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A B S T R A C T   

Objective: Inflammation plays an important role in the transformation of pulmonary nodules (PNs) 
from benign to malignant. Prediction of benignancy and malignancy of PNs is still lacking efficacy 
methods. Although Mayo or Brock model have been widely applied in clinical practices, their 
application conditions are limited. This study aims to construct a diagnostic model of PNs by 
machine learning using inflammation-related biological markers (IRBMs). 
Methods: Inflammatory related genes (IRGs) were first extracted from GSE135304 chip data. 
Then, differentially expressed genes (DEGs) and infiltrating immune cells were screened between 
malignant pulmonary nodules (MN) and benign pulmonary nodule (BN). Correlation analysis was 
performed on DEGs and infiltrating immune cells. Molecular modules of IRGs were identified 
through Consistency cluster analysis. Subsequently, IRBMs in IRGs modules were filtered through 
Weighted gene co-expression network analysis (WGCNA). An optimal diagnostic model was 
established using machine learning methods. Finally, external dataset GSE108375 was used to 
verify this result. 
Results: 4 hub IRGs and 3 immune cells showed significantly difference between MN and BN, C1 
and C2 module, namely PRTN3, ELANE, NFKB1 and CTLA4, T cells CD4 naïve, NK cells activated 
and Monocytes. IRBMs were screened from black module and yellowgreen module through 
WGCNA analysis. The Support vector machines (SVM) was identified as the optimal model with 
the Area Under Curve (AUC) was 0.753. A nomogram was established based on 5 hub IRBMs, 
namely HS.137078, KLC3, C13ORF15, STOM and KCTD13. Finally, external dataset GSE108375 
verified this result, with the AUC was 0.718. 
Conclusion: SVM model established by 5 hub IRBMs was able to effectively identify MN or BN. 
Accumulating inflammation and immune dysfunction were important to the transformation from 
BN to MN.   
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1. Background 

Pulmonary nodules (PNs) is the quasi-circular focus with the diameter less or equal than 3 cm, with the imaging features of real or 
sub real shadows and without atelectasis, enlargement of hilar lymph nodes and pleural effusion [1]. Generally, the detective incidence 
of PNs was about 14 %–35.5 % in normal human [2]. Although most of PNs were benignant, some of them still were evolved into 
pulmonary cancer. The research showed that diameter of PNs was revealed to the incidence of deterioration. For example, the 
probability of 4~6 mm PN was 0.5 %, the probability of 7~10 mm PN was 1.7 % and the probability of PNs greater than 10 mm was 10 
%–50 % [3]. In present, CT regular follow-up was suitable for the patients with low risk, while surgery or minimally invasive treatment 
was suitable for the patients with high risk [4]. With the improvement of people’s safety awareness and the widespread employment of 
low dose spiral CT (LDCT), the detective rate of PNs was increased [5]. However, there was still existing circumstances that some 
patients were escaped diagnosis or misdiagnosed owing to the latent of PNs in iconography [6]. Although recent studies have 
developed some models used for the diagnosis of the probability of PNs, such as Mayo or Brock models, their applying conditions are 
usually limited [7,8]. Therefore, to develop a prediction model of malignant lung nodules (MN) and benign lung nodule (BN) is urgent. 

As everyone knows, inflammation is a response of human body to tissue damage, which generally causes the changes of cells and 
immune responses thus accelerating cell proliferation and tissue repair [9]. Tumor immunology think that chronic inflammation was 
closely related to every stages of cancers, such as cells proliferation, invasion, angiogenesis and so on [10]. Most importantly, chronic 
inflammation enable tumor microenvironment (TME) to form a new circumstance that supporting tumor cells proliferation [11]. TME 
was a complex and highly heterogeneous dynamic integrated system [12]. In this system, infiltrating immune cells play dual roles. On 
the one hand, infiltrating immune cells kill tumor cells and inhibiting the development of cancer. On the other hand, infiltrating 
immune cells can promote growth of tumor or increase the risk of carcinogenic [13]. The studies have showed that the levels of in-
flammatory cytokine was increased and the immune function was decreased in lung cancer or pulmonary ground glass nodules 
comparing to BN [14]. Tian et al. [15]found that high levels of systematic inflammatory markers were related to positive PNs and lung 
cancer, such as NLR (neutrophil to lymphocyte ratio), PLR (platelet to-lymphocyte ratio) and SII (systemic immune inflammation 
index). Therefore, accumulating inflammation and immune dysfunction might be profit to BN transform to MN. 

Machine Learning is an interdisciplinary science, which is able to identify patterns and trends in data and constantly learn from 
previous experience [16]. With the increasing complexity and quantity of clinical data, the application of machine learning can 
improve the quality of data interpretation in diagnosis, thus improving the efficiency and accuracy of diagnosis, which has a high 
reference value for clinicians. In present, the widespread machines learning methods includes RF, SVM, XGB and GLM [17–22]. 

Abbreviations 

Pulmonary nodules PNs 
Inflammatory related genes IRGs 
Differentially expressed genes DEGs 
Benign pulmonary nodule BN 
Malignant pulmonary nodules MN 
Inflammatory related biological markers IRBMs 
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Therefore, in this study, we identified novel inflammatory related biological markers (IRBMs) and used for the establishment of 
diagnostic model using machine learning methods. Finally, external dataset was used to verify this results. 

2. Methods and materials  

1. Type of the study 

The transformation of BN to MN driven by inflammation is a key factor in tumor development. In this study, we used a bioin-
formatics analysis method to identify hub IRGs and IRBMs. Based on the hub IRBMs, 4 machine models including SVM were used to 
construct a prediction model of BN and MN. Finally, the ROC curve and DCA decision curve are used to evaluate the reliability of the 
model.  

2. Datasets Acquiring and Processing 

The flow of this study was showed in Fig. 1. The researches were carried out by MECHREVO Z2 Air Series GK5CP5X and windows 
10 system. First of all, the chip data and platform file of GSE135304 and GSE108375 were acquired from GEO database (https://www. 
ncbi.nlm.nih.gov/geo/), visiting time: 19 October 2022. Then, we used Perl language to add annotation to the probe matrix. Sub-
sequently, GSE135304 was served as the training group, while GSE108375 was served as the testing group. The patients in the groups 
were divided into malignant nodules (MN) and benign nodules (BN) according to the clinical manifestations.  

3. Screening of Differentially expressed genes (DEGs) between MN and BN 

First of all, the inflammatory related genes (IRGs) were downloaded from GeneCards database (The Human Gene Database) 
(https://www.genecards.org/) by setting the key word as “inflammation”, visiting time: 19 October 2022. In order to improve the 
confidence level and acquired more important IRGs, we simultaneously set the relevance score as “>15”. Then, the expression of IRGs 
were extracted from the training group, and DEGs were screened by differentially expressed analysis through limma package of R 
software 4.2.0. Finally, we displayed this DEGs on heat map and boxplot by the pheatmap package, reshape2 package and ggurb 

Fig. 1. Flow of this study.  
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package of R software 4.2.0.  

4. Immune cells infiltration between MN and BN 

First of all, CIBERSORT algorithm was used to calculate the immune cells infiltration between MN and BN. Then, we displayed this 
differentially expressed immune cells by reshape2 package and gggurb package of R software 4.2.0. Moreover, corrplot package was 
used to perform correlation analysis among DEGs and immune cells.  

5. Identification of IRGs molecular modules by Consistency cluster analysis 

In order to distinguish different IRGs molecular modules, we used ConsensusClusterPlus package of R software 4.2.0 to carry out 
consistency cluster analysis according to the expression of IRGs. Furthermore, we also used limma package of R software 4.2.0 to detect 
differentially expressed IRGs between IRGs molecular modules. Simultaneously, Principal Component Analysis (PCA) was used to test 
whether we were able to distinguish different patient groups based on the expression of IRGs.  

6. Weighted gene co-expression network analysis between IRGs molecular modules 

In order to further screen hub IRBMs with the highest significant difference and correlation between IRGs molecular modules, 
Weighted gene co-expression network analysis was performed by WGCNA package of R language 4.2.0. In this step, we used WGCNA 
analysis to identify different gene modules between IRGs molecular modules, and this gene modules with the highest significant 
different and correlation were retained and used for further analysis.  

7. Establishment of predictive model of malignant and benign pulmonary nodules by machine learning methods 

Fig. 2. Screening of Differentially expressed genes (DEGs) between MN and BN. A-B. Box plot and Heatmap showed that 10 IRGs has significant 
difference between MN and BN. C-D. Correlation analysis showed that PRTN3 and ELANE was negatively related to CTLA4 and NFKB1. 
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In order to establish of predictive model of MN and BN, we extracted hub IRBMs from the WGCNA analysis screened gene modules. 
Subsequently, caret package, DALEX package, randomForest package, kernlab package and xgboost package using the methods of 
repeatedcv、svmRadial、xgbDART and glm to establish RF, SVM, XGB and GLM machine models. Then, we combined Receiver 
Operating Characteristic (ROC) and residual to choose an optimal model. These 5 IRBMs with the highest important scores were 
recognized as the hub IRBMs and used for the construction of nomogram.  

8. Construction of nomogram based on 5 IRBMs 

In order to construct a model used for the diagnosis of MN, we used rms package and rmda package of R language to establish a 
nomogram. Every IRBMs will be given an independent score in the nomogram. The incidence of MN will be calculated by summing all 
the scores and come out a total score. Furthermore, we used Decision Curve Analysis (DCA) curve to test the efficacy of the nomogram. 
If the DCA curve of the model was separated far away from the DCA curve of all, suggesting that the model was reliable. Finally, we also 
used simulation curve to test the fitting degree of the model.  

9. Verification of the nomogram by external dataset 

The external dataset GSE108378 was added gene symbol by Perl language. Then, pROC package was used to verify the efficacy of 
the model. The AUC under ROC curve was greater than 0.6 will be recognized as strong reliability. 

3. Results  

1. Datasets Acquiring and Processing 

GSE135304 included 220 BN samples and 404 MN samples. GSE108375 included 151 BN samples and 164 MN samples. Subse-
quently, the dataset GSE135304 was standardized as the training group. The patients with PNs in the training group were divided into 
BN and MN groups. 

Fig. 3. Immune cells infiltration between MN and BN. A-B. Monocytes and T cells gamma delta of MN were significantly higher than BN, while B 
cells memory, T cells CD4 naïve, T cells regulatory (Tregs) and NK cells activated of MN were significantly lower than BN. C. CTLA4 and NFKB1 
were positively correlated to T cells CD4 naïve, and negatively correlated to Monocytes. While PRTN3 and ELANE were positively correlated to 
Monocytes, and ELANE were negatively correlated to T cells CD4 naïve and NK cells activated. 
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2. Screening of Differentially expressed genes (DEGs) between MN and BN 

33 IRGs were acquired from GeneCards database (Supplement table 1). The differentially expressed analysis showed that 10 
of 33 IRGs were significantly different between BN and MN groups, of which the expression of PRTN3, ELANE were higher in 
MN than BN, while the expression of IL6, SYK, IL1B, HLA-B, IL17A, CTLA4, NFKB1 and STAT3 were higher in BN than MN. 
Fig. 2A-B. Correlation analysis showed that PRTN3 and ELANE was negatively related to CTLA4 and NFKB1. Fig. 2C-D.  

3. Immune cells infiltration between MN and BN 

CIBERSORT algorithm analysis showed that Monocytes and T cells gamma delta of MN were significantly higher than BN, while B 
cells memory, T cells CD4 naïve, T cells regulatory (Tregs) and NK cells activated of MN were significantly lower than BN. Fig. 3A-B. 
The analysis of correlation showed that CTLA4 and NFKB1 were positively correlated to T cells CD4 naïve, and negatively correlated to 
Monocytes. While PRTN3 and ELANE were positively correlated to Monocytes, and ELANE were negatively correlated to T cells CD4 
naïve and NK cells activated. Fig. 3C.  

4. Identification of IRGs molecular modules by Consistency cluster analysis 

Consistency cluster analysis of the expression of IRGs showed that the internal consistency was higher than 0.8 and less promis-
cuous existed in different modules when the number of module was 2. Fig. 4. Then, 243 samples were assigned to C1 module, and 161 
samples were assigned to C2 module. The differentially expressed analysis showed that CTLA4 and NFKB1 were upregulated in C1 

Fig. 4. Identification of IRGs molecular modules by Consistency cluster analysis. A. consensus matrix k = 2. B. consensus index changed with k 
value. C. Cluster consensus. D. Relative change in area under CDF curve. 
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module than C2 module, while PRTN3 and ELANE were downregulated in C1 module than C2 module. Fig. 5A-B. PCA analysis proved 
that patients with PNs were able to distinguish according to the expression of IRGs. Fig. 5C. The immune cells infiltration showed that B 
cells naïve, T cells CD8, T cells CD4 naïve, T cells CD4 memory resting, NK cells resting, NK cells activated, Monocytes, Mast cells 
resting and Eosinophils were significantly different between C1 and C2 modules. Fig. 6A-B.  

5. Weighted gene co-expression network analysis between IRGs molecular modules 

The results showed that WGCNA analysis between IRGs molecular modules divided into 12 gene modules when the β = 13 (Fig. 7A- 
B) of which the black module and yellowgreen module has the highest significantly difference and correlation with the p value 2e-08 
and 4e-08, and the correlation 0.28 and 0.27. Fig. 7C-D. Therefore, we acquired and integrated the genes of these two modules and 
gained 460 IRBMs for the further analysis.  

6. Establishment of predictive model of malignancy and benignancy pulmonary nodules by machine learning methods 

The results showed that the AUC of the RF model was 0.749, the AUC of the SVM was 0.753, the AUC of the XGB was 0.694, the AUC 
of GLM was 0.500. Fig. 8A. The residual of models showed that SVM model was second to the XGB model. Fig. 8B. Therefore, based on 
the above results, the SVM model was the optimal model. Finally, the 5 hub IRBMs with highest importance was used for the 
establishment of nomogram, namely HS.137078, KLC3, C13ORF15, STOM and KCTD13. Fig. 8C.  

7. Construction of nomogram based on 5 IRBMs 

The results of nomogram showed that we were able to diagnose MN with the 90 percent of probability if the scores of 5 IRBMs 

Fig. 5. Screening of Differentially expressed genes (DEGs) between C1 and C2 IRGs modules. A-B. Box plot and Heatmap showed that 4 IRGs has 
significant difference between C1 and C2 IRGs modules. C. PCA analysis showed that patients with PNs were able to distinguish according to the 
expression of IRGs. 
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ranking to 180. Fig. 9A and Fig. 9C. The DCA curve of model and simulation curve showed that the nomogram was reliable. Fig. 9B.  

8. Verification of the nomogram by external dataset 

The external dataset GSE108375 was used to verify the efficacy of the model. The GSE108375 included 164 MN samples and 151 
BN samples. Because GSE108375 lacked STOM, we only used the remaining 4 IRBMs for detection. The results showed that the AUC of 
GSE108375 was 0.718, which proved the efficacy of the model. Fig. 10. 

4. Discussion 

Although Mayo and Brock model have been widely applied in the assessment of pulmonary nodules (PNs), they usually should 
evaluate the conditions of diameter, size, numbers of PNs and so on, which was strictly restricted their applying due to most of primary 
PNs lacking some clear features. Therefore, developing an optimal model to evaluate the benignancy and malignancy of pulmonary 
nodules is urgent. 

In response to this issue, many studies developed some strategies. For example, Li et al. [23]predicted benignancy and malignancy 
of PNs by detecting DNA methylation in alveolar lavage fluid, with an AUC of up to 0.93. Fan et al. [24]developed a MicroRNA model 
for distinguishing NSCLC and BNs. He ea tl [25] conducted a bi-directional queue and used combination of clinical, imaging and 
cell-free DNA methylation to construct a prediction model for PNs. Although these models seem to have shown good predictive 
performance, the difficulty and cost of their detection in serum samples remain a major obstacle. In addition, as upstream markers, the 
pathways they regulate are still very complex. Therefore, using markers of functional expression detected by transcriptomics or 
proteomics to predict the malignancy of PNs will be more convenient and reliable. 

As a matter of fact, an increasing number of studies have showed that inflammation was closely related to the development and 
occurrence of cancers. Chronic inflammation will cause damage to normal cells and tissues, and may induce gene mutations and 
cancers occurrence. Same to pulmonary nodules (PNs), some researches indicated that high levels of inflammation may exist in MN 
than BN. Shen et al. [10] discovered that proinflammatory factor elevated significantly in MN than BN and more patients with chronic 
inflammatory disease history in MN by retrospecting 100 patients with PNs. Tian et al. [15] found that the high levels of inflammation 
was related to the risk of positive PNs detection and lung cancer transformation. Systematic inflammatory factors such as NLR, PLR and 

Fig. 6. Immune cells infiltration between C1 and C2 IRGs modules. A-B. B cells naïve, T cells CD8, T cells CD4 naïve, T cells CD4 memory resting, 
NK cells resting, NK cells activated, Monocytes, Mast cells resting and Eosinophils were significantly different between C1 and C2 modules. 
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SII were associated with positive PNs and lung cancer by retrospecting 96,476 patients with PNs in Chinese people. Fan et al. identified 
that five miRNA ratios were higher in NSCLC than BNs, and 13 miRNA ratio were up-regulated in NSCLC than pulmonary inflammation 
group [24]. Lai et al. [26]found that CST1 levels in serum was a reliable marker to distinguish early NSCLC and BNs. Notably, CST1 
levels was higher in NSCLC than BNs, which may achieve transformation from BNs to MNs through promote inflammation. It’s obvious 
that inflammation and immune dysfunction play a pivotal role in PNs. Therefore, to dig out novel IRBMs that use for the diagnosis of 
PNs is urgent. 

In this study, 10 IRGs were significantly different between the BN and MN groups. In the 10 IRGs, PRTN3 and ELANE were 
expressed highly in MN group than in BN group, while IL6, SYK, IL1B, HLA-B, IL17A, CTLA4, NFKB1 and STAT3 were expressed lowly 
in MN group than in BN group. To be noted, we also found that PRTN3, ELANE, CTLA4 and NFKB1 showed significantly different 
between C1 and C2 module. Therefore, this four genes were recognized as the hub IRGs in the development and occurrence of PNs. 

Human proteinase 3 (PRTN3) and Neutrophil elastase (ELANE) belongs to the family of neutrophil serine proteases (NSPs), which 
was released by activated neutrophils at the sites of inflammation, and are mediators of innate immune responses to microbial threats 
[27,28]. PRTN3 and ELANE were reported to be involved in many inflammatory diseases, such as chronic obstructive pulmonary 
disease (COPD) [29], sepsis [30] and so on. The levels of PRTN3 and ELANE generally reflect the degrees of inflammation. Of note, in 
some researches, PRTN3 and ELANE also showed significant roles in cancers. Agnieszka Fatalska et al. [31] found that PRTN3 was 
elevated in vulvar squamous cell carcinoma (VSCC) than in normal female. However, PRTN3 seemed wasn’t relevant to the infection of 
hrHPV. Therefore, they believed prevention of bacterial infection may serve as a potential therapeutic strategy. Hu et al. [32] found 
that a low P4HA2 and high PRTN3 expression related to the poor prognosis of pancreatic cancer patients, and PRTN3 may serve as a 
potential therapeutic target of immunotherapy in pancreatic cancer. A McGarry Houghton et al. [33] found that neutrophil elastase, 
which was encoded by ELANE, was able to degrade insulin receptor substrate-1 (IRS-1) and accelerate proliferation of tumor cells. 
Intriguingly, we also observed that expression of PRTN3 was positively highly relevant to ELANE, which suggested that the interaction 
of PRTN3 and ELANE may further promote inflammation in MN. 

Fig. 7. Weighted gene co-expression network analysis between IRGs molecular modules. A-B. Scale independence and Mean connectivity changed 
with the soft threshold. C. Gene dendrogram and module colors. D. Module-trait relationships. (For interpretation of the references to color in this 
figure legend, the reader is referred to the Web version of this article.) 
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NFKB1 is a member of the NF- kB family. Although NFKB1 was generally recognized as an inflammatory promoter [34], the recent 
study showed that the p50 homodimers can serve as a tumor suppressor that playing anti-inflammatory roles in liver cancer [35]. C.L. 
Wilson et al. [35] defined that NFKB1 was able to transcriptionally restrain the neutrophil chemokine network through the expression 
of the p50 homodimers. Yelena Kravtsova-Ivantsiv et al. [36] proved that the overexpression of KPC-1 repressed the proliferation of 
tumor through generation of p50. Moreover, p50 homodimers was able to downregulate p65 and then take place of tumorigenic p65. 
As a leukocyte differentiation antigen, CTLA4 can compete B7 molecules with CD28 on the surface of T cells, thus playing an 
immunosuppressive role [37]. Although high levels of CTLA4 generally reflect an immunosuppressive state, interestingly, we observed 
that high levels of CTLA4 in BN and CTLA4 was positively correlated to T cells CD4 and NK cells activated and negatively with 
monocytes. This results may suggest that a lower levels of inflammation and a higher levels of immunity ability in preventing BN from 
transforming to MN. 

The analysis of immune cells infiltration showed that T cells CD4 naive, NK cells activated and Monocytes were three the hub 
immune cells that both significantly different between in BN and MN, C1 and C2 modules. Moreover, we surprisingly found that CTLA4 
and NFKB1 were positively correlated to T cells CD4 naïve, and negatively correlated to Monocytes. While PRTN3 and ELANE were 
positively correlated to Monocytes, and ELANE were negatively correlated to T cells CD4 naïve and NK cells activated. 

T cells CD4 is one of the important components of human immune cells, which represents the intensity of immune system. They 
help the body respond to infection and disease by coordinating and regulating immune responses. T cells CD4 naïve are CD4+ T cells 
that have not been activated or differentiated.They can be activated and develop into a variety of functionally specific CD4+ T cells, 
such as Th1,Th2,Th17 and Treg [38]. Liu et al. [39] found that T cells CD4 naïve was higher in healthy control than in advanced 

Fig. 8. Establishment of predictive model of malignancy and benignancy pulmonary nodules by machine learning methods. A. ROC curve showed 
that the AUC of four models was 0.749, 0.753, 0.694 and 0.500, separately. B. Boxplots of residual. C. Feature importance created for the GLM, RF, 
SVM and XGB models. 
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Fig. 9. Construction of nomogram based on 5 IRBMs. A. Prediction of risk of disease according to the scores of 5 IRBMs. B. Net benefit of different 
decisions. C. Confidence of fit between actual probability and predicted probability. 

Fig. 10. Verification of the nomogram by external dataset.  
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NSCLC, which reflected a favorable prognosis. Yang et al. [40] found that decreased T cells CD4 naïve and CD4+naïve/memory ratios 
in NSCLC than healthy volunteers, and this was correlated to a poor progression-free survival (PFS). NK cells is another important 
immune cells in human body, which is able to kill invaders indiscriminately, playing a pivotal role in inhibiting tumors. The concept of 
NK cells therapy in cancer was proposed for ages. Rosenberg et al. [41] proved that NK cells were able to be activated by peripheral 
blood lymphocytes thus dissolving autologous cancer cells. Ding et al. [42] developed a therapeutic strategy of NK cell-based adoptive 
immunotherapy, which was able to prolong the survival times of small cell lung cancer (SCLC). Monocytes are affected by cytokines 
and inflammatory chemokines to recruit to corresponding sites, and then differentiate into tumor associated macrophages [43]. 
However, tumor associated macrophages are able to promote angiogenesis and tumor growth. Therefore, the high levels of Monocyte 
to lymphocyte ratio (MLR) have been proved to be associated to the poor prognosis of patients [44]. 

5 novel IRBMs were finally identified by machine learning methods, namely HS.137078, KLC3, C13ORF15, STOM and KCTD13, of 
which 4 IRBMs has been studied. However, these 4 novel IRBMs weren’t been reported in PNs or lung cancer. KLC3 was reported to be 
related to the motion of sperm, which was highly expressed in the testis of rat [45]. Claudia Cava et al. [46] identified novel biomarker 
KLC3 was specific for HER-2 and was related to the poor prognosis in breast cancer. Christiane M. Robbins et al. [47] used next 
generation sequencing to detect mutation of 3508 exon from 577 cancer related genes and found that C13ORF15 mapping within the 
deleted regions of 8p22, 13q13.1, 13q14.11, 10q23.31 and 13q14.12 in advanced prostate cancer. Sandra N. Schlick et al. [48] found 
that C13ORF15 was involved in the transformation process of EBV. Chen et al. [45,49] proved that STOM over-expressed in non-
fusogenic JEG-3 choriocarcinoma placental cells, which was able to trigger syncytium formation and upregulate β-hCG for cell fusion. 
Monique D Appelman et al. [50] proved that STOM was able to interact with sodium taurocholate cotransporting polypeptide thus 
modulating bile salt transport. KCTD13 was reported to be relevant to many mental diseases, such as autistic features [51], schizo-
phrenia [52] and so on. Christine Ochoa Escamilla et al. [53] proved that KCTD13 was involved in the regulation of neuronal function 
and play a significant role in brain size and neurogenesis. Although these 4 IRBMs hasn’t been studied in PNs or lung cancer, they may 
showed a promising prospect. 

5. Conclusion 

In this study, we identified a total of 4 hub IRGs, namely PRTN3, ELANE, CTLA4 and NFKB1, which are closely related to 
inflammation and immune regulation, and may be key targets affecting the benign and malignant transformation of PNs. In addition, 
we also identified 5 novel IRBMs, namely HS.137078, KLC3, C13ORF15, STOM and KCTD13. Although 4 of them have been reported, 
their relationship with PNs or lung cancer is still unclear, and they have good research prospects. We used these 5 novel IRBMs to build 
a machine learning model and found that it can provide an effective prediction for the diagnosis of benign and malignant PNs, and we 
look forward to further verification in clinical practice. 
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