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Abstract
Paracrine signaling from lung cancer cells can profoundly influence immune function, but its systemic
impact on peripheral blood mononuclear cells (PBMCs) is poorly understood. This study characterizes
transcriptomic changes in PBMCs exposed to lung cancer secretions to identify immune-associated
clinical signatures.

Methods: PBMCs from healthy donors were co-cultured with A549 or H292 lung cancer cell lines for 4
hours, followed by RNA sequencing. Differentially expressed genes (DEGs) were analyzed using
GO/KEGG enrichment, integrated with public microarray datasets, and validated clinically via TIMER2.0.

Results: Co-culture induced extensive transcriptional reprogramming, yielding 296 differentially
expressed genes (DEGs) in the A549 model and 508 in the H292 model. Statistical filtering identified a
conserved signature of 21 commonly altered genes (including ANKRD37, BUB3, IL6, CSF3, and INHBA).
ANKRD37 and BUB3 were consistently validated across independent clinical datasets. Enrichment
analysis revealed shared activation of NOD-like receptor signaling, alongside line-specific metabolic and
biosynthetic pathway alterations. Furthermore, BUB3 expression positively correlated with activated
CD4+ T-cell infiltration, while ANKRD37 negatively associated with CD8+ T cells.

Conclusions: Lung cancer secretions drive systemic immune reprogramming in PBMCs. This reflects a
systemic-to-local tumor–immune axis and highlights ANKRD37 and BUB3 as candidate circulating
biomarkers.

Introduction
Lung cancer remains the leading cause of cancer-related death worldwide, with approximately
1.8 million deaths each year, accounting for about 18% of all cancer deaths1. Although treatment
strategies have improved, the overall 5-year survival rate is still around 22%, indicating the need to better
understand the molecular mechanisms involved in lung cancer development2. Increasing evidence has
shown that lung cancer cells can release various soluble factors that modulate the tumor
microenvironment and promote tumor growth, invasion, and metastasis. These secreted factors include
cytokines, chemokines, growth factors, and extracellular vesicles, which can affect nearby stromal cells,
endothelial cells, and immune cells through paracrine signaling3, 4.

Peripheral blood mononuclear cells (PBMCs), including lymphocytes and monocytes, play important
roles in systemic anti-tumor immune responses5, 6. Previous studies demonstrated that secretory
products from different cancers can alter the epigenetic and transcriptional profiles of surrounding cells,
potentially changing their functions7–9. In breast cancer, tumor secretions were reported to induce
epigenetic changes in nearby stromal cells10. However, the effects of lung cancer cell secretions on
circulating PBMCs, which serve as an important first-line immune defense against tumors, are still not
well understood.
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Previous reports showed that cancer cell secretions can remodel the epigenomic and transcriptomic
landscapes of surrounding cells11, 12. Based on these findings, we hypothesized that molecules released
by lung cancer cells may influence the transcriptome of PBMCs, key mediators of anti-tumor immunity.
To investigate this hypothesis, PBMCs from healthy donors were co-cultured with lung cancer cell lines,
and gene expression profiles between co-cultured and uncultured control PBMCs were compared using
RNA sequencing. In addition, transcriptomic profiling, bioinformatic analysis, and comparison with
patient datasets were performed to identify molecular mechanisms involved in lung cancer–immune cell
interactions, which may contribute to cancer progression and future therapeutic approaches.

Results

Identification of Differentially Expressed Genes in PBMCs
Following Co-culture with Lung Cancer Cells
The overall study design was shown in Fig. 1. To investigate the effects of lung cancer-derived factors on
immune-related gene expression, PBMCs were co-cultured with A549 and H292 lung cancer cell lines,
and RNA-seq analysis was performed. A large number of transcriptional changes were observed in both
co-culture conditions, with nearly 16,000 genes showing altered expression patterns in each group
(Fig. 2A). After applying the statistical cutoff (p < 0.05), 170 up-regulated genes and 126 down-regulated
genes were identified in PBMCs co-cultured with A549 cells. In the H292 co-culture model, 302 genes
were significantly up-regulated, whereas 206 genes were down-regulated. Venn diagram analysis
demonstrated that 21 genes were commonly altered in PBMCs exposed to both lung cancer cell lines
(Fig. 2B-C). Among these, 12 genes were consistently up-regulated, including ANKRD37, BUB3, CSF3, IL6,
and INHBA. Interestingly, CSF3 and IL6 showed relatively high fold changes compared with other genes,
with expression increases reaching around 8-fold. On the other hand, 9 genes were commonly down-
regulated, such as CAMSAP2, G6PD, and TGFBI. These findings suggest that lung cancer cells may
induce similar transcriptional responses in PBMCs regardless of the cell line used in the co-culture
system. The common gene set identified in this study may reflect conserved immune-related responses
associated with lung cancer-derived secreted factors and could be useful for further studies on
biomarkers or tumor–immune interactions.

Functional Enrichment Analysis of DEGs Reveals Cell-Line Specific
and Conserved Immune Responses
GO and KEGG enrichment analyses were performed to investigate the biological functions and signaling
pathways associated with the differentially expressed genes (DEGs) identified in PBMCs after co-culture
with lung cancer cells (Fig. 3). The results showed that both A549 and H292 co-culture models shared
several immune-related responses, especially pathways associated with NOD-like receptor signaling and
cytokine-related activity. However, some functional differences between the two cell lines were also
observed. In the H292 co-culture group, GO analysis demonstrated significant enrichment of genes
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involved in NOD2 signaling and cytokine activity, with enrichment scores of approximately 4.5 and 3.5,
respectively (Fig. 3A). KEGG pathway analysis further identified ribosome biogenesis as the most
enriched pathway in the H292 group, showing a fold enrichment greater than 6.0 and high statistical
significance (Fig. 3B). Pathway analysis also demonstrated increased expression of several genes
associated with ribosomal RNA processing, particularly components involved in the 90S pre-ribosome
and small subunit processes.

For the A549 co-culture condition, enrichment analysis suggested changes related to cellular
metabolism. Although GO analysis showed common pathways related to NOD2 signaling and
carbohydrate biosynthesis (Fig. 3C), KEGG analysis identified the pentose phosphate pathway as the
most significantly enriched pathway, with a fold enrichment greater than 12.5 (Fig. 3D). Biosynthesis of
amino acids and TNF signaling pathways were also enriched. In addition, pathway mapping revealed
increased expression of important metabolic enzymes, including glucose-6-phosphate dehydrogenase
and 6-phosphogluconate dehydrogenase, which are involved in NADPH production and oxidative
balance. Taken together, these findings indicate that secreted factors from different lung cancer cell
lines may induce distinct responses in PBMCs. H292 cells appeared to mainly affect ribosome-related
processes, whereas A549 cells were more associated with metabolic pathway alterations, particularly
the pentose phosphate pathway.

Validation of Paracrine-Responsive Genes Using Clinical Lung
Cancer PBMC Datasets
To investigate whether the gene expression changes observed in our co-culture models were also
present in lung cancer patients, RNA-seq results were compared with four independent PBMC
transcriptomic datasets obtained from clinical lung cancer samples (Fig. 4). Fisher’s exact test
demonstrated significant overlap between genes identified in the co-culture models and those detected
in patient datasets for both up-regulated and down-regulated genes. For the up-regulated gene sets, 29
overlapping genes were identified between the A549 co-culture model and clinical datasets, with an odds
ratio (OR) of 2.47 and a p-value of 0.00000677. In the H292 co-culture model, 37 overlapping genes were
observed, showing an OR of 1.62 and a p-value of 0.00657 (Fig. 4A). Similar findings were also detected
in the down-regulated gene groups. A total of 24 shared genes were identified between A549-treated
PBMCs and patient datasets (OR = 2.00, p = 0.00281), while the H292 model showed 35 overlapping
genes (OR = 1.57, p = 0.0172) (Fig. 4B). To identify genes that were consistently altered in both
experimental and clinical conditions, overlapping analysis was performed using the validated up-
regulated genes from both co-culture models (Fig. 4C). Among the identified genes, ANKRD37 and BUB3
were consistently up-regulated across both lung cancer cell lines and all patient datasets. In contrast, no
common genes were identified among the down-regulated groups. These results suggest that ANKRD37
and BUB3 may represent potential molecular markers associated with lung cancer-related paracrine
effects on PBMCs.
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Association Between ANKRD37 and BUB3 Expression and Immune Cell Infiltration in Lung Cancer

To explore the potential relationship between ANKRD37 and BUB3 expression and the tumor immune
microenvironment, correlation analysis was performed using the TIMER2.0 database in Lung
Adenocarcinoma (LUAD) and Lung Squamous Cell Carcinoma (LUSC). As shown in Fig. 5A, the two
genes demonstrated different patterns of association with immune cell infiltration. BUB3 expression was
generally positively correlated with immune cell populations, particularly CD8 + T cells and CD4 + T cells,
across several analytical algorithms. In contrast, ANKRD37 expression showed mainly negative
correlations with CD8 + and CD4 + T-cell infiltration, especially in LUAD samples. Different levels of
association with B cells and monocytes were also observed, although BUB3 tended to show stronger
positive correlations with lymphocyte-related populations. The detailed correlation plots presented in
Fig. 5B further supported these findings. In LUSC, ANKRD37 expression showed a significant negative
correlation with CD8 + T-cell infiltration (Spearman’s rho = − 0.162, p = 3.93 x 10− 4). On the other hand,
BUB3 expression demonstrated positive correlations with activated CD4 + T cells in LUAD (Rho = 0.37, p 
= 2.11 x 10− 17) and with CD8 + T cells in LUSC (Rho = 0.173, p = 1.44x 10− 4). Interestingly, BUB3

expression was negatively associated with memory B cells in LUAD (Rho = − 0.228, p = 3.27 x 10− 7).
Overall, these results indicate that ANKRD37 and BUB3 may have different relationships with immune cell
infiltration in lung cancer. While both genes were identified as paracrine-responsive genes in PBMCs,
their opposite correlation patterns with tumor-infiltrating lymphocytes suggest potentially distinct roles
in the regulation of the tumor immune microenvironment.

Discussion
This study demonstrates that lung cancer secretome drives systemic immune reprogramming, as
evidenced by distinct transcriptomic and metabolic alterations in PBMCs. A core set of 21 paracrine-
responsive genes, including ANKRD37 and BUB3, was consistently identified and validated across clinical
datasets. While both A549 and H292 models activated inflammatory pathways such as NOD-like
receptor signaling and cytokine production, they induced divergent programs, with H292 enhancing
protein synthesis and ribosome biogenesis, and A549 promoting a shift toward the pentose phosphate
pathway. These findings highlight that tumor-derived factors shape specific systemic immune states in a
context-dependent manner.

The 4-hour co-culture of PBMCs with A549 and H292 cells induced a strong transcriptional shift,
affecting nearly 16,000 genes (~ 8,000 up- and ~ 8,000 down-regulated). This extent of change is much
higher than the 1,334–1,450 DEGs reported in PBMCs from HCC patients13, 14 and the 367 DEGs
observed in HCC cell co-culture models15, and is more comparable to the global dysregulation reported
in lung cancer or TB studies (4,438–4,865 DEGs)16. Such rapid and large-scale reprogramming may

reflect an acute paracrine response driven by cancer-derived secretomes and exosomes17, 18. Notably,
strong up-regulation of IL6, CSF3, and INHBA (up to ~ 8-fold), together with stress-related genes
ANKRD37 and TXNIP, suggests marked non-homeostatic stimulation and metabolic adaptation13, 14, 19.
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In contrast, down-regulation of G6PD and TGFBI differs from patterns typically reported in chronic HCC-
related immune changes13, 14. This bidirectional gene response indicates early systemic stress and
immune reprogramming and highlights these conserved genes as potential systemic biomarkers, similar
to cancer-induced gene signatures observed in other malignancy models15.

Functional enrichment analysis suggests that lung cancer secretome rapidly induces a coordinated
pattern of innate immune sensing and metabolic reprogramming in PBMCs. The shared activation of
NOD-like receptor (NLR) signaling and cytokine-related pathways in both models is consistent with the
concept that tumor-derived damage-associated molecular patterns (DAMPs) can activate cytosolic
NLRs, leading to systemic sterile inflammation through RIP2 and NF-κB signaling pathways20–22. In a cell
line–specific manner, A549-induced DEGs were mainly enriched in the pentose phosphate pathway
(PPP) and TNF signaling, indicating metabolic rerouting toward NADPH production and antioxidant
defense, which is commonly observed in activated immune cells under oxidative stress23–25. In contrast,
H292 co-culture showed stronger enrichment in ribosome biogenesis and NOD2 signaling, suggesting a
response more focused on protein synthesis capacity and cytokine responsiveness26, 27. These
differences may be related to variations in DAMP composition between adenocarcinoma (A549) and
mucoepidermoid (H292) secretomes25, 28, 29. The enrichment of NLR signaling, PPP, and ribosomal
pathways indicates that PBMCs are driven into a metabolically demanding and highly activated state,
which may support inflammatory functions but also increase susceptibility to metabolic stress and
exhaustion.

Integrative validation using independent lung cancer PBMC cohorts supports that the in vitro paracrine-
responsive signature reflects systemic immune alterations in patients. The overlap between our co-
culture models and clinical datasets was significant (A549: 29 genes, OR = 2.47, p < 0.0001; H292: 37
genes, OR = 1.62, p = 0.006), and these values are within the range reported for established blood-based
lung cancer classifiers (OR/HR 2–4, AUC 0.69–0.91)30, 31. Within this shared signature, ANKRD37 and
BUB3 were consistently upregulated across all datasets. ANKRD37, a hypoxia-inducible HIF-1α target
associated with poor prognosis, may reflect systemic cellular responses to tumor-related hypoxic
signaling32, whereas BUB3 is linked to cell-cycle regulation and proliferative stress in aggressive

disease33, 34. The consistent detection of these genes across adenocarcinoma, mucoepidermoid, and
patient-derived cohorts suggests a common tumor-induced systemic stress response rather than cell
line-specific effects. Therefore, ANKRD37 and BUB3 may serve as potential biomarkers for monitoring
tumor–immune interactions in peripheral blood.

Analysis using TIMER2.0 shows that BUB3 and ANKRD37 are associated with opposite patterns of T-cell
infiltration in lung cancer tissues. BUB3 expression was positively correlated with CD8 + and CD4 + T
cells, including a moderate correlation with activated CD4 + T cells (Rho ≈ 0.37, p < 0.0001), which is
similar to patterns reported in “hot” tumor microenvironments associated with better immune
checkpoint inhibitor (ICI) response35–37. This pattern is also consistent with non-canonical cell-cycle-
related genes that correlate with cytotoxic T lymphocyte (CTL) infiltration36, 38. In contrast, ANKRD37
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showed a significant negative correlation with CD8 + T-cell infiltration in LUAD (Rho = − 0.162, p < 0.001),
which is in line with hypoxia- and HIF-related mechanisms linked to immune exclusion and “cold” tumor
phenotypes39, 40. These observations, together with previous reports in HCC and LUAD where blood-
derived signatures reflect intratumoral immune status, suggest a connection between systemic PBMC
markers and local immune infiltration patterns38, 41. Overall, the results indicate that BUB3 is associated
with a more inflamed, T-cell–rich tumor environment, while ANKRD37 is linked to hypoxia-associated
immune suppression, which may have implications for ICI responsiveness.

Building on this systemic-to-local relationship, BUB3 appears to be a more promising biomarker
candidate with higher translational potential compared with ANKRD37. It is consistently upregulated in
PBMCs in both A549 and H292 co-culture models and is also present across all clinical datasets,
supporting its reproducibility. In LUAD tissues, BUB3 is significantly overexpressed and associated with
poorer survival outcomes (HR = 1.7, p = 0.00026), as well as clinical features such as lymph node
metastasis, TP53 mutation, and smoking status42, 43. These findings are consistent with our integrative
analysis and suggest that BUB3 may reflect both tumor progression and immune activity. In contrast to
ANKRD37, which is mainly linked to hypoxia-related responses, BUB3 shows a more direct association
with T-cell infiltration and patient prognosis, supporting its relevance in an inflamed tumor
microenvironment. This suggests that BUB3 may be useful for monitoring changes in tumor–immune
interactions over time. Therefore, inclusion of BUB3 in a liquid biopsy panel may improve patient
stratification and support clinical decision-making for immunotherapy.

In conclusion, this study provides a comprehensive characterization of systemic immune
reprogramming induced by lung cancer-derived paracrine factors. A conserved 21-gene signature was
identified in PBMCs, with ANKRD37 and BUB3 emerging as high-confidence biomarkers and validated
across multiple clinical datasets. Functionally, lung cancer secretomes induced a bifurcated immune
response, characterized by shared activation of NOD-like receptor signaling together with distinct
programs involving ribosome biogenesis in H292 and the pentose phosphate pathway in A549.
Importantly, the systemic expression of these genes mirrors the intratumoral immune landscape, where
BUB3 is associated with T-cell-inflamed tumors, whereas ANKRD37 correlates with immune exclusion.
These findings support a systemic-to-local axis of tumor–immune interaction and suggest that
peripheral blood transcripts may serve as non-invasive biomarkers for monitoring immune status and
predicting responses to immunotherapy in lung cancer patients.

Methods

Cell culture and maintenance of lung cancer Cell Lines
The lung cancer cell lines, A549 and H292, were purchased from the American Type Culture Collection
(ATCC, Manassas, VA, USA) cultured in Dulbecco’s modified Eagle medium (DMEM) (Gibco BRL, USA)
supplemented with 10% heat-inactivated fetal calf serum, 1% penicillin (100 U/mL), and streptomycin
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(100 µg/mL). The cells were maintained at 37°C in a humidified incubator containing 5% carbon dioxide
and 95% air under standard culture conditions.

Isolation and co-culture of PBMCs with lung cancer cell lines
Peripheral blood mononuclear cells (PBMCs) were isolated from heparinized blood samples obtained
from three healthy male and three healthy female volunteers. Blood samples were layered onto
lymphocyte separation medium at a 1:1 ratio and centrifuged at 2600 rpm for 15 minutes. The PBMC
layer, observed as a distinct white ring at the interface, was carefully collected and washed twice with
phosphate-buffered saline (PBS). The isolated PBMCs were resuspended in 1 mL of PBS for subsequent
co-culture experiments. The co-culture system was established using 24-well Transwell membrane
plates (Corning Inc., Corning, NY, USA). A549 and H292 lung cancer cells were seeded separately into 24-
well plates containing 200 µL of DMEM per well. Subsequently, 100,000 PBMCs were added to the
Transwell membrane inserts with 100 µL of DMEM in the upper chamber. The co-culture systems were
incubated at 37°C in a humidified atmosphere containing 5% CO2 and 95% air for 4 hours. After
incubation, PBMCs from the membrane inserts were collected for subsequent RNA extraction.

RNA extraction from co-cultured PBMCs
Total RNA extraction from PBMCs was performed using TRIzol LS reagent (Thermo Scientific™, Waltham,
MA, USA) following the manufacturer's protocol (Thermo Fisher Scientific, 2016). Briefly, PBMCs were
mixed with 1 mL of TRIzol LS reagent and incubated at room temperature for 5 minutes. Subsequently,
200 µL of chloroform was added, followed by an additional 3-minutes incubation at room temperature.
The resulting mixture was centrifuged at 8760 RPM and 4°C for 15 minutes, leading to the separation
into three distinct phases. The upper aqueous phase, devoid of color, was carefully transferred to a new
RNA tube, and alcohol precipitation was conducted. The RNA pellet was then resuspended in 30 µL of
diethyl pyrocarbonate-treated water and quantified using a Qubit Fluorometer (Thermo Scientific™,
Waltham, MA, USA). To evaluate the RNA's quality before sequencing, the RNA 6000 Nano Assay (Agilent
Technologies, Santa Clara, CA, USA) was employed, with a recommended threshold of an RNA integrity
number greater than 7. RNA samples with a concentration of at least 1 µg were subsequently utilized for
RNA sequencing analysis.

RNA sequencing and analysis
For RNA sequencing library preparation, 200 ng of total RNA was used. Poly-A mRNA was enriched using
oligo-dT beads, and complementary DNA (cDNA) was synthesized using random primers. Library
preparation was performed using the NEBNext® Ultra™ RNA Library Prep Kit according to the
manufacturer’s instructions (Illumina Inc., San Diego, CA, USA; New England Biolabs, 2018). The
prepared libraries were ligated with P5 and P7 adapters and amplified by PCR for 11 cycles. The resulting
double-stranded cDNA libraries were sequenced on the Illumina HiSeq platform using 150 bp paired-end
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reads. All RNA-sequencing data underwent quality control analysis using FastQC, and only reads with Q
scores greater than 30 were included. Sequence reads were aligned to the human reference genome
(GRCh38.p10) using HISAT2 version 2.1.0 based on the hierarchical indexing method for spliced
transcript alignment described by Pertea et al.12. Transcript assembly was performed using StringTie
version 1.3.3b. Differential gene expression analysis between co-culture and control groups was
conducted using DESeq2 version 1.16.1, as recommended in the StringTie workflow11. Differentially
expressed genes were categorized into up-regulated and down-regulated groups based on fold change
and adjusted p-value criteria (Fig. 1). All raw and processed RNA sequencing data generated in this study
have been deposited in the Gene Expression Omnibus database under accession number GSE112005.

Bioinformatic analysis
In this study, publicly available gene expression datasets of peripheral blood mononuclear cells (PBMCs)
from lung cancer patients and healthy individuals were retrieved from the Gene Expression Omnibus
database. The selected datasets included GSE12771-GPL6102, GSE12771-GPL6097, GSE13255-
GPL6102, and GSE39345-GPL6104. Data analysis was performed using the CU-DREAM extension
program to identify up-regulated candidate genes, down-regulated candidate genes, and genes
potentially influenced by paracrine signaling (Fig. 1).

Biological function alteration and enrichment pathway
analysis
The differentially expressed genes (DEGs) identified from PBMCs co-cultured with A549 and H292 cells
were analyzed using the DAVID database for functional enrichment analysis. Statistical significance was
defined as p < 0.05. Gene Ontology (GO) analysis was performed to evaluate biological process (BP),
cellular component (CC), and molecular function (MF) categories. In addition, pathway enrichment
analysis was conducted using the Kyoto Encyclopedia of Genes and Genomes (KEGG) database to
identify significantly associated signaling pathways.44,45

Immune association analysis
To investigate the association between gene expression and immune response, ANKRD37 and BUB3
were analyzed using the Tumor Immune Estimation Resource (TIMER) database. TIMER was used to
evaluate the correlation between gene expression and immune cell infiltration in cancer tissues.
Statistical significance was assessed using log-rank p-values and hazard ratios (HRs) with 95%
confidence intervals (CIs). A positive correlation was defined as p < 0.05 with Spearman’s ρ > 0, whereas
a negative correlation was defined as p < 0.05 with Spearman’s ρ < 0.05.

Statistical analysis
Statistical analyses were performed using SPSS Statistics (SPSS Inc., Chicago, IL, USA). Student’s t-test
and chi-square test were used to evaluate significant differences in gene expression and the distribution
of up-regulated and down-regulated genes identified by the CU-DREAM program, respectively. Data are
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presented as mean ± standard deviation (SD), and all adjusted p-values were two-sided. A p-value of less
than 0.05 was considered statistically significant.
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Table 1 is available in the Supplementary Files section.

Figures

Figure 1

Study workflow for identifying candidate genes influenced by paracrine signaling. This schematic
outlines the integration of two transcriptomic pipelines: an in vitroapproach using RNA sequencing of
PBMC-lung cancer cell co-cultures (left), and an in silico approach analyzing clinical PBMC microarray
datasets from the Gene Expression Omnibus (right). Significant up- and down-regulated genes from both
methods are integrated to determine the final candidate genes.
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Figure 2

Unveiling the impact of paracrine signaling on gene analysis.

(A) RNA sequencing data of PBMC co-cultured with lung cancer cell lines (A549 or H292) classified by
up-regulation and down-regulation, sorted by significance (p-value).

(B) Integrating RNA sequencing data of up-regulated genes from two cell lines (upper) and comparing
fold change of integrated genes to control (lower).

(C) Integrating RNA sequencing data of down-regulated genes from two cell lines (upper) and comparing
fold change of integrated genes to control (Lower).
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Figure 3

Gene Ontology (GO) and KEGG pathway enrichment analyses of differentially expressed genes (DEGs)
from peripheral blood mononuclear cells (PBMCs) co-cultured with lung cancer cell lines. GO analysis of
PBMCs co-cultured with H292 cells showed enrichment in the nucleotide-binding oligomerization
domain (NOD)-containing signaling pathway, eukaryotic translation initiation factor 4F complex, and
cytokine activity (A). KEGG pathway analysis revealed enrichment in the ribosome biogenesis in
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eukaryotes pathway (B). Similarly, GO analysis of PBMCs co-cultured with A549 cells indicated
enrichment in the same functional categories (C), while KEGG analysis demonstrated enrichment in the
pentose phosphate pathway (D). Statistical enrichment was determined using the DAVID database
(https://david.ncifcrf.gov/) with P < 0.05.

Figure 4
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Integrative analysis of RNA sequencing data and expression array profiles using the CU-DREAM program
in (A) Up-regulation group, (B) Down-regulation group, (C) Integration of RNA sequencing data from the
up-regulation group (leaf) and down-regulation group (right) across two cell lines

Figure 5
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Visualization of immune components and gene expression correlations assessed by TIMER2.0. (A)
Functional heatmaps display correlations between ANKRD37 and BUB3 expression and immune cell
subpopulations, including CD8⁺T cells, CD4⁺T cells, B cells, and monocytes, in lung adenocarcinoma
(LUAD) and lung squamous cell carcinoma (LUSC). Red boxes indicate positive correlations, while
negative correlations are shown in blue. (B) Scatter plots illustrate the association ofANKRD37and
BUB3expression (Log2 TPM) with purity and immune cell infiltration level in LUAD and LUSC. The blue
line represents the best-fit linear regression with a 95% confidence interval.
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