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Abstract
Objective
This study aimed to investigate the role of cholesterol metabolism-related genes in nonfunctioning pituitary neuroendocrine tumors (NF-PitNETs) invading the cavernous sinus and analyze the differences in immune cell infiltration between invasive and noninvasive NF-PitNETs.

Methods
First, a retrospective analysis of single-center clinical data was performed. Second, the immune cell infiltration between invasive and noninvasive NF-PitNETs in the GSE169498 dataset was further analyzed, and statistically different cholesterol metabolism-related gene expression matrices were obtained from the dataset. The hub cholesterol metabolism-related genes in NF-PitNETs were screened by constructing machine learning models. In accordance with the hub gene, 73 cases of NF-PitNETs were clustered into two subtypes, and the functional differences and immune cell infiltration between the two subtypes were further analyzed.

Results
The clinical data of 146 NF-PitNETs were evaluated, and the results showed that the cholesterol (P = 0.034) between invasive and noninvasive NF-PitNETs significantly differed. After binary logistic analysis, cholesterol was found to be an independent risk factor for cavernous sinus invasion (CSI) in NF-PitNETs. Bioinformatics analysis found three immune cells between invasive and noninvasive NF-PitNETs were statistically significant in the GSE169498 dataset, and 34 cholesterol metabolism-related genes with differences between the two groups were obtained 12 hub genes were selected by crossing the two machine learning algorithm results. Subsequently, cholesterol metabolism-related subgroups, A and B, were obtained by unsupervised hierarchical clustering analysis. The results showed that 12 immune cells infiltrated differentially between the two subgroups. The chi-square test revealed that the two subgroups had statistically significance in the invasive and noninvasive samples (P = 0.001). KEGG enrichment analysis showed that the differentially expressed genes were mainly enriched in the neural ligand–receptor pathway. GSVA analysis showed that the mTORC signaling pathway was upregulated and played an important role in the two-cluster comparison.

Conclusion
By clinical data and bioinformatics analysis, cholesterol metabolism-related genes may promote the infiltration abundance of immune cells in NF-PitNETs and the invasion of cavernous sinuses by NF-PitNETs through the mTOR signaling pathway. This study provides a new perspective to explore the pathogenesis of cavernous sinus invasion by NF-PitNETs and determine potential therapeutic targets for this disease.
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Abbreviations
	AUC
	Area Under Curve

	CSI
	Cavernous sinus invasion

	DEGs
	The differentially expressed genes

	GO
	Gene Ontology

	GSVA
	Gene Set Variation Analysis

	KEGG
	Kyoto Encyclopedia of Genes and Genomes

	NF-PitNETs
	Nonfunctioning pituitary neuroendocrine tumors

	PCA
	Principal components analysis

	PitNETs
	Pituitary neuroendocrine tumors

	PPI
	Protein–protein interaction

	RF
	Random forest

	ROC
	Receiver operating characteristic curve

	ssGSEA
	Single sample Gene Set Enrichment Analysis

	SVM
	Support vector machines

	TME
	Tumor microenvironment




Introduction
NF-PitNETs account for approximately 14–54% of PitNETs [1]. However, the clinical term “nonfunctional” is not a diagnosis but rather a description of a clinical scenario with many differential diagnoses [2]. Such tumors have no clinical evidence of abnormally high pituitary hormones. Gonadotropin tumors are the most common type of NF-PitNETs, accounting for approximately 70–75% [3, 4]. Meanwhile, NF-PitNETs also include silent corticotroph tumors, silent PIT-1 lineage tumors, and Null cell tumors [2, 5, 6]. NF-PitNETs are usually bulky, and tumor invasion of the cavernous sinus has been shown to be the main cause of incomplete tumor resection and postoperative recurrence [7]. Therefore, understanding the pathogenesis of CSI by NF-PitNETs could help discover new therapeutic ideas.
Cholesterol, one of the components of the cell membrane, maintains the integrity and fluidity of the cell membrane [8] and is involved in the proliferation and migration of cells. Currently, increasing research supports the importance of reprogramming cholesterol metabolism in the progression of cancer. For example, cholesterol could trigger and promote many cancers, such as gastric cancer, prostate cancer, and breast cancer, by forming bile acids or covalently modifying proteins and regulating signaling pathways involved in tumorigenesis and cancer progression [9, 10].
In addition to containing cancer cells, tumors contain various immune effector cells and immunosuppressive cells, collectively known as tumor-infiltrating immune cells, and their function is affected by cancer type and stage [11]. However, cholesterol and its metabolites also affect the infiltration of immune cells in the tumor microenvironment (TME) [12].
Previous studies are limited to the exploration of cholesterol metabolism in the pathogenesis of PitNETs. For example, cholesterol metabolism has been reported to play a potential tumorigenic role in PitNETs progression by activating hedgehog signaling [13]. The study creatively explores the association between cholesterol metabolism-related genes and CSI in PitNETs. The present study aimed to understand the pathogenesis of CSI by NF-PitNETs from the perspective of cholesterol metabolism, and discover hub cholesterol metabolism-related genes, which may be significant markers for the diagnosis of invasiveness and provide potential therapeutic modalities for NF-PitNETs.

Methods
Patient cohort
In this study, clinical data of patients with NF-PitNETs from January 2016 to January 2022 in the Department of Neurosurgery, Dongfang Affiliated Hospital of Xiamen University, were retrospectively collected. The inclusion criteria were as follows: 1). first NFPA surgical resection; 2). complete surgical records, preoperative imaging data, and blood routine biochemical data. The exclusion criteria were as follows: (1) genetic history of familial dyslipidemia; (2) smoking and drinking history; (3) taking drugs that change the cholesterol content in the blood.
Finally, the clinical data of 146 patients were collected in this study, including age, gender, height, and weight, magnetic resonance findings by 3.0T magnetic resonance scanner, preoperative blood biochemical parameters, and surgical records. In this study, the Knosp grades classification was assessed by three neurosurgeons. Ultimately, the study defined Konsp grades 0–2 as a noninvasive NF-PitNETs and Knosp grades 3–4 as an invasive NF-PitNETs [14]. The hospital’s Ethics Committee approved the study, and a written informed consent for all clinical procedures and studies was given by the patients or their families.

Acquisition of datasets and cholesterol-related genes
This study was performed in the GEO database (http://​www.​ncbi.​nlm.​nih.​gov/​geo/​), and the GSE169498 dataset and GSE51618 were obtained [15]. The GSE169498 dataset contained 49 nonfunctioning CSI tumor samples and 24 nonfunctioning noninvasive tumor samples, which were used for the investigation of NF-PitNETs invasive diagnostic characteristics, immune cell infiltration analysis, and cholesterol-related subtype identification. In this study, seven nonfunctioning pituitary adenoma specimens from the GSE51618 dataset, including four noninvasive and three invasive samples, were used to validate hub genes. The datasets were normalized using the limma R package for expression matrices.
In the Molecular Signatures Database (http://​www.​gsea-msigdb.​org/​gsea/​msigdb/​), 155 cholesterol metabolism-related genes were obtained. And after intersecting with the gene set of GSE169498, the expression matrix of 132 cholesterol metabolism-related genes was finally obtained.

Immune cell infiltration analysis
By using the ssGSEA algorithm in the GSVA package, the relative infiltration abundance of 28 immune cells between invasive and non-invasive NF-PitNETs were estimated, and immune cells with differential infiltration between the two groups were obtained.

Differential expression of cholesterol-related genes and protein–protein interaction (PPI) analysis
Analysis of 132 genes by using the limma R package yielded 34 cholesterol metabolism-related genes that were statistically different in the GSE169498 expression matrix (P < 0.05). Subsequently, the PPI networks of 34 cholesterol metabolism genes were obtained in the STRING database, and the genes were analyzed using the MCODE plug-in in Cytoscape after removing those genes without interaction networks.

Machine learning
In this study, 34 cholesterol metabolism genes were further screened using two machine learning algorithms. Random forest (RF) is a machine learning model containing multiple decision trees with lower generalization error and classification effect [16]. Support vector model (SVM) is a classification method used to obtain the optimal hyperplane between samples [17]. First, the “pROC” R package was used to analyze the receiver operating characteristic (ROC) of the two models and evaluate the reliability of the models. Subsequently, the screening results of the RF model and SVM were intersected to obtain hub genes. The “circlize” R package was used to visualize the links between the hub genes and analyze the relationship between these genes and 28 immune cells. Finally, the ability of intersection genes to identify aggressive pituitary neuroendocrine tumors in the test set was evaluated.

Subgroup analysis of genes involved in cholesterol metabolism
On the basis of the expression matrix of hub genes, an unsupervised hierarchical clustering analysis of the GSE169498 dataset was performed using the “ConsensusClusterPlus” R package, followed by principal components analysis (PCA) visualization. Chi-square tests were performed to analyze the relationship of subgroup results with invasiveness and noninvasiveness. For the exploration of the differences in immune cell infiltration between different cholesterol-associated subgroups and differences in function between the two groups, ssGSEA analysis and GSVA analysis of two cholesterol-associated subgroups were performed. Finally, the relationship between 12 genes and 28 immune cells across subgroups was assessed. The differentially expressed genes (DEGs) between the two cholesterol-associated subpopulations were identified with criteria | log2fold change (FC) | > 2 and adjusted P-values < 0.05 and by using volcano plots. Through the R package “clusterProfiler,” Gene Ontology (GO) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis were performed to explore the function of DEGs between the two subsets.

Statistical analysis
In this study, SPSS 26 and R 4.2.2. were used to complete the statistical and data analyses. Continuous variables conforming to normal distribution were expressed as mean ± standard deviation and compared using t-test, and count variables not conforming to normal distribution were expressed as median and compared using Mann–Whitney U test. Statistical differences between the two groups were assessed using the Wilcox test. Spearman’s correlation analysis was applied to analyze the relationship between the expression levels of genes related to cholesterol metabolism and immune cells. Chi-square test was performed to analyze statistical differences between the cholesterol-associated subgroups and different groups of samples from the test set. P-values less than 0.05 were considered statistically significant.


Results
Clinical features
A total of 146 patients with NF-PitNETs were collected (Table 1). Among them, 87 (59.6%) patients were male and 59 (40.4%) were female. According to the results of preoperative hormone tests and postoperative immunohistochemistry, 106 patients (72.6%) had gonadotropin tumors, 16 patients (11.0%) had silent corticotroph tumors, 6 patients (4.1%) had Null cell tumors, and 18 patients (12.3%) had other silent PIT-1 lineage tumors. In terms of Knosp grades, 18 patients (12.3%) had grade 0–1, 59 patients (40.4%) had grade 2, 36 patients (24.7%) had grade 3, and 33 patients (22.6%) had grade 4.
Table 1Basic clinical data statistics


	Characteristic
	No./Total(%)

	Number of patients
	146

	Age
	55.13 ± 11.93

	Gender
	 
	 Male
	87(59.6)

	 Female
	59(40.4)

	Type
	 
	 gonadotrope tumors
	106(72.6)

	 silent corticotroph tumors
	16 (11.0)

	 null cell tumors
	6 (4.1)

	 other silent PIT-1 lineage tumors
	18 (12.3)

	Knosp Grade
	 
	 0–1
	18(12.3)

	 2
	59(40.4)

	 3
	36(24.7)

	 4
	33(22.6)




As shown in Table 2, the results suggest no significant differences in age, gender, BMI grade, high-density lipoprotein, apolipoprotein A1, apolipoprotein B, and other factors in blood biochemical parameters between the two groups. Patients with invasive NF-PitNETs of the cavernous sinus had significantly higher Knosp grade (P < 0.001), cholesterol concentration in biochemical parameters (P = 0.034) than those with noninvasive NF-PitNETs. Binary logistic regression showed that cholesterol was an independent risk factor for CSI (Table 3).
Table 2Characteristics in Cavernous Sinus Invasive and Noninvasive NF-PitNETs


	Factor
	CSI
	No CSI
	P value

	Age
	55.30 ± 11.05
	54.97 ± 12.74
	0.868

	Gender
	 	 	0.765

	Male
	42(60.9%)
	45(58.4%)
	 
	Female
	27(39.1%)
	32(41.6%)
	 
	BMI
	23.92 ± 3.68
	24.25 ± 3.42
	0.584

	Knosp Grade
	 	 	< 0.001

	0–1
	0
	18(12.3%)
	 
	2
	0
	59(40.4%)
	 
	3
	36(24.7%)
	0
	 
	4
	33(22.6%)
	0
	 
	Cholesterol (mmol/L)
	5.12 ± 0.89
	4.78 ± 1.00
	0.034

	Low-density lipoprotein(mmol/L)
	3.34 ± 0.91
	3.02 ± 0.78
	0.025

	High density lipoprotein(mmol/L)
	1.10 ± 0.31
	1.14 ± 0.40
	0.516

	Apolipoprotein A1(g/L)
	1.14 ± 0.25
	1.16 ± 0.28
	0.592

	Apolipoprotein B(g/L)
	1.11 ± 0.24
	1.02 ± 0.27
	0.038

	Apolipoprotein A1/B
	1.06 ± 0.31
	1.22 ± 0.45
	0.017

	cholesterol metabolism-related subtypes
	 	 	0.001

	A
	23(92.00%)
	2(8.00%)
	 
	B
	26(54.17%)
	22(45.83%)
	 

NF-PitNETs : Nonfunctioning Pituitary neuroendocrine tumors
CSI:Cavernous Sinus Invasive



Table 3Multivariate logistic regression analysis of factors associated with CSI in nonfunctioning pituitary neuroendocrine tumors


	Clinical Factors
	Regression coefficient
	P value
	OR
	95% confidence interval

	Lower Limit
	Upper Limit

	Weight
	-0.009
	0.637
	0.991
	0.957
	1.027

	Height
	1.516
	0.52
	4.553
	0.045
	463.221

	Cholesterol
	0.384
	0.035
	1.468
	1.027
	2.098


Note: OR: Odds ratio




Thirty-four cholesterol metabolism-related genes
First, the expression matrix of 132 cholesterol metabolism-related genes in the GSE169498 dataset was acquired. Subsequently, 34 genes that were statistically differentially expressed in invasive and noninvasive NF-PitNETs were further acquired (Fig. 1A). PPI network analysis of 34 genes was performed using the STRING database to obtain the interaction networks of 24 genes, and 17 genes were correlated using the MCODE plug-in of Cytoscape (Fig. 1B).
[image: ]
Fig. 1Differential cholesterol metabolism-related related genes. (A) 132 cholesterol metabolism-related genes of GSE169498, 34 genes with statistically differential expression in invasive and non-invasive nonfunctioning pituitary neuroendocrine tumors of the cavernous sinus; (B) network interaction map of 17 cholesterol metabolism-related genes; (C) expression of 28 immune cells in invasive and non-invasive nonfunctioning pituitary neuroendocrine tumors of the cavernous sinus. * represents P < 0.05; * *represents P < 0.01; * * *represents P < 0.001. Treat represents invasive nonfunctioning pituitary neuroendocrine tumors of the cavernous sinus; con represents non-invasive nonfunctioning pituitary neuroendocrine tumors of the cavernous sinus



Immune cell infiltration assessment by GSE169498
The infiltration of 28 immune cells in the GSE169498 dataset was assessed to explore the relationship between immune cell infiltration and CSI by NF-PitNETs. As shown in Fig. 1C, in invasive and noninvasive NF-PitNETs, only CD56dim natural killer cell, Macrophage, and T follicular helper cell had significant statistical differences, and their P values were 0.003, 0.004, and 0.03, respectively. Moreover, the noninvasive group had a higher expression than the invasive group.

Machine learning
The RF and SVM algorithms were used to model 34 genes to more accurately screen potential signature genes, and 13 and 27 potential genes were obtained, respectively (Fig. 2A-C). The results were intersected by Venn diagram, and finally, 12 hub cholesterol metabolism-related genes were obtained (Fig. 2D). SVM and RF models were constructed for 12 hub cholesterol metabolism-related genes, with AUC values of 1 for RF models and 0.90 for SVM models (Fig. 2E). Ahub gene-based diagnostic model is constructed to identify nonfunctioning pituitary adenomas invading the cavernous sinus (Fig. 2F).
[image: ]
Fig. 2Machine learning for identifying genes involved in cholesterol metabolism. (A-B) SVM model for screening genes involved in cholesterol metabolism. (C) Screening RF models characterizing genes involved in cholesterol metabolism. (D) Venn diagram showing the overlap of candidate genes between the above two algorithms. (E) ROC curves for SVM model and RF model for 12 hub genes involved in cholesterol metabolism. (F) Nomogram for 12 hub genes. ROC: receiver operating characteristic curve


Subsequently, 12 hub cholesterol metabolism-related genes and logistic regression models were constructed to test the ability of hub genes to identify CSI in the GSE169498 dataset, resulting in AUC values of 0.809 with 95% confidence intervals of 0.692–0.902 (Fig. 3A-B). In the GSE51618 dataset, the diagnostic ability of the model constituted by 12 key genes was beyond compare, and 7 genes had an area under the curve reaching 1 (Fig. 3C-D). Most of the hub genes were statistically significant (P < 0.05) from each other (Fig. 3E). As shown in Fig. 3F, memory B cells were significantly associated with 11 genes, and PROM1 was associated with 16 immune cells. In addition, macrophages were associated with ABAA2, ABCA8, SMO, and TGFB1; CD56dim natural killer cell was associated with ABCA8, SMO, and TGFB1; and T follicular helper cell was associated with SMO only.
[image: ]
Fig. 312 hub cholesterol metabolism genes. (A) ROC curves for each of the 12 cholesterol metabolism-related genes for the diagnosis of CSI. (B) A logistic regression diagnostic model constructed with 12 genes involved in cholesterol metabolism. (C) ROC curves for each of the 12 cholesterol metabolism-related genes for the diagnosis of CSI in GSE51618. (D) A logistic regression diagnostic model constructed with 12 genes involved in cholesterol metabolism of GSE51618. (E) Correlation plots of 12 hub genes involved in cholesterol metabolism; size and color of circles indicate Pearson correlation coefficient. (F) GSE169498 data set, relationship plots of cholesterol metabolism-related genes in 28 immune cells at 12 hubs. * represents p < 0.05, * *represents p < 0.01; * * * represents p < 0.001.CSI: cavernous sinus invasion



Cholesterol-related genes cluster analysis
The “ConsensusClusterPlus” R package was used to perform consensus cluster analysis of the 12 signature genes, and the results determined that k = 2 provided the most stable grouping (Fig. 4A). Seventy-three samples in the GSE169498 dataset were divided into two distinct classes in consensus cluster analysis, namely, cluster A (n = 25) and cluster B (n = 48). In the two-category PCA analysis, the gene expression patterns differed between clusters (Fig. 4B). As shown in Table 2, a statistical significance could be observed between subgroups A and B and the invasive and noninvasive tumor groups of samples (P = 0.001). In both categories, ABCA2, CLU, APOA4, EEPD1, ABCA12, and PROM1 were more highly expressed in group A, and the remaining genes were more highly expressed in group B, as shown in box plots (Fig. 4C). Exploration of the relationship between different clusters and immune cell infiltration demonstrated that 12 immune cells were significantly associated in both groups, with macrophages having P-values < 0.0001 and CD56dim natural killer cell and T follicular helper cell having P-values < 0.001 in both groups (Fig. 4D). Similarly, most of the 28 immune cells infiltrated more in group A than in group B. However, CD56bright natural killer cell, CD56dim natural killer cell, macrophages, T follicular helper cell, Type 1 T helper cell, Type 2 T helper cell and Effector memory CD4 T cell were more significantly expressed in group B.
[image: ]
Fig. 4Identification of subtypes of nonfunctioning pituitary neuroendocrine tumors. (A) Cluster discrimination using hub genes; (B) PCA plots showing the distribution of different sub-clusters; (C) expression of 12 hub genes among different subgroups; (D) infiltration abundance of 28 immune cells among different subgroups; (E) correlation of 28 immune cells among 12 hub genes among different subgroups. PCA, principal component analysis; color indicates Pearson correlation coefficient



Functional analysis between two subgroups
Comparison between the two subgroups by GSVA analysis showed that the mTOR signaling pathway, type II diabetes mellitus, insulin signaling pathway, neurotrophin signaling pathway, and other pathways were upregulated, and the downregulated pathways were mainly arginine and metabolism and proximal tubule bicarbonate reclamation (Fig. 5A).
[image: ]
Fig. 5Functional enrichment analysis across subgroups. (A) GSVA analysis based on KEGG pathway. (B) Volcano plot of differential genes; (C-D) enriched items in pathway (E-F) KEGG pathway analysis in GO enrichment analysis


Subsequently, 743 DEGs were obtained, including 362 upregulated genes and 381 downregulated genes. Their distribution was visualized using volcano plots (Fig. 5B). GO and KEGG enrichment analyses were performed on the 743 DEGs to analyze the molecular function between the two subgroups. In the GO enrichment analysis, BP, CC, and MF fractions were mainly enriched in the regulation of trans-synaptic signaling, neuronal cell body, and transmembrane transporter complex, respectively (Fig. 5C). In the KEGG enrichment analysis, the DEGs were mainly enriched in neuroactive ligand–receptor interaction, calcium signaling pathway, and cAMP signaling pathway (Fig. 5E).


Discussion
Trans-sphenoidal surgery is the treatment of choice for symptomatic patients with NF-PitNETs, but complete resection of invasive tumors of the cavernous sinus is very difficult [18]. Currently, an increasing number of investigators are focusing on pharmacological treatment options for aggressive NF-PitNETs, such as dopamine agonists, somatostatin receptors, and PI3K/AKT/mTOR pathway inhibitors [18–21]. However, the pharmacological regimen of NFPA remains to be further investigated. Therefore, the present study was the first to analyze the mechanism of cavernous sinus invasive NF-PitNETs from the perspective of cholesterol metabolism to discover potential therapeutic targets that may exist for NF-PitNETs.
Through clinical data studies, we found that the cholesterol concentration in blood and its metabolic process may be associated with CSI in NF-PitNETs. As cholesterol metabolites, bile acids could regulate various aspects of metabolism, apoptosis, proliferation, senescence, and immune environment and affect tumor progression [9]. Ursodeoxycholic acid (UDCA) has been shown to be beneficial against various tumors as an anti-cholestatic or biliary surge [22–24]. Ding et al. demonstrated that dysregulated cholesterol metabolism could promote PitNETs growth by activating hedgehog signaling [13]. Loeper et al. found that Ikaros could have an effect on cell differentiation, maturation, and function by regulating cellular cholesterol homeostasis, which may guide the expansion of pituitary neuroendocrine cells [25]. Similarly, the present study revealed a difference in blood cholesterol concentration between patients with invasive and noninvasive NF-PitNETs. However, the association of this difference with CSI of PA remains to be investigated further.
The immune infiltrates between the invasive and noninvasive groups in the GSE169498 dataset indicated that the abundance of CD56dim natural killer cell, macrophage, and T follicular helper cell infiltration in invasive pituitary neuroendocrine tumors was lower than that in the noninvasive group. Previous studies have suggested that the CD56dim natural killer cells in malignant tumors preferentially undergo apoptosis, which may promote tumor progression [26]. Different subtypes of macrophages have different effects on tumors: the M1 type has antitumor effects, whereas the M2 type has tumor-promoting effects; however, both effects may vary in different tumor stages and types [27]. T follicular helper cells are now emerging as another highly relevant immune cell population in various cancer types, and Gutiérrez-Melo et al. [28] showed that their presence is generally consistent with a better prognosis in solid organ tumor types. This finding is similar to that of the present study, where the infiltration abundance of these three genes was higher in the noninvasive group, and they may have hindered pituitary neuroendocrine tumors from developing aggressive behavior. However, the antitumor and tumor-promoting effects of immune cells may vary at different stages of the tumor, and their effects depend on the specific composition of the tumor immune infiltrate, the overall composition of its TME, and the location of TILs [29].
A total of 34 cholesterol metabolism genes with differential expression in NF-PitNETs were obtained in the invasive and noninvasive groups to investigate the role of cholesterol metabolism-related genes in the CSI by NF-PitNETs. 34 differential cholesterol metabolism-related genes were screened using RF and SVM algorithms, and finally, 12 hub genes (ABCA2, PROM2, CLU, SMO, APOA4, EEPD1, ABCA8, ABCA12, TGFB1, PROM1, EGF, and PMV) were obtained. For further elucidation of the link between cholesterol metabolism-related genes and invasive NF-PitNETs, the associations between 12 cholesterol metabolism genes were identified. Previous studies have shown that all 12 hub genes are associated with tumor progression. ATP-binding cassette (ABC) transporters are a series of transporters that are associated with various biochemical and physiological processes, such as maintaining the cellular environment, preventing harmful substances, and regulating pharmacokinetics [30, 31]. They also play an important role in the progression of various tumors [32]. Inhibition of ABCA2 protein expression has been reported to decrease matrix metalloproteinase expression, thereby inhibiting prostate cancer cell invasion and migration in the TME [33]. ABCA8 and ABCA12 are considered hallmark ABC transporters, which may be involved in the regulation of immune cell infiltration in thyroid cancer [34]. Previous studies have shown that PROM1 is a CSC marker and a regulator of cancer progression and prognosis, and its targeted drugs could hinder the progression of various cancers [35, 36]. Meanwhile, PROM2 and PROM1 are structurally similar [35]. EEPD1 is a structure-specific nuclease that is overexpressed in various tumors, but its mutation in cancer is uncommon, which may help tumor cells manage oncogenic stress or confer resistance to therapeutic agents [37]. APOA4 plays an important role in lipid metabolism and metabolic regulation, and APOA4 protein has been found to be a potential biomarker of malignant tumor differentiation in female tumor serum parameters [38]. Smoothing (Smo), encoded by SMO, is an integral transmembrane protein of Hedgehog (Hh) signaling pathway and plays a critical role in embryogenesis [39]. However, Hh signaling has been demonstrated to promote PitNETs growth. The relevance of these genes in NF-PitNETs has not been documented and requires further investigation. EGF, CLU, and TGFB1 have been reported in studies related to pituitary neuroendocrine tumors. EGF is located in the anterior pituitary gland and is present at all developmental stages from fetus to adulthood [40]. In addition, EGF is expressed in functional and nonfunctional pituitary adenomas, with higher expression in more aggressive tumor subtypes [41]. TGFB1 is an angiogenic growth factor that could show higher levels in pituitary tumors than in normal pituitary tissues [42]. Sheng-Yuan et al. have demonstrated that CLU may be a potential diagnostic biomarker and therapeutic target for invasive NF-PitNETs [43], which further demonstrates that CLU may be one of the factors affecting the development of invasive behavior in PitNETs. However, as an anti-apoptotic and metastasis-promoting factor, the specific mechanism by which CLU promotes CSI by PitNETs remains to be further investigated.
On the basis of the 12 hub genes, two distinct cholesterol metabolism pathway-related sub-clusters were identified using unsupervised cluster analysis. In the subgroup functional analysis, more abundant immune cells were different between the two subgroups than in the invasive and noninvasive groups. This finding suggested that cholesterol metabolism may promote immune infiltration in NF-PitNETs. In addition, DEGs were mainly enriched in neuroactive ligand–receptor interaction and calcium signaling pathway according to the KEGG enrichment analyses. The mTOR signaling pathway was significant based on the GSVA analysis of the contrast between the two subclusters. Neuroactive ligand–receptor interaction and calcium signaling pathway have been found in NF-PitNETs, and they have been revealed to be possibly associated with tumor progression [44, 45], further validating the results of the present study. CCL17 secreted by tumor-associated macrophages could promote pituitary adenoma invasion by enhancing the mTORC1 signaling pathway [46]. Recent studies have also shown that cholesterol is important for activating mTORC1 kinase, and when mTORC1 is activated, it could initiate a program on the lysosomal membrane that upregulates anabolic processes and downregulates autophagy [47].
Study strengths and limitations
The study’s strength is that it cleverly combined clinical data and GEO database data to find that the association between cholesterol metabolism genes and infiltrating immune cells and the heterogeneity of immune responses in NF-PitNETs patients with sub-clusters of different cholesterol metabolism genes. And, this study established the best diagnostic model to accurately distinguish Invasive and noninvasive NF-PitNETs. This study also has some limitations. First, clinical samples with relatively small sizes were collected, and data from patients with incidentalomas were not included, thus requiring multicenter clinical data to further confirm the role of cholesterol metabolism in the process of CSI by NF-PitNETs. Second, the key genes and important pathways obtained by bioinformatics analysis lack the validation of immunohistochemistry or PCR about hub genes. In addition, GSE169498, the dataset used in this study, defined CSI by Knosp grades on preoperative magnetic resonance images of patients, which may pose some risk to the results.


Conclusion
The results revealed, for the first time, that enhancing cholesterol metabolism may predispose CSI in NF-PitNETs and provide novel insights into therapeutic strategies for NF-PitNETs. Further, abnormal cholesterol levels can be used as a clinical indicator for early screening, treatment, and monitoring cavernous sinus invasion in cancer patients.

Authors’ contributions
TF and PH contributed to conception and design of the study. TF and PH performed data collection. TF and YF performed the statistical analysis. TF wrote the first draft of the manuscript. TF, XL, DW, LC, LL, ZL, KL, SM and SW edited and revised the manuscript. All authors contributed to manuscript revision, read, and approved the submitted version.

Funding
This study was funded by the Joint Funds for the Innovation of Science and Technology, Fujian Province (grant no. 2019Y9045) and Startup Fund for scientific research at Fujian Medical University (2020QH2040). The sponsor was involved in the study design, collection, analysis, interpretation of data, and data checking of information provided in the manuscript.

Data Availability
The datasets from GSE169498 and the original contributions presented in this study are included in the article material. The names of the repository/repositories and accession number(s) can be found in the article material. Further inquiries can be directed to the corresponding author.

Declarations
Ethics approval and consent to participate
The studies involving human participants were reviewed and approved by Dongfang Affiliated Hospital of Xiamen University. The patients/participants provided their written informed consent to participate in this study.

Competing interests
The authors declare no competing interests.


References
	1.
Molitch ME. Diagnosis and treatment of Pituitary Adenomas A Review. JAMA-J Am Med Assoc. 2017;317(5):516–24. https://​doi.​org/​10.​1001/​jama.​2016.​19699Crossref

	2.
Asa SL, Mete O, Perry A, Osamura RY. Overview of the 2022 WHO classification of Pituitary Tumors. Endocr Pathol. 2022;33(1):6–26. https://​doi.​org/​10.​1007/​s12022-022-09703-7CrossrefPubMed

	3.
Mete O, Cintosun A, Pressman I, Asa SL. Epidemiology and biomarker profile of pituitary adenohypophysial tumors. Mod Pathol. 2018;31(6):900–9. https://​doi.​org/​10.​1038/​s41379-018-0016-8CrossrefPubMed

	4.
Nishioka H, Inoshita N, Mete O, Asa SL, Hayashi K, Takeshita A, Fukuhara N, Yamaguchi-Okada M, Takeuchi Y, Yamada S. The complementary role of transcription factors in the Accurate diagnosis of clinically nonfunctioning pituitary adenomas. Endocr Pathol. 2015;26(4):349–55. https://​doi.​org/​10.​1007/​s12022-015-9398-zCrossrefPubMed

	5.
Yamaguchi-Okada M, Inoshita N, Nishioka H, Fukuhara N, Yamada S. Clinicopathological analysis of nonfunctioning pituitary adenomas in patients younger than 25 years of age clinical article. J Neurosurg -Pediatr. 2012;9(5):511–6. https://​doi.​org/​10.​3171/​2012.​1.​Peds11330CrossrefPubMed

	6.
Lenders NF, Wilkinson AC, Wong SJ, Shein TT, Harvey RJ, Inder WJ, Earls PE, McCormack AI. Transcription factor immunohistochemistry in the diagnosis of pituitary tumours. Eur J Endocrinol. 2021;184(6):891–901. https://​doi.​org/​10.​1530/​eje-20-1273CrossrefPubMed

	7.
Sav A, Rotondo F, Syro LV, Scheithauer BW, Kovacs K. Biomarkers of Pituitary Neoplasms. Anticancer Res. 2012;32(11):4639–54.PubMed

	8.
Espinosa G, Lopez-Montero I, Monroy F, Langevin D. Shear rheology of lipid monolayers and insights on membrane fluidity. Proc. Natl. Acad. Sci. U. S. A 2011;108(15):6008–6013. https://​doi.​org/​10.​1073/​pnas.​1018572108

	9.
Rezen T, Rozman D, Kovacs T, Kovacs P, Sipos A, Bai P, Miko E. The role of bile acids in carcinogenesis. Cell Mol Life Sci. 2022;79(5):39. https://​doi.​org/​10.​1007/​s00018-022-04278-2Crossref

	10.
Sheng R, Kim H, Lee H, Xin Y, Chen Y, Tian W, Cui Y, Choi JC, Doh J, Han JK, Cho W. Cholesterol selectively activates canonical wnt signalling over non-canonical wnt signalling. Nat Commun. 2014;5:13. https://​doi.​org/​10.​1038/​ncomms5393Crossref

	11.
Mantovani A, Allavena P, Sica A, Balkwill F. Cancer-related inflammation. Nature. 2008;454(7203):436–44. https://​doi.​org/​10.​1038/​nature07205CrossrefPubMed

	12.
Huang BL, Song BL, Xu CQ. Cholesterol metabolism in cancer: mechanisms and therapeutic opportunities. Nat Metab. 2020;2(2):132–41. https://​doi.​org/​10.​1038/​s42255-020-0174-0CrossrefPubMed

	13.
Ding X, Fan KX, Hu JT, Zang ZL, Zhang SL, Zhang Y, Lin ZC, Pei XD, Zheng X, Zhu F, et al. SCP2-mediated cholesterol membrane trafficking promotes the growth of pituitary adenomas via hedgehog signaling activation. J Exp Clin Cancer Res. 2019;38(1):16. https://​doi.​org/​10.​1186/​s13046-019-1411-9Crossref

	14.
Knosp E, Steiner E, Kitz K, Matula C. Pituitary adenomas with invasion of the cavernous sinus space: a magnetic resonance imaging classification compared with surgical findings. Neurosurgery. 1993;33(4):610–7. https://​doi.​org/​10.​1227/​00006123-199310000-00008. discussion 617–618.CrossrefPubMed

	15.
Guo J, Fang QY, Liu YL, Xie WY, Li CZ, Zhang YZ. Screening and identification of Key Microenvironment-Related genes in non-functioning Pituitary Adenoma. Front Genet. 2021;12:12. https://​doi.​org/​10.​3389/​fgene.​2021.​627117Crossref

	16.
Breiman L. Random forests. Mach Learn. 2001;45(1):5–32. https://​doi.​org/​10.​1023/​a:​1010933404324Crossref

	17.
Lin CF, Wang SD. Fuzzy support vector machines. IEEE Trans Neural Netw. 2002;13(2):464–71. https://​doi.​org/​10.​1109/​72.​991432CrossrefPubMed

	18.
Botelho MS, Franzini IA, Nunes-Nogueira VD, Boguszewski CL. Treatment of non-functioning pituitary adenoma with cabergoline: a systematic review and meta-analysis. Pituitary. 2022;25(6):810–8. https://​doi.​org/​10.​1007/​s11102-022-01257-5CrossrefPubMed

	19.
Tampourlou M, Karapanou O, Vassiliadi DA, Tsagarakis S. Medical therapy for non-functioning pituitary tumors-a critical approach. Horm -Int J Endocrinol Metab. 2019;18(2):117–26. https://​doi.​org/​10.​1007/​s42000-018-0070-0Crossref

	20.
Zatelli MC, Minoia M, Filieri C, Tagliati F, Buratto M, Ambrosio MR, Lapparelli M, Scanarini M, degli Uberti E. Effect of Everolimus on Cell viability in nonfunctioning pituitary adenomas. J Clin Endocrinol Metab. 2010;95(2):968–76. https://​doi.​org/​10.​1210/​jc.​2009-1641CrossrefPubMed

	21.
Cerovac V, Monteserin-Garcia J, Rubinfeld H, Buchfelder M, Losa M, Florio T, Paez-Pereda M, Stalla GK, Theodoropoulou M. The somatostatin Analogue Octreotide confers sensitivity to Rapamycin Treatment on Pituitary Tumor cells. Cancer Res. 2010;70(2):666–74. https://​doi.​org/​10.​1158/​0008-5472.​Can-09-2951CrossrefPubMed

	22.
Kim YJ, Jeong SH, Kim EK, Kim EJ, Cho JH. Ursodeoxycholic acid suppresses epithelial-mesenchymal transition and cancer stem cell formation by reducing the levels of peroxiredoxin II and reactive oxygen species in pancreatic cancer cells. Oncol Rep. 2017;38(6):3632–8. https://​doi.​org/​10.​3892/​or.​2017.​6045CrossrefPubMed

	23.
Alberts DS, Martinez ME, Hess LM, Einspahr JG, Green SB, Bhattacharyya AK, Guillen J, Krutzsch M, Batta AK, Salen G, et al. Phase III trial of ursodeoxycholic acid to prevent colorectal adenoma recurrence. J Natl Cancer Inst. 2005;97(11):846–53. https://​doi.​org/​10.​1093/​jnci/​dji144CrossrefPubMed

	24.
Amaral JD, Viana RJS, Ramalho RM, Steer CJ, Rodrigues CMP. Bile acids: regulation of apoptosis by ursodeoxycholic acid. J Lipid Res. 2009;50(9):1721–34. https://​doi.​org/​10.​1194/​jlr.​R900011-JLR200CrossrefPubMedPubMedCentral

	25.
Loeper S, Asa SL, Ezzat S. Ikaros modulates cholesterol uptake: a link between tumor suppression and differentiation. Cancer Res. 2008;68(10):3715–23. https://​doi.​org/​10.​1158/​0008-5472.​Can-08-0103CrossrefPubMed

	26.
Bauernhofer T, Kuss I, Henderson B, Baum AS, Whiteside TL. Preferential apoptosis of CD56(dim) natural killer cell subset in patients with cancer. Eur J Immunol. 2003;33(1):119–24. https://​doi.​org/​10.​1002/​immu.​200390014CrossrefPubMed

	27.
Yagnik G, Rutowski MJ, Shah SS, Aghi MK. Stratifying nonfunctional pituitary adenomas into two groups distinguished by macrophage subtypes. Oncotarget. 2019;10(22):2212–23. https://​doi.​org/​10.​18632/​oncotarget.​26775CrossrefPubMedPubMedCentral

	28.
Gutiérrez-Melo N, Baumjohann D. T follicular helper cells in cancer. Trends Cancer. 2023. https://​doi.​org/​10.​1016/​j.​trecan.​2022.​12.​007CrossrefPubMed

	29.
Fridman WH, Zitvogel L, Sautès-Fridman C, Kroemer G. The immune contexture in cancer prognosis and treatment. Nat Rev Clin Oncol. 2017;14(12):717–34. https://​doi.​org/​10.​1038/​nrclinonc.​2017.​101CrossrefPubMed

	30.
Chai AB, Ammit AJ, Gelissen IC. Examining the role of ABC lipid transporters in pulmonary lipid homeostasis and inflammation. Respir Res. 2017;18(1):41. https://​doi.​org/​10.​1186/​s12931-017-0526-9CrossrefPubMedPubMedCentral

	31.
Amawi H, Sim HM, Tiwari AK, Ambudkar SV, Shukla S. ABC transporter-mediated Multidrug-Resistant Cancer. Adv Exp Med Biol. 2019;1141:549–80. https://​doi.​org/​10.​1007/​978-981-13-7647-4_​12CrossrefPubMed

	32.
Theile D, Wizgall P. Acquired ABC-transporter overexpression in cancer cells: transcriptional induction or darwinian selection? Naunyn Schmiedebergs Arch Pharmacol. 2021;394(8):1621–32. https://​doi.​org/​10.​1007/​s00210-021-02112-3CrossrefPubMedPubMedCentral

	33.
Zhu X, Zhuo Y, Wu S, Chen Y, Ye J, Deng Y, Feng Y, Liu R, Cai S, Zou Z, et al. Corrigendum: TFEB promotes prostate Cancer Progression via regulating ABCA2-Dependent lysosomal Biogenesis. Front Oncol. 2021;11:750277. https://​doi.​org/​10.​3389/​fonc.​2021.​750277CrossrefPubMedPubMedCentral

	34.
Wang L, Sun X, He J, Liu Z. Identification and validation of Prognostic Related Hallmark ATP-Binding Cassette Transporters Associated with Immune Cell infiltration patterns in thyroid carcinoma. Front Oncol. 2022;12:781686. https://​doi.​org/​10.​3389/​fonc.​2022.​781686CrossrefPubMedPubMedCentral

	35.
Saha SK, Islam SMR, Kwak KS, Rahman MS, Cho SG. PROM1 and PROM2 expression differentially modulates clinical prognosis of cancer: a multiomics analysis. Cancer Gene Ther. 2020;27(3–4):147–67. https://​doi.​org/​10.​1038/​s41417-019-0109-7CrossrefPubMed

	36.
Barzegar Behrooz A, Syahir A, Ahmad S. CD133: beyond a cancer stem cell biomarker. J Drug Target. 2019;27(3):257–69. https://​doi.​org/​10.​1080/​1061186x.​2018.​1479756CrossrefPubMed

	37.
Nickoloff JA, Sharma N, Taylor L, Allen SJ, Lee SH, Hromas R. Metnase and EEPD1: DNA repair functions and potential targets in Cancer Therapy. Front Oncol. 2022;12:808757. https://​doi.​org/​10.​3389/​fonc.​2022.​808757CrossrefPubMedPubMedCentral

	38.
Wang X, Gong Y, Deng T, Zhang L, Liao X, Han C, Yang C, Huang J, Wang Q, Song X, et al. Diagnostic and prognostic significance of mRNA expressions of apolipoprotein A and C family genes in hepatitis B virus-related hepatocellular carcinoma. J Cell Biochem. 2019;120(10):18246–65. https://​doi.​org/​10.​1002/​jcb.​29131CrossrefPubMed

	39.
Martinez NL, Khanna O, Farrell CJ. A narrative review of targeted therapy in meningioma, pituitary adenoma, and craniopharyngioma of the skull base. Chin Clin Oncol. 2020;9(6):75. https://​doi.​org/​10.​21037/​cco-20-168CrossrefPubMed

	40.
Kasselberg AG, Orth DN, Gray ME, Stahlman MT. Immunocytochemical localization of human epidermal growth factor/urogastrone in several human tissues. J Histochem Cytochem. 1985;33(4):315–22. https://​doi.​org/​10.​1177/​33.​4.​3884705CrossrefPubMed

	41.
Cooper O, Vlotides G, Fukuoka H, Greene MI, Melmed S. Expression and function of ErbB receptors and ligands in the pituitary. Endocr Relat Cancer. 2011;18(6):R197–211. https://​doi.​org/​10.​1530/​erc-11-0066CrossrefPubMedPubMedCentral

	42.
Zhou J, Hu Y, Zhu W, Nie C, Zhao W, Faje AT, Labelle KE, Swearingen B, Lee H, Hedley-Whyte ET, et al. Sprouting angiogenesis in human pituitary adenomas. Front Oncol. 2022;12:875219. https://​doi.​org/​10.​3389/​fonc.​2022.​875219CrossrefPubMedPubMedCentral

	43.
Yu SY, Hong LC, Feng J, Wu YT, Zhang YZ. Integrative proteomics and transcriptomics identify novel invasive-related biomarkers of non-functioning pituitary adenomas. Tumour Biol. 2016;37(7):8923–30. https://​doi.​org/​10.​1007/​s13277-015-4767-2CrossrefPubMed

	44.
Wei Z, Zhou C, Li M, Huang R, Deng H, Shen S, Wang R. Integrated multi-omics profiling of nonfunctioning pituitary adenomas. Pituitary. 2021;24(3):312–25. https://​doi.​org/​10.​1007/​s11102-020-01109-0CrossrefPubMed

	45.
Wu S, Gu Y, Huang Y, Wong TC, Ding H, Liu T, Zhang Y, Zhang X. Novel biomarkers for non-functioning invasive pituitary adenomas were identified by using analysis of microRNAs expression Profile. Biochem Genet. 2017;55(3):253–67. https://​doi.​org/​10.​1007/​s10528-017-9794-9CrossrefPubMed

	46.
Zhang A, Xu Y, Xu H, Ren J, Meng T, Ni Y, Zhu Q, Zhang WB, Pan YB, Jin J, et al. Lactate-induced M2 polarization of tumor-associated macrophages promotes the invasion of pituitary adenoma by secreting CCL17. Theranostics. 2021;11(8):3839–52. https://​doi.​org/​10.​7150/​thno.​53749CrossrefPubMedPubMedCentral

	47.
Lim CY, Davis OB, Shin HR, Zhang J, Berdan CA, Jiang X, Counihan JL, Ory DS, Nomura DK, Zoncu R. ER-lysosome contacts enable cholesterol sensing by mTORC1 and drive aberrant growth signalling in Niemann-Pick type C. Nat Cell Biol. 2019;21(10):1206–18. https://​doi.​org/​10.​1038/​s41556-019-0391-5CrossrefPubMedPubMedCentral



Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


OEBPS/images/12944_2023_1883_Fig5_HTML.png
KFGG_MTOR_SIGNA ING_PATHIAY {
MELLIT

=
=
KIGG_NTURDTROSHIN_SIGNAL ING_PSTI 1WA { 1
EGG FC EPSILON RI SIGNALING PSTHYAY | =
-

=

=

=

KEGG_ALDOSTERONE_REGULATED_SODIUM_REABSORPTION |
KFGG_NON_SMAIL_CF1|_L UNG_CANCTR |

KEGG ADIPOCYTOKINE SIGNALING PSTHWAY {
KEGG_|_CELL_RECESIOR_SIGNALING_I HWAY |
KEGG_TIGHT_JUNCTION {

KEGG_COLORECTAL_GANCER {
KEGG_CELL_ADHESION_MOLECULES_CAMS {
NA_DEGRADATICN |

KEGG GLUTETHIONE WETABOLISH-

KECC_GLYCOSPHINCOLIPID._ BIOSYNIHkSS c\.oso s:un:&

KEGG_PHENYL,

GLYCEROLIPID Msumu;w
KECC, cwosw—mcouw BIOSYNTHESIS_LACTO_AND_NEOLACTO_SERIES {
LYCOSAMINOGLYCAN_BICSYNTHESIS_HEPARAN_SULTATE |

KFI}.: PROXMAL_TURULE_BICASBONATE_RECLAMATION
KEGG_ARCININE_AND_PROLINE_WETABOLISH | N

Tem

C

el o e s

mesuin
o var s
°

i sansgea] @

reurorsi it 2ocy|

e
[res—p——

i chsrrel g

Feuten o rewon sy06a

miatsuen
sthan hanel scanph
e st o .

Fevsioe b
Taviperind Ry

sz cnams sy, .

Neursacine igane-rocs
Caitiv sigr

SR Eigneing patass

drarargrs signang 1 cavtararyin
Captacin sigaing pattesy

USHP PG simsing pallvsy

Cshng snerome
EIEp——

L4
L
i
[ ]
ez gl venticudar Gaidicayepsthy L]
Fyaerioshe saricycpstny .
- snsrmion; L] 3
[
.
.
L]
.
.
.
.

Hidssmmrn syrehess
Glutamateigic syragze

GNRH sigeing patiuy
“arereane sacmicn.

Pratein dgez-ar ard shzoepicn
Gustic il wesrel

Ovaran sercsganass

= At £ acine=reg e CAIZ M fSsAEEApID
Corinal syrifnes srd sesrelizn

Bledser carost| @

Xl
GensRut

~log1Ofadj P.\al)

* Do

ouToLooy
P e—
® Nuwda tsivn





OEBPS/navigation.xhtml

    
      Contents


      
        		Identification of cholesterol metabolism-related subtypes in nonfunctioning pituitary neuroendocrine tumors and analysis of immune infiltration


      


    
    
      Landmarks


      
        		Body Matter


      


    
  

OEBPS/images/12944_2023_1883_Fig2_HTML.png
2o
. :
§ ka.
H o E
8- [
o
8-
77-00m
o 4 w " » 4 B 3 s [ [ @ = @
NLPDAr o FRERITS Murriow: of Fostures.
- = D
BCA2 o
PROM2 o
LU @
EWK pk @ SVM RandomTorest
POA4 o
EEPD1 o
BCA8 o
LRP1 ©
ABCA12 o
TGFB1 o
PROM1 o
NPC2 o
OSBPL1A ©
0SBPLE  ©
SBPL7  ©
STARD4 o
APOA1 o
POD o
PTCH1 o
DAC2 o
STARDS  ©
SOAT2 o
YT7 o
LCAT °
POM o
NR1H2 o
IT3 o
CYP39A1 o
T T T T T
0 i 2 3 4 5
MeanDecreaseGini
o | I S S S T
= Pl
PROMZ sorerevn
LU ]
«© APOAL Ty
24 AN
PROM1 T
T
aBCA2 -,—, s,
.o W5 e 15 K5 % Bs B oo B oas
£ o e
2 o T
7]
‘§ ABGAS 2 12 ¢ W oe & v @& & & 3 2 1
o
o fer M I P T
ARCAIZ e
T
g i £EPo1 RPN
e e 1ds 1 s a2
—— RF:1.000 " - -
SMO Lasninl
o | —— SVM: 0.900 P
=] TGFa1 —
T T T T T T bisd
0.0 02 04 0.6 08 1.0 Tou! Penes R P L

1 - Specificity [k ol Qlrese R





OEBPS/css/envelope.png





OEBPS/images/12944_2023_1883_Fig3_HTML.png
Model
® .
|
-
X o
2 =
-
-
i € _—
& e
§ AL G BDB
B - Ll 2, AL - [
2 _— At i a5% CI. ¢ 692 0.202
— AN, WG (1Y
= - o o-
PAUN,
— L Ay $US
- - —_— TIFB1 S e _]
- [
T T T T T
e =5 3 us we L ng N2 o4 N8 na N
tpwaale v

1 - Spechoty

C D Madel

A [
a —_— el A=Y o
" - - o
= —— ARCAD AC-1 AN
e PROY2Z. AUC= 030
-—t LU = - W
- QLU. AUC= Laon & o p
SR MG =
=t FPMVYE NJC-D6) e AL 1 000
r
- —t APDA4, ALGC=DTRD & = 7
CLRE, AUC=1 200
~ o ABLAH. AUCS 5O ~
- e ARCEA1D ALIC-1 ann =
1S BT, AU DUD
3 _ - PROW1 ALUD=" a

' \ | T T T T
03 19

x s
e e
®e o “
® e e -« F>
e e e £
see| .
oe @
.
b JLE
Lowa - . . v
o = - @ ‘ ey eyt
e cena 16,20
erar s - . N TR et
na . - e .





OEBPS/images/12944_2023_1883_Fig4_HTML.png
@

3

Gene exprossion

consensus matrix k=2
.
.
.
./ T e
Y "
of B
e g
.o -
e o . cluster
] . L . 2 i
g .
. . -8
- i
.
.
.
-10
.
Y B ) 4
PC1
cluster E3 A E3 B cluster B9 4 F3 8

o Memory.B.cell s
021 w7 | oos | om o1 -oce | Activated CD8.T.oell
001 o1 | om | on o1 680 | Type.17.Theiper.cell i
ot | om | om 007 6% | Effectormemory CD8.T.cell
o | 18 oM | o® | om 2017 | o2 | Natwral killer.cell
Tl o» e | om BT Regulatory.Teell 02
ot | om 0% 005 | =023 | -o16 Central. memory.CD8 T.oell
cos | om D o1z | -o1e | e | cee | Neutrophi a
0% | am: on R o | - Genlral. memory.CD4.T.call
om | o e | oo 2 vor 214 | cei | Activaled.CD4.T.oell az
o | om oz | 001 oor Activalod dendritic.cell
015 233 oz | o | wn oo o1z | -aar Immature.B.call 04
ot | B | iz | -ew | o | oo ana | oo Gamma.deita. T.coll
oo | i o1 | o S oo U ER Effoctor.memory.CD4. T.coll -08
oz | om o | oor T o ED SC
oo | omn om e | oo |RSOERN sw Natural killor T.call
oar o1 "o | oo | -am Immatura.dendritc.call
016 - 019 -247 -006 012 =218 218 Mast.cell
007 am | o =3 | an Eosinophil
<03 | = | am “am | oo | om0 | o | ass Activated.B.csll
oos | -ats | an EESE K 28 Plasmacytoid.dendritic.cell
o7 T T om | oo Macrophage
ooz ET) 017 212 -0t | 0ok Tfallicularhelper.cell
X £ am | EX CDSBdim.natural killer.call
T | -oee o | as Type. 1. Thelper.cell
i | on [ 0 X0 e
o | 0w 004 CDSBbright. natural kiler.oell
[ ot Type 2 Thelper.cell

& &S

q’b
Y
%
"
%,
%,
R
%,





OEBPS/css/sidebar.gif





OEBPS/images/12944_2023_1883_Fig1_HTML.png
44

“M

&
-'”7" ik

‘Q?Jf'ﬂ'ff" R

YrEy ??é”

FTCHY

r S ,mﬂ {

AR *”"N’ s S A S LR I 0PI SRR,

J&ggﬂ “ "’H %d Mf’ﬂ
’ esﬁs&@;e.t v ‘*—f.rfa$# &
VA ;:;





