survival 267 



analysis also differed between clusters; cluster 2 showed poorer OS than cluster 1 (P = 268 

0.023) (Fig. 3C). 269 

In cluster 2, 44 DE-LRGs were detected, comprising 25 upregulated and 19 270 

downregulated genes (Fig. 3D). GO enrichment linked these genes to terms such as 271 

"positive regulation of T cell mediated immune response to tumor cell" and "sterol 272 

catabolic process" (Fig. 3E). KEGG analysis identified enriched pathways including 273 

"Pyrimidine metabolism", "Terpenoid backbone biosynthesis", and "p53 signaling 274 

pathway" (Fig. 3F). 275 



 276 

Figure 3. Identification and functional analysis of differentially expressed 277 

lactylation-related genes (DE-LRGs). (A) Consistency clustering analysis dividing 278 

LUAD patients in the TCGA-LUAD dataset into two clusters. (B) Comparison of 279 

mRNAsi differences between the two clusters. (C) Kaplan-Meier (K-M) survival 280 

analysis comparing overall survival between the two clusters (P < 0.05). (D) Volcano 281 



plot of DE-LRGs, with green indicating downregulated genes, red for upregulated 282 

genes, and gray for genes with no significant difference. (E) Bar chart showing Gene 283 

Ontology (GO) analysis results for DE-LRGs. (F) Bubble plot depicting Kyoto 284 

Encyclopedia of Genes and Genomes (KEGG) pathway analysis results for 285 

DE-LRGs. 286 

3.3 Construction of well-performing risk model 287 

Among the 44 DE-LRGs, RF selected 18 genes (Fig. 4A-B), SVM selected 22 genes 288 

(Fig. 4C), and XGBoost selected 15 genes (Fig. 4D). Intersecting the three algorithm 289 

outputs produced 14 feature genes (Fig. 4E). 290 

Six prognostic genes, KIF23, TOP2A, HSPD1, DTYMK, CAV3, and CYP27A1, were 291 

then obtained (P < 0.05) (Fig. 5A), and these genes were used to construct a 292 

multivariate Cox regression-based risk model. 293 

For model evaluation, 500 TCGA-LUAD patients were assigned to HRG (250 294 

samples) or LRG (250 samples) by the median risk score. In GSE31210, the 226 295 

LUAD patients were similarly separated into HRG (113 samples) and LRG (113 296 

samples). HRG patients had lower survival probabilities in both cohorts (Fig. 5B-C) 297 

and showed higher mortality with shorter survival time (Fig. 5D). HSPD1, DTYMK, 298 

TOP2A, and KIF23 were expressed at higher levels in HRG, whereas CAV3 and 299 

CYP27A1 were higher in LRG (Fig. 5D). In TCGA-LUAD, the 1-, 3-, and 5-year 300 

AUC values were 0.68, 0.64, and 0.59, respectively (Fig. 5E). In GSE31210, all AUC 301 

values were greater than 0.60 (Fig. 5F). 302 

These findings suggest that the risk model can distinguish LUAD patients with 303 

different survival risks and may contribute to individualized treatment planning and 304 

disease management. 305 



 306 

Figure 4. Machine learning analyses. (A-B) Results of the Random Forest (RF) 307 

algorithm: (A) Error rate and tree visualization; (B) Feature importance ranking. (C) 308 

Results of the Support Vector Machine-Recursive Feature Elimination (SVM-RFE) 309 

analysis. (D) Results of the XGBoost algorithm. (E) Venn diagram illustrating the 310 

overlap of feature selections from RF, SVM-RFE, and XGBoost. 311 



 312 

Figure 5. Construction and validation of the risk model. (A) Forest plot identifying 6 313 

prognostic genes through univariate Cox regression analysis. (B-C) Kaplan-Meier 314 

(K-M) survival curves comparing overall survival (OS) between HRG and LRG 315 

patients in the (B) TCGA-LUAD dataset and (C) GSE31210 dataset. (D) Risk curves, 316 

survival status distribution, and heatmap in the TCGA-LUAD dataset. (E-F) 1-year, 317 

3-year, and 5-year Receiver Operating Characteristic (ROC) curves for the risk model 318 

in (E) TCGA-LUAD dataset and (F) GSE31210 dataset. (G) Heatmap showing the 319 

distribution of various clusters and clinical characteristic subgroups in HRG and LRG 320 

patients from the TCGA-LUAD dataset. 321 



3.4 Establishment good nomogram based on independence prognostic factors 322 

The heatmap displayed the distribution of molecular clusters and clinical 323 

characteristic subgroups in LUAD patients (Fig. 5G). 324 

T stage and risk score were confirmed as independent prognostic factors for LUAD 325 

(Fig. 6A-B). A nomogram was constructed (Fig. 6C), and the AUC values for 1-, 3-, 326 

and 5-year prediction were 0.73, 0.68, and 0.59, respectively (Fig. 6D). Calibration 327 

curves showed good consistency between predicted and observed outcomes (Fig. 6E). 328 

Decision curve analysis indicated that the nomogram produced greater net benefit 329 

than either single factor alone (Fig. 6F), supporting its prognostic value in LUAD. 330 

 331 

Figure 6. Assessment of the clinical utility of the nomogram. (A-B) Forest plots 332 

displaying (A) univariate and (B) multivariate Cox regression analysis of clinical 333 

parameters and risk scores. (C) Nomogram predicting the 1-year, 3-year, and 5-year 334 



probabilities of OS outcome. (D) ROC curves for predicting 1-year, 3-year, and 5-year 335 

outcomes in LUAD patients. (E) Calibration curve for assessing the accuracy of the 336 

nomogram. The gray dashed diagonal line represents an ideal model. (F) Decision 337 

curve analysis (DCA) for evaluating the clinical utility of the nomogram model. 338 

3.5 Investigating the immune infiltration, immune escape, and functional 339 

pathways of LUAD patients 340 

Risk score showed negative correlations with most infiltrating immune cells, 341 

including Fibroblasts, M2 macrophages, and NKT cells, indicating that higher-risk 342 

patients may have a more immunosuppressive microenvironment (Fig. 7A). 343 

ESTIMATE analysis demonstrated lower stromal, immune, and ESTIMATE scores in 344 

HRG (P < 0.05), together with higher tumor purity (P < 0.05) (Fig. 7B). The top 10 345 

drugs with significant IC50 differences are presented in Fig. 7C. For instance, 346 

Doramapimod_1042 had a higher IC50 in HRG than in LRG, suggesting greater 347 

sensitivity among patients with lower risk scores. HSPD1, DTYMK, TOP2A, and 348 

KIF23 were positively correlated with most immune escape-related genes, including 349 

CEP55 and BOLA3, while CAV3 and CYP27A1 were negatively correlated with 350 

most of these genes (Fig. 7D). GSEA revealed between-group differences in pathways 351 

including "E2F targets", "G2M checkpoint", and "MYC targets V1" (Fig. 7E), 352 

suggesting distinct molecular and immune features associated with LUAD 353 

progression and immune escape. 354 



 355 

Figure 7. Immune microenvironment and drug sensitivity analysis in LUAD. (A) 356 

Correlation coefficients between immune cell proportions and risk scores, determined 357 

using the CIBERSORT, XCELL, TIMER, and EPIC algorithms. (B) ESTIMATE 358 

analysis comparing stromal, immune, ESTIMATE scores, and tumor purity between 359 

HRG and LRG groups (P < 0.05). (C) Top 10 significantly differential drugs based on 360 

IC50 between HRG and LRG groups (P < 0.05). (D) Correlation analysis between 361 



immune escape-related genes and prognostic genes, as well as risk scores. (E) Gene 362 

set enrichment analysis (GSEA) highlighting significant pathway differences between 363 

HRG and LRG groups. 364 

3.6 Exploration the expression of prognostic genes in single-cell level 365 

The scRNA-seq analysis identified 11 annotated cell types, including B cells, 366 

CD4Tconv, CD8T, CD8 T exhausted (CD8Tex), dendritic cells (DC), endothelial cells, 367 

epithelial cells, fibroblasts, mast cells, monocytes/macrophages, and plasma cells (Fig. 368 

8A). HSPD1 expression was higher in LUAD tumor samples than in normal samples, 369 

whereas CYP27A1 was more abundant in normal samples (Fig. 8B). tSNE plots 370 

showed the cellular distribution of the six prognostic genes across annotated cell 371 

populations (Fig. 8C). 372 

KIF23, TOP2A, and HSPD1 had the lowest CERES scores (Fig. 8D) and were 373 

therefore considered important genes. Three antitumor drugs positively associated 374 

with high gene expression were selected from two databases: BRD-K71781559, 375 

L-168049, and trimebutine (Fig. 8E). Docking analysis showed favorable binding 376 

between HSPD1 and BRD-K71781559, with a binding energy of -10.4 kcal/mol and 377 

key interactions involving residues M506 and D504 (Fig. 9A-B). TOP2A also 378 

interacted with BRD-K71781559, with a binding energy of -10.1 kcal/mol and 379 

contacts involving residues R98 and N95 (Fig. 9A, 9C). Additional docking results 380 

are shown in Supplementary Figure S1. 381 



 382 

Figure 8. Single-cell RNA sequencing (scRNA-seq) analysis in the GSE131907 383 

dataset. (A) T-Distributed Stochastic Neighbor Embedding (tSNE) plot showing the 384 

annotated cell types after dimensionality reduction. (B) Bubble plot representing the 385 

relative expression of six prognostic genes across different cell types. (C) tSNE plot 386 

displaying the distribution of six prognostic genes within the single-cell tumor 387 

microenvironment atlas. (D) Boxplot showing the differences in CERES scores 388 

among the six prognostic genes. (E) Correlation analysis between key genes and 389 

antitumor drugs based on the CTRP and PRISM databases. 390 



 391 

Figure 9. Molecular docking analysis between prognostic genes and antitumor drugs. 392 

(A) Binding energy results between antitumor drugs and prognostic genes. (B) 393 

Detailed molecular docking interactions between the prognostic genes and antitumor 394 

drugs. 395 

3.7 Exploration the expression of prognostic genes in protein level 396 

IHC staining showed elevated expression of KIF23 and TOP2A in LUAD tissues (Fig. 397 

10). 398 



 399 

Figure 10. Immunohistochemical analysis of prognostic genes KIF23 and TOP2A. 400 

 401 

4. Discussion 402 

LUAD accounts for roughly 40% of lung cancer cases and represents the most 403 

frequent malignant histological subtype worldwide. Lung cancer causes 404 

approximately 2.1 million deaths annually and contributes to nearly one-fifth of all 405 

cancer-related deaths[29]. CSCs are a specialized tumor cell population involved in 406 

tumor initiation, progression, establishment, and recurrence[30]. Their heterogeneity, 407 

invasive potential, and therapeutic resistance are important drivers of poor 408 

prognosis[31]. These properties also help explain the high mortality of cancers such 409 

as lung, liver, colorectal, and gastric malignancies[32]. 410 

In LUAD, stemness-related gene programs have been shown to influence tumor 411 

progression and patient outcome. Using mRNAsi, Zhang et al.[33] reported that 412 

CSC-associated expression patterns increased with pathological stage and predicted 413 

worse prognosis. Lactylation has also been linked to LUAD biology. For example, 414 



SLC4A7 may restrain tumor progression through regulation of lactate transport, 415 

protein lactylation, and stemness-related characteristics, indicating its potential as a 416 

therapeutic target in LUAD[34]. These findings collectively support a functional 417 

connection between CSC activity, lactylation, and LUAD progression. 418 

How lactylation controls CSC properties in LUAD has not been fully resolved. In the 419 

present study, we addressed this issue by analyzing lactylation-associated genes and 420 

identifying potential therapeutic targets in LUAD. Six prognostic genes were selected: 421 

KIF23, TOP2A, HSPD1, DTYMK, CAV3, and CYP27A1. Compared with low-risk 422 

patients, those in the high-risk group had consistently poorer survival and more 423 

aggressive clinical features. These findings indicate that the six-gene panel has 424 

prognostic stratification value and may reflect biologically meaningful vulnerabilities 425 

in LUAD. 426 

Kinesin Family Member 23 (KIF23) is a kinesin superfamily motor protein involved 427 

in malignant-cell proliferation and migration. Prior lung cancer studies reported 428 

elevated KIF23 expression and linked it to prognosis, suggesting therapeutic 429 

relevance[35]. KIF23 overexpression has also been characterized as an independent 430 

prognostic factor in lung cancer[35, 36]. In experimental models, RNA 431 

interference-mediated KIF23 depletion suppressed lung tumor formation in vivo and 432 

induced apoptosis in lung cancer cell lines[37]. KIF23 may also participate in 433 

hypoxia-induced tumor cell dehydration within the lung tumor immune 434 

microenvironment, and increased expression has been associated with unfavorable 435 

prognosis[38]. These observations are consistent with the present results. 436 

Topoisomerase IIA (TOP2A) modulates DNA topology by relieving positive and 437 

negative supercoils, thereby supporting chromosome condensation, chromatid 438 

segregation, DNA replication, and transcription[39-41]. Aberrant TOP2A 439 

overexpression has been reported in multiple malignancies, including pancreatic, 440 

breast, prostate, colon, gastroesophageal, esophageal, hepatoblastoma, and malignant 441 

schwannoma tumors[42-45]. In LUAD, TOP2A is frequently upregulated and 442 

negatively associated with prognosis; high expression correlates with poorer overall 443 

and recurrence-free survival[46]. 444 



Yang et al. found that TOP2A and KIF23 were associated with disease stage and 445 

overall survival in LUAD[47]. In our analysis, both genes were highly expressed in 446 

HRG, supporting their association with LUAD progression and adverse prognosis. 447 

Single-cell analysis further indicated that KIF23, TOP2A, and HSPD1 had the lowest 448 

CERES scores, implying potential dependence of LUAD cells on these genes in 449 

cell-cycle regulation and cellular metabolism[48, 49]. The IHC results, which showed 450 

increased KIF23 and TOP2A protein expression in LUAD tissues, further support 451 

their roles in proliferation, genomic instability, and poor clinical outcome. 452 

Heat shock protein family D member 1 (HSPD1), also known as HSP60, is a 453 

molecular chaperone that functions in multiple cellular compartments and 454 

extracellular contexts[50]. Increasing evidence implicates HSPD1 in cancer 455 

development, progression, and chemoresistance[51, 52]. High HSPD1 expression has 456 

been associated with shorter overall survival in LUAD patients, consistent with our 457 

findings[53]. Deoxythymidylate kinase (DTYMK) catalyzes phosphorylation of 458 

deoxythymidylate (dTMP) to produce deoxythymidine diphosphate (dTDP)[54]. 459 

Zhang et al.[8] reported negative associations between DTYMK expression and both 460 

recurrence-free survival (RFS) and OS in LUAD, which supports our results. 461 

DTYMK was also increased in the high-risk group, emphasizing its prognostic 462 

relevance. CYP27A1, a sterol 27-hydroxylase of the cytochrome P450 oxidase family, 463 

is mainly expressed in liver tissue and participates in sterol hydroxylation, vitamin D3 464 

metabolism, and cholesterol homeostasis[55, 56]. Yin et al.[57] found that reduced 465 

CYP27A1 expression predicted poor LUAD prognosis and was related to immune 466 

pathways such as macrophage activation, inflammatory leukocyte activation, and 467 

mast cell activation. Our observation that CYP27A1 was lower in high-risk patients is 468 

consistent with this evidence. Although CAV3 has been less studied in LUAD, our 469 

results suggest that it may have prognostic relevance and merits further investigation. 470 

GSEA indicated enrichment of E2F and MYC target pathways in HRG. Both 471 

pathways are tightly linked to cell proliferation[58-60]. Their concurrent activation 472 

may indicate rapid tumor-cell division and metabolic dysregulation in high-risk 473 

patients. Such pathway activity suggests an active proliferative state and may promote 474 



malignant behaviors, including invasion and metastasis[60-63]. Therefore, pathway 475 

activation in HRG may partly explain the aggressive growth pattern of high-risk 476 

LUAD. 477 

Immune infiltration analysis showed that risk scores were negatively correlated with 478 

most immune-cell populations, suggesting a more immunosuppressive tumor 479 

microenvironment in high-risk patients. NKT cells were particularly negatively 480 

associated with the risk score. These cells contribute to antitumor immunity by 481 

recognizing and killing tumor cells and by coordinating immune responses[64, 65]. In 482 

high-risk patients, reduced abundance or impaired activity of NKT cells may weaken 483 

tumor immune recognition[66], promote immune escape, and facilitate LUAD 484 

progression. 485 

Through integrated bioinformatics analysis, this study identified six prognostic 486 

biomarkers: KIF23, TOP2A, HSPD1, DTYMK, CAV3, and CYP27A1. IHC staining 487 

supported protein-level expression of KIF23 and TOP2A in clinical samples. The 488 

six-gene risk signature separated LUAD patients into distinct prognostic categories, 489 

with markedly worse survival in the high-risk group. Beyond prognostic modeling, 490 

immune microenvironment assessment, drug-response prediction, and GSEA 491 

provided complementary evidence for precision LUAD management. The addition of 492 

scRNA-seq analysis further helped characterize cellular heterogeneity associated with 493 

tumor progression. 494 

Several limitations remain. First, the relatively modest cohort size may affect the 495 

generalizability of the results. Second, functional validation in vivo, particularly 496 

animal experiments, was not performed. Future work should include larger cohorts 497 

and mechanistic experiments to confirm these findings. 498 
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