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Editorial on the Research Topic 
High-throughput sequencing-based investigation of chronic disease markers and mechanisms

This “High-throughput sequencing-based investigation of chronic disease markers and mechanisms” issue focuses on the genomics studies on cancer and chronic diseases. With the recent development of sequencing technology and the rapid reduction of sequencing costs, high-throughput sequencing (including second and third-generation sequencing) is revolutionizing basic life science research and clinical research. High-throughput sequencing often produces millions of sequencing reads at a time, and the alignment or assembly of these reads allows determination of various mutations at the genomic level, accurate gene expression quantification at the transcriptomic level, and identification of histone or DNA modification at the epigenomic level. The resulting accumulation of enormous multi-omics information has opened up a new era of finding effective disease markers and studying their roles in disease occurrence and development (Anashkina et al., 2021).
Using high-throughput sequencing, various markers of chronic diseases have been developed at all omics levels, which have been used for diagnosis and classification of diseases, prediction of treatment effects, and prevention of diseases (Voronova et al., 2020; Glukhov et al., 2021). The chronic diseases include cancer, heart disease, diabetes, arthritis. The quickly and massively acquired multi-omics data, together with newly developed algorithms, provide excellent opportunities for the identification of more reliable biomarkers. This Research Topic aimed at 1) developing new chronic disease markers at four levels (i.e., genome, epigenome, transcriptome, and translatome) with the help of high-throughput sequencing, and 2) delineating potential marker-related mechanisms for chronic disease occurrence or development. More specifically, this Research Topic contains contributions including:
1) Identification of novel biomarkers and prediction signatures for chronic disease detection or prognosis prediction using high-throughput sequencing;
2) Analysis the possible pathological causes of markers as well as the potential roles they play in disease initiation and development;
3) Applications of new high-throughput sequencing techniques facilitating the development of more effective biomarkers of chronic disease;
4) New algorithms or tools for in silico identification of effective chronic disease markers based on high-throughput sequencing data.
Thus, we have organized this Research Topic to collect the papers focused on the frontiers of chronic disease markers. This Topic complements recent Research Topics “Bioinformatics of Genome Regulation” (Orlov et al., 2021a) and “Association between Individuals’ Genomic Ancestry and Variation in Disease Susceptibility” in Frontiers in Genetics (Das et al., 2022). The later journal issue collected papers focused on genetic background and ancestry rather than on molecular mechanisms of the human diseases (Das et al., 2022).
The papers published here extend the studies presented in the Frontiers in Genetics Topic “Bioinformatics of Genome Regulation (https://www.frontiersin.org/research-topics/17947/bioinformatics-of-genome-regulation-volume-ii), Volume II” and the earlier “Bioinformatics of Genome Regulation and Structure \ Systems Biology (BGRS\SB)” conference series (https://www.frontiersin.org/research-topics/8383/bioinformatics-of-genome-regulation-and-systems-biology; Orlov and Baranova, 2020; Orlov et al., 2016).
In this Research Topic a total of 14 papers could be arranged by two main areas—the cancer studies, and the works on the other chronic diseases such as allergy. Lung cancer is one of the leading causes of cancer-associated death in the world. We open the Research Topic by group of papers on lung cancer.
Non-small cell lung cancer (NSCLC) comprises about 85% of all lung cancers. Chang et al. used whole-exome sequencing to explore platinum-drug resistance mutations in advanced non-small cell lung cancer. Platinum-based chemotherapy is a fundamental treatment for non-small cell lung cancer (NSCLC) patients who are not suitable for targeted drug therapies. However, most patients progressed after a period of treatment. The authors enrolled nine NSCLC patients with platinum-based chemotherapy resistance, collected circulating tumor cells from them and performed whole-exome sequencing. Lu et al. studied response of TP53-negative NSCLC Patients to atezolizumab, an immune checkpoint inhibitor. This study provides a predictor, ubiquitin-like conjugation biological process gene mutation status, for identifying NSCLC patients who may have response to atezolizumab therapy.
Lung adenocarcinoma is the most common subtype of lung cancer with heterogeneous outcomes and diverse therapeutic responses. Wu et al. have developed novel risk-score model with eight miRNA signatures for overall survival of patients with lung adenocarcinoma. The authors selected eight microRNA (miRNA) signatures in The Cancer Genome Atlas. This model can also provide new insights into the current clinical staging system and can be regarded as an alternative system for patient stratification.
Wang et al. revealed the migration-associated genes involved in antitumor effects of herbal medicine Feiyanning on lung cancer cells using RNA-Seq and ATAC-Seq analysis. Traditional Chinese medicine formula Feiyanning has been clinically administered in China for more than a decade and raised attention due to its anticancer effect in lung cancer. Using cellular and molecular assays to examine the antitumor activities in lung cancer cells this study suggested that Feiyanning formula exerted the antitumor effects by modulating the expression and chromatin accessibility levels of migration-associated genes.
Breast cancer, the most commonly diagnosed cancer in women, has posed a major threat to women’s health globally. Hu et al. have compared pegylated liposomal doxorubicin (PLD) with epirubicin as adjuvant therapy for stage I-III breast cancer. Based on the large sample size and the long follow-up time of this study, the authors conclude that PLD has a similar anti-breast cancer efficacy as epirubicin while inducing lower level of cardiac toxicity in Han Chinese.
Gastric cancer is the third leading cause of cancer mortality across the world. Shi X. et al. studied CPSF6 protein in human gastric cancer. Alternative polyadenylation (APA) affects various biological functions and is involved in cancer. The authors found that 19 of 20 core APA factors were upregulated in gastric cancer tissues.
Esophageal cancer is the eighth most common cancer and the sixth leading cause of cancer death worldwide. Pang et al. estimated prognostic value of immune-related multi-IncRNA signatures associated with tumor microenvironment in esophageal cancer. The authors analyzed the tumor microenvironment for two subtypes of esophageal cancer, identified two multi-lncRNA signatures predictive for the prognosis, and explored the possibility of the signatures to forecast drug susceptibility.
The liver cancer ranks sixth in the number of new cases of malignant tumors worldwide and is the third leading cause of cancer death in the world. Hepatocellular carcinoma is the most common pathological type of primary liver cancer, accounting for about 90%. Shi H. et al. constructed a prognostic model based on the peptidyl prolyl cis–trans isomerase gene signature and explored it in patients with hepatocellular carcinoma.
Knyazev et al. studied hypoxia-related markers in inflammatory bowel disease. The authors detected expression activation of ITGA5 and PLAUR genes encoding integrin α5 and urokinase-type plasminogen activator receptor in inflammatory bowel disease specimens. The interaction of these molecules can activate cell migration and regenerative processes in the epithelium. These genes can serve as markers of inflammatory bowel disease progression and intestinal hypoxia.
The extracellular matrix (ECM) and cellular receptors constitute one of the crucial pathways involved in colorectal cancer progression and metastasis. Nersisyan et al. studied ECM–receptor regulatory network in colorectal cancer. The authors evaluated the prognostic information concentrated in the genes from ECM–receptor network using transcription factor and miRNA data and constructed two prognostic signatures.
Abnormal expression and regulation of non-coding RNA are involved in a variety of human diseases. Series of papers presenting miRNA and ncRNA studies focused on different groups of chronic diseases. Senile osteoporosis has recently become a major chronic metabolic bone disease in the world. Geng et al. aims to identify differentially expressed mRNAs and ncRNAs in senile osteoporosis patient-derived bone mesenchymal stem cells. By constructing the circRNA–miRNA–mRNA regulatory network, they found a ceRNA network (circRNA008876-miR-150-5p-mRNA) that could play an important role in senile osteoporosis.
The prevalence of allergic diseases has been increasing worldwide over the past 60 years, affecting about 30% of the global population. Qiao et al. described six male patients from unrelated families with a triad symptom of progressive postnatal slow growth, allergies, and fatty liver. The authors show association of imprinted gene SLC22A18 (solute carrier family 22 member 18) with this syndrome of variable allergy, short stature, and fatty liver. New variant in the promoter region of SLC22A18 is potentially associated with this syndrome.
Fei et al. studied potential associations and detect the underlying impact of single-nucleotide polymorphisms (SNPs) on proteinuria in kidney transplant recipients. The study suggested that the mutation of rs3804099 on the TLR2 gene was significantly related to the generation of proteinuria after kidney transplantation.
Wang et al. analyzed the expression and prognostic value of gamma-glutamyl-transferase 5 (GGT5) and its correlation with immune cell infiltration in gastric cancer. GGT5 may serve as a promising prognostic biomarker and a potential immunological therapeutic target for gastric cancer, since it is associated with immune cell infiltration in the tumor microenvironment.
Overall, we are proud of the Research Topic at Frontiers in Genetics we collated. We hope that the readers will find this collection stimulating and consider participation in upcoming conferences and journal issues in this area (https://bgrssb.icgbio.ru/2022/). Note also the thematic issue “Medical Genetics, Genomics and Bioinformatics” on the sequencing technologies applications in medical genetics (https://www.mdpi.com/journal/ijms/special_issues/Medical_Genetics_2022) and the continuing topic on gene expression mechanisms (https://www.frontiersin.org/researchtopics/17947/bioinformatics-of-genome-regulation-volume-ii) (Orlov et al., 2021a; 2021b). The complementary special issue at Life journal (https://www.mdpi.com/journal/life/special_issues/identification_HTS) continues collection of papers on the diseases markers and underlying molecular mechanisms (Snezhkina et al., 2021).
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Atezolizumab, an immune checkpoint inhibitor, has been approved for use in clinical practice in non-small cell lung cancer (NSCLC) patients, but potential biomarkers for response stratification still need further screening. In the present study, a total of 399 patients with high-quality ctDNA profiling results were included. The mutation status of ubiquitin-like conjugation (UBL) biological process genes (including ABL1, APC, LRP6, FUBP1, KEAP1, and TOP2A) and clinical information were further integrated. The results suggested that the patients with the clinical characteristics of male or history of smoking had a higher frequency of UBL mutation positivity [UBL (+)]; the patients who were UBL (+) had shorter progression-free survival (PFS) (1.69 vs. 3.22 months, p = 0.0007) and overall survival (8.61 vs. 16.10 months, p < 0.0001) than those patients with UBL mutation negativity [UBL (–)]; and more promising predictive values were shown in the smoker subgroup and ≤ 3 metastasis subgroup. More interestingly, we found the predictor has more performance in TP53-negative cohorts [training in an independent POPLAR and OAK cohorts (n = 200), and validation in an independent MSKCC cohort (n = 127)]. Overall, this study provides a predictor, UBL biological process gene mutation status, not only for identifying NSCLC patients who may respond to atezolizumab therapy but also for screening out the potential NSCLC responders who received other immune checkpoint inhibitors.

Keywords: UBL, biomarker, immune checkpoint inhibitors, atezolizumab, NSCLC


INTRODUCTION

Non-small cell lung cancer (NSCLC) accounts for approximately 85% of all lung cancers (Lu et al., 2019b; Zhang et al., 2020; Lou et al., 2021). Standard therapeutic regimens for first-line therapy have been recommended for NSCLC patients according to the guidelines of the National Comprehensive Cancer Network (Ettinger et al., 2021). Patients harboring EGFR mutations are recommended to receive tyrosine kinase inhibitors (TKIs) such as osimertinib and gefitinib (Zhao et al., 2019; Ettinger et al., 2021); patients harboring ALK mutations are recommended to receive TKIs such as alectinib and crizotinib (Peters et al., 2017; Shaw et al., 2020). However, patients without driver gene mutations usually receive chemotherapy or immunotherapy (Gadgeel et al., 2020; Ettinger et al., 2021). Regarding second-line therapy for NSCLC patients, immunotherapy is potentially suitable for patients with PD-L1 expression (Fehrenbacher et al., 2016; Rittmeyer et al., 2017).

The POPLAR study and OAK studies demonstrated that NSCLC patients who received atezolizumab (one of immune checkpoint inhibitors) as second-line therapy had significantly prolonged overall survival (OS) compared with docetaxel patients, regardless of PD-L1 expression or histology (Fehrenbacher et al., 2016; Rittmeyer et al., 2017). After that, Gandara et al. (2018) found that ctDNA profiling was a potential technology to be used for atezolizumab response stratification in the above NSCLC patients. Furthermore, our previous study suggested that the ctDNA profiling potentially provides more information for immunotherapeutic stratification (Nie et al., 2020). Although an increasing number of studies have introduced that genetic profiling can be used for predicting the efficacy of immunotherapy (Chan et al., 2019; Fabrizio et al., 2021; McGrail et al., 2021), further screening of gene cluster-based biomarkers for immunotherapy is still an urgent problem that needs to be resolved.

Ubiquitin-like conjugation (UBL) biological processes play an important role in cancer development, progression, and therapy. However, the underlying role in immunotherapy is still unclear. In the present study, we found that UBL-enriched gene (ABL1, APC, LRP6, FUBP1, KEAP1, and TOP2A) mutation significantly affected atezolizumab efficacy as second-line therapy in NSCLC patients, and we sought to identify a biomarker for potential use in clinical practice in the future.



MATERIALS AND METHODS


Patients

In the present study, all blood samples were collected from enrolled NSCLC patients from the POPLAR study (NCT01903993) and OAK study (NCT02008227). All clinical trials were performed according to Good Clinical Practice guidelines and those of the Declaration of Helsinki. The purpose of blood sample collection was completely explained to patients or their family members, and the signed informed consent was obtained. In the POPLAR study, 144 of 287 patients received atezolizumab therapy, and 425 of 850 patients in the OAK study received atezolizumab. Collectively, 569 patients were preliminarily selected in the present study.



ctDNA Profiling

The collected baseline plasma samples from all 569 atezolizumab-treated NSCLC patients underwent uniform procedures for ctDNA mutation calling. The methods for sample collection, storage conditions, cell-free DNA (cfDNA) extraction, library construction, sequencing, analysis, and mutation calling were performed according to a previously published article (Gandara et al., 2018). The clinical information for each patient was downloaded from the online database.1



Screening

In total, 569 NSCLC patients had complete clinical information and baseline blood samples. During library construction, 39 of 569 samples failed quality control (including the samples with cfDNA < 20 ng, and the samples failed with templated extension). After sequencing, 101 of 530 ctDNA profiles that did not achieve a minimum of 800× sequence coverage were excluded. Thirty of 429 patients without a definite efficacy evaluation were excluded. Therefore, in this study, 399 patients were selected for final analysis (Figure 1).
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FIGURE 1. Flowchart of NSCLC patient selection in this study. In total, 1,137 NSCLC patients enrolled in POPLAR and OAK studies. Of 1,137 patients, 569 received atezolizumab therapy. Of 569, 399 patients took part in final analysis after selection.




UBL Biological Process

We found 394 cancer-related genes with mutations in all ctDNA samples from 399 patients. Then, the list of these genes was uploaded to the DAVID database for biological process enrichment analysis. UBL biological processes were significantly enriched and mainly included six genes (ABL1, APC, LRP6, FUBP1, KEAP1, and TOP2A).



Kaplan–Meier Curve Analysis

This method performed as our previous studies (Lu et al., 2019a,c; Chu et al., 2021). The 399 patients who harbored any mutation in UBL biological process genes (ABL1, APC, LRP6, FUBP1, KEAP1, and TOP2A) from ctDNA profiling were defined as UBL (+). A patient who harbored two or more gene mutations of the abovementioned six genes was defined as “UBL (+) harboring 2 or more gene mutations.” If ctDNA profiling detected no mutation in the above UBL biological process genes, the patient was defined as UBL (–). Based on the UBL prediction, the next procedure was stratifying progression-free survival (PFS) and OS by using GraphPad Prism 5 software.



Subgroup Analysis

According to the different clinical characteristics and driver gene mutation status, we classified the 399 patients into male and female, non-smoker and smoker, non-lung squamous carcinoma (non-LUSC) and LUSC, Asian and White, EGFR (+) and KRAS (+), Eastern Cooperative Oncology Group (ECOG) score = 0 and ECOG score = 1, and metastases ≤ 3 and metastases > 3. Kaplan–Meier curve analysis was performed to calculate the median PFS and median OS and the corresponding log-rank p-value. Hazard ratio (HR) was calculated by use of Cox proportional hazards model.



Validation Analysis

According to the TP53 mutation status, we classified the 399 patients into TP53 mutation-positive NSCLC patients and TP53 mutation-negative NSCLC patients. Similar UBL-based stratification analysis was performed on the NSCLC patients with TP53 mutation and the NSCLC patients without TP53 mutation, respectively. For the validation cohort, we selected the TP53 mutation-negative NSCLC patients who received at least one dose of immunotherapy (atezolizumab, avelumab, durvalumab, ipilimumab, nivolumab, pembrolizumab, or tremelimumab) from the Memorial Sloan Kettering Cancer Center (MSKCC). Different from the POPLAR and OAK cohorts, the mutation information of the NSCLC patients from the MSKCC cohort was derived from tumor tissue DNA (ttDNA). Furthermore, the patients undergo genomic profiling with the Integrated Mutation Profiling of Actionable Cancer Targets (MSK-IMPACT) panel. The patients from the MSKCC cohort just provided the OS information. Therefore, the predictive value of UBL for OS stratification was performed in the validation cohort.



Statistical Analysis

The Mann–Whitney U-test was performed to compare the age difference between the UBL (+) cohort and UBL (–) cohort. The chi-square test was performed to compare the differences of other clinical characters. The log-rank test was used to compare Kaplan–Meier curves during the stratification analysis. The HRs and exact 95% confidence intervals (CIs) are reported. Differences were considered significant at ∗p < 0.05, ∗∗p < 0.01, and ∗∗∗p < 0.001.



RESULTS

In this study, we identified NSCLC patients harboring UBL biological process gene (ABL1, APC, LRP6, FUBP1, KEAP1, and TOP2) mutations, and this information could be used to stratify patients who might respond to the immune checkpoint inhibitor atezolizumab. Based on our rigorous screening procedure, 399 patients were finally included for screening the responsive biomarker (Figure 1). The analysis of clinical characteristics indicated that there was no association between UBL gene mutation status and age, pathological status, race, driver gene (EGFR, ALK, and EML4) status, metastasis site number, and ECOG score. However, there was a significant increase in UBL gene mutation frequency in the male patients and the patients with smoking history (Table 1). These results suggested that there is a bias in the mutation of UBL biological process genes in NSCLC patients. Whether this phenomenon can be used as a predictor of immunotherapy response is still unclear.


TABLE 1. Demographic data of 399 advanced NSCLC patients who received atezolizumab therapy.

[image: Table 1]

Here, we classified 399 atezolizumab-treated NSCLC patients into two cohorts: those who were UBL (+) and those who were UBL (–). Kaplan–Meier curve analysis suggested that the NSCLC patients who were UBL (+) had shorter PFS (UBL (+) vs. UBL (–) = 1.69 vs. 3.22 months, log-rank p-value = 0.0007) than the UBL (–) cohort (Figure 2A). Regarding OS analysis, the results showed a more significant difference: the patients in the UBL (–) cohort received more OS benefit from atezolizumab therapy (UBL (–) vs. UBL (+) = 16.10 vs. 8.41 months, log-rank p-value < 0.0001) than the patients in the UBL (+) cohort (Figure 2B). More interestingly, in the UBL (+) cohort, the patients who defined as UBL (+) harboring two or more gene mutations received shorter PFS and OS from atezolizumab therapy (PFS: 1.41 vs. 2.00 months, log-rank p-value = 0.1385; OS: 5.06 vs. 9.99 months, log-rank p-value = 0.0004) (Figures 2C,D). These results indicated that the mutation status of the UBL biological process genes could potentially be used as a predictor of response to atezolizumab as second-line therapy in NSCLC patients.
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FIGURE 2. Kaplan–Meier curve analysis of PFS and OS via the predictor of UBL. (A) NSCLC patients harboring UBL (+) received median PFS of 1.69 months, while those patients harboring UBL (–) received median PFS of 3.22 months. (B) NSCLC patients harboring UBL (+) received median OS of 8.41 months, while those patients harboring UBL (–) received median OS of 16.10 months. (C) UBL (+) NSCLC patients harboring two or more gene mutations received median PFS of 1.41 months, while those UBL (+) patients harboring single gene mutation received median PFS of 2.00 months. (D) UBL (+) NSCLC patients harboring two or more gene mutations received median OS of 5.06 months, while those UBL (+) patients harboring single gene mutation received median OS of 9.99 months.


To further understand the performance of UBL status in subgroups, we first analyzed the sex-induced response difference for NSCLC patients who received atezolizumab. Male NSCLC patients who were UBL (+) had significantly shorter PFS and OS than male patients who were UBL (–), while there was no significant difference between female patients who were UBL (+) and female patients who were UBL (–). UBL (+) patients with a history of smoking had significantly shorter PFS and OS than UBL (–) patients with a history of smoking. For those patients without a smoking history, there was no significant difference between UBL (+) patients and UBL (–) patients. Regarding the non-LUSC subgroup, patients who were UBL (+) had significantly shorter PFS and OS than male patients who were UBL (–) (Table 2).


TABLE 2. Subgroup response analysis using the biomarkers of UBL in atezoluzimab-treated patients from OAK and POPLAR cohorts.
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For LUSC patients, UBL (+) patients had a shorter OS than UBL (–) patients, while there was no difference when comparing the PFS between these two cohorts. Neither UBL (+) nor UBL (–) labeled in Asian patients, and there was no significant PFS or OS outcome difference when patients received atezolizumab therapy. Patients harboring EGFR mutations or KRAS mutations combined with UBL biological process gene mutations who received atezolizumab therapy had PFS and OS outcomes that were similar to those of patients without UBL biological process gene mutations. Regarding the ECOG score = 1 subgroup, patients who were UBL (+) had significantly shorter PFS and OS than those without UBL (–). For the ECOG score = 0 subgroup, UBL (+) patients had a shorter OS than UBL (–) patients, while there was no difference when comparing the PFS between the two cohorts. Interestingly, UBL significantly stratified responders from non-responders in the ≤ 3 metastasis subgroup (Table 2). These results suggested that UBL biological process gene mutation status could potentially be used as a predictor of response to atezolizumab therapy in NSCLC patients, especially in the male, smoker, non-LUSC, White, ECOG score = 1, and ≤ 3 metastasis subgroups. In addition, our analysis focused on HR indicated that the UBL status predictor remarkably distinguished patients with an atezolizumab response and reduced risk of death in the White subgroup and the ≤ 3 metastasis subgroup (Figure 3).
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FIGURE 3. HR analysis of overall 399 patients and corresponding subgroups via the predictor UBL-based stratification. (A) The predictor UBL potentially decreased HR in nearly all subgroups except the subgroups of EGFR (+) and > 3 metastases when PFS analysis was performed. (B) The predictor UBL potentially decreased HR in all subgroups except the subgroup of EGFR (+) when OS analysis was performed.


The frequency of TP53 mutation accounts for the highest grade (about 50%) in NSCLC. Whether the predictor of UBL plays a differential role between TP53-positive NSCLC and TP53-negative NSCLC is still unclear. To further understand the performance of UBL status in TP53 mutation-based subgroups, here we analyzed the TP53 mutation-induced response difference for NSCLC patients who received atezolizumab. As shown in Figure 4A, there is no significant distinguishing values of the predictor UBL among the NSCLC patients harboring TP53 mutation. Interestingly, the predictor UBL showed more predictive values in the TP53 negative NSCLC patients than that in overall NSCLC patients (Figures 3, 4B). To validate whether the predictor UBL can be validated in an independent cohort, we used the NSCLC patients who received immunotherapy from MSKCC center as the validation cohort. Results demonstrated that the TP53 mutation-negative NSCLC patients with benefited OS outcome can be screened out significantly via the predictor UBL-based stratification (Figure 4C).
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FIGURE 4. The predictor of UBL for immunotherapeutic stratification in TP53 mutation-based subgroups. (A) The predictive values of UBL in the NSCLC patients harboring TP53 mutation. (B) The predictive values of UBL in the NSCLC patients without harboring TP53 mutation. (C) An independent MSKCC cohort was used to validate the predictive value of UBL in the TP53-negative NSCLC patients who received immunotherapy.




DISCUSSION

Immunotherapy has changed clinical practice in NSCLC (Eguren-Santamaria et al., 2020; Pinheiro et al., 2020; Ettinger et al., 2021). With the clinical application of immune checkpoint inhibitors in NSCLC, an increasing number of clinical problems have surfaced (de Miguel and Calvo, 2020; Haanen et al., 2020; Ramos-Casals et al., 2020; Shankar et al., 2020). Among these emerging clinical problems, how to screen out responders using a predictor is always confusing for clinical physicians and scientists (Darvin et al., 2018; de Miguel and Calvo, 2020). Therefore, in the present study, we sought to identify a ctDNA profiling-based predictor that might be used to stratify responders to the immune checkpoint inhibitor atezolizumab as second-line therapy among NSCLC patients.

Previous studies have demonstrated that genetic profiling can potentially be used as a biomarker for response to immune checkpoint inhibitors (Gandara et al., 2018; Samstein et al., 2019; Alborelli et al., 2020). However, an increasing number of scientists have provided different viewpoints about the usage of genetic profiling for predicting therapeutic efficacy in immunotherapy (Fabrizio et al., 2021; McGrail et al., 2021). With the development of technology, blood-based next-generation sequencing has opened a new field of view for biomarkers predicting response to immune checkpoint inhibitors (Gandara et al., 2018). Our previous study showed that the ctDNA profiling potentially provides more information for immunotherapeutic stratification (Nie et al., 2020). Samstein et al. (2019) and McGrail et al. (2021) demonstrated that genetic profiling plays different roles in different cancer types. Furthermore, the biomarkers including PD-L1 and microsatellite instability also have some questions that need to be resolved (Chang et al., 2018; Gandara et al., 2018). Therefore, predictor discovery for immunotherapy has just started, and there is much unknown information that needs to be explored.

In this study, we provided evidence that UBL could be used as a predictor to screen out responders from non-responders among NSCLC patients who received atezolizumab as second-line therapy. Our results indicated that NSCLC patients who were male and had a smoking history had a higher frequency of being UBL (+). This is a very interesting phenomenon. Although there is not enough evidence to confirm the association of the above characteristics, we still have a reason to speculate that smoking potentially contributes to UBL biological process gene mutations according to previously reported relationships between smoking and genetic variation (Nagahashi et al., 2018). Further analysis demonstrated that NSCLC patients who were UBL (+) had shorter PFS and OS than patients who were UBL (–). Either PFS analysis or OS analysis showed very promising results for UBL biological process gene mutation status to be able to significantly screen out responders from non-responders.

The roles of UBL biological process gene mutation status in screening out responders in subgroups contributed an important composition in the present study. According to our results, 70.4% of patients were White, and 69.4% of patients had ≤ 3 metastases among all 399 NSCLC patients. Some of the bright points in the subgroup analysis are that UBL biological process gene mutation status can significantly distinguish responders and non-responders when used in the above subgroups. However, why this phenomenon occurred still requires further study.

Based on existing evidence, there may be great differences in tumor biology between patients with NSCLC harboring TP53 mutations and those without TP53 mutations (Mogi and Kuwano, 2011; Jamal-Hanjani et al., 2017; Bailey et al., 2018; Birkbak and McGranahan, 2020). Interestingly, we found the UBL biological process gene mutation status has a very promising predictive value for screening out responders from non-responders both in the POPLAR and OAK cohorts, as well as the MSKCC cohort.

Collectively, this study provided a predictor, UBL biological process gene mutation status, that could be used to distinguish potential responders from non-responders to atezolizumab as second-line therapy among NSCLC patients, with a more promising predictive value in TP53 mutation-negative subgroups. Furthermore, the predictor UBL biological process also potentially screen the responders from non-responders for the TP53 mutation-negative NSCLC patients who received other immune checkpoint inhibitors.
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Suppression of CPSF6 Enhances Apoptosis Through Alternative Polyadenylation-Mediated Shortening of the VHL 3′UTR in Gastric Cancer Cells
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Alternative polyadenylation (APA) is an important RNA post-transcriptional process, which can generate diverse mRNA isoforms. Increasing evidence shows that APA is involved in cell self-renewal, development, immunity, and cancer. CPSF6 is one of the core proteins of CFIm complex and can modulate the APA process. Although it has been reported to play oncogenic roles in cancer, the underlying mechanisms remain unclear. The aim of the present study was to characterize CPSF6 in human gastric cancer (GC). We observed that CPSF6 was upregulated in GC. Knockdown of CPSF6 inhibited proliferation and enhanced apoptosis of GC cells both in vitro and in vivo. Global APA site profiling analysis revealed that knockdown of CPSF6 induced widespread 3′UTR shortening of genes in GC cells, including VHL. We also found CPSF6 negatively regulated the expression of VHL through APA and VHL short-3′UTR isoform enhanced apoptosis and inhibited cell growth in GC cells. Our data suggested that CPSF6-induced cell proliferation and inhibition of apoptosis were mediated by the preferential usage of poly(A) in VHL. Our data provide insights into the function of CPSF6 and may imply potential therapeutic targets against GC.
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INTRODUCTION

Gastric cancer (GC), one of the top five prevalent cancers, is the third leading cause of cancer mortality across the world, owing to its poor prognosis and diagnoses only at advanced stage with median overall survival less than 1 year (Zhang and Zhang, 2017; Smyth et al., 2020). Many predisposing factors, such as Helicobacter pylori infection, age, environmental factors, dietary habits, and so on, assist in the development of GC (Chia and Tan, 2016; Petrovchich and Ford, 2016). Apart from that, genetic alterations are also reported to be involved in GC progression. Abnormal expression of HER2, CDH1, TP53, FGFR, MET, and other genes are frequently found in different GC types (Oue et al., 2019). The regulation of GC development and progression seems particularly complex; hence, a deeper understanding of the pathogenesis mechanism of GC at the molecular level may be beneficial to identify potential therapeutic targets.

Alternative polyadenylation (APA) is an RNA post-transcriptional process that produces distinct messenger RNA (mRNA) isoforms of a single gene through dictating the length of 3′ untranslated regions (UTRs). Modification of 3′UTR influences mRNA stability, translation, and cellular localization, as 3′UTRs provide major binding sites for protein factors or microRNAs (miRNAs) (Andreassi and Riccio, 2009; Fabian et al., 2010). Recent researches demonstrate that APA can affect various biological functions, including cell self-renewal, differentiation, activation of human immune cells, neuronal activation, and so on (Flavell et al., 2008; Sandberg et al., 2008; Ji and Tian, 2009; Lackford et al., 2014). Of note, APA is also involved in cancer. For example, Pik3ap1 displayed preferential loss of signal in the proximal 3′UTR in APC and APN cancer subtypes, uniform degradation in LPC cancer subtype, and no change in mature B cells (Singh et al., 2009). Another study also reported that lung (LUSC and LUAD), uterine (UCEC), breast (BRCA), and bladder (BLCA) cancers possessed the highest amount dynamic APA events than the other tumor types, such as kidney renal clear cell carcinoma (KIRC) and head and neck squamous cell carcinoma (Xia et al., 2014).

APA can be determined by over 80 proteins, and the core complex contains four subcomplexes: CPSF, CSTF, CFI, and CFII (Tian and Manley, 2017). Some of them are reported to play an important role in tumorigenesis. It was reported that CSTF2 enhanced oncogenic and metastatic abilities in urothelial carcinoma of the bladder cells (Chen et al., 2018). Intriguingly, NUDT21 (CFIm25) showed a dual role in cancers. For example, NUDT21 was downregulated and functioned as tumor suppressor in glioblastoma, hepatocellular carcinoma, and ovarian cancer (Masamha et al., 2014, 2016; Tan et al., 2018). However, other groups uncovered that knockdown of NUDT21 significantly inhibited cell proliferation and tumorigenicity (Lou et al., 2017; Zhang and Zhang, 2018). These observations implicate sophisticated regulation of APA factors. Meanwhile, how APA takes part in tumor formation is still unclear.

The polyadenylation complex cleavage factor I (CFIm) preferentially binds to UGUA subsequences in pre-mRNAs and controls 3′UTR length, which consists of NUDT21, CPSF6, and CPSF7 (Gruber et al., 2012). In addition, the recombinant NUDT21-CPSF6 subunit complex could also show cleavage activity in vitro, which was similar with full CFIm complex (Rüegsegger et al., 1998). As described earlier, NUDT21 regulated tumor growth negatively or positively (Tan et al., 2018). Also, to date, as its partner, the description of CPSF6’s function was mainly in HIV infection (Lee et al., 2010; Bejarano et al., 2019). Recent reports also discovered the oncological function of CPSF6, but not in an APA regulatory perspective (Binothman et al., 2017; Zhang et al., 2020). As one of the APA factors, CPSF6 plays an important role in regulation of 3′UTR length. It is reported that knockdown of CPSF6 significantly upregulated the usage of proximal PAS in C2C12 myoblast cells (Li et al., 2015). Besides that, another group also found that knockdown of CPSF6 led to a systematic and transcriptome-wide shift toward proximal poly(A) sites in HEK293 cells (Gruber et al., 2012; Martin et al., 2012). So, it is necessary to discover the roles of CPSF6 in GC progress.

Herein, to expand our knowledge on CPSF6 biological roles, we investigated the phenotypes of CPSF6 knockdown GC cells. We found CPSF6 promoted tumor growth and inhibited apoptosis in GC. Furthermore, we demonstrated CPSF6 negatively regulated von Hippel Lindau (VHL), the gene encoding a tumor suppressor, through selective poly(A) usage, thus contributing to tumor growth in GC. Our data provide insights into the function of CPSF6 and may imply potential therapeutic targets.



MATERIALS AND METHODS


Cell Lines and Cell Cultures

Human normal gastric cell line GES1 and GC cancer cell lines (AGS, BGC-823, MKN-28) were purchased from the Chinese Academy of Sciences cell bank (Shanghai, China). All cells were cultured in RPMI-1640 medium (Gibco, United States) supplemented with 10% fetal bovine serum (FBS, Gibco, United States) and penicillin–streptomycin solution (Sangon, China) at 37°C in a 5% CO2 humidified atmosphere.



Quantitative Real Time RT-PCR (qRT-PCR)

Total RNA was isolated using Trizol (Life Technologies, United States) and reverse transcribed with PrimeScript RT Reagent Kit with gDNA Eraser (Perfect Real Time) (Takara, Japan). Real-time qRT-PCR analysis was performed using TB Green Premix Ex Taq II (Tli RNaseH Plus) (Takara), according to the manufacturer’s protocol. The primers used for RT-qPCR analysis are listed as follows: VHL 5′-CCCGTATGGCT CAACTTCG-3′ and 5′-GGTTAACCAGAAGCCCATCG-3′; GAPDH 5′-CACAGTCCATGCCATCACTG-3′ and 5′-CTTGGCAGCGCCAGTAAG-3′. The expression of genes was normalized to GAPDH.



Western Blot Analysis

Cells were lysed in ice-cold RIPA Lysis and Extraction Buffer (Thermo, United States) supplemented with protease (Roche, Switzerland) and phosphatase inhibitor cocktail (Roche). The protein concentrations were determined using BCA Protein Assay Kit (Pierce, United States). Protein lysate was separated by 10% or 12% sodium dodecyl sulfate polyacrylamide gel electrophoresis system (SDS-PAGE) and transferred onto PVDF membranes (Millipore, United States). The membrane was incubated in blocking buffer (1 × TBST with 5% BSA) for 2 h at room temperature and then incubated in diluted primary antibodies: anti-CPSF6 (1:1,000; Abcam, United Kingdom), anti-VHL (1:1,000, Sangon), anti-GAPDH (1:1,000; Proteintech, China), anti-β-actin (1:5,000; Sigma, United States), and anti-β-tubulin (1:1,000; Yeasen, China), and secondary antibody: peroxidase-conjugated goat anti-rabbit IgG (H+L) (1:5,000; Yeasen). The membrane was visualized using ECL start Western Blotting Substrate (GE Healthcare Life Sciences, United States). The intensities of the bands were qualified by ImageJ (National Institutes of Health, United States).



Generation of Stable Cell Lines

The lentiviral vector pLKO.1-puro-shRNA-CPSF6 was constructed for CPSF6 knockdown as described previously (Tan et al., 2021). The lentiviral vectors pCDH-PGK-VHL-CDS-short 3′UTR-SV40-NeoR and pCDH-PGK-VHL-CDS-long 3′UTR-SV40-NeoR were constructed for VHL overexpression. 293T cells were transfected for the lentiviral production. The supernatant was harvested after 48 and 72 h, respectively. Then AGS and BGC-823 cells were infected by supernatant for 72 h. Finally, cells were maintained in the presence of puromycin (2 μg/ml) and G418 (600 μg/ml or 1.2 mg/ml) for 2 weeks.



Cell Proliferation and Cell Viability Assays

For cell proliferation assay, cells (1 × 105 cells per well) were plated into 6-well plates. After a certain period of time, count the cell number of fields. Then, calculate the cell number of each well. For cell viability assay, cells (1 × 103 cells per well) were plated into 96-well plates. Five days later, 20 μl of MTT solution (5 mg/ml) was added into each well and cells were cultured for 2 h, and cells were rinsed by PBS and 100 μl DMSO was added into each well. Then the absorbance at 570 nm wavelength was examined.



Colony Formation Assays

GC cells were seeded into 6-well plates (500–1,000 cells/well) and cultured for 2 weeks. Cells were fixed with 4% methanol, stained with crystal violet (0.1%), and photographed.



Cell Apoptosis Assays

The apoptosis rate was evaluated using the Annexin V-FITC/PI Apoptosis Detection kit (Vazyme, China) according to the instructions from the manufacturer. The cells were seeded into 6-well tissue culture plates (1–4 × 105 cells/well). After cultured in serum-free medium for 36 h, the cells were collected, washed with ice-cold PBS, and resuspended in 500 μl binding buffer. Then, 5 μl Annexin V-FITC and 5 μl PI were added to the buffer and incubated at room temperature for 10 min in the dark. Cells were analyzed by BD LSRFortessa (BD Biosciences, United States) within 1 h. The TUNEL staining assay was performed using Fluorescein (FITC) Tunel Cell Apoptosis Detection Kit (Servicebio, China) according to the manufacturer’s instructions.



Xenograft Model in vivo

The design and protocol of in vivo experiments were approved by the Institutional Animal Care and Use Committee, Shanghai Jiao Tong University. For tumor growth assay, GC cells were resuspended in PBS/Matrigel Matrix mix at 1:1 ratio. Then 3 × 106 cells in 125 μl solution were injected into the flank of 4-week-old athymic male nude mice. Tumor volumes were calculated as follows: volume = ½ (L × W2), where L is the length and W is the width. Tumor weight was measured when the mice were executed. The IHC staining of xenograft tumors was performed following the manufacturer’s instruction. IHC labeling analysis was reviewed and scored by two independent pathologists.



Dual Luciferase Reporter Assays

The short or the long 3′UTR of the VHL gene was cloned into reporter plasmid psiCHECK2 (Promega, United States). GC cells were transfected with the reporter vector in 24-well plates (200 ng/well) using Lipofectamine 3000 (Invitrogen, United States). After 48 h, cells were collected and assayed using dual luciferase assay according to the manufacturer’s protocol (Transgen, China).



3T-Seq Analysis

3T-seq analysis was performed as described previously (Lai et al., 2015; Tan et al., 2018). Briefly, 50 μg total RNA was incubated with M280 beads, which were bound by Bio-oligo dT (Lou et al., 2017). After cDNA synthesis, the 3′UTR fragments were released by Gsu I digestion and then subjected to deep sequencing. The filtered reads were mapped to UCSC human reference genome (hg19) with bowtie2 (Langmead and Salzberg, 2012). The 3′UTR alteration for each gene in the cell lines was detected by linear trend test (the FDR-adjusted p-value < 0.05) (Fu et al., 2011). These sequence data have been submitted to the EMBL-EBI databases under accession number E-MTAB-9980 and available in the ArrayExpress database.1



Statistical Analysis

All experiments were repeated at least three times. The results of this study were analyzed with GraphPad statistical software (GraphPad Software, United States) and shown as mean ± SD. We downloaded the expression data of CPSF6 in normal and GC tissues from The Cancer Genome Atlas (TCGA) database2 and selected frozen sample data for analysis. To investigate the differential expression of CPSF6 between normal and GC tissues of distinct cancer stages or nodal metastasis status in TCGA, we used the website tool3.



RESULTS


CPSF6 Is Upregulated in GC

In this study, we first analyzed the CPSF6 levels using IHC assay in GC tissues and the paired non-tumor tissues. IHC staining assay showed that CPSF6 was upregulated in tumor tissues when compared with the surrounding non-tumor counterparts (Figure 1A). To explore the clinical relevance of CPSF6 in GC patients, we next compared the expression of CPSF6 mRNA, with the RNA-seq data derived from GC (n = 352) and non-tumor tissues (n = 32) in TCGA. We discovered that the expression of CPSF6 was significantly upregulated in GC tissues (Figure 1B). According to 7th edition of the AJCC Cancer Staging Manual, cancer stages and nodal metastasis were recommended to the TNM gastric cancer staging system (Washington, 2010). To further examine the levels of CPSF6 in distinct GC stages and nodal metastasis, we evaluated the expression of CPSF6 in normal and GC tissues based on individual cancer stages or nodal metastasis. The results showed that the levels of CPSF6 were higher in GC. However, the levels of CPSF6 in different stages and nodal metastasis were similar (Figures 1C,D and Supplementary Tables 1, 2). We also analyzed the overall survival curves of CPSF6, and the result showed no significant difference between low and high level of CPSF6 in GC patients (data not shown). The malignancy of GC exhibits the following characteristics: metastasis and uncontrolled proliferation (Hu et al., 2020). The results implied that involvement of CPSF6 in GC formation may be due to the cell growth, rather than the metastasis in GC. We then examined the protein expression of CPSF6 in non-tumorous gastric cell line GES1 and human GC cell lines (AGS, BGC-823, MKN-28). We found that the protein levels of CPSF6 increased in the GC cell lines compared with non-tumorous gastric cell line (Figure 1E). Together, our data suggested that CPSF6 was upregulated in GC tissue and cells.
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FIGURE 1. Expression of CPSF6 was upregulated in GC. (A) The IHC staining assay of CPSF6 in GC and adjacent tissues of the tumor (scale bar: 100 μm). (B) Analysis of CPSF6 mRNA levels of GC (n = 352) and non-tumor tissues (n = 32) in TCGA. (C) Expression of CPSF6 in GC based on individual cancer stages in TCGA. (D) Expression of CPSF6 in GC based on nodal metastasis status in TCGA. (E) Western blot assay for detecting CPSF6 expression in different cell lines. **0.001 < p < 0.01; ***p < 0.001.




CPSF6 Promotes Cell Growth and Inhibits Apoptosis in GC Cells in vitro

To investigate the function of CPSF6 in GC, we knocked down CPSF6 with short hairpin RNAs (shRNAs) in AGS and BGC-823 cells, which have higher levels of CPSF6 (Figure 1E). Expression of CPSF6 in these cell lines was obviously repressed (Figure 2A). Compared with the control, CPSF6 knockdown in AGS and BGC-823 significantly decreased cell proliferation (Figure 2B), viability (Figure 2C), and generated less and smaller colonies in colony formation assay (Figure 2D). It is reported that the cell cycle and apoptosis affect cell proliferation (Alenzi, 2004). We next investigated if CPSF6 regulated the cell growth through cell cycle and apoptosis in GC cells. The results showed that AGS-shCPSF6 cells increased fraction of S phase cells (p < 0.001), but BGC-823-shCPSF6 cells showed no significant changes (p > 0.05) (Supplementary Figure 1). Interestingly, both CPSF6 knockdown cell lines exhibited noteworthy increases in cell apoptosis (Figure 2E).
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FIGURE 2. CPSF6 promotes cell growth and inhibits apoptosis in GC cells in vitro. (A) Western blotting analysis of CPSF6 expression in AGS and BGC-823 cells stably transfected with shRNA plasmids. (B,C) Detection of cell proliferation and viability after knockdown of CPSF6 in AGS and BGC-823 cells. (D) Detection of colony formation after knockdown of CPSF6 in AGS and BGC-823 cells. (E) Detection of apoptosis in AGS and BGC-823 cells. *0.01 < p < 0.05; **0.001 < p < 0.01; ***p < 0.001.




CPSF6 Promotes Proliferation and Inhibits Apoptosis of GC Cells in vivo

Considering that AGS cells have the highest levels of CPSF6 in the three GC cell lines, the AGS stably transfected cells (AGS-shCtrl, AGS-shCPSF6) were implanted subcutaneously into the flanks of nude mice to further assess the role of CPSF6 in vivo. CPSF6 silencing mouse model result also showed similar biological effects in GC cells. We observed a significant decrease in both tumor growth and weight (Figures 3A,B) in AGS-shCPSF6 mouse model compared with shCtrl tumors. Besides that, Ki-67 staining result displayed that tumors derived from AGS-shCPSF6 cells exhibited a significantly lower percentage of proliferative cells, as opposed to tumors derived from AGS-shCtrl cells (Figures 3C,D). In contrast, TUNEL assay result showed that CPSF6 knockdown increased the apoptosis percentage (Figure 3E). Collectively, our results demonstrated that knockdown of CPSF6 inhibited cell growth and increased apoptosis in GC cells.
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FIGURE 3. CPSF6 promotes cell growth and inhibits apoptosis in GC cells in vivo. (A,B) Xenograft nude mouse model of tumorigenesis was used to confirm cell growth and weight after knockdown of CPSF6. (C,D) CPSF6 and Ki-67 staining of the respective GC cell–derived tumor sections (scale bar: 100 μm). (E) TUNEL assay of the respective GC cell–derived tumor sections (scale bar: 100 μm). The white arrows represent apoptotic cells. (**0.001 < p < 0.01).




Knockdown of CPSF6 Modulates the Widespread 3′UTR Shortening in GC Cells

Given that CPSF6 involves in APA formation and its role in promoting cell growth and restraining apoptosis in GC cells as described earlier, we hypothesized that CPSF6 acts as a tumor promoter in GC, at least in part, by influencing APA and 3′UTR. To test this hypothesis, we performed transcriptome-wide APA profiling analysis in CPSF6 knockdown AGS cells and the control cells, using 3T-seq we reported previously (Lai et al., 2015). In total, we gained about 35.7 million reads in AGS-shCtrl cells, as well as 28.9 and 30.9 million reads in AGS-shCPSF6-1 and shCPSF6-2 cells, respectively. About 10.4, 6.6, and 9.1 million reads were uniquely mapped to the reference genome (Supplementary Table 3). The internal priming was determined through examining the presence of more than 12 “A”s or continuous 8 “A”s at the region of 1–20 nt downstream the mapping position. After filtering internal priming events, we found majority of qualified reads were mapped to the annotated transcription terminal sites (TTSs) or 3′UTRs (Figure 4A), yielding over 10,000 poly(A) sites (Supplementary Table 3).
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FIGURE 4. Characteristics of 3T-seq data. (A) Genomic locations of 3T-seq reads mapped to the reference genome after filtering internal priming events. (B) Genomic distribution of the poly(A) sites. (C,D) The statistics of genes with various number of detected poly(A) sites in different libraries. (E,F) Scatterplot of CULI in CPSF6 knockdown and control cells [false discovery rate (FDR) < 0.05] in different libraries.


Applying the snowball clustering method (Fu et al., 2011), we found that most of the identified poly(A) sites were located at the 3′ terminus of genes. Particularly, about 60–76% of these poly(A) sites were mapped to TTSs and 52–70% to the 3′UTR regions in each 3T-seq library (Figure 4B), according to PolyA_DB database (Wang et al., 2018). More than one third of these poly(A) sites have been annotated in the poly(A) database, and thus the remaining sites may be potential new sites (Figure 4B). Also, about 30% of genes harbor three or more poly(A) sites (Figures 4C,D). We measured the 3′UTR alteration for CPSF6 responsive genes by introducing cancer 3′UTR length index (CULI) (Fu et al., 2011). A positive CULI suggests that a gene harbors lengthened 3′UTR in CPSF6 knockdown cells compared with the control cells, and a negative CULI indicates the shortened one. Compared with AGS-shCtrl cells, we identified 494 and 633 genes with altered 3′UTR in two independent CPSF6 shRNA knockdown AGS cells, respectively, and 83% and 89% of which displayed a shift from distal to proximal poly(A) site usage and thus possessed shortened 3′UTRs (Figures 4E,F and Supplementary Tables 4, 5). This result revealed that knockdown of CPSF6 modulated the widespread 3′UTR shortening in GC cells, which was consistent with previous studies in different cell types (Gruber et al., 2012; Martin et al., 2012).



CPSF6 Downregulates the Expression of VHL Through APA

To ask how CPSF6-modulated APA contributes GC tumorigenesis, we assessed the functional consequence of CPSF6 responsive genes. Thus, to further understand the biological function of APA alternation in GC cells, we collected the 243 genes with shortened 3′UTR, which was simultaneous happened in the two independent AGS CPSF6 knockdown cells and performed the gene ontology (GO) enrichment analysis, using PANTHER classification system (p-value < 0.001, FDR < 0.005)4 (Supplementary Table 6). Notably, GO terms indicated that 3′UTR shortened genes are involved in regulation of apoptosis process and in other biological processes such as cellular and mRNA metabolic processes (Figure 5A).
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FIGURE 5. CPSF6 downregulates the expression of VHL. (A) GO analysis of genes with shortened 3′UTR after knockdown of CPSF6 in AGS cells. (B) CPSF6 induced APA shift of VHL. Left, Integrative Genomics Viewer (IGV) genome browser exhibited the poly(A) site usage of VHL 3′UTR. Right, histogram showed the relative expression of the isoform with distal polyadenylation site (dPAS) relative to the one with proximal PAS (pPAS). (C) The mRNA levels of VHL in CPSF6 knockdown AGS and BGC-823 cells. (D) The protein levels of VHL in CPSF6 knockdown AGS and BGC-823 cells. (E) The luciferase reporter assay for the expression activity of the isoform of VHL 3′UTR in AGS and BGC-823 cells. *0.01 < p < 0.05; **0.001 < p < 0.01; ***p < 0.001).


Next, we manually inspected the apoptosis-promoting or proliferation-inhibiting genes under the criterion that the proximal poly(A) site usage increased and the distal poly(A) site usage decreased in both AGS knockdown cells, which were visualized in Integrative Genomics Viewer (IGV) genome browser, yielding three candidates (IER3IP1, IGF1R, and VHL) with top 3′UTR usage fold changes (Figure 5B and Supplementary Figure 2A). Then, we detected the mRNA expression of the candidate genes by RT-qPCR, and identified VHL as CPSF6 responsive gene, which had highest increased mRNA levels in CPSF6 knockdown AGS and BGC-823 cells (Figure 5C and Supplementary Figure 2B). Moreover, western blotting results indicated that CPSF6 negatively regulated VHL, that is, VHL expression increased in case of CPSF6 knockdown (Figure 5D).

A recent study has shown that the gene isoform with short 3′UTR had higher protein expression than the longer one, via escaping the repression of miRNA (Sandberg et al., 2008). As predicted, most of the predicted miRNA binding sites lay outside the proximal poly(A) sites on VHL 3′UTR (Supplementary Figure 2C). To investigate if the distinct 3′UTR isoforms affect the expression of proteins, we examined expression the short or long VHL 3′UTR fragments through the dual luciferase reporter system. As expected, the vector with short 3′UTR showed significantly higher luciferase activities than that with the long 3′UTR, which means short 3′UTR had higher expression ability (Figure 5E). Taken together, these data suggested that the expression of VHL was downregulated by CPSF6 through APA in GC.



VHL Short−3′UTR Isoform Enhances Apoptosis and Inhibits Cell Growth in GC Cells

To study the biological function of distinct VHL isoforms in GC cells, we stably transfected short- or long−3′UTR isoform of VHL into two GC cell lines: AGS and BGC-823. The protein expression of VHL is shown in Figure 6A. We found that the short−3′UTR VHL isoform dramatically upregulated the protein expression of VHL, as compared with transfection with the long−3′UTR VHL isoform. We further observed that of the short−3′UTR isoform of VHL in GC cells significantly decreased cell growth, cell viability (Figures 6B,C), colony formation (Figure 6D), and enhanced cell apoptosis (Figure 6E) when compared with that of control cells with the expression of full-length VHL and control vector. These data, collectively, suggested high levels of protein produced by VHL with shorter 3′UTR may, at least partially, contribute to enhance apoptosis and inhibit cell growth in GC cells.
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FIGURE 6. The VHL isoform with short 3′UTR inhibits cell growth and promotes apoptosis in GC cells. (A) Western blotting analysis of VHL expression in AGS and BGC-823 cells stably transfected with distinct VHL isoform with short or long 3′UTR. (B,C) Detection of cell proliferation and viability after stably enforced expression of the short- or long-3′UTR isoform of VHL in AGS and BGC-823 cells. (D) Detection of colony formation after stably enforced expression of the VHL isoform with short or long 3′UTR in AGS and BGC-823 cells. (E) Apoptosis ratio was analyzed in AGS and BGC-823 cells. *0.01 < p < 0.05; **0.001 < p < 0.01; ***p < 0.001.




DISCUSSION

GC is the third leading cause of cancer mortality across the world (Zhang and Zhang, 2017; Smyth et al., 2020). However, the mechanisms of GC progression are poorly understood. Increasing evidence has proved that APA is involved in many biological functions, including tumorigenesis (Singh et al., 2009; Xia et al., 2014). The APA-mediated regulatory mechanism is determined by numerous APA factors (Tian and Manley, 2017), and some of them are reported to participate in the tumor process. For example, NUDT21 showed a dual role in different cancer types (Masamha et al., 2014; Zhang and Zhang, 2018). This reflects that the regulatory mechanism of APA factors is complex and cancer specific, and it is necessary to characterize the role of APA in different types of cancers. Although CPSF6 played roles in aggressive breast cancer behavior and exhibited a novel CPSF6-RARG fusion variant in acute myeloid leukemia patients (Binothman et al., 2017; Zhang et al., 2020), the role of CPSF6 in GC is still unknown.

In this study, we examined expression of CPSF6 in GC and normal tissues. We found that CPSF6 was upregulated in GC, and what is more, the levels of CPSF6 in different stages and nodal metastasis were similar. We also analyzed the survival curves of CPSF6, and the result showed no significant difference between low and high level of CPSF6 in GC patients (data not shown). This may imply CPSF6 is not involved in metastasis and may contribute to other biological processes (such as proliferation) during GC initiation and progress. Here, we focus on investigating the relationship between CPSF6 and GC growth. Through in vitro and in vivo assays, we demonstrated CPSF6 enhances the proliferation and inhibits apoptosis in GC.

Given that CPSF6 involves in APA formation and its relevance in GC cells as described previously, we hypothesized that CPSF6 acts as a tumor promoter in GC, at least in part, by influencing APA and 3′UTR. We next performed the APA profiling analysis and identified the majority of APA genes with shortened 3′UTR under the condition of CPSF6 knockdown. The data suggested that knockdown of CPSF6 modulates the widespread 3′UTR shortening in GC cells. In another of our study, we analyzed the usage of 3′UTR in GC relative to normal cells (Lai et al., 2015), and the results showed a global 3′UTR shortening and tendency to use shorter isoforms in GC relative to normal cells. It is very interesting that cancer is associated with global 3′UTR shortening relative to normal cells, and our results seem that CPSF6 promotes cancer via 3′UTR lengthening. Consider that APA factors involve in cancer and regulate the APA progress. We have analyzed the expression of 20 core APA factors in GC and normal tissues using a website tool (see text footnote 3). Beyond our expectation, we found that 19 of 20 core APA factors were upregulated in GC tissues, and only RBP1 was not regulated significantly (p = 0.109) (data not shown). Next, we have searched the function of the 19 APA factors on regulation of 3′UTR. We found that eight factors (CPSF1, CPSF3, CSTF3, CSTF1, PCF11, SYMPK, RBBP6, FIP1L1) prefer to produce the short 3′UTR, and the rest of the factors (WDR33, CPSF4, CPSF2, CSTF2, NUDT21, CPSF6, CPSF7, CLP1, PAPOLA, PABPN1, PABPC1, RBP1) prefer to produce the long 3′UTR (Gruber et al., 2012; Martin et al., 2012; Li et al., 2015). Different factors make different contributions to APA. So, the tendency to use which isoforms in GC is determined by multiple factors. We assumed that although CPSF6 could promote cancer via 3′UTR lengthening, the other APA factors still regulated 3′UTR shortening in GC cells and led GC cells to still prefer to use short 3′UTR.

To understand how CPSF6 exerts its proliferation-promoting and apoptosis-inhibiting function by APA in GC cells, we further characterized CPSF6 regulated genes with shortened 3′UTRs. VHL was demonstrated to contribute to the function of CPSF6-mediated tumor growth in GC cells. We also analyzed the expression of VHL in GC relative to normal tissues. The results showed that the levels of VHL were higher in GC tissues and the expression of VHL in different stages and nodal metastasis was similar (data not shown). As CPSF6 was upregulated in GC cells and downregulated in the VHL, how was VHL increased in GC tissues? As we all know, many genes are expressed in cancer abnormally, and each of these genes makes partial contribution to cancer. To figure out this question, we analyzed the expression of all genes in GC relative to normal tissues (data not shown). We found that about 3,740 genes were upregulated in GC tissues, including 19 APA factors as described earlier. The 19 APA factors may play an important role in regulating the 3′UTR of VHL in different ways and lead to higher expression of VHL in GC. Other genes were also increased in GC tissues, for example, ZNF350 (ZBRK1) was upregulated in GC tissues, and it was reported that ZNF350 could activate VHL gene transcription through formation of a complex with VHL and p300 in renal cancer (Chen et al., 2015). We also found that about 900 genes were downregulated in GC tissues, including Daam2. According to the report, Daam2 suppressed VHL expression and promoted tumorigenesis (Zhu et al., 2017). We supposed that although CPSF6 negatively regulated the VHL expression partly, other proteins might increase the level of VHL in GC tissues, and which was stronger than the effect of CPSF6 on expression of VHL, leading to a higher level of VHL in GC tissues.

In this study, we validated that knockdown of CPSF6 leads to a shift from distal to proximal poly(A) site usage, the shortening of 3′UTR in VHL, which consequently causes the increased expression of VHL, and inhibition of proliferation in GC cells (Figure 7). VHL functions as a tumor suppressor gene in some tumors, such as renal cell carcinoma and pheochromocytoma (Richards, 2001), but few studies have reported its role in GC. Interestingly, it was reported that the genetic and epigenetic alterations of the VHL were not detected in GC (Cao et al., 2008). Thus, our study may offer a new perspective to understand the regulation of VHL. However, how CPSF6 regulates the 3′UTR length and whether other APA factors are involved this progress and the regulation of APA factors in GC and normal tissues still need to be explored. In any case, our data may provide new insights into the understanding of CPSF6’s role in GC cells and may imply potential therapeutic targets.
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FIGURE 7. The proposed mechanism of CPSF6 in tumorigenesis of GC progression.
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Background: Conventional anthracyclines, like epirubicin, are cornerstone drugs for breast cancer treatment of all stages, but their cumulative toxicity could cause life-threatening side effects. Pegylated liposomal doxorubicin (PLD), an effective anti-breast cancer drug, has lower toxicity than conventional anthracyclines. This retrospective study compared the efficacy and toxicity profiles between PLD and epirubicin as adjuvant therapy for breast cancer.

Patients and Methods: A total of 1,471 patients diagnosed with stage I–III breast cancer between 2000 and 2018 were included in this study, among which 661 were treated with PLD and 810 with epirubicin, with 45.9 months as the median follow-up time. Anti-breast cancer efficacy was assessed with overall survival (OS) and disease-free survival (DFS), while cardiac toxicity was assessed with left ventricular ejection fraction (LVEF) and electrocardiogram (ECG).

Results: The Kaplan–Meier method and Cox proportional hazards model revealed that there was no statistical difference in OS or DFS between patients treated with PLD and epirubicin, regardless of cancer stages or molecular subtypes (all p-values > 0.05). In addition, patients had significantly better LEVF and ECG data after adjuvant therapy with PLD (both p-values < 0.05).

Conclusion: Based on the large sample size and the long follow-up time of this study, we conclude that PLD has a similar anti-breast cancer efficacy as epirubicin while inducing lower level of cardiac toxicity in Han Chinese. This study suggests that PLD-based adjuvant chemotherapy could be a better option than epirubicin for breast cancer patients especially with existing cardiac disease.

Keywords: breast cancer, pegylated liposomal doxorubicin, epirubicin, adjuvant therapy, efficacy and toxicity


INTRODUCTION

Breast cancer, the most commonly diagnosed cancer in women, has posed a major threat to women’s health globally. In 2018, approximately 2 million women were diagnosed with breast cancer and over 0.6 million women died of breast cancer (Ferlay et al., 2018). Due to the development of better diagnostic tools, therapeutic agents, and surgical techniques, the outcome of breast cancer has been significantly improved in the past decades (Smittenaar et al., 2016). The use of more powerful chemotherapy agents has markedly increased the survival rate of breast cancer patients, but the resulting toxicities and side effects have become a serious burden. For example, anthracyclines-based chemotherapy could provoke certain acute side effects such as vomiting, nausea and, more severely, congestive cardiac failure (Hortobagyi and Buzdar, 1993; Ryberg et al., 2008).

Doxorubicin and epirubicin are two cornerstone anthracycline drugs used to treat breast cancer of all stages (Khasraw et al., 2012). In spite of its anticancer effects, doxorubicin has showed high toxicity in a large number of studies, and cumulative use of this drug could lead to irreversible cardiomyopathy or liver damage (Mitra et al., 2001; Greish et al., 2004). Epirubicin (a 4′-epimer of doxorubicin) has a similar efficacy as doxorubicin in breast cancer treatment while its dose-dense clinical trials reveal safety comparable to that of doxorubicin (Dang et al., 2008; Nieto et al., 2010). These two drugs have noticeable difference between their toxicity profiles (particularly with respect to cardiotoxicity), and accumulated evidence shows that the use of epirubicin generally brings less side effects compared with doxorubicin, which leads to gradually decreased use of doxorubicin in recent years especially in China (Perez et al., 1991; Khasraw et al., 2012).

Pegylated liposomal doxorubicin (PLD) is formed by incorporating doxorubicin into polyethylene glycol-coated liposomes (Duggan and Keating, 2011). Pegylated liposomal doxorubicin reduces the plasma levels of free doxorubicin and alleviates the toxicity to healthy tissues while maintaining antitumor effects of doxorubicin (Gabizon et al., 2008). Previous studies have shown that PLD has a much longer half-life than that of doxorubicin (73.9 h vs. 10 min), which allows increased uptake of PLD liposomes by tumors and enhanced antitumor effects (Gabizon et al., 2016). The efficacy and safety of PLD-based adjuvant therapy has been investigated in a limited scale for breast cancer patients in previous studies (Lien et al., 2014; Zhao et al., 2017).

The aim of this current study is to compare the efficacy and toxicity profiles between PLD and epirubicin as adjuvant therapy for stage I–III breast cancer. Based on the large number of patients and their clinical data collected at Sir Run Run Shaw Hospital (affiliated with Zhejiang University, Hangzhou, China), we are able to perform a comprehensive evaluation of PLD and epirubicin in different breast cancer stages and molecular subtypes. We find that PLD and epirubicin bring similar overall survival (OS) and disease-free survival (DFS) in stage I–III breast cancer while the toxicity of PLD is considerably improved compared with epirubicin.



PATIENTS AND METHODS


Patient Population

In this retrospective study, a total of 1,471 patients with breast cancer of stages I, II, and III were enrolled at the Department of Surgical Oncology, Sir Run Run Shaw Hospital (affiliated with Zhejiang University, Hangzhou, China). The characteristics and clinical information of patients were retrospectively reviewed and stored in a regularly maintained electronic database for future reference. Among these patients, 661 diagnosed with breast cancer between 2000 and 2018 were treated with PLD as adjuvant chemotherapy; 810 diagnosed between 2001 and 2018 were treated with epirubicin as adjuvant chemotherapy. All patients had ethnicity of Han Chinese and a median follow-up time of 45.9 months. This study was approved by Ethics Committee of Sir Run Run Shaw Hospital, School of Medicine, Zhejiang University.



Patient Treatment

All patients enrolled in this study have not received neoadjuvant chemotherapy. The radical surgery (i.e., the extensive resection of the primary tumor, together with the removal of the surrounding regional lymph nodes) to the primary breast tumor was performed before PLD and epirubicin were administered. PLD was given at 35∼40 mg/m2 with cyclophosphamide (CTX) every 3 weeks (4 cycles), which could be followed by docetaxel or paclitaxel every 3 weeks (4 cycles). Epirubicin was given at 90∼100 mg/m2 with the rest of the treatments same as PLDs. Patients were further treated with trastuzumab if the HER2 expression was positive in breast tumor. The above chemotherapy regimens were determined in terms of National Comprehensive Cancer Network1 guideline for breast cancer. Radiation and endocrine therapy for certain patients were also performed after chemotherapy.



Patient Assessment

The recorded clinical information included date of diagnosis, age at diagnosis, date of recurrence and death, clinical stage, molecular subtype, tumor size, time of surgery, and menopause status. The assessment of tumor was performed with mammography, ultrasound, pulmonary CT, breast MRI, and PET-CT. The clinical stage of tumor was determined based on the American Joint Committee on Cancer (AJCC) 8th Edition.2 The molecular subtype included HER2-positive, luminal A/B, triple-positive, and triple-negative breast cancers (Cancer Genome Atlas Network, 2012). Toxicity was graded based on the American Society of Clinical Oncology (ASCO) standards.3 The patients treated with PLD or epirubicin was followed up at a 3-month interval until November 2019 and December 2019, respectively. The health status of patients was assessed at an interval of 3 months with necessary laboratory tests and imaging examinations. During the study, the left ventricular ejection fraction (LVEF) was measured with echocardiogram and electrocardiogram (ECG) was also recorded.



Statistical Analysis

One goal of this study was to compare the efficacy between epirubicin-based and PLD-based chemotherapies, including the difference of OS and DFS. OS was defined as the time from the start of treatment (i.e., surgery) to the date of death; DFS was defined as the time from the start of treatment to the date of cancer progression. Patients still alive or without disease progressing at the end of the study were censored at the date of last follow-up. OS and DFS were analyzed using the Kaplan–Meier method, and the log-rank test was used to assess the difference between the survival curves. The Cox proportional hazards model was used to calculate the hazards ratios (HR) and corresponding 95% confidence interval (CI) for the two chemotherapies for OS and DFS. Multivariate analysis using the Cox proportional hazards model included other variables of age, menopause status, cancer stage, molecular subtype, and tumor size. Another goal was to compare the toxicity profiles between the epirubicin-based and PLD-based chemotherapies. Student’s t-test and chi-squared test were used to compare the side effects and the patient characteristics between the two groups. Unless otherwise specified, all statistical tests were two-sided and p-values < 0.05 were considered statistically significant. All statistical analysis was performed with the R language.4 All figures were prepared with the publicly available R packages (Wickham, 2009; Mailund, 2019; Wang et al., 2020).



RESULTS


Patient Characteristics

Among the 1,471 patients analyzed in this study, 55.1% received epirubicin-based adjuvant chemotherapy and 44.9% received PLD-based adjuvant chemotherapy. For the two groups, the median follow-up time was 63.3 and 30.5 months, respectively. Patients in the two groups have similar menopause status (p > 0.05 by chi-squared test; Table 1) but slightly different age distributions (p < 0.05 by t-test, effect size Cohen’s d = –0.16). Patients receiving epirubicin-based chemotherapy had a higher proportion of stage II breast cancer (p < 0.05 by chi-squared test; Table 1) and a larger tumor size on average (p < 0.05 by KS test), which was adjusted in the multivariate analysis below.


TABLE 1. Clinical and pathological characteristics of breast cancer patients treated with PLD or epirubicin-based regimens.

[image: Table 1]


Efficacy of the Two Regimens

The 3–, 5–, and 10-year OS were 98.0%, 94.7%, and 94.7% for PLD-based adjuvant chemotherapy and 98.2%, 96.8%, and 89.5% for epirubicin-based one. The Kaplan–Meier method showed no significant difference of OS between the two groups (p > 0.05; Figure 1A). Multivariate analysis using the Cox proportional hazards model showed that the HR of the PLD-based regimen was 1.02 (95% CI: 0.50–2.09) after adjusting for multiple factors (age, menopause status, stage, molecular subtype, and tumor size). Meanwhile, the 3–, 5–, and 10-year DFS were 95.5%, 92.6%, and 91.6% for PLD-based adjuvant chemotherapy and 95.0%, 91.4%, and 86.8% for the epirubicin-based one. Similar to OS, the Kaplan–Meier method did not show significant difference of DFS between the two groups (p > 0.05; Figure 1B) and Cox proportional hazards model yielded an unchanged HR associated with the PLD-based regimen for DFS (HR = 0.94; 95% CI: 0.57–1.56) after adjusting for the above factors.
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FIGURE 1. The Kaplan–Meier analysis for the PLD-based regimen vs. the epirubicin-based regimen. (A) Comparison of OS between the two regimens. (B) Comparison of DFS between the two regimens. PLD, pegylated liposomal doxorubicin; EPI, epirubicin.


To assess the efficacy of the two regimens for different stages of breast cancer, we performed survival analysis for patients with stage I, II, and III breast cancer. The 3–, 5–, and 10-year OS of the two regimens for different cancer stages is shown in Supplementary Table 1. The Kaplan–Meier method showed no significant difference of OS between the two regimens for each stage (Figure 2A). The Cox proportional hazards model showed that the HR of the PLD-based regimen was 0.90 (95% CI: 0.38–3.00), 1.37 (95% CI: 0.59–3.15), and 1.17 (95% CI: 0.19–7.08), respectively, for stage I, II, and III breast cancers. The 3–, 5–, and 10-year DFS of the two regimens for different stages is also shown in Supplementary Table 1. The Kaplan–Meier method showed no significant difference of DFS between the two regimens for each stage (Figure 2B). For DFS, the Cox proportional hazards model showed that the HRs of the PLD-based regimen was 0.74 (95% CI: 0.31–1.76), 1.11 (95% CI: 0.61–2.05), and 1.49 (95% CI: 0.45–4.90) respectively, for stage I, II, and III breast cancers.
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FIGURE 2. (A) The Kaplan–Meier curves comparing OS between the two groups for stage I, II, and III breast cancer. (B) The Kaplan–Meier curves comparing DFS between the two groups for stage I, II, and III breast cancer. OS, overall survival; DFS, disease-free survival.


We also assessed the efficacy of the two regimens for patients with molecular subtypes of HER2-positive, luminal, triple-positive, and triple-negative. For HER2-positive patients, the Kaplan–Meier method showed no significant difference in OS and DFS (Figure 3A), and the Cox proportional hazards model showed that the HR of the PLD-based regimen was 0.83 (95% CI: 0.09–7.40) and 1.25 (95% CI: 0.23–6.82) for OS and DFS, respectively. Similarly, for luminal patients, no difference in OS and DFS was observed (Figure 3B) and the HR of PLD-based regimen was 0.67 (95% CI: 0.25–1.83) and 0.63 (95% CI: 0.32–1.26) for OS and DFS, respectively; for triple-positive patients, no difference in OS and DFS was observed (Figure 3D) and the HR of the PLD-based regimen was 0.77 (95% CI: 0.08–7.38) and 0.47 (95% CI: 0.10–2.18) for OS and DFS, respectively; and for triple-negative patients, no difference in OS and DFS was observed (Figure 3C) and the HR of the PLD-based regimen was 3.30 (95% CI: 0.92–11.83) and 2.18 (95% CI: 0.85–5.57) for OS and DFS, respectively.
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FIGURE 3. (A) The Kaplan–Meier curves comparing OS and DFS between the two groups in the HER2-positive patients. (B) The Kaplan–Meier curves comparing OS and DFS between the two groups in the luminal patients. (C) The Kaplan–Meier curves comparing OS and DFS between the two groups in the triple-negative patients. (D) The Kaplan–Meier curves comparing OS and DFS between the two groups in the triple-positive patients. OS, overall survival; DFS, disease-free survival.




Side Effects

We further compared the cardiac toxicity between the two groups. Based on available patients’ LVEF data (159 patients from the PLD-based group and 132 from the epirubicin-based group), Student’s t-test showed that LVEF decreased significantly less in the PLD-based group (p < 0.05; Supplementary Table 2). For available ECG data (626 patients from the PLD-based group and 479 from the epirubicin-based group), chi-squared test also showed that PLD-based group had more normal cases after treatment (p < 0.05; Supplementary Table 2). All these results suggested that the PLD-based regimen caused less cardiac toxicity.



DISCUSSION

Although anthracyclines have a long history of being used in adjuvant chemotherapy for breast cancer treatment, their cumulative toxicity has led to life-threatening side effects that restrict further clinical applications (Khasraw et al., 2012; Nicolazzi et al., 2018; Cai et al., 2019). For the purpose of reducing the toxicity, PLD has been developed and is now used in treating both early and advanced breast cancer (Gabizon et al., 2008; Zhao et al., 2017). Pegylated liposomal doxorubicin appeared to be an efficacious and relatively safe option as adjuvant therapy (based on 180 patients), as the toxicities associated with the treatment were mostly manageable (Lu et al., 2016). In this study, we compared survival outcomes and cardiac toxicity between PLD- and epirubicin-based adjuvant therapy for stage I–III breast cancer. We showed that PLD had similar antitumor efficacy as epirubicin while inducing lower level of cardiac toxicity, which suggests that PLD-based adjuvant chemotherapy could be a preferred treatment option for breast cancer patients especially with existing cardiac disease.

To the best of our knowledge, this study has at least the following three major strengths. First, this study has a large sample size consisting of 1,471 patients, which allows reliable statistical inference; second, this study has a relatively long follow-up time (up to 209.2 months), which is important for monitoring the cardiac side effects; third, this study has a comprehensive record of clinical information, which makes it possible to compare OS and DFS in patient subgroups (i.e., different stages and molecular subtypes).

One obvious limitation is the retrospective design of this study. Although over 1,400 patients with breast cancer were analyzed in this study, lack of prospective randomization could make our results less convincing. Another limitation is that all patients enrolled in this study (at Sir Run Run Shaw Hospital) were Han Chinese, which makes the conclusions potentially inapplicable to other ethnicity groups even in China. In addition, PLD-based regimen needs to be compared with well-performing non-anthracycline regimens for breast cancer treatment in China (Jones et al., 2006). Nevertheless, this study warrants large-scale prospective studies with more ethnicity groups enrolled in the near future.



CONCLUSION

By comparing the efficacy and toxicity profiles between PLD- and epirubicin-based adjuvant therapy for stage I–III breast cancer, we conclude that, in Han Chinese, PLD has a similar anti-breast cancer efficacy as epirubicin while it induces a lower level of cardiac toxicity. This study also suggests that, for breast cancer patients (especially those with existing cardiac disease), PLD-based adjuvant chemotherapy should be a better option than the epirubicin-based one.
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Circulating tumor cells (CTCs) have important applications in clinical practice on early tumor diagnosis, prognostic prediction, and treatment evaluation. Platinum-based chemotherapy is a fundamental treatment for non-small cell lung cancer (NSCLC) patients who are not suitable for targeted drug therapies. However, most patients progressed after a period of treatment. Therefore, revealing the genetic information contributing to drug resistance and tumor metastasis in CTCs is valuable for treatment adjustment. In this study, we enrolled nine NSCLC patients with platinum-based chemotherapy resistance. For each patient, 10 CTCs were isolated when progression occurred to perform single cell–level whole-exome sequencing (WES). Meanwhile the patients’ paired primary-diagnosed formalin-fixed and paraffin-embedded samples and progressive biopsy specimens were also selected to perform WES. Comparisons of distinct mutation profiles between primary and progressive specimens as well as CTCs reflected different evolutionary mechanisms between CTC and lymph node metastasis, embodied in a higher proportion of mutations in CTCs shared with paired progressive lung tumor and hydrothorax specimens (4.4–33.3%) than with progressive lymphatic node samples (0.6–11.8%). Functional annotation showed that CTCs not only harbored cancer-driver gene mutations, including frequent mutations of EGFR and TP53 shared with primary and/or progressive tumors, but also particularly harbored cell cycle–regulated or stem cell–related gene mutations, including SHKBP1, NUMA1, ZNF143, MUC16, ORC1, PON1, PELP1, etc., most of which derived from primary tumor samples and played crucial roles in chemo-drug resistance and metastasis for NSCLCs. Thus, detection of genetic information in CTCs is a feasible strategy for studying drug resistance and discovering new drug targets when progressive tumor specimens were unavailable.

Keywords: circulating tumor cells, drug resistance, non-small cell lung cancer, platinum-based chemotherapy, single cell–level WES


INTRODUCTION

Lung cancer is the most common malignancy with the highest incidence and mortality both in China and worldwide (Siegel et al., 2021). Non-small cell lung cancer (NSCLC) comprises about 85% of all lung cancers (LCs), and 50% of NSCLC patients relapse within 5 years after surgery (Taylor et al., 2012; Uramoto and Tanaka, 2014). With the development of detection techniques and targeted therapies, the diagnosis and treatment of NSCLC have made great progress and increased patients’ 5-year survival rate in recent years (Carlisle et al., 2020; Siegel et al., 2021). Postoperative adjuvant platinum-based chemotherapy is still the standard regimen for NSCLC patients for whom targeted therapy or progressive after targeted therapy is not applicable. However, a great proportion of NSCLC patients still progress to late-stage disease because of development of drug resistance after treatment. Therefore, it is important to reveal the genetic features of such drug resistance and adjust subsequent treatment to meet precision medicine targets.

Circulating tumor cells (CTCs) are cancer cells detected in the blood of cancer patients. They are assumed to disseminate from the primary tumor lesions and carry the primary lesion’s genetic information to relapse tissues through blood circulation during tumor development (Alix-Panabières and Pantel, 2013). CTC’s tumorigenic potential is validated in immune-compromised mice by using CTCs from breast cancer, NSCLC, small cell lung cancer (SCLC), and melanoma (Baccelli et al., 2013; Hodgkinson et al., 2014; Girotti et al., 2016; Morrow et al., 2016). It is increasingly accepted to use CTCs in monitoring of early tumor prognosis, recurrence assessment, and therapeutic drug screening in many cancers (Lin et al., 2018). For example, CTCs can be cultured in vitro for drug screening (Yu et al., 2014; Carter et al., 2017) or explanted in immune-compromised mice for different therapeutic interventions in SCLC (Hodgkinson et al., 2014; Drapkin et al., 2018) and NSCLC (Morrow et al., 2016; Xu et al., 2018a). Therefore, genetic information in CTCs from drug-resistance patients can help to dissect the mutational evolutionary process driving the transition from a primary tumor to a progressive or metastatic tumor during drug treatment and help us to speculate on the drug-resistance mechanisms underlying tumor progression and explore new drug targets.

In this study, we enrolled a total of nine patients of stage II–IV NSCLC who were all treated with platinum-based chemotherapy independently since diagnosis or after targeted drug treatment, and all progressed within 3 years after chemotherapy (Table 1 and Supplementary Table 1). For each patient at the tumor progressive phase, 10 ml of peripheral blood samples and paired lymph node or lung tumor tissue biopsy or 20 ml of hydrothorax were collected in addition to the paired primary formalin-fixed and paraffin-embedded (FFPE) lung tumor or hydrothorax samples when diagnosed. Then CTCs were isolated from the blood samples using a ClearCell FX1 platform. Whole-exome sequencing (WES) was performed on CTCs and paired primary tumor and progressive samples for each patient to compare the difference of somatic mutation profiles to reveal the genetic information involved in platinum-based chemotherapy and progression of NSCLC.


TABLE 1. Detailed clinical information for each patient.
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MATERIALS AND METHODS


Patients and Sampling

Nine relapsed NSCLC patients (Stage II–IV) after treating with platinum-based chemotherapy were enrolled in this study. Their peripheral blood samples, paired tumor biopsies, or hydrothorax samples at disease progressive stage as well as FFPE samples of primary tumor tissues were collected at the Shanghai Chest Hospital of Shanghai Jiao Tong University. Diagnoses of LC were histopathologically confirmed for all patients. Clinical and pathological information are summarized in Supplementary Table 1. Informed consent, for sample, acquisition and research purposes in this study were obtained from all patients, and the study was approved by the Medical Ethics Committee of Shanghai Chest Hospital of Shanghai Jiao Tong University to conduct in accordance with the Declaration of Helsinki principles.



Isolation of Circulating Tumor Cells From Blood Samples

A total sample of 10 ml of blood from each cancer patient was collected in a Streck vacutainer tube and processed within 24 h after collection. CTCs were first enriched via mass-dependent microfluidics and then manually picked through immunofluorescent staining of both positive staining for pan-cytokeratins (panCK+) and negative staining for CD45 (CD45−) on the basis of an intact Hoechst-stained nucleus (blue fluorescence) as in the method previously reported (Hou et al., 2013; Xu et al., 2018a; Abouleila et al., 2019; Chemi et al., 2019). Anti-CD45 (AB40763, Abcam, United States), anti-panCK (AB7753, Abcam, United States), and Hoechst 33342 were used for imaging of CTCs and white blood cells (WBCs) (Figure 1), which were counted under a fluorescence microscope (Olympus IX73), manually picked with a glass capillary into an ice-precooling low-adsorption PCR tube, and stored at −80°C for further experiments. To prevent sequencing failures, biological triplicates to quintuplicates of 10 CTCs were collected from each patient. Biological triplicates of 10 WBCs were collected from the blood sample of P8 and used as the reference control for calling mutations in 10-CTC WES data sets after whole genome amplification (WGA).


[image: image]

FIGURE 1. Fluorescence images for identification of CTCs and WBCs stained with antibodies from lung cancer patients. (A) WBCs were stained with Hoechst (blue), CD45+ (red), panCK– (dark), and merged images of three-antibody staining. (B) CTCs were stained with Hoechst (blue), CD45– (dark), panCK+ (green), and merged images of three-antibody staining. (C) Optical images (60× magnification) of isolated CTCs and WBCs under the microscope. Scale bar is 20 mm. CTC morphology is characterized by green fluorescence staining by panCK and nuclear blue staining by Hoechst but negative staining by CD45. CTCs, circulating tumor cells; WBCs, white blood cells.




Genomic DNA Isolation and Purification From Bulk Tumor Cell Samples

Genomic DNA (gDNA) was extracted from the FFPE samples using the GeneRead DNA FFPE Kit (Qiagen, United States), from the fresh tumor tissue samples using AllPrep DNA/RNA Mini (Qiagen, United States), from bulk WBC samples using the DNA Blood Midi/Mini kit (Qiagen, United States), or large DNA fragments (>500 bp) from the hydrothorax samples using the MagMAXTM Cell-Free DNA Isolation Kit (Life Technology, United States) according to the manufacturer’s instructions, respectively. The quality of purified DNA was assayed by gel electrophoresis and quantified by a Qubit® 4.0 Fluorometer (Life Technologies, United States).



Oligo-Cell Whole Genome Amplification

After PBS buffer was removed by centrifugation, 10 CTCs or WBCs were directly lysed in the PCR tube and WGA was performed using the kits of both Preimplantation Genetic Screening of Chromosomal Copy Number Variations (Berry Genomics, China) and/or MALBAC Single Cell DNA Quick-Amp Kit (Yikongenomics, China) according to the manufacturer’s protocols. The WGA gDNA was further underwent WES according to the following method.



Library Construction and Whole-Exome Sequencing

The purified gDNA or WGA gDNA was first fragmented into DNA pieces around 300 bp using the enzymatic method (5 × WGS Fragmentation Mix, Qiagen, United States). The WES library was prepared and constructed using the 96 rxn xGen Exome Research Panel v1.0 (Integrated DNA Technologies, United States), and sequencing was applied on a NovaSeq 6000 platform (Illumina, San Diego, CA, United States) with a 150PE mode according to the manufacturer’s protocol (Jia et al., 2020).



Bioinformatics Analysis of Standard Whole-Exome Sequencing Data

For the tumor tissue or hydrothorax samples, single nucleotide variations (SNVs) and small insertions and deletions (Indels) were called and annotated according to previous reports (Jia et al., 2020). Briefly, the non-synonymous SNVs/Indels with VAF > 3% or with VAF > 1% in cancer hot spots as well as with VAF ratio of variant/reference >5 and p < 0.01 (Fisher’s exact test) for the variant compared between tumor samples and WBC samples were kept for further analysis (Supplementary Table 3). Tumor mutation burden (TMB) was defined as the total number of non-synonymous SNVs/Indels per megabase of coding region of a tumor genome in WES.



Bioinformatics Analysis of Whole-Exome Sequencing Data of Circulating Tumor Cells

To obtain high-confidence SNVs/Indels from WES of CTCs, the following filters were applied in addition to the above analysis, and the final results are listed in Supplementary Table 3:


(1)Based on annotations using ANNOVAR (Wang et al., 2010), the variants that presented in either the 1000 genomes or the ExAC 03 database were removed.

(2)Mutations that referred to blacklisted genomic regions obtained from the UCSC Genome Table Browser and ENCODE Data Analysis Consortium were removed (Letouzé et al., 2017).

(3)Any variants called in any type of the WBC controls were also excluded.

(4)Variants in CTCs that also presented in either the tumor tissue or malignant pleural effusion samples were kept for further analysis.

(5)After the above filtration, for each patient, if a variant presented in tumor tissues or malignant pleural effusion samples but was not covered in the CTC WES data sets, its read number and sequencing depth were checked in the bam file of CTCs. If the variant reads ≥4 in CTCs and <0.01 (Fisher’s exact test) for the variants compared between CTCs and tumor samples, the variant was considered as a true mutation in CTCs and kept for further analysis. If p > 0.05, the missing variant in CTCs might be caused by low sequencing coverage in CTC WES, and it was removed from further analysis.





Chemo-Resistance and Stem Cell–Related Mutation Screening

For the genes and variants related to cancer chemotherapy treatment, we downloaded a file, Variant, Gene, and Drug Relationship Data.zip, from PharmGKB annotations1 as the reference data set and blasted against the variants calling in all the samples to obtain the chemo-resistance genes and mutations list. For the genes and variants related to the function of stem cells, the mutations were screened by the keywords of “stem cell” in the annotation results and then we manually retrieved their influence on cancer stem cells in the published literatures. In addition, all the mutations of each sample were also blasted against the gene lists of 10 canonical oncogenic signaling pathways and 10 DNA damage repair pathways according to the published The Cancer Genome Atlas (TCGA) methods (Knijnenburg et al., 2018; Sanchez-Vega et al., 2018) because these genes are usually cancer-driver genes and contribute to tumor metastasis and drug resistance. These screening results are also listed in Supplementary Table 3.



Statistical Analysis and Data Visualization

Statistical analysis used in mutation calling in the CTCs and tumor tissues was described as in the above methods. The Venn and heat map of data visualization were conducted by R/Bioconductor software packages.2



RESULTS


Comparison of Whole-Exome Sequencing Quality of Oligo Circulating Tumor Cells, White Blood Cells, and Tumor Specimens

To sequence more CTCs each time as well as to consider the threshold of calling somatic mutations, we pooled 10 CTCs or WBCs together in one tube each time to construct a sequencing library and performed the single cell–level WES as described in the method section. The sequencing data first had filtered out the low-quality reads. More than 83% effective reads were mapped to the reference human genome sequence (hg19/GRCh37) for each sample; the mean coverage of whole exome target regions was 94.8% for CTCs and 87.9% for WBCs as well as 20× depth coverage that accounted for about 87.4 and 61.0% of the whole exome regions for CTCs and WBCs, respectively (Supplementary Table 2), similar to the previous report (Chemi et al., 2019). For the WES of primary and progressive tumor or malignant pleural effusion specimens of each patient, at least 93% effective reads were mapped to the reference human genome sequence, and 20× depth reads covered more than 98.3% of the whole exome regions (Supplementary Table 2).

Single nucleotide variations/Indels called in CTCs were filtered by those detected in 10 WBCs and bulk WBCs; only SNVs/Indels that were also detected in primary or progressive specimens or hydrothorax samples were involved for further bioinformatics analysis (Supplementary Table 3) as described in the method section.



Various Heterogeneity of Somatic Mutations During Tumor Evolution After Platinum-Based Chemotherapy

Whole-exome sequencing data show a distinct somatic mutation spectrum of primary and progressive specimens with platinum-drug resistance features (top 40 genes in Figure 2A and Supplementary Table 3). The progressive mutational gene functions were significantly enriched to cancer-driver, cell adhesion, and metal ion/calmodulin/ATP binding genes in comparison with those in primary tumors: calcium signaling and cell cycle pathways, protein kinase, transcription factor activity, and calmodulin/ATP/chromatin bindings (Supplementary Table 4). Except for patients P3 and P8, who had no paired primary FFPE sample, more than half of patients’ (n = 5/7) primary and progressive tumors harbored dozens of overlap mutations, variously accounting for from 16.7 up to 76.9% of total mutations in each patient, indicating various somatic mutation heterogeneity during tumor evolution after platinum-based chemotherapy in different patients, which could also be reflected by TMB changes. Five of seven patients (71.4%) harbored increased TMB (Figure 2B) and three (42.9%) had less proportion of shared gene mutations (Figure 2C) in the progressive specimens than in the primary ones, indicating that new mutations occurred in the progressive tumors when drug resistance occurred in these patients.
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FIGURE 2. Somatic mutation spectrum and changes of mutation abundance before and after platinum-based chemotherapy treatment of each patient. (A) Somatic mutation spectrum in PM and PG. TMB, gene names and related pathways, and clinical information of each patient are on the top, right, and left of the graph. (B) Changes of TMB in PM and PG. (C) Shared gene mutation proportion in PM and PG. PM, primary specimens; PG, progressive specimens; TMB, tumor mutations burden.


The overlapped mutations between primary and progressive tumor tissues included LC–driver genes (Sanchez-Vega et al., 2018), such as recurrent mutations of EGFR and TP53 among most patients as well as sporadic mutations of essential genes FAT1, NOTCH2, NTHL1, and POLH (of P4), RB1, MSH6, ATR, ATRIP, and APTX (of P6), SMAD4 (of P7), CDKN1A, RBL1, FZD10, PER1, PPP4R4, and FANCM (of P9) as well as multidrug resistance genes of MDM2, NUP107, and UMPS (of P4) (Figure 2A and Supplementary Table 3), showing the diversity of somatic mutations during tumor metastasis and platinum-drug resistance among different patients.



Circulating Tumor Cells Harboring Mutations Exclusively From Those in Progressive Lymph Nodes

The sequencing results show 10 CTCs carried dozens of SNVs/Indels on an overall level, and the mutation abundance in CTCs varied in different patients (Figure 3). Only one patient’s CTC carried more and exclusive SNVs/Indels in comparison with the paired primary and progressive tumor specimens (n = 1/9, P5; Figure 3F). Other patients harbored a small number of SNVs/Indels simultaneously identified in CTCs and primary and progressive tumor samples, in total accounting for 2.69% of primary and 2.20% of progressive tumor mutations, respectively, indicating a high level of tumor heterogeneity among CTCs and primary and progressive specimens. Notably, the CTCs of three patients (P3, P4, and P6) whose primary and progressive tumor specimens were lung tumor tissue or hydrothorax harbored more mutations shared with progressive samples (33.3% for lung tumor tissue and 4.4–15.6% for hydrothorax) than with progressive lymph nodes (0.6–11.8%). Particularly for P4, the shared mutations included several important tumor metastasis–related and drug-resistance genes, such as ZNF143, MUC16, NUMA1, ADAMTS2, and MOV10 (Figure 3E and Supplementary Table 3).
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FIGURE 3. Venn diagrams to show numbers of SNVs/Indels identified in the lung PM, PG, and CTC specimens. (A) Summary of all nine patients. (B–J) Each patient from Patient 1 to 9. Numbers in Venn diagrams referred to gene numbers. Some essential mutation genes identified are indicated at the corresponding samples. Gene names in bright red denote the mutations shared among PM, PG, and CTC specimens; gene names in dark red denote shared between primary specimens and CTCs; gene names in blue denote shared between progressive specimens and CTC.


Comparing mutations of CTCs with those of primary or progressive samples, except for P2 whose CTCs contained the same numbers of shared mutations between primary and progressive specimens, included a cancer-suspicious gene WDR19 in primary tumors and a tumor suppressor gene PPIL2 in progressive lymph nodes. Four patients’ CTCs (n = 4/7, 57.1%) harbored more mutation overlap with the primary lung tumors, including a nonsense mutation of a tumor-suppressor gene RRAD in P1, cancer-driver genes of POLR2A and TP53 in P5, chromatin-remodeling oncogenes BPTF and ELP3 in P6, a stem cell–related gene ORC1, and a drug-resistant gene ST6GAL2 in P9 (Figure 3 and Supplementary Table 3). Two patients’ CTCs, including one progressive specimen that was a hydrothorax biopsy (n = 1/2, 50.0%) and one progressive specimen that was a lymph node biopsy (n = 1/6, 16.7%), harbored mutation profiles more like those of progressive specimens, including chemotherapy-related gene RXRG and EGFR (with a new mutation site of p.L718Q) in P4 as well as drug-resistance genes ARHGAP26, CSMD3, and a stem cell–related gene PON1 in P7. Our findings are consistent with the recent report of different evolutionary mechanisms between lymph node metastasis via the lymph system and distance metastasis via the blood circulating system (Reiter et al., 2020).



Cell Proliferation and Stem Cell–Related Drug-Resistance Information Detected in CTCs

To interpret drug-resistance genetic information in the CTCs of each patient, the SNVs/Indels of CTCs and progressive and primary specimens were blasted against a cancer chemotherapy database of PharmGKB annotations (see text footnote 1) and a gene list involved in 10 canonical oncogenic signaling pathways and 10 DNA damage repair pathways that were reported to have essential roles in tumor metastasis and drug resistance based on TCGA PanCancer Atlas Project (Knijnenburg et al., 2018; Sanchez-Vega et al., 2018) as described in section “Materials and Methods.” The SNVs/Indels were also screened by the keyword “stem cell” in the annotation results and then manually retrieved through public literatures to evaluate their relationship with cancer stem cell features. The results show that the two most frequent mutation genes were EGFR and TP53 (Figure 4), which are both cancer-driver and drug-resistance genes in LC. Several cell cycle- and stem cell-related gene mutations were also identified to share between CTCs and primary or progressive specimens depending on different patients (Table 2).
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FIGURE 4. Screening of SNVs/Indels related to chemotherapy and stem cell features shared with PM and/or PG and CTC specimens of all the patients. The gray region represents wild-type. The blank denotes no sequencing reads covered. Sample types are shown on the bottom, and patient IDs are shown on the top of the graph. Mutation genes are listed on the right. The dark blue region represents mutation genes. Chemo denotes chemotherapy-related genes, and stem denotes stem cell feature–related genes, anno denotes annotation, shown on the left column.



TABLE 2. Genetic information identified in CTCs of platinum-drug resistance patients.

[image: Table 2]For P1, more somatic mutations were detected in the primary tumor (Figure 3B), and TMB decreased obviously in the progressive specimens (Figure 2B). An EGFR activity-regulating gene, SHKBP1 (SH3KBP1 binding protein 1), mutation was identified in both progressive lymph nodes and CTCs. Its upregulation concomitantly induced activation of AKT through the TGFβ pathway and regulation of EGFR activity and was highly correlated with epithelial-mesenchymal transition (EMT) and resistance to erlotinib in osteosarcoma cancer stem cell–like cells (Wang et al., 2019). In addition, a nonsense mutation at C terminal (p.R263X) of RRAD gene was detected in both the primary tumor and CTCs. It is a tumor-suppressor gene and encodes a RAS-related glycolysis inhibitor and calcium channel regulator (RRAD), a small Ras-related GTPase that has been implicated in metabolic disease and several types of cancer. For example, its expression decreased in hepatocellular carcinoma (HCC) tumor tissues and played an important role in regulating aerobic glycolysis and cell invasion and metastasis of HCC (Shang et al., 2016). Therefore, both SHKBP1 and RRAD probably contributed to tumor development and drug resistance through RTK/RAS-related regulations.

For P2, increased TMB and more chemotherapy drug–related gene mutations were detected in the progressive tumor (Figure 3C), including TP53, CXCL12, MUC16, SHKBP1, ABCC11, CYP2C9, and a nonsense mutation (p.Y158X) of CYP26B1, than those of the primary tumor, such as SLCO1B1. However, only mutations of PPIL2 and JAKMIP3 were identified in the progressive tumor and CTCs. Upregulation of PPIL2 was reported to inhibit EMT and tumor invasion by interacting with the classical EMT transcription factor, SNAI1, to enhance its ubiquitin-dependent degradation in breast cancer (Jia et al., 2018). However, JAKMIP3’s role in LC is not known.

For P3 and P8, who only had progressive tumor and CTC samples (Figures 3D,I), the driver genes EGFR with p.L858R mutation and LEF1 of the Wnt signaling pathway were detected, respectively, in both CTCs and progressive tumors of each patient. Mutation of TAOK1 of the Hippo pathway and KEAP1 of the NRF2 pathway in the progressive tumors of P3 as well as NOTCH1 (frameshift deletion of p.R1824fs) of Notch pathway, IRS1 and RASAL2 of RTK-RAS pathway, TP53 of p53/CPF pathway, and a multidrug-resistance gene ABCC11 in the progressive tumors of P8 were also detected, indicating their roles are involved in the evolution of tumor progression and possibly also are involved in drug resistance.

Increased TMB, more progressive somatic mutations (Figure 3E), and more shared drug-resistance or cancer stem cell–related gene mutations were detected in P4 than in other patients (Figure 4 and Supplementary Table 3). For instance, NUMA1 encodes nuclear mitotic apparatus protein 1, involved in mitotic prometaphase of the cell cycle. Its short isoform behaved as a putative tumor suppressor through regulating the expression of MYB proto-oncogene like 2 (MYBL2) and played an important role in the cell cycles and cancer relapse and drug resistance (Qin et al., 2017). ZNF143 positively regulates tumor growth through transcriptional regulation of DNA replication and cell-cycle-associated genes (such as CDC6, PLK1, and MCMs) in multiple solid tumors, including in LCs (Izumi et al., 2010). MUC16, encodes mucin 16, a cell surface–associated protein, CA125, which is a biomarker in various cancers. The overexpression of MUC16 induced by gene mutations was reported to affect LC cells, increasing their resistance to cisplatin and gemcitabine, promoting their growth, and enhancing their migration and invasion by downregulation of p53 (Lakshmanan et al., 2017; Kanwal et al., 2018). MOV10, encoding Mov10 RISC complex RNA helicase, was reported to be highly expressed with POLR2A, MAPK3, and XAB2 in 95% of 54 lung adenocarcinoma (LUAD) cases with poor prognosis (Mao et al., 2020).

For P5, although there were hundreds of mutations identified in the CTCs and primary tumor specimens, only four mutations (VAF = 0.11—0.28) were shared ones (Figure 3F), probably due to sampling bias in the progressive specimen. Two important genes found in the CTCs and primary and progressive tumors: LZTR1 (a frameshift deletion at p.T7fs) of the Wnt pathway and a transcription factor gene PELP1 of the estrogen receptor (ER) signaling pathway, which both closely relate to cancer metastasis reported in LCs (Słowikowski et al., 2015; Motta et al., 2019; Wang and Bao, 2020). Two other mutations shared by the primary tumor and CTCs were cancer-driver gene TP53 (splicing mutation at c.97-1G > T) of the p53/CPF pathway and POLR2A of NER (Supplementary Table 3).

For P6, many consistent mutations (76.9%) between primary and progressive hydrothorax specimens were observed (Figure 3G). Mutations of BPTF, encoding a bromodomain PHD-finger transcription factor, was identified in primary tumor and CTCs. It interacts with SMAD2 and has functions of chromatin reorganization and transcriptional regulation through the Wnt signaling pathway downstream of the TGFβ pathway (Liu et al., 2011), indicating its potential role of tumor metastasis and relapse. The ELP3 mutation was identified in both paired tumors and CTCs. It encodes the catalytic subunit 3 of the histone acetyltransferase elongator complex and contributes to transcript elongation and protein translation as well as chromatin organization and chromatin regulation/acetylation. Its overexpression promotes the migration and invasion of HCC and LC cells through the PI3K/AKT signaling pathway, suggesting elongator-driven metastasis in LC relapse and drug resistance (Xu et al., 2018b).

For P7, a dozen of the 53 somatic mutations shared between primary and progressive tumors (Figure 3H), such as EGFR (including hot spot mutation site p.L858R, and a non-canonical mutation p.D1014G), TP53 and SMAD4 mutations, indicating consistent tumor evolution in this patient. The mutations shared in CTCs and progressive tumors included CSMD3 and PON1. CSMD3 encodes CUB and Sushi multiple domains 3, a tumor suppressor. Its mutation is proved to resist to etoposide in SCLC (Qiu et al., 2019). PON1 encodes paraoxonase 1, a member of the paraoxonase family of enzymes and exhibits lactonase and ester hydrolase activity. It is reported to increase Nanog expression by genome-RNAi experiment and contributes to cancer stem cell features.3

For P9, 137 somatic mutations were shared between primary and progressive tumors (Figure 3J), but only two mutations were shared with CTCs: DNA replication regulation gene ORC1 and a transmembrane protein gene ST6GAL2. ORC1 encodes origin recognition complex subunit 1, one of subunits of protein complex essential for the initiation of the DNA replication in eukaryotic cells. It is reported to interact with CDC6 and KAT7/HBO1 to regulate the cell cycle and be a cancer stem cell feature-related gene in LUAD (Zhang et al., 2020).



DISCUSSION

In addition to Pemetrexed, platinum-based chemotherapeutics are used for NSCLCs without targeted therapies. They mainly inhibit the division of cancer cells by causing DNA replication disorders and have a wide range of clinical applications in cancer therapies (Relling and Evans, 2015; Dilruba and Kalayda, 2016). However, the drug resistance effect is a main barrier to its treatment efficiency. CTCs are regarded as the seeds of tumor cells detached from primary tumors, and they migrate through the blood circulating system to distant locations and grow up to be metastatic tumors. The development of NGS technology help to provide large genetic information in CTCs isolated from drug-resistant patients for us to understand the drug-resistance mechanisms underlying tumor progression and explore new drug targets.

In this study, GO and KEGG enrichment analysis on the WES data showed SNVs/Indels harbored by CTCs had a distinct and relatively narrow functional profile focusing on the calcium/calmodulin binding membrane and signaling pathway as well as some essential genes of pathways in cancer in comparison with those of primary and progressive specimens (Supplementary Table 4). Furthermore, the SNVs/Indels shared among CTCs and primary and progressive specimens in the patients with progressive lung tumor tissue (33.3%) and hydrothorax specimens (4.4–15.6%; Figures 3D,E,G) were more than those with metastasis lymph nodes (0.6–11.8%; Figures 3B,C,F,H–J), agreeing that distant metastasis is carried by CTCs through fundamentally different evolutionary mechanisms from those of lymph node metastasis (Reiter et al., 2020).

Tumor cellular detoxification, proliferation, or apoptosis through coordination of DNA damage repair as well as drug hydration and dissociation and transmembrane and signaling transduction systems result in different responses to platinum drug treatment. Any gene mutations impairing these processes would definitely influence therapy efficiency. Genetic variations of different individuals are revealed to associate with platinum-based chemotherapy response and drug toxicity in different LC patients (Cui et al., 2017). Our studies also reveal complex and patient-specific somatic mutation features in the platinum drug–resistant advanced NSCLCs, particularly harbored by CTCs (Figure 4). The most frequent mutation genes were EGFR and TP53, which is previously reported in other drug-resistant cancers (Ye et al., 2016). In addition, many chemotherapy-drug transmembrane and metabolism genes, including ABCC11, ABCG2, CYP26B1, CYP2C9, CYP2C19, ST6GAL2, RRAD, etc., were identified in primary or progressive specimens, but only a few of them were detected in CTCs. Contrarily, the functions of shared mutations carried by CTCs were frequently enriched to cancer genes of regulation of RTK/RAS signaling; cell cycle and apoptosis; and TGFβ signaling pathways, particularly related to stem cell features, such as SHKBP1 in P2, PON1 in P7, and ORC1 in P9 as well as NUMA1, ZNF143 and MUC16 of P4, PELP1 of P5, and possibly ELP3 and BPTF of P6 (Table 2), indicating the difference of intrinsic or acquired resistance between metastatic lymph nodes and CTCs in drug-resistant patients. The majority of these genes are derived from primary tumor samples (in 71.4% of patients except for two patients without the primary tumor samples) and a few genes (in 28.6% patients) might acquire mutations during tumor distance metastasis. The mutations or expressions of these genes are reported to have essential roles in cancer progression under platinum-based drug treatment and worthy to explore for new drug targets for antiplatinum drug resistance.



CONCLUSION

Individual dissection of mutational profiles of CTCs and paired tumor samples of platinum-based patients based on NGS technology not only demonstrate a genetic spectrum through the blood circulating system distinct from that of the lymph circulating system, but also reveal recurrent essential mutation genes related to cell proliferation and stem cell features, which facilitates our understanding of the molecular mechanisms underlying platinum-drug resistance and cancer metastases through CTCs. Therefore, it is practical to use the CTC-NGS strategy for new drug target exploration if progressive tumor specimens are unavailable in clinical practice, particularly for advanced patients.
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Esophageal cancer is the eighth most common cancer and the sixth leading cause of cancer death worldwide. Hence, for a better understanding of tumor microenvironment and to seek for novel molecular targets for esophageal cancer, we performed related studies on two histopathological subtypes of esophageal cancer: esophageal squamous cell carcinoma (ESCC) and esophageal adenocarcinoma (EAC). Bioinformatic analyses were conducted based on the RNA-seq, genomic mutation, and clinical data from TCGA and GEO cohorts. We clustered patients into high-immunity and low-immunity groups through the ssGSEA results. The ESTIMATE algorithm was used to evaluate the tumor microenvironment. Patients with high immunity in both ESCC and EAC had lower tumor purity and poor survival. Subsequently, CIBERSORT was performed to learn about the detailed difference of tumor-infiltrating lymphocytes (TILs) between high- and low-immunity patients. Specific increase of M2 macrophages and decrease of activated dendric cells can be observed in ESCC and EAC, respectively. The most enriched functions and pathways of high-immunity patients were immunoglobulin complex, MHC class II protein complex, and allograft rejection according to the GO terms and KEGG. Two prognostic immune-related multi-lncRNA risk models were constructed and validated by ROC curve and PCA in ESCC and EAC. High-risk patients in both subtypes had poor survival, advanced clinical characteristics, and higher drug susceptibility except cisplatin and sorafenib. In addition, the tumor mutation burden (TMB) was positively correlated with the risk level in the ESCC and EAC and showed distinct differences between the two subtypes. In summary, we comprehensively analyzed the tumor microenvironment for two subtypes of esophageal cancer, identified two multi-lncRNA signatures predictive for the prognosis, and explored the possibility of the signatures to forecast drug susceptibility as well as TMB for the first time. The findings may serve as a conceptual basis for innovative strategy of individualized immunotherapy for esophageal cancer.
Keywords: esophageal cancer, tumor microenvironment, long noncoding RNAs, risk score, prognosis, tumor mutation burden, drug susceptibility
INTRODUCTION
Esophageal cancer is a highly invasive malignancy with poor prognosis. According to World Health Statistics in 2018, the incidence of esophageal cancer ranked eighth and mortality ranked sixth (Gong et al., 2019). The 5-years overall survival rate is approximately 15% (Talukdar et al., 2018). Poor outcomes in patients with esophageal cancer are related to diagnosis at advanced stages and the propensity for metastases (Thrift, 2021). Esophageal cancer is generally classified into two histopathological subtypes: esophageal squamous cell carcinoma (ESCC) and esophageal adenocarcinoma (EAC). ESCC usually originates from esophageal squamous epithelial cells, always driven by the exposure of tobacco, alcohol, hot drink and malnutrition. In contrast, EAC develops from columnar metaplasia of the lower esophagus and is related to obesity and gastric acid reflux (Fatehi Hassanabad et al., 2020). These two subtypes have striking differences in geographical distribution possibly on account of the differences in exposure to risk factor and lifestyle. ESCC comprises the vast majority of esophageal cancer in southeastern and central Asia, southeastern Africa, and south America, whereas EAC is the predominant subtype in Northern Europe, Western Europe, North America, and Oceania, constituting approximately 46% of the global EAC with more pronounced differences in gender than ESCC (Dong et al., 2018).
Currently, the major therapeutic approaches of esophageal cancer are surgical resection and neoadjuvant chemoradiotherapy (CRT). The most commonly used biological and targeted agents in esophageal cancer included angiogenesis inhibitor ramucirumab and the inhibitors of epidermal-growth-factor receptors trastuzumab (Fatehi Hassanabad et al., 2020). However, due to the heterogeneity of esophageal cancer leading to inherent resistance to chemotherapy, and limited clinical benefits of intervention or targeted therapy, the survival and prognosis of advanced patients remain disappointing. Nowadays, immunotherapy has become a promising treatment approach, which aims to activate the immune system and rely on its intrinsic immune function to kill tumor cells. The immunotherapy includes chimeric antigen receptor T cells (CAR-T) therapy, immune-checkpoint blockade (ICB), oncolytic virus, and tumor vaccines (Baba et al., 2020). ICB has shown strong anti-tumor activity in solid tumors such as malignant melanoma, non-small cell lung cancer, renal clear cell carcinoma, and prostate cancer (Riley et al., 2019). Anti-PD-1/PD-L1 antibodies has brought a historic revolution for immunotherapy. Pembrolizumab has been approved by the U.S. Food and Drug Administration (FDA) to treat PD-L1 positive patients who have progressive disease after second-line therapies. Unfortunately, this anti-PD-1 antibody failed to improve the treatment efficacy in patients with advanced PD-L1-positive esophageal cancer (Shitara et al., 2018). With deeper research on the immunotherapy of esophageal cancer, more and more evidence showed that the complicated tumor microenvironment of esophageal cancer contributed to the intervention of anti-tumor immunoregulation or immunotherapy of esophageal cancer. Nevertheless, the exact mechanisms were not yet elucidated. Thus, a better understanding of antitumor immunity and tumor microenvironment is of utmost importance to improve the efficiency of immunotherapy.
Tumor microenvironment refers to the cellular environment in which the tumor develops, comprising tumor cells, endothelial cells, fibroblasts, immune cells, cytokines, growth factors, and extracellular matrix (Wu and Dai, 2017). Tumor cells can functionally secrete various cytokines, chemokines, and other factors to sculpt the microenvironment resulting in the alteration of the surrounding cells to intricately influence the occurrence and development of tumor. Tumor-associated macrophages, cytokines, IL-1, and complement have emerged as promoters in tumorigenesis, while myeloid cells and innate lymphoid cells are recognized as the potential tumor suppressor. Growing evidence suggested that the tumor microenvironment plays a pivotal role in regulating immune responses, facilitating immune escape, promoting angiogenesis, and inducing metastasis, contributing to a far-reaching impact on the effectiveness of immunotherapy (Meurette and Mehlen, 2018; Hinshaw and Shevde, 2019; Jarosz-Biej et al., 2019). Meanwhile, tumor mutation burden (TMB) was discovered as a novel biomarker to predict the efficacy of ICB. Higher TMB was generally related to better overall survival after ICB therapy for a variety of cancers, including non-small cell lung cancer, colorectal cancer, bladder cancer, and melanoma (Bader et al., 2020). Concerning the conventional reliable markers in immunotherapy of esophageal cancer, PD-L1 immunohistochemical evaluation results revealed that it hardly accurately predicted the therapeutic response to anti-PD-1 antibody in esophageal cancer patients (Yang et al., 2020a). Based on it, TMB is emerging as an immune-response biomarker for esophageal cancer.
Recently, researches have indicated that lncRNA may also be involved in tumor microenvironment remodeling in esophageal cancer, suggesting that it is of great value to study lncRNA associated with immunity (Robinson et al., 2020). Long non-coding RNAs (lncRNAs) are single-stranded RNAs longer than 200 nucleotides without protein coding potential, which mainly functions as the regulators of chromatin dynamics and gene regulation, closely associated with transcription, translation, and epigenetic modification (Qian et al., 2019). Aberrant expression, mutations, and SNPs of lncRNA are supposed to be correlated to tumorigenesis and metastasis (Wang et al., 2021). Genome-wide association studies have identified a large number of lncRNAs that may serve as biomarkers and therapeutic targets for esophageal cancer.
In this study, we aimed to plot the comprehensive landscape of tumor microenvironment and explore the prognostic immune-related multi-lncRNA signatures in ESCC and EAC. We hope that our findings will help elucidate the pathological mechanism partly and make further contribution to esophageal cancer.
MATERIALS AND METHODS
Data Sources
The publicly available esophageal cancer patient datasets were directly downloaded from The Cancer Genome Atlas (TCGA) data portal (https://tcga-data.nci.nih.gov/tcga/dataAccessMatrix.htm) and Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/), which contained RNASeqV2 normalized gene expression data of 135 ESCC samples (TCGA: 95, GEO: 53) and 143 EAC samples (TCGA: 87, GEO: 56) in total. The datasets of GEO originated from GSE54994 and GSE20154. The tumor somatic mutation data of two subtypes of esophageal cancer were also obtained from TCGA and GEO. Clinical information for 185 TCGA esophageal cancer cohorts was downloaded from UCSC Xena (http://xena.ucsc.deu/).
Single Sample Gene Set Enrichment Analysis
We calculated the enrichment levels of 29 immune-associated datasets in each esophageal cancer sample in the form of ssGSEA scores. These 29 immune signatures containing diverse immune cell types, function, and pathways were obtained from previous publications (Kobayashi et al., 2020) (Supplementary Table S1). Unsupervised hierarchical clustering was performed to classify patients into two subtypes: high immunity and low immunity.“GSVA” R package was used to do the cluster analysis.
Analysis for Tumor Environment and Immune Infiltration
Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data (ESTIMATE) is a tool for predicting tumor purity and presence of infiltrating stromal/immune cells in tumor samples. ESTIMATE algorithm was executed on the basis of ssGSEA results and generated three scores: stromal score (that captures the presence of stroma in tumor tissue), immune score (that represents the infiltration of immune cells in tumor tissue), and estimate score (that infers tumor purity) by “ESTIMATE” R package (Kang et al., 2020).
CIBERSORT algorithm is an R/Web-based tool for deconvolving the expression matrix of human immune cells based on linear support vector regression. Gene expression profiles of 22 common immune cells were downloaded as reference marker from CIBERSORT (https://cibersortx.stanford.edu/). The abundances of the 22 immune cells in esophageal cancer patients were calculated with “CIBERSORT” R package (Yang et al., 2021).
The immune infiltration analysis between high- and low-risk patients was conducted based on the file named “infiltration_estimation_for_tcga.csv” downloaded from TCGA including the immune infiltration data calculated by TIMER, CIBERSORT, CIBERSORT-ABS, EPIC, quanTIseq, MCP-counter, and xCell.
Building Risk Prediction Model for Esophageal Squamous Cell Carcinoma and Esophageal Adenocarcinoma
Univariate Cox proportional risk regression analysis was performed for each immune-related lncRNA with survival data. Least Absolute Shrinkage and Selection Operator (LASSO)-penalized Cox regression was utilized one step forward to obtain the best candidates of multi-lncRNA for predicting prognosis through the use of the “glmnet” package in R software. Afterwards, a risk score model of the prognostic multi-lncRNA was established according to the following formula: Lasso Risk core = [image: image].
Verification Study
In the validation of the risk model, receiver operating characteristic (ROC) curve and Principal Components Analysis (PCA) were conducted. We used the R package “survival ROC” for time-dependent ROC curve analysis. PCA served as a dimensionality reduction algorithm, utilizing the matrix of normalized gene counts of lncRNA in the risk model. Through orthogonal transformation, we maximized accuracy and minimized the error of overfitting, establishing the correlation between patients with high and low risk. The outcome was visualized using “scatterplot3d” package in R software.
Evaluation of Drug Sensitivity
IC50 represented the concentration necessary for 50% inhibition. We calculated IC50 of drugs through “pRRophetic” R package and its dependencies including “car, ridge preprocessCore, genefilter and sva”, which contained the effect information of 138 drugs. The boxplot was plotted by the use of “ggplot2” R package (Song et al., 2020).
Calculation of Tumor Mutation Burden Scores
Estimation was practiced to count the average number of somatic mutations in tumor genome including coding base substitutions insertions or indels per megabase (Mb) of the sequence examined based on the annotated list from TCGA-ESCA and GEO. We took 38 Mb as a routine value of the length of the human exon and divided the total mutation counts of missense, nonstop, nonsense, and frameshift number by 38 to compute TMB scores. “maftools” R package was employed to draw the waterfall plotting illustrating the relationship between risk scores and TMB in esophageal cancer patients (Kang et al., 2020).
Statistical Analysis
Statistical analysis was performed with R software version 4.0.4 on R Studio and GraphPad Prism eight software. The RNASeqV2 normalized gene expression and somatic mutation data from TCGA and GEO was merged by the “limma” R package and batch effect was removed by the “sva” R package. The differentially expressed immune-related lncRNAs were screened out with the application of the “limma” R package. Cox regression and survival analysis were conducted through “survival” and “survminer” R package. Hazard ratios for univariate and multivariate analysis were calculated by Cox proportional hazards regression model. The “pheatmap” R package was used for plotting heatmaps in analyses of cluster and risk score model. Wilcoxon rank-sum test was used to compare the difference of two groups of quantitative data; p < 0.05 was considered significant. Fisher’s exact test was used to analyze the ratio difference of immunity and risk cluster. The Gene ontology (GO) terms and KEGG pathways were analyzed by the R package “clusterProfiler”, which were identified by a threshold of p < 0.05.
RESULTS
Tumor Immune Microenvironment in Esophageal Squamous Cell Carcinoma and Esophageal Adenocarcinoma
Two immune clusters of esophageal cancer, namely, Immunity high (Immunity_H) and Immunity low (Immunity_L), were grouped according to the enrichment scores of infiltrating immune cells, immunity functions, and pathways between ESCC and EAC samples by the ssGSEA (Supplementary Table S2). Then, following the ESTIMATE algorithm, tumor purity, immune score, stromal score, and ESTIMATE score were calculated to further explore the tumor microenvironment. As a result, the stromal, immune, and ESTIMATE scores of the Immunity_H group were markedly higher than those in the Immunity_L group in both ESCC and EAC (Figures 1A,B). Conversely, the Immunity_L group scored higher in tumor purity (Figures 1C,D). The heatmap demonstrated the differential stromal/immune cell infiltration between the two clusters respectively in ESCC and EAC (Supplementary Table S3).
[image: Figure 1]FIGURE 1 | Landscape of tumor immune microenvironment in ESCC and EAC. (A) Heatmap of the tumor purity, ESTIMATE scores, stromal scores, immune scores, and tumor-infiltrating lymphocytes in Immunity_L and Immunity_H groups in ESCC. (B) Heatmap of the tumor purity, ESTIMATE scores, stromal scores, immune scores, and tumor-infiltrating lymphocytes in Immunity_L and Immunity_H groups in EAC. (C) Difference of tumor purity between Immunity_L and Immunity_H groups in ESCC. (D) Difference of tumor purity between Immunity_L and Immunity_H groups in EAC. ESCC, esophageal squamous cell carcinoma; EAC, esophageal adenocarcinoma; ssGSEA, single sample Gene Set Enrichment Analysis; ESTIMATE, Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression. *p < 0.05; **p < 0.01; ***p < 0.001.
Expression Level of Human Leukocyte Antigens Family Genes and Immune Checkpoints
Human leukocyte antigens (HLAs) mostly encoded by human major histocompatibility complex (MHC) were deeply involved in the resistance to foreign pathogens and immunological responses in a variety of pathological processes. Immune checkpoints have been proved to be crucial therapeutic targets for ICB (Wu et al., 2020a). We inspected the differential HLA genes and identified four immune checkpoint genes PD-L1, CTLA4, LAG3, and TIM-3 strongly associated with ESCC and EAC (Huang and Fu, 2019). As shown in Figures 2A–D, the expression levels of both HLA-related genes and immune checkpoints were notably elevated in the Immunity_H group in ESCC and EAC (Supplementary Table S4).
[image: Figure 2]FIGURE 2 | Differential genetic analyses of two immunity clusters in ESCC and EAC. (A) Differential expression of HLA family genes in Immunity_L and Immunity_H groups of ESCC. (B) Differential expression of HLA family genes in Immunity_L and Immunity_H groups of EAC. (C) Differential expression of PD-L1, CTLA4, LAG3, and TIM-3 in Immunity_L and Immunity_H groups of ESCC. (D) Differential expression of PD-L1, CTLA4, LAG3, and TIM-3 in Immunity_L and Immunity_H groups of EAC. *p < 0.05; **p < 0.01; ***p < 0.001.
Prognostic Features of the Two Immune Clusters in Esophageal Squamous Cell Carcinoma and Esophageal Adenocarcinoma
The survival data of patients with ESCC and EAC were used for overall survival analysis. The survival curve was plotted in Figures 3A,B showing that Immunity_L patients had longer survival than Immunity_H patients. The same situations occurred in ESCC and EAC (Supplementary Table S5).
[image: Figure 3]FIGURE 3 | Differential survival, TILs, and enriched functions and pathways of two immunity clusters in ESCC and EAC. (A) Survival curve of Immunity_L and Immunity_H groups in ESCC. (B) Survival curve of Immunity_L and Immunity_H groups in EAC. (C) Boxplot of differential TILs in Immunity_H and Immunity_L in ESCC. (D) Boxplot of differential TILs in Immunity_H and Immunity_L in EAC. (E) The most enriched GO terms and KEGG pathways between Immunity_L and Immunity_H groups in ESCC. (F) The most enriched GO terms and KEGG pathways between Immunity_L and Immunity_H groups in EAC. TILs, tumor-infiltrating lymphocytes; GO, Gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes. *p < 0.05; **p < 0.01; ***p < 0.001.
Tumor-Infiltrating Lymphocytes in the Two Immune Clusters in Esophageal Squamous Cell Carcinoma and Esophageal Adenocarcinoma
In order to investigate the differences of the tumor-infiltrating lymphocytes (TILs) between the two immune clusters, CIBERSORT was used to calculate the fractions of 22 TILs, respectively (Supplementary Table S6). Finally, we identified seven TILs of significant differences in ESCC and six TILs in EAC (Figures 3C,D). In ESCC, CD8+T cells, activated NK cells, M1 macrophages, M2 macrophages, and resting mast cells appeared more in the Immunity_H group than in the Immunity_L group, while the M0 macrophages and activated mast cells markedly decreased. In the Immunity_H group of EAC, CD8+T cells, M1 macrophages, and resting mast cells increased with the amounts of M0 macrophages, activated dendritic cells, and activated mast cells declining.
GO Terms and KEGG Pathways of the Two Immune Clusters in Esophageal Squamous Cell Carcinoma and Esophageal Adenocarcinoma
To further evaluate the similarities and differences of immunological functions between the two immune clusters of esophageal cancer, GO terms and KEGG pathway enrichment analysis was carried out. As displayed in Figures 3E,F, the main functions of the Immunity_H group enriched were similar in ESCC and EAC patients, including the “MHC class II protein complex”, “immunoglobulin complex”, “immunoglobulin receptor binding”, and “T cell receptor complex”. The major enriched KEGG pathways in the Immunity_H group of ESCC and EAC were associated with immune response. The most significant pathway in ESCC and EAC was “Allograft rejection”. Moreover, there were some cancer-related pathways among the ESCC and EAC KEGG list, such as “cytokine-cytokine receptor interaction”, “DNA replication”, “focal adhesion”, and “Rap1 signaling pathway” (Supplementary Table S7).
Construction of Multi-lncRNA Risk Assessment Model for Esophageal Squamous Cell Carcinoma and Esophageal Adenocarcinoma
Based on the RNA-sequencing data of TCGA and GEO samples from TCGA and GEO, we removed the genes encoding proteins and collected lncRNA expression data separately. Then, we choose the significantly differential and highly correlated with immune genes filtered by the criteria of Log|FC| > 1 and correlation coefficient R ≥ 0.4. p < 0.05 was set as the significance threshold. Subsequently, we incorporated the survival data into the immune-related lncRNA expression matrix and applied univariate Cox regression analysis to characterize lncRNA with good predictive performance for prognosis. As a result, differentially expressed immune-related lncRNA associated with prognosis were screened out with p < 0.05 in both ESCC and EAC (Supplementary Table S8).
To further assess the prognostic value of immune-related lncRNA, the Lasso Cox regression analysis was conducted. We identified the variation of regression coefficients for the prognostic lncRNA and selected the optimal and minimum criterion of penalization parameter (λ) used 10-fold cross-validation (Figures 4A,B, Supplementary Table S9). According to the Lasso risk score formula, we picked out the most correlated lncRNA with survival to establish the multi-lncRNA survival risk score models (Figure 4C). A 5-lncRNA signature of ESCC and an 8-lncRNA signature of EAC were obtained. SERPINB9P1, AL513123.1, and AL022341.1 were the risk factors of ESCC, while HOXB-AS3 and AL022322.1 were the protective factors. In EAC, LINC00662, IGFL2-AS1, LINC01614, and PRKAG2-AS1 were the risk factors, when TFAP2A-AS1, AC004687.1, AC096992.2, and AL512274.1 were protective factors. ROC analysis of the risk assessment model was performed to estimate the specificity and time-dependent sensitivity for survival risk groups (Figure 4D). The 1-year, 2-years, and 3-years area under curve (AUC) for the multi-lncRNA risk score model in ESCC and EAC suggested that these two models can effectively evaluate the prognosis of esophageal cancer patients. ESCC and EAC patients were grouped into “High risk” and “Low risk” according to the cutoff values from ROC analysis. Kaplan–Meier survival curves were plotted to help visualize the survival performance more intuitively. The results showed that the overall survival of ESCC and EAC patients in the “High-risk” group was significantly poorer than that in the “Low-risk” group (Figure 4E). In Figure 4F, it presented the expression level of lncRNA and patients’ survival status in the risk model. With the elevation of risk scores, the survival time declined and the number of deaths increased.
[image: Figure 4]FIGURE 4 | Construction of the prognostic immune-related multi-lncRNA risk model in ESCC and EAC. (A) Lasso regression coefficient profiles of the prognostic lncRNA in ESCC and EAC. (B) Optimal and minimum criterion of Lasso penalization parameter (λ) used 10-fold cross-validation in ESCC and EAC cohorts. (C) Multi-lncRNA prognostic signatures in ESCC and EAC. (D) ROC curve of 1-, 2-, and 3-years overall survival for validating the capacity of predicting prognosis of the risk models. (E) Kaplan–Meier survival analyses in “High-risk” and “Low-risk” groups of ESCC and EAC. (F) Expression level of the lncRNA and patients’ survival status in risk models of ESCC and EAC. (G) Principal component analysis (PCA) in patients of “High-risk” and “Low-risk” groups based on the immune-related lncRNA of risk models in ESCC and EAC. ROC, receiver operating characteristic. AUC, area under curve.
Furthermore, PCA was used to validate the accuracy of the multi-lncRNA risk models. According to Figure 4G, “High-risk” and “Low-risk” patients were separated completely in the multi-lncRNA risk models, which meant the risk models have good differentiability for patients.
Clinical Traits of Multi-lncRNA Signatures in Esophageal Squamous Cell Carcinoma and Esophageal Adenocarcinoma
To further clarify if the constituent ratio of high- and low-risk patients with esophageal cancer was proportioned in Immunity_H and Immunity_L clusters, we plotted the column charts and performed Fisher’s exact test (Figures 5A,B). There was no significant correlation between immunity and risk level in both ESCC and EAC (p > 0.05) (Supplementary Table S10). In addition, we also explored the relationships between risk scores and clinical traits. As shown in Figures 5C,D, stage and alcohol were the most correlative clinical traits with the risk score in patients with ESCC, while in patients with EAC, only T (depth of tumor invasion) stages were observed relative to the risk score.
[image: Figure 5]FIGURE 5 | Clinical traits and TILs correlated analyses for esophageal cancer patients. (A) The constituent proportion of high- and low-risk patients in immunity clusters in ESCC. (B) Constituent proportion of high- and low-risk patients in immunity clusters in EAC. (C) Heatmap of clinical traits correlated with risk in ESCC. (D) Heatmap of clinical traits correlated with risk in EAC. (E) Correlation between risk and TILs in ESCC. (F) Correlation between risk and TILs in EAC. T, Depth of tumor invasion; M, Metastasis; N, Lymph Node; *p < 0.05; **p < 0.01; ***p < 0.001.
TILs of Multi-lncRNA Signatures in Esophageal Squamous Cell Carcinoma and Esophageal Adenocarcinoma
Depending on variate software analyzing the TILs, we identified the association between the risk scores and TILs (Figures 5E,F). We found that most TILs showed positive correlation with risk in both ESCC and EAC. Only common lymphoid progenitors, γδT cells, resting CD4+ memory T cells, resting NK cells, and M0 macrophages presented negative correlation in ESCC, while the mast cells, naïve CD4+ T cells, and M0 macrophages were negatively related to risk in EAC (Supplementary Table S11).
Drug Sensitivity of Multi-IncRNA Signature in Esophageal Squamous Cell Carcinoma and Esophageal Adenocarcinoma
To investigate the possible application of the multi-lncRNA signature to personalized treatment of esophageal cancer patients, we examined the relationship between risk scores and IC50 of drugs universally used or studied in the treatment of ESCC and EAC. These agents included cisplatin, sunitinib, erlotinib, gefitinib, lapatinib, and sorafenib. As shown in Figures 6A,B, high-risk ESCC patients appeared to be more susceptible to most of the drugs than low-risk patients. However, high-risk patients with EAC may not benefit more from cisplatin and sorafenib treatment.
[image: Figure 6]FIGURE 6 | Drug sensitivity correlated with high- and low-risk patients in ESCC and EAC. (A) IC50 values of various drugs in high- and low-risk patients with ESCC. (B) IC50 values of various drugs in high- and low-risk patients with EAC.
Tumor Mutational Load of Multi-IncRNA Signatures
To understand the potential role of tumor mutational load in esophageal cancer, somatic mutation data of ESCC and EAC patients were collected and corresponding TMB scores were calculated (Supplementary Table S12). The results indicated that in ESCC and EAC patients, high risk always implied high TMB scores. The risk score was positively correlated to the TMB score in EAC (R = 0.46, p < 0.05), but weak correlation in ESCC (R = 0.21, p < 0.05) (Figures 7A–D). In addition, we identified “High-TMB” and “Low-TMB” groups by a cutoff of the median and performed survival analysis. It revealed that the “TMB-High” group had worse survival than the “TMB-Low” group in ESCC and EAC. Besides, it seemed that there was a combined influence of TMB and multi-lncRNA signature on patient survival outcomes in ESCC and EAC (Figures 6E,F). Waterfall plots showed the concrete mutation differences of the top 20 genes between “High-risk” and “Low-risk” groups in ESCC and EAC (Figures 6G,H). The same with TMB scores, the mutation frequency in high-risk patients was higher. The top 20 genes of ESCC and EAC were distinct in order, and the mutant genes were consistent. TP53 was the gene with the highest mutation frequency in ESCC and EAC. However, in EAC, the mutation of TP53 was more frequent. Compared to EAC, the frameshift deletion or insertion and in-frame deletion were more common in the top 20 mutant genes of ESCC. The mutations in EAC patients were mainly composed of multi-hits and nonsense mutation.
[image: Figure 7]FIGURE 7 | Correlation between tumor mutation burden (TMB) and risk score. (A) Differential TMB in high- and low-risk groups in ESCC. (B) Differential TMB in high- and low-risk groups in EAC. (C) Linear correlation between TMB and risk score in ESCC. (D) Linear correlation between TMB and risk score in EAC. (E) Survival curves of high and low TMB groups and TMB-risk combined survival curves in ESCC. (F) Survival curves of high and low TMB groups and TMB-risk combined survival curves in EAC. (G) Waterfall plot of top 20 mutant genes in the high- and low-risk group in ESCC. (H) Waterfall plot of the top 20 mutant genes in the high- and low-risk group in EAC.
DISCUSSION
In this study, for a deeper understanding of the tumor microenvironment, we comprehensively analyzed immune infiltration via ssGSEA and ESTIMATE algorithms to evaluate the fraction of immune cells in two histopathological subtypes of esophageal cancer ESCC and EAC, respectively. In ESCC and EAC cohorts, the tumor microenvironment was similar to some degree. High-immunity groups always had lower tumor purity and poorer survival. The expression of HLA family members and immune checkpoints was also higher in high-immunity groups. However, there were some differences in TILs, GO terms, and KEGG pathways. In the high-immunity group of ESCC, the amounts of M2 cells would increase characteristically, while in the high-immunity group of EAC, the amounts of activated dendric cells would decline conversely. When the classification criterion turned to risk level. In high risk of ESCC, compared with that of EAC, the amounts of NK cells might decrease. Towards the difference of TILs between ESCC and EAC, it has been widely studied by a lot of researchers. According to the previous studies, the increase of IL-17-releasing mast cells can be a potential prognostic marker and were positively correlated with CD8+T cells and macrophages in the same site in ESCC, indirectly mediating their tumor activity by promoting the recruitment of other effector immune cells (Gong et al., 2019; Han et al., 2020). CD8+T cells in esophageal cancer have been proved to be associated with survival rate, response to neoadjuvant chemotherapy, and lymph node metastasis rate (Zheng et al., 2020). In addition, helper T cells of type 17 (Th17) show contradictory functions in the regulation of esophageal cancer tumor growth. Th17 can promote the invasion of EAC cells but plays a protective role in ESCC by enhancing the cytotoxic effect of natural killer (NK) cells and activating CD1A + DC in tumors (Liu et al., 2017; Melo et al., 2020). Furthermore, tumor-associated macrophages could induce angiogenesis and invasion. Tumor-associated fibroblasts can secrete growth factors, alter the extracellular matrix, and promote tumor migration and metastasis (Kashima et al., 2019). The amounts and activity of TILs are considered to be the key factors to determine the effect of ICB and can predict the prognosis of esophageal cancer (Yagi et al., 2019).
In order to seek for more reasonable prognostic predictors in ESCC and EAC, a prognostic 5-lncRNA signature for ESCC and an 8-lncRNA signature for EAC by Cox regression and Lasso regression analysis, both of which exhibited high accuracy and applicability in predicting the risk of death. We also investigated the clinical traits associated with the risk models of ESCC and EAC. Advanced stages and alcohol consumption were likely correlated with high risk of ESCC patients. Alcohol intake has been testified as an independent risk factor for ESCC currently (Ohashi et al., 2015).
In recent years, studies on lncRNA in esophageal cancer have shown promising results. More and more lncRNAs associated with ESCC or EAC were identified and employed to the diagnosis, prognosis, and therapy. LncRNA CASC9 was considered to upregulate LAMC2 expression and promote ESCC metastasis by interacting with CREB-binding proteins to modify histone acetylation (Liang et al., 2018). Cancer-associated fibroblasts (CAFs) could promote lncRNA DNM3OS to regulate DNA damage reaction, leading to significant radio-resistance (Zhang et al., 2019). LncRNA PVT1A has been proved to serve as a therapeutic target for EAC. Combined targeting of PVT1 and YAP1 might benefit patients with EAC as well. Among the 5-lncRNA signature of ESCC, lncRNA HOXB-AS3 has been found to be abnormally expressed in non-small cell lung cancer, colon cancer, and acute myeloid leukemia (Huang et al., 2017; Huang et al., 2019; Jiang et al., 2020). In the study by Bin et al., TFAP2A-AS1 has been proved to act as a miRNA sponge for miR-933 and regulate the expression of Smad2 (Wu et al., 2020b). In the 8-lncRNA signature, LINC00662 was certified to be upregulated in EAC. It has been proved to accelerate M2 macrophage polarization and hepatocellular carcinoma progression via activating Wnt/β-catenin signaling. Its overexpression promoted the occurrence and development of colon cancer by competitively binding with miR-340-5p to regulate CLDN8/IL22 co-expression and activating ERK signaling pathway (Zhou et al., 2019). What is more, LINC00662 is also closely related to gastric cancer, glioma, chordoma, and so on (Liu et al., 2018a; Wu et al., 2020b; Wang et al., 2020). The remaining lncRNAs in the 8-lncRNA signature were associated with lung adenocarcinoma, colon cancer, and so on (Liu et al., 2018b; Cai et al., 2021). The research directed at the lncRNA in the multi-lncRNA signatures of ESCC and EAC was still deficient. Therefore, more studies should be conducted to help explore novel and promising targets for the therapy of esophageal cancer.
Cisplatin, RTKs inhibitors (sunitinib), EGFR inhibitors (erlotinib and gefitinib), HER-2 inhibitor (lapatinib), and multikinase inhibitor (sorafenib) were widely used and studied in the treatment of ESCC and EAC (Yang et al., 2020b). In ESCC, the IC50 of drugs mentioned above all presented significant difference in high- and low-risk patients. Nevertheless, in EAC, cisplatin and sorafenib showed no difference in IC50 between high- and low-risk patients. The two multi-lncRNA signatures of ESCC and EAC might help speculate the effectiveness of therapeutic agents and contribute to personalized treatments.
Finally, we evaluated the relationship between TMB and the risk level. The results manifested that both of our multi-lncRNA signatures were positively correlated with the TMB. Among the top 20 mutant genes, TP53 mutated more frequently in EAC patients. As reported, the mutation of TP53 might be the early events in the development of EAC by participating the process of chronic gastroesophageal reflux disease (Guo et al., 2018; Dang and Chai, 2020). Prior to TMB being explored as a biomarker, the focus was on quantitative testing of PD-L1 to identify patients who could benefit most from ICB treatment. It is currently approved as an adjunct diagnostic for pembrolizumab in NSCLC (Reck et al., 2016; Mok et al., 2019). However, single use of PD-L1 expression level has gradually shown poor prediction in ICB treatment response, so TMB was developed as a complementary biomarker. A therapeutic benefit dependent on TMB but independent of PD-L1 expression level was observed in patients treated with a combination of nivolumab + ipilimumab and the standard of care (SOC) chemotherapy (Reck et al., 2019). This condition was thought to be present in tumors with high TMB and T-cell infiltration and/or activation regulated in a CTLA-4-dependent manner (Hu et al., 2020). Moreover, TMB has been found to be of predictive value in immunotherapy other than ICB, with studies showing that TIL therapy has better therapeutic outcomes in patients with higher TMB (Liu et al., 2019; Samstein et al., 2019). Hence, our study for TMB might suggest that high-risk patients would be more responsive to immune therapy on account of the high TMB.
CONCLUSION
In summary, we have comprehensively examined the characteristics of tumor immune microenvironment in esophageal cancer and identified a 5-immune-related lncRNA signature of ESCC and an 8-lncRNA signature of EAC as the prognostic predictor. These two immune-related lncRNA signatures were validated strictly and appeared to be stable. Additional analysis showed that these two multi-lncRNA signatures could be promising biomarkers to predict drug sensitivity as well as benefits from immunotherapy in esophageal cancer based on TMB.
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Intestinal epithelial cells exist in physiological hypoxia, leading to hypoxia-inducible factor (HIF) activation and supporting barrier function and cell metabolism of the intestinal epithelium. In contrast, pathological hypoxia is a common feature of some chronic disorders, including inflammatory bowel disease (IBD). This work was aimed at studying HIF-associated changes in the intestinal epithelium in IBD. In the first step, a list of genes responding to chemical activation of hypoxia was obtained in an in vitro intestinal cell model with RNA sequencing. Cobalt (II) chloride and oxyquinoline treatment of both undifferentiated and differentiated Caco-2 cells activate the HIF-signaling pathway according to gene set enrichment analysis. The core gene set responding to chemical hypoxia stimulation in the intestinal model included 115 upregulated and 69 downregulated genes. Of this set, protein product was detected for 32 genes, and fold changes in proteome and RNA sequencing significantly correlate. Analysis of publicly available RNA sequencing set of the intestinal epithelial cells of patients with IBD confirmed HIF-1 signaling pathway activation in sigmoid colon of patients with ulcerative colitis and terminal ileum of patients with Crohn’s disease. Of the core gene set from the gut hypoxia model, expression activation of ITGA5 and PLAUR genes encoding integrin α5 and urokinase-type plasminogen activator receptor (uPAR) was detected in IBD specimens. The interaction of these molecules can activate cell migration and regenerative processes in the epithelium. Transcription factor analysis with the previously developed miRGTF tool revealed the possible role of HIF1A and NFATC1 in the regulation of ITGA5 and PLAUR gene expression. Detected genes can serve as markers of IBD progression and intestinal hypoxia.
Keywords: intestinal bowel disease, hypoxia, cobalt, hydroxyquinolines, caco-2 cells, urokinase-type plasminogen activator receptor, disease markers, transcriptomics
1 INTRODUCTION
Some pathologic conditions, such as inflammatory bowel disease (IBD), including ulcerative colitis (UC) and Crohn’s disease (CD), are associated with pathological hypoxia (Taylor, 2018). UC affects only the colon, while CD affects both the small and large intestines. The exact pathogenesis of IBD is still unclear, but it is a complex pathology involving genetics, environment, microbiome, and immunome (Borg-Bartolo et al., 2020). Hypoxia leading to hypoxia-inducible factor (HIF)-signaling pathway activation is a common feature of inflammatory diseases, including IBD (Kerber et al., 2020). HIF-1α is protective in IBD models (Kim et al., 2021), and HIF-2α is essential in maintaining the immune response and regenerative capacity of the intestinal epithelium in IBD (Ramakrishnan and Shah, 2016). At the same time, HIF-2α but not HIF-1α constitutive activation leads to IBD development or exacerbation in colitis models (Xue et al., 2013; Solanki et al., 2019). HIF-1α activation in myeloid cells aggravates, and HIF-2α activation ameliorated IBD in murine models (Kim et al., 2018; Kerber et al., 2020). These results emphasize that the degree of hypoxia and HIF activation can lead to both adaptation and damage to the intestinal epithelium.
The human small intestine consists of crypts and villi, and the colon consists of crypts only. Crypts are invaginations aligned by intestinal stem cells, early progenitor transit-amplifying cells, and differentiating cells (Rangel-Huerta and Maldonado, 2017). The colon surface and small intestine villi are covered by specialized epithelium with differentiated cells, such as enterocytes and goblet cells (Singhal and Shah, 2020). The main enterocyte functions are to create a barrier between the external and internal environment and to provide regulated transport of substances between these environments (Schoultz and Keita, 2020). There is a unique oxygen gradient from the crypt to the intestinal lumen. Electron paramagnetic resonance oximetry revealed partial oxygen pressure (pO2) gradient from 59 mm Hg (8%) in the small intestine wall to 22 mm Hg (3%) at the villus apex and <10 mm Hg (2%) in the small intestinal lumen, whereas colon pO2 is 5–10 mm Hg near the crypt-lumen interface, and 11 (∼2%) and 3 mm Hg (∼0.4%) in the lumen of ascending and sigmoid colon, respectively (Singhal and Shah, 2020). Thus, intestinal cells exist under conditions ranging from mild to pronounced hypoxia, which leads to HIF stabilization and adaptation to hypoxic conditions (Pral et al., 2021). HIF stabilization in physiological hypoxia supports cell metabolism and barrier function of the intestinal epithelium (Glover et al., 2016).
Modeling of the human intestinal epithelium is possible with human colon adenocarcinoma cell line Caco-2 (Nikulin et al., 2018b). Undifferentiated Caco-2 (uCaco-2) cells actively proliferate, resembling intestinal stem cells, but contact inhibition stimulates differentiation and suppresses proliferation. Differentiated Caco-2 (dCaco-2) cells acquire enterocyte properties, such as cylindrical cell shape, formation of intercellular junctions and microvilli, specific enzyme and marker expression (Ding et al., 2021). Extracellular matrix can support cell attachment, proliferation, and differentiation (Mutsenko et al., 2017), and use of laminins specific for the intestinal basal membrane can bring the gut model properties closer to conditions in vivo (Nikulin et al., 2018a, 2019). Microfluidic devices with a culture medium flow that simulates blood flow create even more physiological conditions for the cell model (Samatov et al., 2016, 2017; Sakharov et al., 2019). Caco-2 intestinal model is suitable to study hypoxia effects (Maltseva et al., 2020; Nersisyan et al., 2021a). Small molecules can fit in the enzyme active center inhibiting its activity (Smirnov et al., 2011; Ivanenkov et al., 2015). Oxyquinoline derivatives can directly block the prolyl hydroxylase active center leading to HIF stabilization (Knyazev et al., 2019a; 2019b). Cobalt (II) chloride (CoCl2) also serves as a chemical hypoxia inductor by replacing Fe2+ ions in the prolyl hydroxylase active center, induction of ascorbate oxidation, and other potential mechanisms (Muñoz-Sánchez and Chánez-Cárdenas, 2019). Previously, we showed that chemical hypoxia models, induced by CoCl2 and OD, may serve as models of severe and mild hypoxia, respectively (Knyazev et al., 2021; Knyazev and Paul, 2021).
This work aimed to study the effects of chemical HIF activation on dCaco-2 and uCaco-2 cells as the intestinal model and compare observed changes with patterns in the intestinal epithelium of IBD patients to find hypoxic markers, relevant for IBD.
2 MATERIALS AND METHODS
2.1 Cell Cultures and Treatments
Caco-2 cells were received from the Russian Vertebrate Cell Culture Collection (Institute of Cytology, Russian Academy of Sciences, St. Petersburg, Russia). The cells were incubated in Gibco minimal essential medium with L-glutamine, 20% Gibco FBS One Shot, and 1% Gibco Pen Strep (Thermo Fisher Scientific, United States ). The cells were seeded in the 6-well culture plates (TPP Techno Plastic Products AG, Germany) at a seeding density of 0.3 x 106 cells per well and cultivated for 21 days to achieve cell differentiation, as previously published (Nersisyan et al., 2021a). On the last week of differentiation new portion of cells was seeded in the 6-well culture plates at the same seeding density and cultivated to 80% of confluence. The cell culture medium of differentiated and undifferentiated Caco-2 was replaced with either medium with 300 μM CoCl2, medium with 5 μM OD 4896–3,212 (ChemDiv Research Institute, Khimki, Russia), or fresh medium. OD stock solution was diluted in DMSO at 10 mM, so 0.5% DMSO was also added to CoCl2 and control medium, and cells were incubated 24 h before lysis for RNA and protein extraction.
2.2 RNA Extraction, Library Preparation and Sequencing
Cells were lysed in 700 μL of QIAzol Lysis Reagent (Qiagen, Hilden, Germany) with subsequent RNA extraction with miRNeasy Mini Kit (Qiagen) according to the manufacturer protocol, including on-column treatment with RNase-Free DNase Set (Qiagen). RNA was extracted in 30 μL of RNase-free water. RNA concentration was measured with NanoDrop 2000 Spectrophotometer (Thermo Fisher Scientific). A260/A280 and A260/A230 ratios were more than 2.0, and RNA Integrity Number (RIN) according to 2,100 Bioanalyzer with Agilent RNA 6000 Pico Kit (Agilent Technologies, Santa Clara, CA, United States ) was not less than 9.7 for all RNA samples.
Libraries for mRNA sequencing were prepared with TruSeq Stranded mRNA Library Prep (Illumina, San Diego, CA, United States) with 1 μg total RNA in three biological replicates for each condition. Library quality check was provided with Agilent High Sensitivity DNA Kit (Agilent Technologies). Sequencing with NextSeq 550 (Illumina) generated single-end 75-nucleotide reads. The sequencing data is available online in the Gene Expression Omnibus (GEO) with the accession numbers GSE186295 and GSE158632.
2.3 Sequencing Data Processing
The FASTQ file quality was assessed with FastQC v0.11.9 (Babraham Bioinformatics, Cambridge, United Kingdom). After adapter trimming with cutadapt v2.10 (Martin, 2011) reads were mapped on the reference human genome (GENCODE GRCh38.p13) with STAR v2.7.5b (Dobin et al., 2013). The count matrix was generated with GENCODE genome annotation (release 34) (Frankish et al., 2019). FASTQ files for intestinal cells in IBD and healthy control were downloaded from the online repository (E-MTAB-5464) (Howell et al., 2018). Differential expression analysis was performed with DESeq2 v1.28.1 (Love et al., 2014); false discovery rates (FDRs) were calculated by the Benjamini–Hochberg procedure. Differences were considered significant at FDR <0.05 and log fold changes modulo >1.0.
2.4 Gene Set Enrichment Analysis and Transcription Factors Search
Gene set processing and Venn diagram creation was made with jvenn tool (Bardou et al., 2014). Gene set enrichment analysis was performed using Fgsea package version 1.16.0 (Korotkevich et al., 2016). Gene sets were downloaded from Gene Set Enrichment Analysis (GSEA) site (http://www.gsea-msigdb.org), from The Molecular Signatures database (MSigDB 7.4) to assess the activity of hallmark gene sets (Subramanian et al., 2005; Liberzon et al., 2015). The Database for Annotation, Visualization and Integrated Discovery (DAVID) v6.8 (Huang et al., 2009) was used to reveal Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways activity (Kanehisa et al., 2021).
The previously developed miRGTF-net tool was used to find transcription factors regulating genes of interest (Nersisyan et al., 2021b). The publicly available datasets of RNA sequencing data for colorectal cancer were received from The Cancer Genome Atlas Program Colon Adenocarcinoma (TCGA-COAD) cohort (Cancer Genome Atlas Network, 2012).
2.5 Proteome
Differentiated Caco-2 cells after 24 h incubation with CoCl2 and control Caco-2 cells were lysed with ice-cold lysis buffer with 4% SDS and 0.1 M DTT in 0.1 M Tris-HCl (pH 7.6) and briefly sonicated on the ice with CPX 130 Ultrasonic Processor, 130 W, 20 kHz (Cole-Parmer Instruments, Vernon Hills, IL, United States ), 30 s in pulse regimen and 30% amplitude. Total protein concentration was measured with Pierce BCA Protein Assay Kit - Reducing Agent Compatible (Thermo Fisher Scientific). Tripsinized protein samples were analyzed with the Q Exactive HF hybrid quadrupole-orbitrap mass spectrometer with nano-electrospray ionization (nESI) source operated in the positive ionization mode (Thermo Fisher Scientific), the emitter voltage of 2.1 kV, the capillary temperature of 240 C. Progenesis IQ software (Waters Corporation, Milford, MA, United States ) was used to quantify protein levels with subsequent analysis with the SearchGUI v.3.3.1 software and the HumanDB database (UniProt Release 2018_05). Differential expression was assessed with the iBAQ algorithm using MaxQuant 1.6 software (Max Planck Institute of Biochemistry, Martinsried, Germany). Differences were considered significant at a fold change >2.0 and Student’s t-test p < 0.05.
3 RESULTS
3.1 General Pattern of Expression Changes in Response to Cobalt (II) Chloride and Oxyquinoline Derivative Exposure in Differentiated and Undifferentiated Caco-2 Cells
There is no generally accepted list of genes that should respond to HIF activation in all cells and tissues, although some studies show common patterns (Benita et al., 2009). We performed an analysis of gene expression changes in dCaco-2 and uCaco-2 upon exposure to OD and CoCl2 as known activators of the HIF-signaling pathway. The total number of genes whose expression changed significantly in at least one experimental group was 7,180. The pattern of expression changes was similar in all treatments with a notably stronger effect of CoCl2 in both cell types, the most pronounced in uCaco-2 (Figure 1 and Supplementary Table S1).
[image: Figure 1]FIGURE 1 | mRNA expression changes for differentiated Caco-2 (dCaco-2) and undifferentiated Caco-2 (uCaco-2) upon cobalt (II) chloride (CoCl2) and oxyquinoline derivative (OD) treatment. The heatmap includes genes with differential expression in at least one combination of cell line and treatment.
We performed gene set enrichment analysis to assess the activity of pathways and biological processes in Caco-2 cells upon HIF-pathway activation. We used hallmark gene sets from The MSigDB. Both OD and CoCl2 have activated HALLMARK_HYPOXIA Pathway in uCaco-2 and dCaco-2, confirming the activation of the HIF signaling pathway. Also, in all experimental settings except uCaco-2 OD stimulation, there was activation of the following pathways: HALLMARK_TNFA_SIGNALING_VIA_NFKB, HALLMARK_P53_PATHWAY, and HALLMARK_MTORC1_SIGNALING. It appears that activation of genes regulated by NF-kB in response to tumor necrosis factor α (TNFα) may indicate intersections between hypoxic and inflammatory effects of chemical HIF activators. CoCl2 and OD may activate apoptotic processes through genes involved in the p53 pathway and proliferation through genes upregulated through activation of the mTORC1 complex.
CoCl2 specifically activates the following pathways in both uCaco-2 and dCaco-2: HALLMARK_COMPLEMENT, HALLMARK_REACTIVE_OXYGEN_SPECIES_PATHWAY, HALLMARK_INFLAMMATORY_RESPONSE. It indicates activation of inflammatory response in Caco-2 cells, and reactive oxygen species can be generated in cells upon CoCl2 stimulation as a side effect apart from HIF stabilization (Muñoz-Sánchez and Chánez-Cárdenas, 2019).
3.2 Core Gene Set Responding to Chemical Hypoxia Simulation in Caco-2 Cells
The core gene set with the same expression change direction both for uCaco-2 and dCaco-2 upon CoCl2 and OD treatment included 184 genes, 115 upregulated and 69 downregulated (Figure 2 and Supplementary Table S2). As for the complete list of differentially expressed genes, more pronounced expression changes were observed upon CoCl2 exposure, especially in uCaco-2 (Figure 3).
[image: Figure 2]FIGURE 2 | Intersections of differentially expressed genes in differentiated Caco-2 (dCaco-2) and undifferentiated Caco-2 (uCaco-2) upon cobalt (II) chloride (CoCl2) and oxyquinoline derivative (OD) treatment. (A)—upregulated genes. (B)—downregulated genes.
[image: Figure 3]FIGURE 3 | mRNA expression changes for the core gene set reacting to chemical hypoxia simulation in differentiated Caco-2 (dCaco-2) and undifferentiated Caco-2 (uCaco-2) upon cobalt (II) chloride (CoCl2) and oxyquinoline derivative (OD) treatment.
Enrichment Analysis of differentially expressed genes in both types of cells and both treatments using DAVID v6.8 revealed significant activation of the following KEGG pathways: Glycolysis/Gluconeogenesis (hsa00010), HIF-1 signaling pathway (hsa04066), Fructose and mannose metabolism (hsa00051), and Carbon metabolism (hsa01200), which is evidence in favor of an activation of the hypoxia signaling pathway and corresponding metabolic changes. This gene set was used as a possible HIF-associated pattern in intestinal cells exposed to hypoxia.
Proteomic profiling of dCaco-2 upon CoCl2 stimulation and in control conditions revealed 3,361 proteins, of them 209 were upregulated and 28 downregulated significantly (p < 0.05) after CoCl2 stimulation. Gene set enrichment analysis for these proteins have not revealed significantly activated pathways at FDR<0.05, but p < 0.05 without Benjamini-Hochberg adjustment was revealed for Ribosome (hsa03010) and Endocytosis (hsa04144) KEGG pathways, suggesting an effect of HIF activation on protein synthesis and nutrient transport. Of the 184 genes on the list of HIF-associated genes, a protein product was detected for 32 genes. Analysis of fold changes in proteomic and sequencing data confirmed a significant correlation between these indicators (Figure 4). Next, we compared this gene list with specific expression changes in the intestinal epithelium of IBD patients.
[image: Figure 4]FIGURE 4 | Correlation of fold changes in the RNA sequencing (Seq FC) and proteome (Proteom FC) data in differentiated Caco-2 (dCaco-2) upon cobalt (II) chloride (CoCl2) treatment.
3.3 Potential HIF-Associated Changes in Intestinal Epithelium of Patients With Inflammatory Bowel Disease
IBD includes CD, which affects both the small and large intestine, and UC, which affects the colon only. We performed an analysis of a publicly available RNA sequencing set of purified intestinal epithelial cells from pediatric biopsies including IBD and healthy controls (E-MTAB-5464) (Howell et al., 2018). We used the data on RNA expression in sigmoid colon of patients with UC and terminal ileum and sigmoid colon of patients with CD and individuals without IBD. Comparison of disease state with healthy control revealed the upregulation of 172 genes in sigmoid colon in CD, 476 genes in terminal ileum in CD, and 922 genes in sigmoid colon in UC. The downregulation was revealed for 7 genes in sigmoid colon in CD, 258 genes in terminal ileum in CD, and 42 genes in sigmoid colon in UC (Figure 5).
[image: Figure 5]FIGURE 5 | Intersections of differentially expressed genes in sigmoid colon of patients with Chron’s disease (CD), terminal ileum of patients with CD, and sigmoid colon of patients with ulcerative colitis (UC). (A)—upregulated genes. (B)—downregulated genes.
Gene Set Enrichment Analysis has shown activation of HALLMARK_INFLAMMATORY_RESPONSE in all groups and downregulation of HALLMARK_OXIDATIVE_PHOSPHORYLATION in sigmoid colon in UC and terminal ileum in CD, possibly indicating hypoxic response (Samanta and Semenza, 2017). The common gene set for all pathologies includes 77 genes with significant activation of the following KEGG pathways: Cytokine-cytokine receptor interaction (hsa04060) and Chemokine signaling pathway (hsa04062), which indicates the immune nature of IBD. Moreover, enrichment analysis revealed significant activation of the HIF signaling pathway in terminal ileum in CD and sigmoid colon in UC.
We analyzed the intersection of these IBD-associated genes with possible HIF-associated gene set from the experiment with chemical hypoxia models in Caco-2 cells. We noted upregulation of ITGA5, MICB, PLAUR, and DYSF and downregulation of GSTA2, SLC2A2, and KDM8 in terminal ileum of patients with CD. Only two genes from Caco-2 experiment-derived gene set were also upregulated in sigmoid colon of patients with CD (BHLHE40 and PLAUR), and eleven genes from this gene set were upregulated in sigmoid colon of patients with UC (ITGA5, RNF183, BHLHE40, PLAUR, PFKFB3, FSCN1, SOCS3, RNF24, CSRP2, PIK3CD, DYSF).
The only differentially expressed gene in all samples was PLAUR, which encodes the urokinase-type plasminogen activator receptor (uPAR) which may indicate its involvement in the course of IBD. The HIF signaling pathway according to gene set enrichment analysis was activated in terminal ileum in CD and sigmoid colon in UC, and their gene list share ITGA5, PLAUR, and DYSF genes.
3.4 Transcription Factors Regulating ITGA5 and PLAUR Expression
As ITGA5 and PLAUR genes are both upregulated in hypoxia model and IBD specimens and interact with each other to activate intracellular signaling (Smith and Marshall, 2010). We performed an analysis of potential transcription factors regulating both these genes with the previously developed tool miRGTF-net (Nersisyan et al., 2021b) and received 345 potential transcription regulators of ITGA5 and PLAUR, including HIF1A and HIF3A. Next, we analyzed expression correlation for these transcription factors, ITGA5, and PLAUR in the mRNA-sequencing data of colorectal cancer samples from TCGA to find regulators which expression significantly correlates with both ITGA5 and PLAUR in the samples of intestinal origin. GRHL2 and ZC3H8 have a negative correlation and MSC, NFATC1, PRDM1, and SPI1 have a positive correlation with ITGA5 and PLAUR. Of these transcription factors, all except SPI1 are regulated by HIF1A according to miRGTF-net. Only NFATC1 has a tendency to be upregulated in Caco-2 according to our RNA sequencing data: 1.6 times in dCaco-2 with OD and uCaco-2 with CoCl2, 1.9 times in dCaco-2 with CoCl2, and 2.9 times in uCaco-2 with OD, suggesting its possible role in ITGA5 and PLAUR upregulation in hypoxia and IBD.
4 DISCUSSION
There is no generally accepted list of genes that always reacting to HIF-pathway activation. Benita et al. have identified HIF-1-target genes combining genomic data from different experiments and found out core gene set of 17 genes that responded to hypoxia in all studied cell types (Benita et al., 2009). Of them, all genes responded to chemical HIF-stabilization at least in one type of cells and treatment options in our experiments, but only nine genes responded in both uCaco-2 and dCaco-2 upon CoCl2 and OD stimulation: ANKRD37, NDRG1, PDK1, BNIP3, DDIT4, P4HA1, KDM3A, BHLHE40, and ALDOC. Only nine genes from this core gene set were detected in proteomic data of dCaco-2 upon CoCl2 stimulation and five of them were differentially expressed on the protein level: NDRG1, PDK1, BNIP3, P4HA1, and ALDOC. Not all genes reacting to hypoxia have a HIF-binding site and some genes respond to HIF stabilization in specific cell sets (Benita et al., 2009). Hypoxia can induce gene expression not only directly through HIF, but also indirectly through regulation of microRNAs and transcription factors (Makarova et al., 2014). This makes it reasonable to search for a specific gene set responding to hypoxia in a particular cell type, as for the intestinal epithelium in our study.
CoCl2 and OD are known HIF inductors, acting through inhibition of HIF prolyl hydroxylases (Knyazev et al., 2021), so their effect on cells is regarded as a chemical model of hypoxia. Gene set enrichment analysis of differentially expressed genes in Caco-2 intestinal barrier model upon CoCl2 and OD exposure confirmed activation of hypoxia response and also an inflammatory response, proliferation, and apoptosis pathways, which are known effects of HIF activation (Corrado and Fontana, 2020).
Analysis of differentially expressed genes in the Caco-2 model of intestinal hypoxia revealed 115 upregulated and 69 downregulated genes. Enrichment analysis of this gene list confirmed HIF-1 signaling pathway activation and showed involvement of carbon metabolism and glycolysis/gluconeogenesis. HIF-dependent regulation of glycolytic, carbohydrate and fatty acid metabolism is a known process in the intestinal epithelium (Konjar et al., 2021).
Not always activation of a gene at the transcriptional level means activation at the translation level, so proteome data do not always correlate with transcriptomic data (Wang et al., 2019). We confirmed a significant correlation of gene expression at mRNA and protein level in Caco-2 cells exposed to CoCl2. It allows us to use RNA-sequencing data from the hypoxia experiment to search for HIF-dependent genes in samples of intestinal epithelium in IBD.
We searched for co-directed significant expression changes in the intestinal hypoxia model and intestinal epithelium in IBD. Possible HIF-associated gene list from Caco-2 model has seven genes in common with terminal ileum of patients with CD, two genes with sigmoid colon of patients with CD, and eleven genes with sigmoid colon of patients with UC. According to gene set enrichment analysis, the HIF signaling pathway was significantly activated in CD terminal ileum and UC sigmoid colon, which have three activated genes in common: ITGA5, PLAUR, and DYSF. BHLHE40 was upregulated for sigmoid colon in both UC and CD. Only PLAUR, encoding uPAR, was activated in all three clinical specimen groups. Comparison of differentially expressed genes from the KEGG HIF-1 pathway for the Caco-2 model, CD terminal ileum and UC sigmoid colon revealed intersections, with the most prominent changes for PFKFB3, TIMP1, ANGPT2, HK3, SERPINE1, and TLR4.
BHLHE40 encodes Basic Helix-Loop-Helix Family Member E40 that is a stress-inducible transcription factor and is activated by HIF and p53, regulating cell survival and proliferation (Kiss et al., 2020). It is a part of core response to hypoxia gene set (Benita et al., 2009) and regulates inflammatory response in the IBD model (Yu et al., 2018). DYSF encodes dysferlin that is a type-II transmembrane protein and is expressed in various tissues, primarily in muscle, controlling membrane repair and vesicle trafficking (Barefield et al., 2021). Its role in IBD is unclear, but elevated levels have been found in the blood of patients with IBD (Ostrowski et al., 2019).
Gene encoding uPAR was upregulated in all IBD samples. The three domains of the uPAR molecule form a cavity for the ligand of this receptor, the urokinase-type plasminogen activator (uPA). In this regard, uPAR is one of the key regulators of pericellular proteolysis, participating in the extracellular matrix remodeling and cell migration regulation (Gorrasi et al., 2020). Extracellular matrix degradation by protease systems is increased in inflamed and damaged tissues, including in IBD, which is an important component of tissue repair control (Genua et al., 2015).
uPAR can interact with vitronectin and integrins, leading to intracellular signal activation and regulating cell proliferation and survival (Smith and Marshall, 2010). An interaction between purified uPAR and α5β1 integrin has been shown in vitro (Wei et al., 2005), with the D3 domain of the uPAR molecule possibly forming the integrin-binding site (Chaurasia et al., 2006; Tang et al., 2008). Co-immunoprecipitation of uPAR and integrin α5β1 has also been detected (Ghiso et al., 1999; Wei et al., 2001). uPAR enhances the binding of integrin α5β1 to fibronectin (Ghiso et al., 1999; Monaghan et al., 2004) and increases cell proliferation through integrin α5β1 signaling (Aguirre-Ghiso et al., 2001; Monaghan-Benson and McKeown-Longo, 2006). The complex of α5β1 integrin and uPAR can lead to activation of the epidermal growth factor receptor signaling pathway (Aguirre Ghiso, 2002; Liu et al., 2002). There was a significant increase in the expression of the ITGA5 gene encoding integrin α5 in Caco-2 cells upon HIF stabilization, in terminal ileum in CD, and in sigmoid colon in UC, which together with the increased expression of uPAR may lead to increased signaling through these molecules.
The role of uPAR in the IBD pathogenesis remains unclear. uPAR is expressed in intestinal crypts in normal state and IBD, although no significant expression difference has been detected (Gibson and Rosella, 1996). The intestinal nerve tissue expresses uPAR in IBD, in contrast to the nerve tissue of the healthy intestine (Laerum et al., 2008). In an animal model of IBD, increased uPAR expression at the protein and mRNA levels was detected in intestinal tissue, and this increase was predominantly due to macrophages in the intestinal wall (Genua et al., 2015). In our experiment, we observed increased PLAUR expression in dCaco-2 and uCaco-2 cells as a model of intestinal epithelium upon hypoxia exposure and HIF activation. Howell et al. used magnetic bead sorting for the epithelial cell adhesion molecule to sequence intestinal epithelium in IBD and healthy control (Howell et al., 2018), indicating activation of uPAR expression specifically in the intestinal epithelium.
On the one hand, HIF-activated uPAR expression stimulates extracellular matrix degradation promoting epithelial barrier destruction and cell invasion in carcinomas (Büchler et al., 2009). On the other hand, the uPAR pathway is required for efficient epithelial wound repair by stimulating extracellular matrix remodeling and cell migration (Stewart et al., 2012). It is likely that just as varying degrees of hypoxia can both promote and impair gut barrier function, so varying degrees of uPAR activation can be both damaging and regenerative. Mice with uPAR knockdown were more susceptible to the development of IBD in an experimental model (Genua et al., 2015), which may indicate a protective role of uPAR during HIF activation and inflammation. The total level of uPAR increases in patients with IBD, but the level of membrane-associated uPAR decreases as proteolysis and accumulation of the soluble form of uPAR occurs, which does not perform its functions in the activation of intracellular signaling pathways (Genua et al., 2015) This is consistent with the elevated blood level of the soluble form of uPAR in IBD (Lönnkvist et al., 2011; Kolho et al., 2012). Thus, increased uPAR expression in the intestinal epithelium may be associated not with the destruction of the extracellular matrix and damage to the intestinal wall but rather with damage adaptation, stimulation of migration and proliferation to repair the epithelial layer through interaction with integrins. Pharmacological activation of the HIF-signaling pathway stimulated intestinal epithelium repair regulating integrin expression and function (Goggins et al., 2021).
HIF-1 activation can upregulate uPAR expression (Büchler et al., 2009; Nishi et al., 2016). Hypoxia also enhances the expression of ITGA5 (Ju et al., 2017). We identified possible transcription regulators of ITGA5 and PLAUR with the previously developed tool miRGTF-net (Nersisyan et al., 2021b). HIF1A and HIF3A are both transcription factors that can regulate these genes. Analysis of correlation of all detected transcription factors with ITGA5 and PLAUR in the colorectal cancer samples from TCGA revealed six genes with significant correlation. Of these six genes, only NFATC1 expression has a tendency to be upregulated in uCaco-2 and dCaco-2 upon HIF-pathway activation, suggesting its regulatory role, and NFATC1 expression is regulated by HIF1A according to miRGTF-net. This suggestion is supported by NFATC1 activation in hypoxic conditions (Shin et al., 2015; Xiao et al., 2020).
5 CONCLUSION
Hypoxia is a common feature in IBD pathogenesis. Chemical hypoxia induction in the Caco-2 intestinal model with cobalt (II) chloride and oxyquinoline derivative revealed potential intestinal HIF-associated gene core. Of that gene core, ITGA5 and PLAUR genes were also upregulated in intestinal epithelial cells in IBD, suggesting activation of tissue regeneration program upon HIF activation. HIF-dependent upregulation of transcription factor NFATC1 is a possible mechanism of ITGA5 and PLAUR activation.
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Lung adenocarcinoma (LUAD) is the most common subtype of lung cancer with heterogeneous outcomes and diverse therapeutic responses. To classify patients into different groups and facilitate the suitable therapeutic strategy, we first selected eight microRNA (miRNA) signatures in The Cancer Genome Atlas (TCGA)-LUAD cohort based on multi-strategy combination, including differential expression analysis, regulatory relationship, univariate survival analysis, importance clustering, and multivariate combinations analysis. Using the eight miRNA signatures, we further built novel risk scores based on the predefined cutoff and beta coefficients and divided the patients into high-risk and low-risk groups with significantly different overall survival time (p-value < 2 e−16). The risk-score model was confirmed with an independent dataset (p-value = 4.71 e−4). We also observed that the risk scores of early-stage patients were significantly lower than those of late-stage patients. Moreover, our model can also provide new insights into the current clinical staging system and can be regarded as an alternative system for patient stratification. This model unified the variable value as the beta coefficient facilitating the integration of biomarkers obtained from different omics data.
Keywords: lung adenocarcinoma, microRNA signature, risk-score model, overall survival time, treatment response
INTRODUCTION
Lung cancer, which is one of the most common and severe types of cancer, remains the leading cause of cancer incidence and mortality worldwide in both males and females (Siegel et al., 2019). Lung adenocarcinoma (LUAD) is the most prevalent histological subtype of lung cancer, with an increasing incidence over the past few decades (Ferlay et al., 2010). The traditional clinical staging system for LUAD, which is based on anatomical information, appears to be inadequate for prognosis evaluation or treatment choices now due to the heterogeneity among patients.
With the rapid advance of molecular biology, many diagnostic and prognostic biomarkers have been identified for various cancers (Wang et al., 2017a; Wang et al., 2017b; Cheng et al., 2019; Huang et al., 2020a; Sheng et al., 2020). With the use of these biomarkers, the traditional tumor classes can be further divided into new subtypes, which may benefit from different therapeutic strategies (Li et al., 2019; Sherafatian and Arjmand, 2019; Lathwal et al., 2020). Besides that, most targeted agents (e.g., cetuximab, gefitinib, and tamoxifen) are effectively only if their respective targets are mutated or differentially expressed (Sun et al., 2017; Yang et al., 2020).
MicroRNAs (miRNAs) are small non-protein-coding RNAs, which can negatively regulate gene expression by binding to their selective messenger RNAs (mRNAs), thereby influencing various biological progresses, such as cellular differentiation, cell-cycle control, and apoptosis (Bentwich, 2005; Cheng et al., 2005; Novello et al., 2013). MiRNAs are reported to be differentially expressed in various human cancers and act as both tumor suppressors and oncogenes (Volinia et al., 2006; Cui et al., 2020). For some certain types of cancer, the miRNAs are proved to be more effective in cancer classification than mRNAs (Miska, 2007), and the miRNAs are also used as signatures for prognosis prediction. Yu et al. identified five miRNAs significantly associated with patient relapse and survival based on 117 non-small cell lung cancer (NSCLC) patients (Yu et al., 2008). Li et al. also identified eight miRNAs as signatures for survival prediction in LUAD (Li et al., 2014). Similarly, Hess et al. provided a five-miRNA signature, which is a strong and independent prognostic factor for disease recurrence and survival of patients with HPV-negative head and neck squamous cell carcinoma (HNSCC) (Hess et al., 2019). All these results showed that miRNAs are powerful potential signatures for prognosis prediction. However, there were very few overlaps between these miRNA signatures identified by different groups. Moreover, most studies just focused on the miRNA or mRNA expression level independently and ignored the negatively regulative relationship between miRNAs and mRNAs.
In this study, based on the miRNA expression, gene expression profiles and clinical information of 516 LUAD samples from The Cancer Genome Atlas (TCGA) (The Cancer Genome Atlas Research Network, 2014), we built the miRNA–gene negative regulation pairs to ensure that the candidate miRNAs influence biological progress of these samples. Then, we screened eight miRNA signatures through differential expression analysis, regulatory relationship filtering, univariate survival analysis, importance clustering, and multivariate combination selection. Based on the eight miRNA signatures, we built a risk-score model to group the patients as high-risk and low-risk. The model performance was further proved using an independent dataset. We demonstrated that the model can also be used for stratification of patients in the same tumor stage.
RESULTS
Data Collection
The gene expression, miRNA expression, and clinical data of TCGA-LUAD were download from UCSC Xena (http://xena.ucsc.edu) (Goldman et al., 2017). Besides that, we also downloaded the miRNA expression and related clinical data of LUAD from the Clinical Proteomic Tumor Analysis Consortium (CPTAC)-3 database (Edwards et al., 2015) using the R/Biconductor package “TCGAbiolinks” as the independent validation data (Colaprico et al., 2016; Mounir et al., 2019). Only the primary solid tumor (TP) and solid tissue normal (NT) samples were selected. Patients with less than 30  days of overall survival (OS) were excluded to avoid the possible unrelated causes of death. The details of the samples are shown in Table 1.
TABLE 1 | Number of samples obtained from different databases.
[image: Table 1]As the miRNA expression was obtained from different databases, we applied ComBat (Leek et al., 2012) to remove the batch effect (Figures 1A,B).
[image: Figure 1]FIGURE 1 | Removing batch effect of the miRNA expression between TCGA and CPTAC datasets. (A) PCA plot of the samples obtained from TCGA and CPTAC database with the miRNA expression before batch effect removal. (B) PCA plot of the samples obtained from TCGA and CPTAC database with the miRNA expression after batch effect removal. MiRNA, microRNA; TCGA, The Cancer Genome Atlas; CPTAC, Clinical Proteomic Tumor Analysis Consortium; PCA, principal component analysis.
Differential Gene Expression Analysis
The count data of gene expression were used to perform the differential expression analysis. The genes with adjusted p-value of less than 1 e−3 and absolute log2 fold change ≥1 were regarded as significantly differentially expressed. As a result, a total of 4,522 (64.11%) upregulated and 2,531 (35.89%) downregulated genes (Figure 2A). The Gene Ontology (GO) term and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis results showed that these differentially expressed genes (DEGs) were enriched in 842 biological processes (BPs), 161 molecular functions (MFs), 137 cellular components (CCs), and 44 KEGG pathways (Figure 2B; Supplement Table S1).
[image: Figure 2]FIGURE 2 | The differential gene expression analysis results and enriched functional terms. (A) The volcano plot of the DEGs; 4,522 upregulated genes are in red and 2,531 downregulated genes are in green. (B) Bubble plot of the top 20 enriched biological processes. DEGs, differentially expressed genes.
MicroRNA Signature Identification Based on Multi-Strategy
Using the negative regulation criterion and the information retrieved from three verified miRNA-target databases, we obtained 2,284 miRNA–gene pairs consisting of 228 miRNAs and 1,199 target genes. To examine the function term and effects of these miRNA regulators, we performed GO term and pathway enrichment analysis for these 1,199 target genes. The results showed that there were 924 genes functionally enriched in 700 BPs, 30 MFs, and 53 CCs with adjusted p-value of less than 0.05 (Supplement Table S2). Additionally, there were 163 genes enriched in 16 KEGG pathways, such as cell cycle, cellular senescence, and p53 signaling pathway (Supplement Table S2). By limiting the target genes as these functional enriched genes, we simplified the miRNA–gene regulation network consisting of 221 miRNA and 924 genes (Figure 3A).
[image: Figure 3]FIGURE 3 | MiRNAs selected with different strategy. (A) The subgraph of miRNA–gene regulatory network, consisting of 26 miRNAs selected by univariate survival analysis. (B) Heatmap of importance rank obtained with repeatedly performed survival analysis using randomForestSRC 5,000 times. The 26 miRNAs were further clustered into three groups, and 12 miRNAs were regarded as core or important miRNAs. (C) Prognostic ability [measured with −log10 (p-value)] of miRNA combination generated by feeding the selected 12 core or important miRNAs successively. (D) Optimal thresholds selected for the final eight miRNA signatures. MiRNA, microRNA.
We next performed the univariate survival analysis using the Cox proportional-hazards model with the 161 miRNA regulators. The results showed that 20 miRNAs of LUAD patients can be divided into two groups with significantly different OS (adjusted p-value of less than 0.05, Supplement Table S3). To further ensure the robustness of these miRNAs, we repeatedly performed survival analysis using randomForestSRC 5,000 times and measured the importance of the 21 miRNAs accordingly. With the variable importance rank matrix (see Methods), we clustered the 21 miRNAs into three groups using hierarchical cluster analysis (Figure 3B), and 13 miRNAs that ranked top in most of the repeats were selected for the downstream analysis.
To further select the optimal combination of the miRNA signatures, we performed multivariate survival analysis by adding the 13 miRNAs into the Cox regression model using greedy strategy (Figure 3C). By doing so, we observed that when the number of the miRNA signatures reached eight, the performance was no longer improved. Thus, we selected eight miRNAs (hsa-mir-1293, hsa-mir-4734, hsa-mir-6132, hsa-mir-4487, hsa-mir-4794, hsa-mir-4517, hsa-mir-7705, and hsa-mir-4784) as the miRNA signatures to build the risk-score prediction model.
For each of the miRNA signatures, we divided LUAD patients into two groups according to the miRNA expression with different thresholds and evaluated the discrimination validity using log-rank test and Kaplan–Meier test (Figure 3D). The optimal threshold and the β coefficients for each miRNA signature were saved for the model building (see Methods).
Performance Evaluation for the Risk-Score Model
Using the risk-score model, we estimated the risk score for each LUAD patient and divided the LUAD cohort into high-risk and low-risk groups by defining the cutoff as the median risk score (cutoff = 2.9). The Kaplan–Meier survival analysis results showed that the OS time was significantly different between the patients in these two groups (p-value = 1.43 e−18, Figure 4A). We also evaluated the performance with the independent validation dataset (CPTAC-LUAD). The risk score of the patient in the CPTAC-LUAD dataset were estimated, and then the CPTAC-LUAD patients were divided into high-risk and low-risk groups with the cutoff determined by TCGA-LUAD dataset. The Kaplan–Meier survival analysis results showed that the OS time was significantly different between the CPTAC-LUAD patients in these two groups (p-value = 4.71 e−4, Figure 4B).
[image: Figure 4]FIGURE 4 | Performance evaluation of the risk-score model. (A) Kaplan–Meier plots of OS in TCGA-LUAD cohort when the risk-score cutoff was set as the median value (cutoff = 2.9). (B) Kaplan–Meier plots of OS in CPTAC-LUAD cohort when the risk-score cutoff set as 2.9. (C) ROC curves of risk-score model for TCGA-LUAD cohort. (D) ROC curves of risk-score model for the CPTAC-LUAD cohort. OS, overall survival; TCGA, The Cancer Genome Atlas; LUAD, lung adenocarcinoma; CPTAC, Clinical Proteomic Tumor Analysis Consortium; ROC, receiver operating characteristic.
To further assess the prognostic power of proposed method, time-dependent receiver operating characteristic (ROC) curves were used to compare the specificity and sensitivity for the predicted results of TCGA-LUAD cohort (1 year, 0.716; 3 years, 0.685; 5 years, 0.657; Figure 4C) and CPTAC-LUAD cohort (1 year, 0.693; 3 years, 0.657; Figure 4D). The ROC curves and area under the ROC curve (AUC) showed high consistency of this risk-score model.
The Prognostic Ability of the Risk-Score Model Within Different Clinical Groups
To further validate the prognostic ability of the risk-score model, we test the enrichment of low- and high-risk patients in the groups divided by different clinical indicators, such as age, gender, and clinical stages (Stages I–IV). We found that there was no significant difference of the risk score between the male and female patients (p-value = 0.133), and the risk score also did not show significant correlation with the patient age (R = −0.079, p-value = 0.1, Figure 5A). For the clinical stages, we found that the risk score of patients in Stage II and Stage III were significantly higher than that of patients in Stage I (Stage II: p-value = 1.2 e−5, Stage III: p-value = 4.3 e−4, Figure 5B). The low-risk patients were significantly enriched in early stage (Wilcoxon rank sum test p-value < 2.2 e−16). The clinical staging system is the most acknowledged clinicopathological factor for prognostication and therapy determination of LUAD, which are limited because the prognoses within the same clinical stage vary widely (Mlecnik et al., 2011). To further investigate the potentiality of the risk-score model, we tested the difference of OS between the low- and high-risk patients within the same clinical stage. The results showed that, for Stage I, Stage II, and Stage III, OS time was significantly shorter in the high-risk cohort compared with the low-risk cohort (Stage I, p-value = 3.12 e–8; Stage II, p-value = 0.05; Stage III, p-value = 5.23 e–5; Figures 5C–E).
[image: Figure 5]FIGURE 5 | Prognostic ability of the risk-score model with different clinical factors. (A) Correlation between the patient age and risk score predicted. (B) Comparison of risk score of patients in Stage I, Stage II, and Stage III. The Wilcoxon rank sum test was used. (C–E) Kaplan–Meier plots of OS in Stages I–III of TCGA-LUAD cohort when the risk-score cutoff set as 2.9. OS, overall survival; TCGA, The Cancer Genome Atlas; LUAD, lung adenocarcinoma.
Treatment Response for the Groups Divided by the Risk-Score Model
To further evaluate the clinical benefit of the risk-score model, we extracted the treatment information for the LUAD patients, and 155 patients received different types treatment and 297 patients without any treatment information. Patients who received more than two types of therapy (e.g., patients received both chemotherapy and immunotherapy) were excluded for the follow-up analysis. As the patients who received chemotherapy were enriched in Stage II–Stage IV (Fisher’s exact test p-value = 2.87 e–24), we test the effectiveness of the chemotherapy on the patients in Stage II–Stage IV. The results showed that chemotherapy can improve prognosis to some extent (p-value = 0.09, Figure 6A).
[image: Figure 6]FIGURE 6 | OS comparison between patients with chemotherapy. (A) Kaplan–Meier plots of OS in Stage II–IV patients who received chemotherapy or not. (B) Kaplan–Meier plots of OS in high-risk and low-risk patients who received chemotherapy. (C) Kaplan–Meier plots of low-risk patients who received carboplatin or without any chemotherapy. (D) Kaplan–Meier plots of high-risk patients who received carboplatin or without any chemotherapy. OS, overall survival.
We also observed that, in all the patients who received chemotherapy, the patients regarded as low-risk also benefited more from the chemotherapy than the high-risk chemotherapy (p-value = 1.5 e–4, Figure 6B). In chemotherapy drugs specifically, we also observed that carboplatin can significantly prolong the OS of low-risk patients (p-value = 0.02, Figure 5C), but it has no benefit in the high-risk patients (p-value = 0.94, Figure 5D).
METHODS
Data Preprocessing
The quantile normalization procedure is applied to the gene and miRNA expression separately and filter out the genes and miRNAs with the expression value 0 across more than 90% of the samples. We also applied the ComBat (Leek et al., 2012) to remove the batch effect between the data in TCGA dataset and CPTAC dataset. The DESeq2 (Love et al., 2014) was used to perform the differential expression analysis between the tumor and normal samples using the raw count data. Genes with Benjamini and Hochberg adjusted p-value of less than 1 e–3 and fold change larger than 2 were regarded as significantly DEGs.
Building the MicroRNA–Messenger RNA Negative Regulation Pairs
To obtain the relationship between miRNA and their target gene (mRNAs), we extracted the regulator factor miRNA of DEGs from three verified miRNA–target databases (miRecords (Xiao et al., 2009), miRTarBase (Huang et al., 2020b), and TarBase (Karagkouni et al., 2018)) using the “multiMiR” R package (Ru et al., 2014). These regulatory relationships were further refined based on the negative regulated relationship that one miRNA and its target genes were negatively related. Spearman’s correlation test was applied to each miRNA–gene pair among 504 TP samples with both miRNA expression value and mRNA expression value available, and only the pairs with negative correlation coefficient and adjusted p-value < 0.01 remained.
MicroRNA Signature Selection
The procedure takes four steps to accomplish the miRNA signature selection. We first performed the functional enrichment analysis for the DEGs using the R/Biconductor package “clusterProfiler” (Yu et al., 2012), and functional terms with adjusted p-value of less than 0.05 were regarded as significantly enriched. We retained the miRNAs targeting the genes enriched in any functional terms. Next, we performed OS analysis for each of the remaining miRNAs, and the miRNAs with log-rank p-value of less than 0.05 remained. To further refine the miRNA signatures, we evaluated the extent to which each miRNA contributes to predicting survival using the metric of variable importance using the vimp function from the R package “randomForestSRC” (Ishwaran et al., 2020). We calculated variable importance using random permutation of the variable approach. To ensure robustness, we repeated this step 5,000 times, and a rank matrix for the miRNAs was obtained based on the calculated variable importance. Using the rank matrix, we divided these miRNAs into three groups (including important miRNAs, secondary miRNA, and meaningless miRNAs) using R function hclust with the default parameters. The miRNAs regarded as important or secondary were selected as candidate miRNA signatures and ranked according to the median of the 5,000 ranks of the miRNA. Finally, we performed the multivariate survival analysis using the Cox regression model by feeding the candidate miRNA signatures in sequence. The miRNAs that reduced the prognostic ability of the model were excluded. Ultimately, the rest of the miRNAs were regarded as the signatures.
Building Risk-Score Estimator
For each miRNA signature, we calculated the optimal threshold that can divide the patients into the high-risk or low-risk group with the most significant OS time difference, and the beta (β) coefficient for each miRNA signature was also calculated with the optimal threshold. The risk score of a patient can be defined as follows:
[image: image]
and [image: image] represents the risk score for a certain miRNA [image: image], which was calculated as follows:
[image: image]
Statistical Analysis
Time-dependent ROC curve and AUC were generated with R package “timeROC” (Blanche, 2015). Survival analysis and univariate and multivariate Cox regression analyses were performed with R package “survival” (Therneau and Lumley, 2010). The Kaplan–Meier curves were plot with R package “survminer” (Kassambara et al., 2017). Heatmap was drawn with R package “pheatmap” (Kolde and Kolde, 2015). The p-values of each variable were corrected using the Benjamini and Hochberg (BH) method (Benjamini and Hochberg, 1995).
DISCUSSION
In this study, we have identified eight miRNA signatures associated with the OS of LUAD using both the miRNA expression and gene expression profiles obtained from TCGA-LUAD dataset. With these miRNA signatures, we built a novel risk-score model using both the optimal cutoff and corresponding beta coefficients; otherwise, the miRNA expression is used directly. This model divides LUAD patients into two groups (high-risk and low-risk) with significantly different OS times. The performance was proved to be consistent in both the training set (TCGA-LUAD) and independent validation set (CPTAC-LUAD).
Through consulting literature materials, we found that all the eight miRNAs were reported to be associated with various types of cancer, including lung cancer. Additionally, personalized cancer medicine is a clinical approach that strives to customize therapies based upon the genetic profiles of individual patient tumors. Our results further proved that stratification of LUAD patients is also important to the treatment and response to therapy. However, we also noted that the clinical information, such as treatment response, in TCGA database is mainly rough, and the results in this study need further investigation in the future.
Most importantly, as built based on the optimal threshold and corresponding beta coefficients, the proposed risk-score model was fit for different types of data, including both qualitative and quantitative. This risk-score model provided a new insight into the multi-omics data integration for prognosis.
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Objective: The aim of the present study was to construct a prognostic model based on the peptidyl prolyl cis–trans isomerase gene signature and explore the prognostic value of this model in patients with hepatocellular carcinoma.
Methods: The transcriptome and clinical data of hepatocellular carcinoma patients were downloaded from The Cancer Genome Atlas and the International Cancer Genome Consortium database as the training set and validation set, respectively. Peptidyl prolyl cis–trans isomerase gene sets were obtained from the Molecular Signatures Database. The differential expression of peptidyl prolyl cis–trans isomerase genes was analyzed by R software. A prognostic model based on the peptidyl prolyl cis–trans isomerase signature was established by Cox, Lasso, and stepwise regression methods. Kaplan–Meier survival analysis was used to evaluate the prognostic value of the model and validate it with an independent external data. Finally, nomogram and calibration curves were developed in combination with clinical staging and risk score.
Results: Differential gene expression analysis of hepatocellular carcinoma and adjacent tissues showed that there were 16 upregulated genes. A prognostic model of hepatocellular carcinoma was constructed based on three gene signatures by Cox, Lasso, and stepwise regression analysis. The Kaplan–Meier curve showed that hepatocellular carcinoma patients in high-risk score group had a worse prognosis (p < 0.05). The receiver operating characteristic curve revealed that the area under curve values of predicting the survival rate at 1, 2, 3, 4, and 5 years were 0.725, 0.680, 0.644, 0.630, and 0.639, respectively. In addition, the evaluation results of the model by the validation set were basically consistent with those of the training set. A nomogram incorporating clinical stage and risk score was established, and the calibration curve matched well with the diagonal.
Conclusion: A prognostic model based on 3 peptidyl prolyl cis–trans isomerase gene signatures is expected to provide reference for prognostic risk stratification in patients with hepatocellular carcinoma.
Keywords: peptidyl prolyl cis–trans isomerase, nomogram, hepatocellular carcinoma, TCGA, ICGC
INTRODUCTION
The 2020 edition GLOBOCAN released by the World Health Organization shows that liver cancer ranks sixth in the number of new cases of malignant tumors worldwide and is the third leading cause of cancer death in the world (Sung et al., 2021). Hepatocellular carcinoma (HCC) is the most common pathological type of primary liver cancer, accounting for about 90% (Llovet et al., 2021). Current treatment options for HCC include radical hepatectomy, liver transplantation, arterial catheterization, radiotherapy, and chemotherapy. However, approximately 75% of patients are diagnosed with early disease after surgery relapse within 5 years. Moreover, surgical resection and liver transplantation are not appropriate for all HCC patients because most HCC patients are diagnosed as advanced or multifocal tumors, and the 5-year overall survival of HCC patients is less than 20% (Forner et al., 2018; Vibert et al., 2020; Yang and Heimbach, 2020). The TNM Classification of Malignant Tumors staging is one of the main reference indicators for prognosis assessment of HCC. However, TNM staging is insufficient in the assessment of prognosis due to the heterogeneity of tumors. The prognosis of HCC patients with the same TNM stage may vary, and even among HCC patients diagnosed with the same TNM stage and receiving similar clinical treatment, survival outcomes are various (Bruix et al., 2014; Dhir et al., 2016). Therefore, it is necessary to find more effective prognostic biomarkers in order to more accurately evaluate the prognosis and develop individualized treatment strategies.
Biological processes in the cell are extremely dynamic and complex events that are finely choreographed both spatially and temporally. The proper modulation of protein function is central to this orchestration. A number of regulatory mechanisms have been well-established, including post-translational chemical modifications of selected amino acid side chains, allosteric regulation, and regulated protein degradation (Lu et al., 2007). The peptidyl–prolyl cis–trans isomerases (PPIases) regulate the conversion between cis and trans conformations of proteins as a molecular timer and play an important regulatory role in the process of life activities (Lu et al., 2007). The PPIase superfamily comprises four structurally unrelated families: cyclophilins, FK506-binding proteins, parvulins, and the protein phosphatase 2A phosphatase activator. These proteins exhibit well-conserved CYP or FKBP domains. These four subfamilies of PPIases are not similar in their sequences and three-dimensional structures, but these proteins exhibit well-conserved CYP or FKBP domains and can all catalyze the cis–trans isomerism of the peptide–proline amide bond (Fischer et al., 1989; Fanghänel and Fischer, 2004; Jordens et al., 2006; Mueller and Bayer, 2008). Many members of the PPIases gene family have recently been found to be closely associated with cancer progression and prognosis (Hojo et al., 1999; Bao et al., 2004; Ni et al., 2010; Annett et al., 2020). However, the prognostic value of the PPIase gene signature in HCC remains unclear.
In this study, the transcriptome and clinical data of HCC patients were downloaded from TCGA and ICGC databases as training set and validation set, respectively. A prognostic model based on the PPIase gene signature was established by using Cox, Lasso, and stepwise regression methods. Kaplan–Meier survival analysis was used to evaluate the prognostic value of the model and validate it with an independent external data. In addition, nomogram and calibration curves were developed in combination with clinical staging and risk score.
METHODS
Acquisition of Peptidyl Prolyl Cis–Trans Isomerase Gene Sets
We obtained 43 PPIase genes from the GO_PROTEIN_PEPTIDYL_PROLYL_ISOMERIZATION gene sets in the Molecular Signatures Database (MSigDB v7.2, http//: software.broadinstitute.org/gsea/msigdb) (Liberzon et al., 2011).
Transcriptome and Clinical Data of Hepatocellular Carcinoma
Transcriptome and clinical data were downloaded from The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/) (Blum et al., 2018). Information on the gene expression and comparing clinical data (377 cases; data format: BCR XML) were downloaded from the level 3 gene expression information (FPKM normalized) of the TCGA LIHC cohort. The data from TCGA were used as the training set, and the data from ICGC were used as the validation set. Another RNA-seq dataset of 240 primary HCC patients together with corresponding clinical information was accessed from the ICGC (https://dcc.icgc.org/, LIRI-JP) (Kennedy et al., 2012), which was used as a cohort for external validation of the signature. The clinicopathological data collected included sex, age, stage, grade, survival status, and survival duration in days. Our study was in accordance with the publication guidelines provided by TCGA.
Identification of Differentially Expressed Genes
The differential expression of the PPIase gene in 370 HCC tissues and 50 para-cancerous tissues was analyzed by the “limma” package of R 3.6.1 software. The criteria for selection of differentially expressed genes were FDR <0.05, |log2FC|≥1, FDR: false discovery rate, and FC: fold change.
Construction of the Prognostic Risk Score Model
The clinical data of HCC were merged with the expression data of PPIase genes. The “survival” package of R software was used to perform univariate Cox regression analysis. The hazard ratio (HR) and corresponding p value of each PPIase gene were obtained by univariate Cox regression analysis. When the p value was less than 0.05, the gene was selected for further analysis. In order to reduce the collinearity between genes and prevent the over-fitting of prognostic risk model variables, Lasso regression was used to further analyze the variables obtained from univariate Cox regression (Tibshirani, 1997). Subsequently, we performed further variable filtering through the “step” function, which was a stepwise regression analysis based on AIC information statistics. In addition, the coefficient of each PPIase gene was calculated by multivariate Cox regression analysis. Finally, the risk score equation was constructed as follows:
[image: image]
where Coef is the coefficient, n is the number of genes, X is the expression value of the gene, and i refers to the serial number.
Evaluation and Validation of the Prognostic Risk Score Model
The risk score of each HCC patient was calculated by the risk score equation. Patients were divided into low-risk and high-risk groups according to the median of risk score as the cutoff value. Kaplan–Meier survival analysis was performed using the “survival” package of R software. The “timeROC” package was used to draw the ROC curve of the model. The area under curve (AUC) was calculated to evaluate the sensitivity and specificity of the prognostic model. Principal component analysis was performed to explore the distribution pattern of high- and low-risk groups according to PPIase gene expression. In addition, we performed univariate and multivariate Cox regression analyses to investigate whether the risk score can be an independent predictor of overall survival in HCC patients. Covariates included age, stage, and grade. To verify the reliability of the model, we downloaded the LIRI-JP dataset from the ICGC database as the validation set. The risk score for each patient was calculated using the same formula as the training set.
The Construction of Nomogram and Calibration Curves
In order to better evaluate the clinical significance of the model and facilitate clinical application, a nomogram integrating TNM staging and prognostic risk score was constructed. Clinicians can quantitatively assess the prognostic risk based on the score for each risk variable in the model. Finally, the calibration curve was drawn to evaluate the accuracy of the nomogram.
RESULTS
Differential Expression of Peptidyl Prolyl Cis–Trans Isomerase Genes
Flowchart for profiling the PPIase genes of HCC (Figure 1). The TCGA–LIHC data were downloaded. There were 50 para-cancerous tissues and 370 HCC tissues which were included after data collection. The results showed that compared with the para-cancerous tissues, there were 16 upregulated PPIase genes in HCC tissues (Figures 2A,B).
[image: Figure 1]FIGURE 1 | Flowchart for profiling the peptidyl prolyl cis–trans isomerase gene signatures.
[image: Figure 2]FIGURE 2 | Differentially expressed PPIase genes. Volcano plot (A) and heat map (B) of differential expression in hepatocellular carcinoma and para-cancerous tissues.
Construction of the Prognostic Risk Score Model Based on 3 Genes
Sixteen differentially expressed PPIase genes were included in univariate Cox regression analysis. There were 10 genes associated with survival in HCC patients, including FKBP6, CWC27, PPIH, FKBP10, PPIL2, FKBP1A, PPIL1, FKBP9, FKBP14, and PPIA (Table 1, p < 0.05). Lasso regression was applied to further screen the 10 prognostic PPIase genes, in order to reduce the influence of collinearity among genes and prevent over-fitting of risk model variables constructed later. The results of Lasso regression were included in the 7 PPIase genes: FKBP6, CWC27, PPIH, FKBP1A, PPIL1, FKBP14, and PPIA (Figure 3). Finally, a prognostic model based on the mRNA expression and coefficients of the 3 genes was finally obtained by multivariate Cox and stepwise regression analyses. The coefficients of each gene are listed in Table 2. The risk score was quantified by the following formula:
[image: image]
TABLE 1 | Prognostic values of 16 PPIase genes.
[image: Table 1][image: Figure 3]FIGURE 3 | Cross-validation results (A) and dynamic process diagram of Lasso regression screening variables (B).
TABLE 2 | Most prognosis-related PPIase genes.
[image: Table 2]Evaluation of the Peptidyl Prolyl Cis–Trans Isomerase Gene Signature Model
The Kaplan–Meier curve showed that HCC patients in high-risk score group had a worse prognosis (p < 0.05, Figure 4A). The ROC curve revealed that the AUC values of predicting survival rate at 1, 2, 3, 4, and 5 years were 0.725, 0.680, 0.644, 0.630, and 0.639, respectively (Figure 4B). The results of principal component analysis revealed that there were significant differences in the distribution patterns of HCC in the high-risk and low-risk groups (Figure 4C).
[image: Figure 4]FIGURE 4 | Evaluation and validation of the peptidyl prolyl cis–trans isomerase gene signature model. (A) Kaplan–Meier curve in the training set. (B) Time-dependent receiver operating characteristic curve in the training set. (C) Principal component analysis in the training set. (D) Kaplan–Meier curve in the validation set. (E) Time-dependent receiver operating characteristic curve in the validation set. (F) Principal component analysis in the validation set.
Validation of the Peptidyl Prolyl Cis-Trans Isomerase Gene Signature Model
In order to verify the reliability of the model, we applied the external dataset from the ICGC database for validation. There were 230 HCC tissues which were included after data collation. The patients of the validation set were divided into high-risk (n = 115) and low-risk groups (n = 115) based on the median of risk score. Consistent with the results of the TCGA dataset, the Kaplan–Meier curve showed that HCC patients in high-risk score group had a worse prognosis (p < 0.05, Figure 4D). The ROC curve revealed that the AUC values of predicting survival rate at 1, 2, 3, 4, and 5 years were 0.601, 0.679, 0.67, 0.688, and 0.688, respectively (Figure 4E). The results of principal component analysis revealed that there were significant differences in the distribution patterns of HCC in the high-risk and low-risk groups (Figure 4F). It is suggested that the model has a good inclusiveness.
Risk Score as an Independent Prognostic Factor
Univariate and multivariate Cox regression analyses were performed to investigate whether the risk score could be an independent predictor of prognosis in patients with HCC. Univariate Cox regression analysis showed a significant correlation between the risk score and overall survival in the training set (HR = 1.602, 95% CI = 1.346–1.908, p < 0.001, Figure 5A). Multivariate Cox analysis suggested that the risk score was an independent prognostic predictor (HR = 1.475, 95% CI = 1.194–1.821, p < 0.001, Figure 5B). Similarly, univariate Cox regression analysis revealed that the risk score was related to overall survival in the validation set (HR = 1.375, 95% CI = 1.164–1.583, p < 0.001, Figure 5C). Multivariate Cox analysis suggested that the risk score was an independent prognostic predictor in the validation set (HR = 1.277, 95% CI = 1.070–1.524, p = 0.007, Figure 5D).
[image: Figure 5]FIGURE 5 | Risk score as an independent prognostic factor. Univariate (A) and multivariate (B) Cox regression analyses in the training set. Univariate (C) and multivariate (D) Cox regression analyses in the validation set.
The Construction of Nomogram and Calibration Curves
The nomogram is a clinical tool that allows clinicians to determine the prognosis of patients by adding the score of each risk variable in the model to obtain the total score and the corresponding survival rate. Therefore, this study constructed a nomogram combining TNM staging and risk score. The ROC curve showed that the AUC value of risk score predicted 1-year survival was greater than stage (Figure 6A). The nomogram revealed that the risk score was the most important factor among the various clinical parameters (Figure 6B). Moreover, the 1-year, 2-year, 3-year, 4-year, and 5-year calibration curves have a high matching degree with the diagonal (Figures 6C–G).
[image: Figure 6]FIGURE 6 | Prognostic nomogram was constructed to predict the overall survival probability based on the training set of patients with hepatocellular carcinoma. (A) ROC curve analysis. (B) The nomogram to predict 1-, 2-, 3-, 4- and 5-year OS overall survival in the train set. (C–G) The calibration plots for predicting patient 1-, 2-, 3-, 4- and 5-year OS, respectively.
DISCUSSION
In recent years, with the rapid development of next-generation sequencing technology and precision medicine, more and more evidence indicates that gene signatures of mRNA level have good potential in predicting the prognosis of many cancers, including HCC. For example, the application of bioinformatics methods to construct a prognostic model based on the gene signature of autophagy, M6A methylation, and immunity have been reported for a variety of cancers, which is even better than TNM staging to a certain extent (Brebi et al., 2014; Frost and Amos, 2017; Liu et al., 2021). However, most of the existing signatures have not been widely used in clinical practice of HCC because the reliability of models is affected by many factors such as over-fitting. In order to prevent over-fitting, some recent studies have adopted the regularization method, and the model has good reliability (Wang et al., 2020; Wang et al., 2021a; Li et al., 2021). Therefore, this study intends to use a combination of multiple regularization methods to construct an HCC prognosis model based on the PPIase gene set.
Many members of the PPIases gene family have recently been found to be closely associated with cancer progression and prognosis (Hojo et al., 1999; Bao et al., 2004; Ni et al., 2010; Annett et al., 2020). Therefore, we attempted to construct a prognostic model using the PPIases gene set. Surprisingly, we found that a model based on 3 PPIases gene signatures had good prognostic value. Multivariate Cox analysis suggested that the risk score was an independent prognostic predictor. The Kaplan–Meier curve showed that the prognosis of HCC patients in the high-risk group was worse. The AUC value of the ROC curve for predicting 1-year survival was greater than 0.7. A useful line nomogram was also successfully constructed.
In this study, PPIase gene differential expression was analyzed in HCC and adjacent tissues. Finally, 3 genes (FKBP6, CWC27, and FKBP1A) most related to prognosis were screened out by Cox and Lasso regression methods. It was reported that promoter methylation of FKBP6 can be used as a biomarker for the diagnosis of cervical cancer (Fischer et al., 1989). Another research showed that CWC27 can be used as a biomarker for the prognosis of bladder cancer (Wan et al., 2020). FKBP1A has also been reported to play a role in promoting tumor progression. Zhang et al. (2019) found that FKBP1A affected the proliferation and migration of prostate cancer cells (Lipunova et al., 2019). Romano et al. (2008) found that knockdown of FKBP1A can activate the TGF-β signaling pathway in chronic lymphocytic leukemia cells (Zhang et al., 2019). These studies suggest that FKBP1A may play a role in promoting cancer development in chronic lymphocytic leukemia and prostate cancer.
The nomogram is a clinical tool that allows clinicians to determine the prognosis of patients by adding the score of each risk variable in the model to obtain the total score and the corresponding survival rate (Romano et al., 2008). In recent years, the nomogram has been widely used as one of the practical tools in the assessment of cancer prognosis (Ohori Tatsuo Gondo And Riu Hamada et al., 2009; Zhou et al., 2021a; Wang et al., 2021b; Wu et al., 2021). Calibration curves are often used to evaluate the accuracy of a nomogram. The calibration curves of an ideal model just fall on the diagonal, and the more the calibration curves match the diagonal, the higher will be the prediction accuracy (Iasonos et al., 2008; Zhou et al., 2021b). As shown in Figures 5B,C,D, the calibration curve for predicting the survival rate at 1, 2, and 3 years has a good matching degree with the diagonal, suggesting a high accuracy of the model. Our model might provide a new reference for prognostic risk stratification assessment in HCC patients.
However, our model also has some limitations. First, further studies with additional external datasets are needed to confirm the prognostic value of the model. Second, the prognostic model is based on retrospective data, which is prone to selection bias, information bias, and other biases.
CONCLUSION
A prognostic model based on 3 PPIase gene signatures is expected to provide reference for prognostic risk stratification in patients with HCC.
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Interactions of the extracellular matrix (ECM) and cellular receptors constitute one of the crucial pathways involved in colorectal cancer progression and metastasis. With the use of bioinformatics analysis, we comprehensively evaluated the prognostic information concentrated in the genes from this pathway. First, we constructed a ECM–receptor regulatory network by integrating the transcription factor (TF) and 5’-isomiR interaction databases with mRNA/miRNA-seq data from The Cancer Genome Atlas Colon Adenocarcinoma (TCGA-COAD). Notably, one-third of interactions mediated by 5’-isomiRs was represented by noncanonical isomiRs (isomiRs, whose 5’-end sequence did not match with the canonical miRBase version). Then, exhaustive search-based feature selection was used to fit prognostic signatures composed of nodes from the network for overall survival prediction. Two reliable prognostic signatures were identified and validated on the independent The Cancer Genome Atlas Rectum Adenocarcinoma (TCGA-READ) cohort. The first signature was made up by six genes, directly involved in ECM–receptor interaction: AGRN, DAG1, FN1, ITGA5, THBS3, and TNC (concordance index 0.61, logrank test p = 0.0164, 3-years ROC AUC = 0.68). The second hybrid signature was composed of three regulators: hsa-miR-32-5p, NR1H2, and SNAI1 (concordance index 0.64, logrank test p = 0.0229, 3-years ROC AUC = 0.71). While hsa-miR-32-5p exclusively regulated ECM-related genes (COL1A2 and ITGA5), NR1H2 and SNAI1 also targeted other pathways (adhesion, cell cycle, and cell division). Concordant distributions of the respective risk scores across four stages of colorectal cancer and adjacent normal mucosa additionally confirmed reliability of the models.
Keywords: ECM–receptor, colorectal cancer, network analysis, TCGA-COAD, TCGA-READ
1 INTRODUCTION
The extracellular matrix (ECM) is a noncellular component of tissue, which biochemically and structurally supports cells. The ECM is composed of different glycoproteins such as collagens, laminins, and fibronectins (Theocharis et al., 2016), and there are dozens of cellular receptors which directly interact with the components of the ECM, for example, integrins or cadherins (Barczyk et al., 2010). Interactions between the ECM and receptors on the cellular surface regulate cell behavior and play an important role in communications between cells, cell proliferation, adhesion, and migration (Nguyen-Ngoc et al., 2012; Plotnikov et al., 2012; Schlie-Wolter et al., 2013; Lange et al., 2014).
A number of studies revealed a crucial role of the ECM–receptor interaction in colorectal cancer development and metastasis formation (Stankevicius et al., 2016; Crotti et al., 2017; Maltseva and Rodin, 2018). We recently showed the contribution of α5 laminin in differentiation of colorectal cancer cells and chemotherapy resistance (Maltseva et al., 2020). Several works describe biomarkers and signatures for assessment of colorectal cancer prognosis based on the expression of particular genes involved in ECM–receptor interaction, including genes encoding integrins (Boudjadi et al., 2013; Gong et al., 2019), E- and P-cadherin (Sun et al., 2011; Christou et al., 2017), and different laminins (Galatenko et al., 2018). ECM-based prognostic gene signatures were constructed for gastric (Yang et al., 2020), breast (Bergamaschi et al., 2008), prostate (Pang et al., 2019), and bladder (Qing et al., 2020) cancers. However, to the best of our knowledge, no comprehensive prognostic analysis of ECM–receptor interaction–based colorectal cancer gene signatures has been done so far.
Another dimension useful for the construction of prognostic signatures is the analysis of regulatory networks (Ahmad et al., 2012; Guo et al., 2020; Nersisyan et al., 2021b). Specifically, gene expression levels could be dynamically regulated by other molecules, such as transcription factors (TFs), microRNAs (miRNAs), and others. Recently, it was shown that miRNAs are present in a cell in different variants, called miRNA isoforms (isomiRs) (Morin et al., 2008; Loher et al., 2014). As a result of imprecise enzymatic cleavage, miRNA hairpins give rise to mature forms, which differ from each other in 1–3 nucleotides at the ends of the molecule (Zhiyanov et al., 2021). Importantly, the targetome of isomiRs with differences at 5’-ends (5’-isomiRs) significantly differ from the canonical form (Tan et al., 2014; van der Kwast et al., 2020). Thus, 5’-isomiRs could be considered separate miRNAs with their own sets of targets.
In this work, we analyzed expression patterns of genes involved in the ECM–receptor interaction pathway using RNA sequencing data of colorectal cancer samples taken from The Cancer Genome Atlas Colon Adenocarcinoma (TCGA-COAD) and Rectum Adenocarcinoma (TCGA-READ) projects (Network, 2012). First, we constructed and analyzed a regulatory network to infer 5’-isomiRs and TFs, which are direct regulators of genes from the ECM–receptor interaction pathway. The network was built with miRGTF-net—the recently developed tool which integrates both expression and database-level data for the network construction (Nersisyan et al., 2021b). Next, the obtained network was used to construct hybrid isomiR-gene signatures for predicting overall survival in colorectal cancer. For this analysis, we employed a novel technique of exhaustive search-based Cox model fitting. Namely, ExhauFS software (Nersisyan et al., 2021c) was used to construct prognostic models for all gene/5’-isomiR pairs, triples, etc; then, the best performing model was picked.
2 METHODS
2.1 TCGA mRNA and miRNA Sequencing Data
RNA and miRNA sequencing read count tables were downloaded from the GDC Data Portal for n = 426 TCGA-COAD and n = 161 TCGA-READ colorectal cancer samples (tumors with unmatched miRNA/mRNA profiles or without clinical information were not considered). For the comparison of primary tumors and adjacent normal mucosa, n = 7 TCGA-COAD normal samples were also included. With the use of the trimmed mean of M-values (TMM) algorithm implemented in the edgeR v3.30.3 package (Robinson et al., 2010), the obtained mRNA-seq and miRNA-seq count matrices were processed into the TMM-FPKM and TMM-RPM tables, respectively. Low expressed genes and miRNAs were filtered out using the default procedure available in edgeR.
The conventional nomenclature was used to annotate 5’-isomiRs (Telonis et al., 2015; Zhiyanov et al., 2021). For example, hsa-miR-30e-5p|+1 stands for the mature hsa-miR-30e-5p miRNA without the first nucleotide at the 5’-end (i.e., the number after | represents the offset at the 5’-end in the direction from the 5’-end to the 3’-end).
2.2 Network Analysis
A recently developed miRGTF-net tool (Nersisyan et al., 2021b) was applied to the TCGA-COAD dataset for the construction of a colorectal cancer miRNA-gene-TF regulatory network. The main feature of this approach consists in the integration of expression data (TCGA-COAD) with the biological interaction databases:
• TFLink database (https://tflink.net) was used to extract TF-gene interactions;
• TF-miRNA interactions were obtained from TransmiR v2.0 (Tong et al., 2019);
• miRDB v6.0 (Chen and Wang, 2020) custom prediction mode was employed to predict targets of 5′-isomiRs (as recommended by the tool authors, interactions with target scores [image: image] were considered).
First, the initial network was constructed based on the interactions listed in these databases. Second, all uncorrelated and wrong-directional edges (like positively correlated miRNAs and their targets) were discarded. Then, interaction scores were assigned to each edge and node of the network. The interaction scores are based on the strength of the linear dependence between expressions levels of the connected nodes. After filtering out nodes and edges with low interaction scores, the resulting network consisted of nodes with significant influence on some other nodes and/or significantly regulated by some other node. Configuration for miRGTF-net execution is listed in Supplementary Material.
ECM–receptor interaction–related genes were taken from the KEGG hsa04512 pathway (Kanehisa et al., 2021) (we refer to these genes as ECM set). Next, the output of miRGTF-net was used to construct a subnetwork composed of molecules, which either regulates a gene from the ECM–receptor interaction pathway or is regulated by a gene from the pathway (ECM+ set).
2.3 Construction of Prognostic Signatures
The TCGA-COAD cohort was split into training (75% of samples) and filtration (25%) sets with a stratification by outcome indicator (death or censoring) and overall survival time (date of death or date of the last follow-up). Namely, we first sorted samples by outcome indicator and then sorted samples by overall survival time within each outcome group. Finally, every fourth sample was added to the filtration set, and the resting samples were labeled as the training ones. The independent TCGA-READ dataset was used for the model validation (test set).
The ExhauFS tool (Nersisyan et al., 2021c) was used to fit Cox survival regression models. For each length of prognostic signature (k = 1, 2, … , 10), we first selected n most individually predictive features (see the next paragraph for the details) and then fit Cox models for all possible [image: image] feature subsets. The values of n were chosen for reasons of limiting the computational time by the default procedure available in ExhauFS (Supplementary Table S1). The pipeline was executed in two modes: in the first one, genes from the ECM set were pre-selected, and in the second run, all 537 genes and isomiRs from the ECM+ set were considered for the model construction.
The concordance index was used as the main model accuracy metric, including the feature selection step. That is, features (genes and isomiRs) were selected according to the concordance index of the respective univariate model. In addition, patients were separated into high- and low-risk groups (the median risk score calculated on the training set was used as a cut-off value). This allowed us to construct Kaplan–Meier curves and compare low- and high-risk groups with the hazard ratio metric and the logrank test. Finally, time-dependent ROC AUC was calculated to measure discriminative power of models for predicting 3-year patient survival. Configuration for ExhauFS execution is listed in Supplementary Material.
The set of reliable models was defined by the following thresholds, set on both training and filtration sets: concordance index [image: image], hazard ratio [image: image], logrank test p-value [image: image], and 3-year ROC AUC [image: image]. The best performing model was chosen by taking the signature with the maximal concordance index on the training set.
2.4 Enrichment Analysis
Enrichment analysis of gene sets was conducted using DAVID v6.8 (Huang et al., 2009). Significantly enriched terms were identified by setting a 0.05 threshold on false discovery rates (FDRs).
2.5 Statistical Analysis
A hypergeometric test was applied to
• identify regulators (TFs and isomiRs) with an overrepresented number of target genes in the ECM set;
• identify genes and isomiRs, which were overrepresented in the reliable prognostic signatures.
“Over”-regulated genes from the ECM set were determined by the binomial test. In all the cases, the Benjamini–Hochberg procedure was employed to adjust for multiple testing correction. SciPy implementation of statistical tests was used (Virtanen et al., 2020).
3 RESULTS
3.1 Regulatory Network of ECM–Receptor Interaction Pathway
The first step of our analysis was the inference of regulatory interactions affecting genes from the ECM–receptor interaction pathway (from here onward, we refer to these genes as ECM set). The MiRGTF-net tool allows one to construct miRNA–gene–TF interaction networks combining both database-level and integrative miRNA/gene expression data. At the beginning, the database-level network was constructed; it contained interactions of the three types:
• TFs regulating target genes;
• TFs regulating target miRNAs;
• 5’-isomiRs downregulating target genes.
Then, TCGA-COAD gene and isomiR expression data were analyzed to filter only those interactions which are supported by a significant correlation in considered samples.
The resulting ECM–receptor regulatory network consisted of 522 nodes, which included 442 TFs, 27 5’-isomiRs, and 53 genes from the ECM–receptor interaction pathway (here onward, ECM+ set). First, we analyzed out-degrees of the network nodes, that is, the numbers of regulatory interactions outgoing from TFs and isomiRs. The network had 49 hubs—regulators whose targets were significantly enriched by the ECM set (Figure 1A, Supplementary Table S2). Aside from well-known TFs, regulating hundreds and thousands of genes (e.g., ZEB1, TWIST1, SPI1, etc.), there were three isomiRs (hsa-miR-148a-3p|-1, hsa-miR-29b-3p|0, and hsa-miR-32–5p|0) narrowly regulating the ECM set. Reciprocally, network in-degree analysis revealed nine “over”-regulated genes from the ECM set, mainly integrins and laminins (Figure 1B, Supplementary Table S3).
[image: Figure 1]FIGURE 1 | ECM–receptor regulatory network. Blue nodes represent TFs, red nodes represent genes, and green nodes represent 5′-isomiRs. The node size indicates the value of the node degree; (A) out-degree; (B) in-degree.
Interestingly, one-third of isomiR–target gene interactions (13 out of 39) were mediated by noncanonical 5’-isomiRs (i.e., isomiRs whose 5’-ends do not match with canonical the miRBase version). This included four mRNA targets of hsa-miR-148a-3p|-1 (LAMA4, LAMB2, ITGA11, and COL4A1), two targets of hsa-miR-335-3p|-1 and hsa-miR-30e-5p|+1 (both isomiRs regulated ITGA1 and COL1A2), and five isolated isomiR–gene interactions: hsa-miR-92a-3p|+2 and ITGAV, hsa-miR-203a-3p|+1 and COL4A1, hsa-miR-200b-3p|+1 and LAMA4, hsa-miR-194-5p|-1 and ITGA2, and hsa-miR-142-3p|+1 and LAMC1. Thus, consideration of 5’-isomiRs as distinct functional units added much information about RNA interference–mediated gene silencing.
3.2 Prognostic Power of the ECM and ECM+ Sets
Next, we assessed whether it is possible to find an accurate overall survival prediction model constructed of molecules from the ECM and ECM+ sets. We used our recently developed ExhauFS tool to go over all possible prognostic signatures composed of ECM/ECM+ genes and 5’-isomiRs, where the signature length varied from 1 to 10. While it was possible to search over all possible gene/isomiR pairs composed of 537 molecules (cardinality of the ECM+ set), the exhaustive search was computationally infeasible already for the triples. To tackle this problem, ExhauFS selects the relevant number of the most individually informative features and then performs exhaustive search among them (see Methods for the details).
For the pipeline evaluation, 75% of the TCGA-COAD cohort was used for the Cox model training, and the remaining 25% was used for the filtration. The TCGA-READ dataset was used as an independent validation set. We set up several accuracy thresholds to discard models which demonstrated unreliable quality either on the training or the filtration sets (see Methods). The distribution of model accuracies (concordance indices) for each signature length (k) is shown in Figure 2. As it can be seen, both ECM+ and ECM models started to overfit from some point: quality of the models monotonically increased on the training set and started to drop on the filtration set after a certain signature length. The filtration set accuracy peak for the ECM+ set fell on gene/isomiR triples and quadruples (Figure 2); for the downstream analysis, we selected the shorter signatures, since there was no statistically significant difference between concordance indices for k = 3 and k = 4 (Mann–Whitney U-test p = 0.11). As for the ECM set, the highest filtration concordance indices were detected for the 6-gene signatures.
[image: Figure 2]FIGURE 2 | Distribution of the concordance indices of the reliable models for different lengths of signatures. (A) ECM+ models. (B) ECM models.
Among the ECM+ triples, the best model (according to the concordance index on the training set) was constructed with one canonical miRNA and two TFs: hsa-miR-32-5p|0, NR1H2, and SNAI1. The risk score (RS) for the model was calculated as follows:
[image: image]
The signature demonstrated reliable performance on the TCGA-READ validation set: the concordance index was equal to 0.64, difference in survival between groups of low- and high-risk was statistically significant (hazard ratio = 2.25, logrank test p = 0.0229, Figure 3A), and the model accurately classified 3-year patient survival (3-year ROC AUC = 0.71, Figure 3B).
[image: Figure 3]FIGURE 3 | Performance of hsa-miR-32-5p|0, NR1H2, and SNAI1 signature on the validation set. (A) Kaplan–Meier curves. (B) 3-year ROC curve. Red point on the ROC curve corresponds to the risk score threshold, calculated as a median score on the training set.
Similarly to the ECM+ case, the most reliable signature in the ECM set was identified as follows:
[image: image]
The quality of this signature, composed of six genes directly involved in ECM–receptor interaction, was comparable to the quality of hybrid ECM+ prognostic triple: concordance index = 0.61, hazard ratio = 2.14, logrank test p = 0.0164 (Figure 4A), 3-year ROC AUC = 0.68 (Figure 4B). The complete list of accuracy metrics (including training and filtration sets) is presented in Supplementary Table S4 and Supplementary Figure S1.
[image: Figure 4]FIGURE 4 | Performance of AGRN, DAG1, FN1, ITGA5, THBS3, and TNC signature on the validation set. (A) Kaplan–Meier curves. (B) 3-year ROC curve. Red point on the ROC curve corresponds to the risk score threshold, calculated as a median score on the training set.
To assess the relationship between expression levels of nine identified prognostic molecules, we performed hierarchical clustering using both sample-wise expression values (Figure 5A) and correlation matrix (Figure 5B). Notably, three genes (FN1, ITGA5, and TNC) showed a strong co-expression pattern, while the other molecules did not form clear cluster structures. For both signatures, we compared the distributions of the underlying risk scores between four stages of colorectal cancer and adjacent normal tissues. In all cases, the risk scores monotonically increased from the normal mucosa to stage IV cancer (Figure 6). This observation is an additional piece of evidence of reliability of two constructed models.
[image: Figure 5]FIGURE 5 | Expression distribution of the nine prognostic molecules. (A) Normalized and log 2-transformed expression units. (B) Spearman correlation matrix.
[image: Figure 6]FIGURE 6 | Distribution of the risk scores across normal tissues and four stages of colorectal cancer. (A) hsa-miR-32-5p|0, NR1H2, and SNAI1 signature. (B) AGRN, DAG1, FN1, ITGA5, THBS3, and TNC signature.
3.3 Regulatory Neighborhood of the Prognostic 5’-isomiR/Gene Triple
Since the best ECM+ model was composed of three regulators (one miRNA and two TFs), the next step of our analysis was to explore the landscape of regulatory interactions mediated by these molecules (Figure 7). Out of three regulators, only miR-32 specifically regulated the ECM–interaction pathway: two (COL1A2 and ITGA5) out of nine predicted targets were from the ECM set (adjusted p = 8.92 × 10–3). Moreover, DAVID enrichment analysis of this set of nine genes revealed only two pathways tightly related to the ECM: ECM–receptor interaction (KEGG hsa04512, adjusted p = 0.0168) and focal adhesion (KEGG hsa04510, p = 0.0463).
[image: Figure 7]FIGURE 7 | Regulatory neighborhood of the prognostic 5′-isomiR/gene triple. (A) NR1H2. (B) hsa-miR-32–5p|0. (C) SNAI1.
Unlike miR-32, targetomes of NR1H2 and SNAI1 were not focused on the ECM set; only 4/705 targets of NR1H2 (HMMR, ITGA3, ITGB4, and LAMB3, p = 0.86) and 1/6 targets of SNAI1 (FN1, p = 0.16) were associated with ECM–receptor interaction. To uncover the regulatory role of NR1H2 and SNAI1 in colorectal cancer, we also performed DAVID functional enrichment analysis of the sets of their target genes inferred by miRGTF-net. Multiple pathways were enriched in the set of NR1H2 targets, including cell cycle, cell division, DNA repair, and RNA splicing (SupplementaryTable S5). In case of SNAI1, the cell adhesion pathway was enriched when no multiple testing correction was applied (Supplementary Table S5). Thus, the inclusion of regulators in the prognostic signatures expanded the scope of the considered ECM pathway.
4 DISCUSSION
In this work, we used expression data of genes constituting the ECM–receptor interaction pathway and its direct 5’-isomiR and TF regulators to compose prognostic signatures for colorectal cancer. The novel feature of the network construction step consisted in accounting for 5’-isomiR targeting. Importantly, one-third of all isomiR–gene interactions were mediated by noncanonical 5’-isomiRs. These numbers are in agreement with previous experimental findings, which demonstrated biological activity of noncanonical 5’-isomiRs, for example, miR-411|-1 (van der Kwast et al., 2020) or miR-9|+1 (Tan et al., 2014).
With the use of the ECM–receptor regulatory network, we constructed two reliable signatures for overall survival prediction. The first hybrid signature was composed of one canonical miRNA and two TFs: hsa-miR-32-5p|0, NR1H2, and SNAI1. The second signature was composed of six genes, directly involved in ECM–receptor interaction: AGRN, DAG1, FN1, ITGA5, THBS3, and TNC. A number of studies already highlighted the role of several markers from the constructed signatures in colorectal cancer. In two recent reports, miR-32 was shown to promote tumorigenesis, radioresistance, migration, and invasion of colorectal cancer by targeting BMP5 and TOB1 (Chen et al., 2018; Liang et al., 2019). With the use of sequence-based target prediction coupled with co-expression analysis, here, we first showed that miR-32 targets are overrepresented in the ECM–receptor interaction pathway (adjusted p-value = 8.92 × 10–3). Thus, the new possible regulatory role of miR-32 was uncovered. Another member of the ECM+ prognostic triple, the SNAI1 transcription factor, was also linked to the poor prognosis of colorectal cancer. Namely, SNAI1 regulates epithelial–mesenchymal transition (EMT) by suppressing E-cadherin and promotes chemoresistance in colorectal cancer (Hoshino et al., 2009; Wang et al., 2018). Nevertheless, we did not find specific roles of NR1H2 in the colorectal cancer development, progression, or metastasis. Functional enrichment analysis of NR1H2 downstream targets suggested the contribution of this TF to the regulation of core cellular pathways, such as cell cycle and cell division.
The second signature was also partially composed of well-studied genes. We previously showed the strong upregulation of ITGA5 in Caco-2 human colorectal cancer cell lines exposed to hypoxia, as a consequence of hypoxia-induced decrease in expression of its direct regulator—miR-148a (Nersisyan et al., 2021a). Notably, this regulatory interaction (miR-148a suppressing ITGA5) was also supported by the negative correlation in our miRGTF-net analysis. In the same work, the negative association between ITGA5 expression levels and patients’ overall survival was observed. Other studies showed that reduced DAG1 protein expression is associated with poor outcome of colorectal cancer (Coco et al., 2012); downregulation of FN1 decreases proliferation, migration, and invasion of colorectal cancer cells (Cai et al., 2018), while TNC induces EMT and proliferation (Yang et al., 2018). As for AGRN and THBS3, we have not found evidence on their role in colorectal cancer pathogenesis. The comprehensive reference list summarizing the role of the selected genes in colorectal cancer prognosis is presented in Supplementary Table S6.
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Senile osteoporosis (SOP) is a worldwide age-related disease characterized by the loss of bone mass and decrease in bone strength. Bone mesenchymal stem cells (BMSCs) play an important role in the pathology of senile osteoporosis. Abnormal expression and regulation of non-coding RNA (ncRNA) are involved in a variety of human diseases. In the present study, we aimed to identify differentially expressed mRNAs and ncRNAs in senile osteoporosis patient-derived BMSCs via high-throughput transcriptome sequencing in combination with bioinformatics analysis. As a result, 415 mRNAs, 30 lncRNAs, 6 circRNAs and 27 miRNAs were found to be significantly changed in the senile osteoporosis group. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis were applied to analyze the function of differentially expressed mRNAs and ncRNAs. The circRNA–miRNA–mRNA regulatory network was constructed using the cytoHubba plugin based on the Cytoscape software. Interestingly, circRNA008876-miR-150-5p-mRNA was the sole predicted circRNA-miRNA-mRNA network. The differential expression profile of this ceRNA network was further verified by qRT-PCR. The biological function of this network was validated by overexpression and knockdown experiments. In conclusion, circRNA008876-miR-150-5p-mRNA could be an important ceRNA network involved in senile osteoporosis, which provides potential biomarkers and therapeutic targets for senile osteoporosis.
Keywords: senile osteoporosis, human bone marrow mesenchymal stem cells, whole transcriptome sequencing, non-coding RNA, ceRNA network
INTRODUCTION
Senile osteoporosis (SOP) is an age-related skeleton disease characterized by decreased bone mass and strength, which may lead to increased risk of fragility fractures (Raisz, 2005; Brown, 2017). With the increase of longevity, senile osteoporosis has recently become a major chronic metabolic bone disease in the world. Among people over 50 years old, one third of women and one fifth of men are susceptible to suffer from osteoporosis-induced bone fracture (Hendrickx et al., 2015). Bone homeostasis is a dynamic balance mediated by osteoblastic bone formation and osteoclastic bone resorption, and insufficient bone formation could lead to osteoporosis (Kim et al., 2020). Osteoblasts, which are differentiated from bone mesenchymal stem cells (BMSCs), play fundamental roles in bone formation by increasing the amount of matrix and the level of mineralization (Kiernan et al., 2017). In senile, the proliferation and differentiation level of BMSCs significantly reduced, leading to bone formation deficit and osteoporosis (Kiernan et al., 2016). Therefore, it is of great important to investigate the molecular mechanism of impaired BMSCs in aging-induced osteoporosis and search for novel therapeutic targets.
Non-coding RNAs (ncRNAs) are non-protein coding transcripts served as crucial regulators of gene expression and cell fate (Schwarzer et al., 2017), which has been suggested as a novel class of potential diagnostic biomarkers and therapeutic targets (Beermann et al., 2016). The tremendous progress of high-throughput sequencing technologies has resulted in a plethora of studies focusing on ncRNAs, including microRNAs (miRNAs), circular RNAs (circRNAs), as well as long ncRNAs (lncRNAs) (Anastasiadou et al., 2018). As of today, the role of miRNAs in osteogenic differentiation of BMSCs have been widely explored, partially elucidating the pathogenesis of osteoporosis (Ell and Kang, 2014). LncRNAs, defined as linear transcripts of over 200 nucleotides, have also been suggested as therapeutic targets in various human diseases including osteoporosis (Kopp and Mendell, 2018; Chen et al., 2020; Del et al., 2020). Unlike abovementioned linear RNAs, circRNAs are characterized by a stable and closed RNA loops lacking 5′ and 3′ ends. Importantly, the expression of circRNAs is tissue- and cell-specific, indicating that circRNAs could involve in special biological pathways and thus exhibit unique cellular functions (Salzman et al., 2013). Indeed, both lncRNAs and circRNAs are able to act as competing endogenous RNAs (ceRNAs) by targeting miRNAs, and hence regulating the expression of miRNAs’ target genes (Hansen et al., 2013; Tao et al., 2019). Recently, multiple studies have suggested that lncRNAs and circRNAs play significant roles in osteoporosis. For instance, lncRNA GAS5 has been revealed to promote osteogenic differentiation of mouse BMSCs by targeting the miR-135a-5p/FOXO1 axis (Wang et al., 2019). LncRNA Xist functions as a molecular sponge of miR-19a-3p to repress osteogenesis in age-related osteoporosis mouse model (Chen et al., 2020). Downregulation of hsa-circRNA 0006393 has been found in BMSCs from glucocorticoid-induced osteoporosis (GIOP) patients, which was shown to enhance osteogenesis by targeting miR-145-5p/FOXO1 (Wang et al., 2019). CircRNA 0016624 could regulate osteogenic differentiation of BMSCs by targeting miR-98 in vitro (Yu and Liu, 2019). However, transcriptome-wide profiling of abnormally expressed ncRNAs in senile osteoporosis as well as their regulatory networks have not been extensively investigated.
To screen the potential ncRNAs involved in senile osteoporosis and explore their molecular mechanism, we systematically analyze the expression profiles of miRNAs, lncRNAs, circRNAs and mRNAs in BMSCs of senile osteoporosis patients and normal individuals by whole transcriptome sequencing. According to the differentially expressed ncRNAs in the SOP group, we found that circRNA008876-miR-150-5p-mRNA represented the only distinctive ceRNA network, which was further validated by molecular biology experiments including qRT-PCR, western blot, overexpression and knockdown. In conclusion, our study established that circRNA008876-miR-150-5p-mRNA could be an important ceRNA network involved in senile osteoporosis, which provides potential biomarkers and therapeutic targets for senile osteoporosis.
MATERIALS AND METHODS
Isolation and Culture of Human BMSCs
Human BMSCs (hBMSCs) of senile osteoporosis were isolated from the bone marrow of discarded bone tissue from male senile osteoporosis patients (79 ± 5.6 years) who underwent joint replacement and diagnosed as SOP with bone minerality tests using Dual Energy X-ray Absorptiometry (Lorente et al., 2012). The normal hBMSCs were obtained using ScienCell (#7500), derived from male normal individuals under 20 years. The hBMSCs were cultured in MesenGro human mesenchymal stem cells medium (StemRD) supplemented with 10% FBS (E510008, Sangon Biotech) at 37°C with humidified 5% CO2. The third passage of hBMSCs were utilized for whole transcriptome sequencing. DMSO was ordered from Sangon Biotech (A503039). The entire research plan has been approved by the ethics committee of Shenzhen Second People’s Hospital (The First Hospital Affiliated to Shenzhen University).
Whole Transcriptome Sequencing
Three SOP patients-derived hBMSCs (BP1, BP2, and BP3) and three normal individuals (BN1, BN2, and BN3) derived hBMSCs were subjected to whole transcriptome sequencing. Total RNA was extracted from hBMSCs using Trizol reagent (Invitrogen) according to the manufacturer’s instructions. After quantification and integrity of RNA samples were verified, rRNAs were removed from total RNA using Ribo-Zero rRNA Removal Kits (Illumina). Then, RNA libraries were constructed with TruSeq Stranded Total RNA Library Prep Kit (Illumina), and the two libraries were then sequenced on HiSeq-4000 (Illumina).
Construction of ceRNA Network
The miRNA binding regions of ncRNA and mRNA were analyzed using miRanda software (version 0.10.80) and Targetscan software (Release 7.2). The DE miRNAs targeting DE lncRNA, circRNA and mRNA were predicted to form the lncRNA/circRNA-miRNA-mRNA networks.
GO Enrichment and KEGG Pathway Analysis
Gene function related to senile osteoporosis was analyzed by GO annotation derived from Gene Ontology (www.geneontology.org) in which mRNA were grouped according to biological processes (BPs), cellular components (CCs) and molecular functions (MFs). The related pathways were enriched by KEGG and presented in a scatter plot diagram. We were only interested in biological processes and KEGG pathways showing significance according to the following parameters: p < 0.05, FDR <0.05, and enrichment score >1.5.
Real-Time Quantitative PCR
cDNA was synthesized with PrimeScript™ RT reagent Kit (Takara) using 1ug total RNA after gDNA was erased according to the manufacturer’s instructions. Applied Biosystems 7500 Real-Time PCR Systems was applied to perform amplification reaction using SYBR Premix Ex Taq (Takara). GAPDH and U6 were used as endogenous controls for circRNA008876, osteogenic genes and miR-150-5p expressions, respectively. The RNA expressions were analyzed by 2-△△CT method. The primer sequences were listed in Supplementary Table S1.
Dual-Luciferase Reporter Assay
HEK293T cells were co-transfected with recombinant plasmids (circRNA BR or circRNA BR Mut) and miR-337-3p mimics or negative control siRNAs (GenePharma). The recombinant plasmids were constructed with psiCHECK™-2 using the primers presented in Supplementary Table S2. Lipofectamine 2000 (Invitrogen) was used for transient transfection according to the manufacturer’s instructions. After 24 h, cells were lysed and Firefly and Renilla luciferase activities were measured by Dual-Luciferase Reporter Assay System (Promega). Biological triplicates were performed.
ALP Staining
ALP staining was applied to test the osteogenesis of BMSCs after transfection of overexpressing vector or siRNA of circRNA008876 for 7 days according to the ALP staining kit protocol (Beyotime, C3206). Photographs were obtained under microscope (Nikon TE 2000).
Statistical Analysis
Statistical analyses were performed by the GraphPad Prism 8.0 and SPSS 22.0. Statistical significance of two or more biological replicates were performed by analysis of variance (ANOVA) and post hoc test. All results are presented as mean ± SD. p < 0.05 was considered statistically significant.
RESULT
Evaluation of hBMSCs Isolated From SOP Model
The hBMSCs isolated from SOP patients (passage 0) significantly presented a fibroblastic morphology similar to normal hBMSCs (Figure 1A). The surface markers of mesenchymal stem cells such as CD29, CD73 and CD105 were positively expressed (≥98%) in both groups of hBMSCs, while the hematopoietic markers CD34, CD45 and HLA-DR were negatively expressed (≤0.1%) in both BMSCs as evidenced by flow cytometry results (Figure 1B). Additionally, qPCR results showed that the expression levels of osteogenic genes including RUNX2, ALPL, COL1A1 and SPP1 were significantly reduced in BMSCs from SOP patients as compared to those from normal individuals, indicating the decreased osteogenic differentiation potential of BMSCs in SOP patients (Figure 1C).
[image: Figure 1]FIGURE 1 | Characterization of hBMSCs from senile osteoporosis patient. (A) The morphology of P2 hBMSCs from normal individuals (Normal BMSCs) and SOP patients (SOP BMSCs); (B) Stem cell surface markers of hBMSCs were analyzed by flowcytometry. Red (Normal BMSCs) and blue curves (SOP BMSCs) presented positive (CD29, CD73, and CD105) and negative markers (CD34, CD45 and HLA-DR) of hBMSCs, respectively, while grey curves represent isotype controls; (C) Expression of osteogenic genes RUNX2, ALPL, COL1a1 and SPP1 of hBMSCs from SOP patients and control group were measured by qPCR. GAPDH expression was used as an internal control for mRNA expression. Scale bar: 200 μm. Error bars, SEM (n = 3). *p < 0.05, **p < 0.01.
Differentially Expressed lncRNAs, circRNA, miRNAs and mRNAs
We then compared the expression profiles of ncRNAs and mRNAs of hBMSCs from the two groups. With a fold change cutoff value >2 and p value <0.05, 30 lncRNAs (23 upregulated and 7 downregulated), 6 circRNAs (3 upregulated and 3 downregulated), 27 miRNAs (23 upregulated and 4 downregulated) and 415 mRNAs (60 upregulated and 51 downregulated) were identified as differentially expressed (DE) genes between hBMSCs from SOP patients and normal ones. The hierarchical cluster analysis of lncRNA, circRNA, miRNA, and mRNA demonstrated significant differences between hBMSCs from normal (BN) and SOP (BP) groups (Figures 2A–D). Complete information of all DE ncRNAs and mRNAs are provided in Supplementary Information. RNA-seq data were uploaded in Short Read Archive (SRA) of National Center for Biotechnology Information (NCBI) with accession number SRP337202 under Bioproject PRJNA763497.
[image: Figure 2]FIGURE 2 | Expression profiles of mRNAs and ncRNAs. Heatmaps clustering of all significantly DE lncRNAs (A), circRNAs (B), miRNAs (C) and mRNAs (D) in hBMSCs of three senile osteoporosis patients (BP1, BP2, and BP3) and three normal individuals (BN1, BN2, and BN3).
Gene Ontology (GO) Enrichment and KEGG Pathway Analysis
We then performed GO enrichment analysis to reveal the key regulators and vital pathways potentially engaged by DE ncRNAs and mRNA in SOP. The top enriched terms regarding biological process (BP), cellular component (CC), and molecular function (MF) of four categories of RNA were shown in Figures 3A–D, respectively. A quick survey on the bioinformatics analysis results revealed that several terms were highly related to osteogenesis. For example, the terms “response to growth factor,” “cell adhesion” and “regulation of migration” are involved in the proliferation of BMSCs, which were remarkably enriched as top biological processes engaged by DE ncRNAs (Figure 3A); similar terms, including “regulation of growth” and “homeostatic process,” were engaged by circRNA-located genes (Figure 3B). For DE miRNA-targeted genes, key processes related to cell division were enriched, including the terms “gene expression,” “DNA integrity checkpoint” and “mitotic DNA damage checkpoint” (Figure 3C)”. For DE mRNAs, three BP terms, namely “regulation of cell migration,” “CXCR chemokine receptor binding,” and “insulin-like growth factor binding,” were related to proliferation and differentiation of BMSCs (Figure 3D).
[image: Figure 3]FIGURE 3 | GO analysis of DE mRNAs, lncRNAs, circRNAs and miRNAs. Top 20 terms of Gene Ontology (GO) enrichment analysis regarding (A) DE lncRNAs-located genes; (B) DE circRNAs-located genes; (C) DE miRNAs-targeted genes; and (D) DE mRNAs.
We also utilized the Kyoto Encyclopedia of Genes and Genomes (KEGG) database to categorize the DE ncRNAs-targeted genes and mRNAs. The top 20 pathways of KEGG analysis for each category of DE ncRNAs or mRNAs were shown in Figures 4A–D. Among the functional pathways associated with DE miRNAs-targeted genes, we noticed that “TGF-beta signaling pathway” and “cell adhesion molecules (CAMs)” were highly related to osteogenesis (Figure 4C), while “CAMs” were also significantly engaged by DE mRNAs (Figure 4D). In addition, the terms “cytokine-cytokine receptor interaction”, “chemokine signaling pathway” and “mineral absorption” associated with DE mRNAs were also related to osteogenic differentiation of BMSCs (Figure 4D).
[image: Figure 4]FIGURE 4 | KEGG pathway analysis of mRNAs and ncRNAs. Top 20 KEGG pathways regarding (A) DE mRNAs; (B) DE lncRNAs-located genes; (C) DE lncRNAs-targeted genes; (D) DE circRNAs-located genes; and (E) DE miRNAs-targeted genes.
Construction and Analyses of ceRNA Networks
Both lncRNA and circRNA are known to sponge miRNAs to prevent their interactions with target mRNAs, thus exhibiting competitive endogenous RNA (ceRNA) activity. To predict the functions of DE ncRNAs and mRNAs and uncover the potential ceRNA networks regulating the osteogenic differentiation of hBMSCs in SOP patients, lncRNA-miRNA-mRNA and circRNA-miRNA-mRNA networks were constructed by using Targetscan and Miranda softwares.
As shown in Figure 5A, six lncRNAs were predicted as miRNA sponges, which forms five networks including lncRNA_00214189/miR-206, lncRNA_00056143/miR-381-3p, lncRNA_00211178/miR-2355-5p, lncRNA_00054644/miR-181c-5p, lncRNA_00220556/miR-181c-5p and lncRNA_00206603/miR-150-5p. Among the miRNA-targeted genes in these networks, a number of osteogenesis-related genes were identified including several upregulated genes CCL2, WISP1, WISP2, and one downregulated gene FBN2 (Si et al., 2006; Ono et al., 2011; Smaldone et al., 2011; Córdova et al., 2017). To further understand the biological function of these lncRNA-miRNA-mRNA networks, GO enrichment and KEGG pathway analyses were performed on the target genes. The top 5 cellular component terms were all related to extracellular matrix (Figure 5B), which were highly correlated with the GO enrichment analyses results of DE lncRNAs-located genes and mRNAs (Figure 3). The top biological process terms, such as “response to hypoxia,” “cell migration,” and “cell motility,” are obviously involved in osteogenic differentiation of BMSCs. Moreover, the term “cytokine-cytokine receptor interaction” represents the most remarkable KEGG pathway in these lncRNA-constructed ceRNA networks (Figure 5C), which was also significantly enriched in the KEGG analysis results for DE mRNAs.
[image: Figure 5]FIGURE 5 | Construction of the lncRNA-miRNA-mRNA Network. (A) Network analysis of lncRNA (diamond)-miRNA (round)-mRNA (square). Red and green represent up- and down-regulation, respectively. (B) Top 20 GO terms analyzed with mRNAs in lncRNA-miRNA-mRNA network. (C) Top 20 KEGG pathway enrichment of mRNAs in lncRNA-miRNA-mRNA network.
In the case of circRNA, only one ceRNA network, namely circRNA008876/miR-150-5p, was constructed (Figure 6A). Among the target genes of miR-150-5p, HOXB3 and HHIP have been reported to associate with osteogenesis. GO analysis of target genes of this network showed that “mRNA translation and transport” was the most significant biological function in hBMSCs (Figure 6B). In addition, “p53 signaling pathway” and “Hedgehog signaling pathway” were significantly enriched, which have also been suggested to play important roles in osteogenesis (Tyner et al., 2002; Onodera et al., 2020) (Figure 6C). These results further suggested that both lncRNAs and circRNAs could act as miRNA sponge to regulate the expression of downstream genes, which in turn take part in osteogenic differentiation of BMSCs. Importantly, circRNA008876/miR-150-5p represents a unique circular RNA-based ceRNA network in senile osteoporosis. Therefore, we further explored the biological function and validated the role of circRNA008876 in osteogenic differentiation of hBMSCs.
[image: Figure 6]FIGURE 6 | Construction of the circRNA-miRNA-mRNA Network. (A) circRNA-miRNA-mRNA network was constructed with down-regulated circRNA_008876 and up-regulated miR-150-5p. (B) Top 20 GO terms analyzed with mRNAs in circRNA-miRNA-mRNA network. (C) Top 20 KEGG pathway enrichment of mRNAs in circRNA-miRNA-mRNA network.
Validation of circRNA008876/miR-150-5p ceRNA Network in SOP
To validate the connection between circRNA00876 and the clinicopathological characteristics of senile osteoporosis, we performed RT-qPCR experiments and the results suggested that reduced expression of circRNA008876 was significantly detected in SOP (Figure 7A), and accompanied with the elevated expression level of miR-150-5p (Figure 7B). To validate the association between circRNA00876 and miR-150-5p, at first, we predicted the possible binding sites (Figure 7C). Then, a dual-luciferase reporter assay was performed by constructing luciferase reporter plasmids harboring the predicted binding sequence of circRNA008876 and its mutation. The luciferase activity of the vector carrying the wild-type binding site of circRNA008876 was significantly inhibited by miR-150-5p mimics, while the luciferase activity did not change in binding site mutated group (Figure 7D), suggesting the direct interaction between circRNA008876 and miR-150-5p. To further confirm the role of circRNA008876/miR-150-5p network in osteogenic differentiation of hBMSCs, we investigated the individual effect of circRNA008876 or miR-150-5p on the expression of several osteogenesis-related genes, including RUNX2, ALPL, COL1A1, SPP1, and OSX by qPCR. Overexpression of circRNA008876 significantly upregulated the mRNA level of the osteogenic genes, while inhibition of circRNA008876 decreased their mRNA level (Figure 7E). The effect of circRNA008876 on osteogenic differentiation was further confirmed by ALP staining (Figure 7G). Accordingly, up- or down-regulation of miR-150-5p exhibited opposite effect as that of circRNA008876 (Figure 7F), further indicating miR-150-5p as the downstream gene of circRNA008876 in SOP. Taken together, these results demonstrated that circRNA008876 promotes osteogenesis via sponging miR-150-5p, and reduced expression of circRNA008876 leads to impaired osteogenesis in senile osteoporosis through miR-150-5p.
[image: Figure 7]FIGURE 7 | circRNA008876/miR-150-5p regulate osteogenesis of hBMSCs. (A–B) Real-time PCR analysis of circRNA008876 (A) and miR-150-5p (B) expression of hBMSCs from SOP patients or the control group. GAPDH and U6 expression were used as an internal control for circRNA008876 and miR-150-5p, respectively. (C) Schematic representation of the wild-type and mutant binding sites of circRNA008876 targeting miR-150-5p. (D) HEK293T cells were transfected with psiCHECK™-2 Vector containing a fragment of circRNA008876 binding sites for miR-150-5p, or the corresponding mutant constructs. The effect of miR-150-5p mimics on the corresponding vector luciferase activity was tested. (E) hBMSCs were transfected with circRNA008876 overexpressing vector or silencing siRNA. Expression of circRNA008876, miR-150-5p and osteogenesis genes including RUNX2, ALPL, COL1a1, SPP1 and OSX were tested by qPCR 3 days after transfection. (F) hBMSCs were transfected with miR-150-5p mimic or inhibitor. Expression of miR-150-5p and osteogenesis genes were tested by qPCR 3 days after transfection. (G) Alkaline phosphatase (ALP) staining on Day 7 of hBMSCs transfected with circRNA008876 overexpressing vector or silencing siRNA. Images were captured under microscope with 100X enlargement. Relative ALP staining intensity were analyzed by ImageJ. Error bars, SEM (n = 3). *p < 0.05, **p < 0.01.
DISCUSSION
Osteoporosis is a complex bone disease caused by multiple pathogenetic mechanisms, leading to skeletal microarchitectural deterioration and bone mass loss. The pathophysiology and molecular mechanism of senile (type II) osteoporosis (SOP) is different from estrogen deficiency-induced postmenopausal (type I) osteoporosis (PMOP) caused by the activation of osteoclasts. Whereas the osteogenesis deficiency of hBMSCs represents an important pathogenic factor in senile osteoporosis (Rachner et al., 2011), the underlying mechanism remains elusive. Recent studies have shown that ncRNAs including miRNAs, lncRNAs and circRNAs, were significantly involved in osteoporosis development (Jin et al., 2018). Nevertheless, systematic analysis of DE ncRNAs and mRNAs, as well as the ceRNA regulatory networks in hBMSCs from SOP patients, have not be reported. In the present study, hBMSCs from senile osteoporosis patients were isolated, and its decreased osteogenic ability were validated by qPCR. By comparing hBMSCs from SOP patients and normal individuals, 30 lncRNAs, 6 circRNAs, 27 miRNAs, and 415 mRNAs were differentially expressed as suggested by the results of high-throughput RNA-seq.
The function of miRNA in osteogenesis has been extensively investigated in previous studies. Several up-regulated miRNAs of SOP in our study including miR-124-3p, miR-193a, miR-451a, and miR-144-3p have been proven as negative regulators in osteogenesis (Qadir et al., 2015; Lu et al., 2019; Tang et al., 2019; Li et al., 2020; Song et al., 2021). Further studies are needed to investigate the function of other DE miRNAs in SOP. On the other hand, the osteogenic regulatory function of lncRNAs, mainly by targeting and sponging miRNAs, has been reported in recent years.
For example, lncRNA MEG3-miR-133a-3p axis has been suggested to be involved in PMOP through inhibiting osteogenic differentiation of BMSCs (Wang et al., 2017). In addition, lncRNA H19 was found to be a positive regulator of osteogenesis in PMOP via miR-532-3p/SIRT1 axis (Li et al., 2021). In age-related osteoporosis, lncRNA Xist has been reported to inhibit osteogenesis by targeting and sponging miR-19a-3p (Chen et al., 2020). Nevertheless, global investigation and functional studies of lncRNAs in senile osteoporosis is still lacking. In this study, we surprisingly found that the expression of lncRNA_00218,705|XIST also increased in SOP patients’ BMSCs. On the other hand, we revealed several additional significantly up-regulated lncRNAs including lncRNA_00218,705|XIST, lncRNA_00090434|AC144831.1, and lncRNA_00214,189|GS1-358P8.4, as well as several down-regulated lncRNAs such as lncRNA_00211,178|LINC01410 and lncRNA_00219,655|MIR503HG in SOP patients. These lncRNAs could be potential clinical biomarkers which need further validation. Recently, the role of circRNAs in osteoporosis and osteogenesis have also been investigated. For example, has_circ_0001275 has been proven to be a potential diagnostic biomarker for PMOP (Zhao et al., 2018), and some DE circRNAs have been detected in various biological systems, including rBMSCs (Li et al., 2017), human periodontal ligament stem cells (Zheng et al., 2017), and MC3T3-E1 cells (Qian et al., 2017). Unfortunately, the underlying mechanism has yet not been fully explored. Moreover, global profiling of DE circRNAs in senile osteoporosis has not been reported yet. Here, we successfully identified 6 novel DE circRNAs that may take part in senile osteoporosis, all of which have not been studied in osteoporosis before.
The functions of DE ncRNAs and mRNAs in senile osteoporosis pathology was pedicted by GO enrichment (BP, CC, and MF) and KEGG pathways analyses. As we known, extracellular matrix mineralization is an essential progress in bone formation (Murshed, 2018). According to the results of GO enrichment analysis, we noticed that extracellular matrix is one the most significant terms of CC analysis regarding DE mRNAs, DE lncRNAs-located mRNAs, and DE miRNAs-targeted mRNAs. Meanwhile, CXCR chemokine receptor binding were significantly enriched in MF analysis regarding both DE mRNAs and DE lncRNAs-located mRNAs, validating previous results regarding the role of CXCR-4 in recruiting MSCs in bone repair (Zhang et al., 2017). Moreover, KEGG pathway analysis revealed that the adipocytokine signaling pathway was significantly engaged by DE circRNAs-located mRNAs, which implies that DE circRNAs may participate in the balance of osteogenesis and adipogenesis of hBMSCs. It is well-established that the shift from osteogenesis to adipogenesis is a major pathological progress of SOP (Chen et al., 2016). Noticeably, lncRNAs may regulate p53 signaling to affect hBMSCs differentiation, as p53 has been proved to promote osteogenesis in mesenchymal stem cells (Tataria et al., 2006).
In general, the regulatory function of cell differentiation by ncRNAs are mainly through the ceRNA network. In this study, five lncRNA-miRNA-mRNA networks were constructed, among which miR-206, miR-381-3p were down-regulated, while miR-2355-5p, miR-181c-5p, and miR-150-5p were up-regulated. Previous reports suggested that miR-206 and miR-381-3p were able to inhibit osteogenic differentiation of BMSCs (Chen et al., 2019; Long et al., 2019), which were in conflict with our results. The effect of miR-2335-5p, miR-101c-5p in osteogenic differentiation has never been reported. In addition, miR-150, sponged by lncRNA TCONS_00206,603, was proved to serve as a negative regulator for osteoblasts (Moussa et al., 2021), which was found to be upregulated in SOP patients in our study. However, we have not detected any downregulation of lncRNA TCONS_00206,603 in SOP patient. Interestingly, down-regulation of circRNA008876 was predicted to be a unique circRNA sponge for miR-150-5p. Thus, we systematically validated the role of circRNA008876 in BMSCs osteogenesis by targeting and sponging miR-150-5p. However, there are some limitations in this study. That is, the molecules downstream of the circRNA008876/miR-150-5p axis are unknown, and in vivo pro-osteogenesis effect induced by circRNA008876 overexpression is unclear. To be noted, the abovementioned genes identified in this study, mainly including lncRNAs and circRNAs, did not overlap in previous studies. These results can be attributed to the differences in patients and ethnicity, which need further investigation.
CONCLUSION
In the present study, we systematically explored the role of differently expressed ncRNAs and mRNAs in hBMSCs isolated from senile osteoporosis patients by whole transcriptome sequencing. The ceRNA regulatory networks of lncRNA/circRNA-miRNA-mRNA were constructed to further investigate the function of ncRNAs in senile osteoporosis. Among them, circRNA008876 was identified as a unique and critical circRNA in the occurrence and development of senile osteoporosis and might serve as a potential diagnostic biomarker for senile osteoporosis. Overall, our findings provide an insight into the molecular mechanisms of senile osteoporosis in the view of ncRNAs, which may offer novel therapeutic targets for clinic treatment of senile osteoporosis.
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Lung cancer is one of the leading causes of cancer-associated death in the world. It is of great importance to explore new therapeutic targets. Traditional Chinese medicine formula Feiyanning has been clinically administered in China for more than a decade and raised attention due to its anticancer effect in lung cancer. However, the underlying molecular mechanisms remain to be elucidated. In the present study, we carried out cellular and molecular assays to examine the antitumor activities and understand the mechanism of the Feiyanning formula in lung cancer cells. The cellular viability of Feiyanning-treated lung cancer cells was evaluated by Cell Counting Kit-8. The effect of the Feiyanning formula on cellular migration and invasion of lung cancer cells was examined by wound healing and transwell assays. Transcriptome and chromatin accessibility analysis by RNA-seq and ATAC-seq was performed to investigate the underlying molecular mechanisms. Our results revealed that the Feiyanning formula inhibited the cellular activities of proliferation, migration, and invasion in non-small cell lung cancer cell lines A549, H1975, and 95D. Furthermore, we observed that the transcriptional activity of the migration-associated genes was downregulated upon Feiyanning formula treatment in non-small cell lung cancer cells. The chromatin accessibility of the Feiyanning-treated lung cancer genome tended to decrease, and the regulation of the cellular component movement biological process and PI3K-AKT pathway were enriched among these altered genomic regions. Taken together, the present study suggested that Feiyanning formula exerted the antitumor effects by modulating the expression and chromatin accessibility levels of migration-associated genes.
Keywords: traditional Chinese medicine, Feiyanning, non-small cell lung cancer, Migration, RNA-seq, ATAC-seq
INTRODUCTION
Lung cancer is a malignancy with high morbidity and mortality around the world (Siegel et al., 2018; Cao et al., 2020). Similar to other types of cancer, lung cancer possesses many characteristics, such as rapid invasion ability (Popper, 2016). To make matters worse, the majority of lung cancer patients are already at the late stage when the initial diagnosis is performed (Gridelli et al., 2015). Lung cancer patients are routinely treated with surgery (Hoy et al., 2019), radiation therapy (Aokage et al., 2017; Gensheimer and Loo, 2017; Fitzgerald and Simone, 2020), chemotherapy (Nagasaka and Gadgeel., 2018), immunotherapy (Steven et al., 2016; Doroshow et al., 2019), targeted therapy (Hirsch et al., 2017; Duma et al., 2019), or a combination of these treatments. However, these treatments have both advantages and disadvantages. For example, radiotherapy has an effect on cancer cells; however, it simultaneously causes damage to nonmalignant cells and function of the body. Although targeted therapy does not cause damage to normal cells, this therapy is effective only for patients with mutated genes, and it inevitably induces drug tolerance after treatment for a period of time (Molina et al., 2008; Kalia, 2015; Arbour and Riely., 2019; Rapoport and Anderson., 2019). Therefore, it is important to look for alternative treatments.
During the past decades, more and more natural remedies have been used in cancer therapy (Newman and Cragg., 2014). They have few side effects and can improve life quality (Xu et al., 2014). Feiyanning (FYN), a Chinese herbal formula consisting of 11 herbs, has been clinically administered for more than a decade with benefit of prolonging patients’ survival (Gong et al., 2018). Very recently, it has been reported that the FYN formula can induce apoptosis of lung cancer cells through activation of the mitochondrial pathway (Zhu et al., 2021). However, the antitumor mechanism of the FYN formula has not been completely elucidated. In recent years, we have performed a mechanistic characterization of the herbal formula. For example, we reported that Jinfukang, a Traditional Chinese medicine against lung cancer, could induce cellular apoptosis (Lu et al., 2018). Moreover, we observed that Jinfukang could improve cytotoxicity when lung cancer cells are treated with the combination of Jinfukang and cisplatin, the first-line chemotherapy drug for lung cancer (Lu et al., 2016).
In this study, we carried out cellular assays to examine the effect of the FYN formula on non-small cell lung cancer cell (NSCLC) lines and performed deep-sequencing analysis to understand the underlying mechanism. We observed that the FYN formula suppressed the cellular activities of proliferation, migration, and invasion in lung cancer cells and exerted the antitumor effects via the transcriptional regulation of cell migration- and death-related genes. This study suggested that the FYN formula could be a potential adjunct or even therapeutic choice for lung cancer patients and provide insight into understanding the antitumor mechanism of FYN formula.
MATERIALS AND METHODS
Preparation of FYN formula
The FYN formula consists of Astragalus membranaceus (30 g), Polygonatum sibiricum (30 g), Cornus officinalis (15 g), Paris polyphylla (9 g), Atractylodes macrocephala (9 g), Polistes olivaceus (9 g), Salvia chinensis (30 g), Corium bufonis (6 g), Ganoderma lucidum (15 g), Pseudobulbus cremastrae seu pleiones (15 g), and Epimedii folium (15 g). The herb medicine was obtained from the pharmacy of Shanghai Chest Hospital, Shanghai Jiao Tong University (Shanghai, China). The following components were mixed as follows: distilled deionized water was added to the herb mixture (solid–liquid ratio: 1:5) and soaked for 1 h. The mixture was kept warm for about 1 h and filtered with six layers of gauze. Then, the filtrate was immediately kept at −70°C. Finally, the lyophilized powder of the FYN formula was prepared by freeze-drying at −50°C for 72 h. The prepared FYN formula frozen powder was divided into 15–20 g/tube for the subsequent cellular assays. Mass spectrographic fingerprints for the FYN formula extract were examined for quality check. The lyophilized powder was diluted to various concentrations for the subsequent assays in the present study.
Cell culture
NSCLC cell lines A549, 95D, and H1975 were provided by the Cell Bank of Chinese Academy of Sciences (Shanghai, China) and maintained with RPMI 1640 medium (Invitrogen, Carlsbad, CA, USA). The culture medium contained 1% penicillin/streptomycin (Invitrogen, Carlsbad, USA) and 10% fetal bovine serum (FBS) (Invitrogen, Carlsbad, USA). Lung cancer cells were cultured in an incubator at 37°C with 5% CO2. Mycoplasma contamination was monitored through PCR to make sure that all cell lines in this study were mycoplasma-free.
Cell viability assay
The cell viability was examined by the Cell Counting Kit-8 (CCK-8, Sangon, Shanghai, China). Briefly, cells were seeded at a density of 3 × 103 cells/well and cultured in 96-well plates overnight. Lung cancer cells were treated with different concentrations of FYN formula (0, 0.25, 0.5, 1, 2, and 3 mg/ml) for 24, 48, and 72 h, respectively. After treatment, 10 μl CCK-8 solution was added into each well and incubated for 3 h. The measurement of absorbance was carried out at 450 nm with a spectrophotometric plate reader (Omega Bio-Tek, Norcross, GA, USA). Three independent experiments were carried out with five replicates in each group.
Wound healing assay
Lung cancer cells were seeded at the density of 1 × 106 cells per well into 6-well plates and incubated overnight. When lung cancer cells reached 90% confluence, they were treated with the FYN formula for 24 h. In a central position of each well, a horizontal scratch was made with a 10-μl tip. The wound closure was then observed, and the images were captured at 0 and 24 h by microscope (Nikon, Tokyo, Japan). The scratch healing degree was used to determine the migration ability. Three independent experiments were carried out.
Transwell assay
In the migration assay, 2 × 104 lung cancer cells were seeded into the upper chamber (Corning, NY, USA). For the invasion assay, we diluted Matrigel and added it to the 24-well invasion chambers and maintained overnight at 37°C. A total of 4 × 104 cells were seeded into the upper well of the chamber. In order to stimulate cell migration, medium with 15% FBS was added into the lower chamber. After incubation for 24 h, lung cancer cells were fixed for 30 min and stained with 0.1% crystal violet solution for 20 min at room temperature. The non-invaded cells at the top were removed, while the cells at the bottom were photographed in three independents 20 × fields for each well. Three independent experiments were conducted.
Preparation of strand-specific RNA-Seq library and deep sequencing
Total RNA was extracted using TRIzol (Thermo Fisher Scientific, Waltham, MA, USA), and mRNA was purified using the NEBNext Poly(A) mRNA Magnetic Isolation Module Kit (NEB, New England, Ipswich, MA, USA). A strand-specific RNA-seq library was generated with NEBNext Ultra Directional RNA Library Prep Kit (NEB, New England, USA). Briefly, mRNA was fragmented into small fragments and reversely transcribed into cDNA. Then, second-strand cDNA was generated. Next, the double-strand DNA fragments were purified with AMPure beads (Beckman Coulter, Brea, CA, USA) and ligated with adapters. The resulting ligation products were amplified and sequenced with HiSeq X (Illumina, San Diego, CA, USA). The raw sequencing data could be obtained in the EMBL database (http://www.ebi.ac.uk/arrayexpress/) under accession number E-MTAB-10821. The sequencing data of the control we generated in our previous study are available in the EMBL database (http://www.ebi.ac.uk/arrayexpress/) under accession number E-MTAB-7237 (Yang et al., 2019).
Preparation of ATAC-Seq library and deep sequencing
A total of 50,000 cells were resuspended for nucleus isolation. Chromatin was fragmented using Tn5 transposase (Vazyme, Nanjing, China) and followed by amplification (9 cycles). Lastly, the resulting libraries were purified with the Xygen purification kit (Xygen, USA). The distribution of library fragments was examined by the Agilent 2100 bioanalyzer. Libraries were sequenced on HiSeq X. The raw sequencing data could be obtained in the EMBL database (http://www.ebi.ac.uk/arrayexpress/) under accession number E-MTAB-11023.
Bioinformatics analysis
The raw sequencing reads generated in this study were mapped to the human genome (hg19) using TopHat v2.1.1 (Trapnell et al., 2012). For RNA-seq, differentially expressed gene analysis was carried out by comparing genes in A549 and those in A549 cells treated with FYN using cuffdiff v2.2.1. Cufflinks v2.2.1 (Trapnell et al., 2012) was used to quantify their expression. The gene expression levels were measured by fragments per kilobase of transcript per million reads. Gene ontology (GO) analysis was performed using Gene Ontology Resource (http://geneontology.org/). DAVID was used for KEGG pathway analysis (https://david.ncifcrf.gov/tools.jsp). For ATAC-seq, peaks of each sample were called with MACS2. A heatmap was generated using deepTools (v3.3.0) (Ramírez et al., 2016). To visualize the ATAC-seq signals using Integrative Genomics Viewer (IGV, v2.5.3), the bam files were transformed into bigwig (bw) files with deepTools (Robinson et al., 2011). We applied HOMER (v4.4.1) to perform differential chromatin accessibility (DA) analysis with the getDifferentialPeaks algorithm (Heinz et al., 2010). Both RNA-seq and ATAC-seq data sets were analyzed with default parameters, and the p values were corrected by conventional FDR. Notably, the promoter regions were defined as—1,000 bp/+ 100 bp of nearest transcription start sites. If a peak falls in the 5 ′UTR region, it is preferentially assigned to the 5′ UTR region rather than the promoter region.
Statistical analysis
Data were exhibited as the mean ± standard deviation (SD). The differences between each group were examined with GraphPad Prism 8.0 software. We considered the results with *p < 0.05, **p < 0.01, and ***p < 0.001 to be significantly different.
RESULTS
FYN suppresses growth of NSCLC cells
The extract of the FYN formula was prepared as reported previously (Zhu et al., 2021). CCK-8 assay was performed to examine the effect of the FYN formula on the viability of lung cancer cell lines A549, H1975, and 95D. As shown in Figures 1A, B, the FYN formula significantly inhibited the viability of A549 and H1975 in a dose-dependent manner after the treatment for 24, 48, and 72 h. In addition, the FYN formula also inhibited the viability of 95D (Figure 1C). However, we found that A549 and H1975 were more sensitive to the FYN-induced cell viability attenuation than 95D. The half inhibitory concentration (IC50) of the FYN formula in A549, H1975, and 95D was 0.73, 1.56, and 4.68 mg/ml, respectively.
[image: Figure 1]FIGURE 1 | FYN suppresses the cellular growth of lung cancer cells. The CCK-8 kit was used to detect cell viability after 24, 48, and 72 h. Data were presented as the means ± SD from three independent experiments with five replicates per experiment. (A): A549, (B): H1975, (C): 95D.
FYN inhibits NSCLC cellular migration and invasion
To further explore the anticancer effect of the FYN formula, we performed wound healing assay to examine whether FYN affects the migratory activity of lung cancer cells. We observed that the cells without treatment (the control) rapidly migrated, but the migration area of FYN-treated cells was significantly decreased and this trend was more obvious when the FYN formula concentration was increasing. After a 24-h treatment with various concentrations of the FYN formula, the migration inhibition rates of A549 cells were 66.5 ± 5.0% (0.365 mg/ml, p < 0.05) and 89.1 ± 3.9% (0.73 mg/ml, p < 0.001), respectively (Figure 2A). For H1975 and 95D cells, the migration inhibition rates were 81.8 ± 10.3% (0.78 mg/ml, p < 0.01), 89.9 ± 3.8% (1.56 mg/ml, p < 0.001) and 80.8 ± 6.3% (2.34 mg/ml, p < 0.001), 84 ± 5.2% (4.68 mg/ml, p < 0.001), respectively (Supplementary Figures S1A, B). These results showed that the FYN formula could effectively decrease the migration of lung cancer cells examined.
[image: Figure 2]FIGURE 2 | FYN suppresses the cellular migration and invasion of A549 cells. FYN-treated A549 were used for wound healing assay (10 × field) and invasion assay (20 × field). Data were presented as the means ± SD from three independent experiments. *, **, and *** indicate significant difference compared to the control group at p < 0.05, p < 0.01, and p < 0.001, respectively. (A): Wound healing assay. (B): Transwell assay.
We next performed transwell assay to further investigate the inhibitory effect of the FYN formula on the migration and invasion of A549, H1975, and 95D cells. We found that the numbers of A549, H1975, and 95D cells that migrated to the lower chamber declined in a concentration-dependent manner after a 24-h treatment (Figure 2B, Supplementary Figure S2). Furthermore, the density of the FYN-treated cells declined as well (Figure 2B, Supplementary Figure S2). These results further indicated that the FYN formula could obviously inhibit the migration ability of A549, H1975, and 95D cells.
FYN-associated transcriptome analysis in treated A549 cells
Since we observed the anti-proliferation and anti-migration activities of the FYN formula, we next aimed to investigate the underlying molecular mechanisms through RNA-seq analysis. A549 cells are most sensitive to FYN among the NSCLC cells examined; we then generated RNA-seq data of FYN-treated A549 cells and set the data of A549 without FYN treatment as the control. Compared with the control, we identified 1,630 differentially expressed genes (adjusted p-values ≤ 0.05, |log2fold change| ≥ 1) in FYN-treated A549; 526 genes were upregulated and 1,104 genes were downregulated (Figure 3A; Supplementary Table S1). GO analysis of obviously downregulated genes (log2 fold change < -4) (Supplementary Table S2) indicated that the GO terms of migration- and death-related biological processes were statistically enriched (Figure 3B). In addition, we carried out KEGG pathway analysis with the differentially expressed genes. As expected, we observed that the focal adhesion and PI3K-AKT pathways were enriched (Figure 3C). The transcriptional change in cell adhesion- and apoptosis-related genes was shown in Figure 3D. These results suggested that the FYN formula may exert anticancer effects through inhibition of cellular proliferation and migration.
[image: Figure 3]FIGURE 3 | Characterization of the FYN-induced gene expression alteration in lung cancer cells. (A): Scatter plot indicated the pattern of differential gene expression in FYN-treated A549 cells and the counterpart of A549 cells without FYN treatment, including both upregulated (red) and downregulated (blue) genes. (B): GO analysis of the downregulated genes in FYN-treated A549. (C): KEGG analysis of the downregulated genes in A549 treated with FYN. (D): Heatmap of downregulated genes related to apoptosis and cell adhesion in A549 treated with FYN.
Identifying altered chromatin accessible regions in FYN-treated A549 cells
It has been recognized that the open chromatin-accessible regions contain cis-regulatory elements and might modulate gene activity (Frank et al., 2015). We then performed chromatin accessibility profiling analysis in both A549 (the control) and FYN-treated A549 cells through ATAC-Seq. We identified 101,767, and 25,796 accessible regions in the control and FYN-treated A549, respectively. Specifically, we observed that the chromatin accessibility near transcription start sites (1 kb around transcription start sites) tended to decrease upon FYN treatment (Figure 4A, Supplementary Figure S3A). Compared with the control, the chromatin accessibility levels of 48,290 ATAC peaks were observed to be altered (|log2 fold change | ≥ 2) in FYN-treated A549 cells, among which 97% were downregulated and 3% were upregulated (Figure 4B). Most of these altered accessibility regions were located in intronic and intergenic regions (Supplementary Figure S3B). While detecting the relationship between RNA expression levels and chromatin accessibility levels at each genomic region, we found the correlation at the gene promoter in FYN-treated A549 was relatively large (Figure 4C, Supplementary Figure S4).
[image: Figure 4]FIGURE 4 | Characterization of genome-wide chromatin accessibility in FYN-treated A549 cells. (A): Line plot shows the decreased chromatin accessibility in FYN-treated A549 cells around the TSSs of the nearest genes. (B): The pie chart shows the chromatin accessibility levels after FYN treatment. (C): Point density plots indicating the correlation between ATAC-seq total tags and RNA-seq expression levels at the promoter, 5′UTR, exon, and intron regions in FYN-treated A549. (D): GO analysis of differentially accessible peaks. (E): KEGG of differentially accessible peaks. (F): IGV browser snapshots at the COL4A6 locus showing a lower expression level and decreased chromatin accessibility.
Then, the obviously downregulated peaks (log2 fold change < −5) were annotated to the nearest gene (Supplementary Table S3) and we performed GO and KEGG analyses. We found that GO item regulation of cellular component movement (Figure 4D) and PI3K-AKT signaling pathway (Figure 4E) were enriched, which is consistent with the observation from RNA-seq analysis. For example, in FYN-treated A549 cells we found the decreased chromatin accessibility and lower expression level at the COL4A6 (Figure 4F), a member of the PI3K-AKT signaling pathway that was reported to be involved in cell metastasis (Ma et al., 2020). These findings suggested that the migration-associated genes were involved in the antitumor effect of FYN formula.
DISCUSSION
There is mounting evidence that herbal medicines play increasingly important roles in cancer treatment, as adjunctive treatments or even therapeutic agents (Liu et al., 2012; Jiang et al., 2016). The FYN formula is composed of 11 herbs, which has been found to have anticancer efficacy in lung cancer (Xu et al., 2011). In this study, we observed that the FYN formula exerted antitumor effects by inhibiting the cellular proliferation, migration, and invasion of A549, H1975, and 95D cells. Furthermore, we found that FYN treatment suppressed the expression of migration- and focal adhesion-associated genes and altered chromatin accessibility. In particular, among the genes with suppressed expression levels and decreased chromatin accessible regions, we found that the PI3K-AKT pathway was enriched (Figures 3C, 4E). The PI3K-AKT pathway has been reported to be activated in NSCLC, and some small compound inhibitors of PI3K and AKT were developed for clinical trials in NSCLC patients (Tan, 2020). In our study, we found that the FYN formula also inhibited the PI3K-AKT pathway, which plays a similar role as those small compound inhibitors do. Collectively, these findings may provide new evidence to support the antitumor potential of the FYN formula as an adjunctive treatment for NSCLC.
We were aware of the limitations of this research. Firstly, the biological consequence of FYN-induced expression alteration of cell growth- and migration-related genes needs further investigation. Secondly, in this study we carried out cellular assays and differential gene expression analysis. It would be more informative to validate the present findings in the mouse xenograft of human lung cancer.
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SLC22A18 (solute carrier family 22 member 18) is an imprinted gene, but its role in growth and development is not clear. In the present study, we recorded the clinical information of six male patients of six unrelated families. Real-time quantitative PCR, Sanger sequencing, and DNA methylation sequencing were performed in these patients. The results suggested that the patients with the clinical characteristics of allergic allergy, short stature, and fatty liver had a lower expression of SLC22A18. One novel variant (chr11: 2899732 delA) with clinical significance was found in the core promoter region of the patients. Overall, this study found a syndrome associated with SLC22A18.
Keywords: SLC22A18, imprinted gene, allergy, short stature, fatty liver
INTRODUCTION
The prevalence of allergic diseases has been increasing worldwide over the past 60 years, affecting about 30% of the global population (Palomares et al., 2017). A phenomenon known as “allergic march” had been firstly described by Fouchard in 1973. It is a process from infant eczema to food allergy, asthma, and rhinitis resulting in poor quality of life in childhood (Sohi and Warner, 2008).
In clinical practice, a common triad, including variable allergies, short stature, and fatty liver, has not been reported as a syndrome up to now. Previous studies on allergic diseases mainly focused on the immunogenic origin of allergic diseases, the clinical significance of “health hypothesis,” and the impact of maternal and infant nutrition on allergic epidemics and paid little attention to the role of human imprinted genes.
SLC22A18 is an imprinted gene, which is involved in tumor suppression and lipid accumulation. Diseases associated with SLC22A18 include lung cancer and breast cancer (Dao et al., 1998; Peters, 2014; Ito et al., 2019), but its role in childhood diseases is not clear.
In this study, we describe six male patients from six unrelated families with a triad symptom of progressive postnatal slow growth, allergies, and fatty liver. After real-time quantitate PCR (RT-qPCR), Sanger sequencing, and DNA methylation sequencing analysis, we showed that all the patients had a lower expression of SLC22A18 that resulted from abnormal methylation-hampered promoter function. These cases and analysis indicate a syndrome associated with SLC22A18.
METHODS
Cases
From Nov 2013 to Aug 2020, six male patients from six unrelated families who were admitted to the pediatric endocrinology clinic presented a triad symptom of progressive postnatal slow growth, allergies, and fatty liver. After reviewing the patients’ family history, we found that the patients’ grandfathers or fathers also had similar growth experience compared with the patients. Subsequently, the medical history, physical findings, and the results of hematology, biochemistry, radiology, type B ultrasonic test, and molecular biology tests were studied. B-ultrasound examination found that the patients’ liver had infiltration, suggesting that the patient had fatty liver. All laboratory procedures for clinical samples have been reported in advance. Blood, feces, and urine samples were taken; plasma was separated in the EDTA bottles; and serum was separated in the clotting blood bottles. This study was approved by the Institutional Review Board and Ethics Committee. Written consent from all patients was collected.
Real-Time Quantitate PCR
Whole blood of 10 patients (IDs: 19010101, 19010102, 19010104, 190101010, 19010111, LXY, DTY, LC, OYZY, and GJX) and 10 healthy controls were first processed with Red cell lysis buffer (Sangon Biotech, Shanghai, China) and then treated with TRIzol (Invitrogen, Carlsbad, CA, USA) to extract total RNA. Reverse transcription was performed with HiScript First Strand cDNA Synthesis Kit (Vazyme, Nanjing, China) to obtain cDNAs. Then qPCR was performed on Bio-Rad CFX96 (Bio-Rad Laboratories Inc., Hercules, CA, USA) with AceQ qPCR SYBR Green Master Mix (without ROX) (Vazyme, Nanjing, China) according to the manufacturers’ protocols. ACTB gene was used as the reference, and the primer sequences are listed in Supplementary Table S1. Cycling conditions were as follows: 95°C for 5 min, followed by 40 cycles of 95°C for 10 s and 60°C for 25 s.
DNA Methylation Sequencing and Data Analysis
Genomic DNA was extracted from whole blood using TIANamp Blood DNA Kit (Tiangen Biotech, Beijing, China), which was further treated with EpiTect Fast DNA Bisulfite Kit (QIAGEN, Hilden, Germany) for bisulfite conversion. The converted DNA was PCR-amplified with primer sequences designed to cover the CpGs in two promoter regions denoted as “Promoter 1” and “Promoter 2” (Supplementary Table S2): each region included near 1,000 bp centering around the transcription start sites (TSSs) of SLC22A18; the TSS annotation was based on RefSeq release 109. The PCR products were gel- and column-purified and used for DNA library preparation. The library was prepared with KAPA HTP Library Preparation Kit (KAPA Biosystems, Wilmington, MA, USA) according to the manufacturer’s protocol. The library was further amplified for 10 cycles, which was then subjected to deep sequencing on the Illumina HiSeq platform with 2 × 150 as the sequencing mode.
Raw reads were filtered to obtain high-quality clean reads by removing sequencing adapters and low-quality reads using Trim Galore (v0.5.0) with parameters--paired--rrbs--illumina--fastqc (https://github.com/FelixKrueger/TrimGalore) (FastQC, 2010; Martin, 2011). The clean reads were mapped to human genome (hg38) using the Bismark (v0.7.0) software (Krueger and Andrews, 2011). The methylation percentages for the CpG sites were calculated by the Bismark methylation extractor script from Bismark. Differentially methylated CpGs (DMCs) were identified using methylKit with the q-value cutoff set to 0.01 (Akalin et al., 2012). Differentially methylated regions (DMRs) between patients and healthy controls were identified within the two promoter regions using methylKit, which had a q-value of less than 0.01 and at least one DMC inside.
Sanger Sequencing
Genomic DNA was extracted from the whole blood of nine patients (IDs: 16, 17, 20, 170609, 17071201, 19010101, 19010106, 19010109, and TANG) with the same method described above. Two pairs of PCR primers were used to amplify the promoter regions of SLC22A18 (Supplementary Table S3), yielding close to 500 bp flanking the TSSs. PCRs were performed in a 50-μl reaction containing 10 μM of each primer, 100 ng of genomic DNA, and 25 μl of 2xFtaq PCR MasterMix (Zoman Biotechnology, Beijing, China). Cycling conditions were as follows: 95°C for 5 min, followed by 40 cycles of 95°C for 15 s, 60°C for 15 s, and 72°C for 50 s. The PCR products were gel- and column-purified and then sequenced with ABI 3730XL (Applied Biosystems, Foster City, CA, USA).
RESULTS
Clinical Features of the Six Cases
The patient in case 1 was short and light, and his father had marked central obesity (Figure 1A). In case 2, the patient had short stature, was lightweight, and has small hands and teethed at a normal age, and his father had marked central obesity (Figure 1B). The patient of case 3 is the brother of boy–girl twins. He was thinner and shorter than his twin sister before 12 years old (left picture). However, after 1.5 years of recombinant human growth hormone (rhGH) treatment, he is 9 cm taller than his twin sister (middle picture) now. His father suffered from central obesity (Figure 1C). The patient of case 4 was of short stature and lightweight and has small hands. He teethed at a normal age, and his father had marked central obesity (Figure 1D). The patient of case 5 has short stature without spinal scoliosis, was lightweight, and has small hands, and his father had marked central obesity (Figure 1E). The patient in case 6 was short, with a body mass index (BMI) of 18.0, and had fatty liver, and his father had central obesity (Figure 1F).
[image: Figure 1]FIGURE 1 | Clinical features of the six cases’ profiling.
Case 1 The initial dose of rhGH is 2-3 IU/d over a period of 18 months and he received total 1248 IU of rhGH. During this period, his height and weight increased by 12.9 cm (to 121.0 cm) and 6.8 kg (to 23.0 kg). Then, he suspended injection rhGH since his height became normal compared to his peers, after approximately 10 months, his height and weight was still 121.0 cm and 23.0 kg, without any appropriate increase. Then started using rhGH, 4 IU/d, 6 days/week. Up to date, when he was 9y9m, both of his height and weight were normal (137.9 cm, 30.3 kg). At this time, the dose of rhGH is 5 IU/d, 6 days/week.
Case 2 When he was 3y10m years old, the injections were started and lasted for approximately 1.5 years, by a frequency of rhGH 2 IU/d, 6 days/week. Afterwards, he had a remarkable height increase which is from 95.6 cm to 112.5 cm. Sometimes he suspended for 3 months because the great treatment effects. Last revisited at Jan, 1, 2019, his height was 128.5 cm (normal), and weight was 25.3 kg.
Case 3 When he was 12.3 years old, given him VitD3 supplements and treated with rhGH 6 IU/d. The tratments were continued for approximately 3 years (from Nov. 2015 to July. 2018). Last revisited was at 14.8 years old, and his height was 171.0 cm and weight was 67.5 kg.
Case 4 To data, his height was 101.5 cm (-3SD) and weight was 17.0 kg (-1SD), when he was five years old. Injection of rhGH with 2 IU/d was recommended. After 4 months, his height was 109.0 cm and weight was 17.0 kg, which means effective treatments, however, he still had cough and lean body mass.
Case 5 He received 5 IU/d rhGH, over a period of six months, with height increased from 137.5 cm to 145.0 cm, and weight was 34.7 kg (normal height increases by 3.0 cm in six months). Treatment was interrupted for the following six months, resulting in no further growth. We suggested the patient visiting E.N.T. department for his sleep problems and traditional Chinese medicine for his poor of appetite. Now, he is 158.0 cm and 46.0 kg, and his appetite has improved.
Case 6 When he was 11.5 years old, he started using rhGH (4 IU/d). Well, at that time of Aug 23, 2018 his height was 144.0 cm and weight was 37.3 kg. Suggested him using rhGH (5 IU/d) and the treatment effects were very effective for height.
All cases were male with normal birth height and weight. When these patients visited our department, they had low body weight and slow growth, similar to idiopathic short stature (ISS).
All cases had hypertrophy of adenoid and tract allergy of the upper respiratory tract. Besides, we found that the grandfathers or fathers of the six patients also showed nearly the same combination of short stature, allergic march, and fatty livers during their puberty. Growth hormone deficiency (GHD) was found in five cases, except in case 5. Patients had decreased vitamin D3 (VitD3) and insulin-like growth factor-1 (IGF-1) and increased free fatty acid (FFA). MRI of the pituitary showed no abnormalities, and the intelligence and sexual development of these patients were normal (Table 1). These patients were diagnosed with GHD or ISS, along with other diagnoses such as an allergic reaction of the upper respiratory tract, asthma, and fatty liver (Table 1). After VitD3 supplementation and rhGH treatment, their height increased by >7 cm/year (Figure 2).
TABLE 1 | Summary of main clinical features and laboratory results of six cases with SLC22A18-associated syndrome.
[image: Table 1][image: Figure 2]FIGURE 2 | Six cases with favorable effect to recombinant human growth hormone (rhGH) treatment. (A-F) is the height changes in six cases. The black line is the standard height curve from top to bottom is 97, 50, and 3%, respectively. Height below the 3rd percentile is considered as Short Stature. The red line is the height changes of these 6 patients after VitD3 and rhGH treatment.
Quantification of SLC22A18 Expression Level
RT-qPCR was used to measure the expression level of SLC22A18 in both patients and healthy controls. A significant difference in expression was detected between patients and healthy controls (Figure 3A). On average, the expression of SLC22A18 in the healthy control group was 1.82 times higher than that in the patient group.
[image: Figure 3]FIGURE 3 | The focal point of a patrilineal imprinted gene SLC22A18. (A) Comparison of SLC22A18 expression levels between patients and healthy controls. There are 10 individuals in each group, and the expression levels were measured by RT-qPCR, and fold changes were calculated with the healthy controls as the reference. The p-value indicated in the plot was based on a two-tailed Student’s t-test in the R language. (B) The left panel shows the IDs of patients with this variant, and the reference sequence is on the top. The solid red box highlights the variant where an “A” has been deleted. The visualization of Sanger sequencing results was done by novoSNP. (C) The percentage of methylated and methylated CpG sites was represented by dark green and red, respectively. Patients and healthy controls were represented by light green and yellow bars, respectively, on the right side. “TSS1” is located at position 2, 899, 721, “+” strand, chromosome 11; “TSS2” is located at position 2, 902, 282, “+” strand, chromosome 11.
Methylation Analysis and Variant Detection in Promoter Regions of SLC22A18
Aberrantly, DNA methylation is one of the most possible reasons to drive the expression of SLC22A18 to become abnormal. Here, we quantified the promoter methylation levels of three patients (IDs: 19010102, 19010110, and LC) and three healthy controls by deep sequencing. Deep sequencing generates 2.7 to 4.8 million reads for each individual, leading to an ultra-high coverage (>50,000× on average) for two specific promoter regions (denoted as “Promoter 1” and “Promoter 2”), each of which included nearly 1,000 bp centering around the TSSs of SLC22A18 (Supplementary Table S2). Using methylKit, DMRs were identified in Promoter 1: 1) the core promoter was the most differentially methylated between patients and healthy controls with 21% methylation percentage change (p-value <0.001); 2) the upstream 500 bp of the TSS had a marked elevated methylation percentage (15%, p-value < 0.001); and 3) the downstream 500 bp of the TSS had a relatively small increase in methylation (6% change, p-value <0.001). On the contrary, the majority of CpG sites in Promoter 2 were nearly 100% methylated, and thus no noted change in methylation level was observed in Promoter 2 (Figure 3C). To identify variants that possibly lead to the low expression of SLC22A18 in patients, Sanger sequencing was performed for the two promoter regions described above. Genomic DNA was extracted from the whole blood of nine patients (IDs: 16, 17, 20, 170,609, 17,071,201, 19010101, 19010106, 19010109, and TANG), yielding close to 500 bp flanking the TSSs that were subjected to Sanger sequencing. The sequencing results were aligned to the human reference genome (GRCh38) and visualized by novoSNP (Weckx et al., 2005). A total of seven variants were identified and, as expected, most of them (6) could be found in dbSNP (i.e., rs365605, rs5789280, rs538924456, rs397933484, rs366696, and rs367035) without clinical significance (Sherry et al., 2001; Landrum et al., 2014). Only one variant (chr11: 2899732 delA), located in the core promoter region, has not been reported before (Figure 3B). To further check if this novel variant could be related to the expression of SLC22A18, the 100-bp DNA sequence flanking this variant was submitted to JASPAR database (https://jaspar.genereg.net/) to detect possible binding sites of transcription factors (Khan et al., 2018). To our surprise, 11 transcription factors (MEF2C, ZNF384, SOX15, LM140, SOX15, SOX10, RORC, RORA, RORB, NR4A1, NR2F2, and NR4A2) could bind to the regions containing the novel variant under default parameters.
DISCUSSION
Individual children often have multisystem diseases. The clinician needs to be aware of these to ensure that the child is not misdiagnosed. In the past, short stature and obesity in children with allergic diseases are usually considered to be side effects of glucocorticoid drugs. But now, our study generated evidences showing that short stature and central obesity are not related to the use of glucocorticoid drugs. Therefore, we need a new theory to explain the pathological mechanisms of short stature and/or obesity with allergies in children. In this report, the triad of allergic march, short stature, and fatty liver is associated with a patrilineal imprinted gene SLC22A18. It should not simply be considered a side effect of glucocorticoid.
There is a progression, and the individual child can suffer from one symptom to another. The most common is normal height and weight at birth. In early childhood, allergies, reduced growth rate, short stature, and abnormal fat metabolism [high FFA and high apolipoprotein E (ApoE)] gradually appear. Around adolescence, weight gain develops into central obesity and fatty liver. And allergic symptoms almost always appear after birth to the age of 7. Other symptoms of itching, sneezing, loss of sleep, coughing, etc., are present. In our study, there is no obvious abnormality in the appearance of our cases, and there is no sexual developmental delay and intellectual disability in any of these patients. The group of six patients could not be classified into the above syndromes.
Several syndromes involving short stature are associated with a number of imprinted genes, such as Prader–Willi syndrome (PWS), Beckwith–Wiedemann syndrome (BWS), and Silver–Russell syndrome (SRS). PWS is characterized by short stature and obesity, somewhat similar in our patients. However, inborn muscular hypotonia, imbecility, and cryptorchidism, and/or micropenis are not observed in our cases (Cassidy et al., 2012). BWS features varying degrees of symptoms like overgrowth, macrosomia, macroglossia, hemihypertrophy, and asymmetric facial features (Frédéric et al., 2018). SRS is characterized by severe intrauterine and postnatal growth retardation, feeding difficulties, short stature, triangular face, low ears, and bending of the fifth finger (Spiteri et al., 2017). The group of six patients could not be classified into the above syndromes.
Short stature is the most confusing common feature in the cases of this study. During follow-up, six cases showed a favorable effect of rhGH treatment. All patients grew faster and taller, but it was almost impossible to avoid allergies, consistently elevated plasma levels of IgE, FFA, and fatty liver formation. The molecular mechanism is still unknown, and rare evidence can be found by existing researches.
SLC22A18, located in the 11p15.5 domain, is an important tumor-suppressor gene region. Alterations in this region have been associated with the BWS, Wilms tumor, and lung, ovarian, and breast cancers. Lee et al. found mutations in SLC22A18 in kidney and lung cancers. By checking the genotypes and phenotypes of the family members, the author speculated that SLC22A18 is a tumor suppressor gene in the adult lung and an imprinted tumor suppressor gene in the fetal kidney (Lee et al., 1998). Recent studies revealed a novel link between SLC22A18 and fat accumulation, and we speculated that paternal SLC22A18 gene may be involved in the occurrence of this “triad” syndrome. Previous reports found that the liver expresses SLC22A18 at the mRNA and protein levels (Dao et al., 1998). Suppression of SLC22A18 promotes lipid accumulation in the liver by reducing lipophagy (Jing and Gotoda, 2012; Yamamoto et al., 2013; Shingo et al., 2019). Dysregulation of lipid metabolism in the liver is a marker of nonalcoholic fatty liver disease (NAFLD), characterized by excessive accumulation of fat in the liver. These findings may explain the development of fatty liver in our cases.
Given these findings and the biological importance of SLC22A18, the DNA sequence and the RNA levels of SLC22A18 were investigated among these patients. It was found that high methylation and low expression of SLC22A18 could relate to the occurrence of a triad of slow growth, allergies, and fatty liver in these patients during their growth and development. Therefore, it is suggested that SLC22A18 is a possible gene that plays an important role in the pathogenesis of this syndrome.
In summary, this study found that the triad, variable allergy, short stature, and fatty liver, is associated with the lower mRNA expression levels of SLC22A18, deleted “A” in SLC22A18 core promoter, and the high methylation levels in my cases. All of that possibly affect the normal transcription of SLC22A18, meanwhile resulting in IGF-1 low activity and involvement of high FFA in metabolic inflammation. Therefore, our study raises the clinical need for the naming of SLC22A18 syndrome. Last but not least, additional case samples are needed to reinforce our hypothesis; and further researches of SLC22A18, such as epigenetics or functional genetic experiments of an animal model, will reveal the molecular mechanisms and etiology.
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Background: The occurrence of proteinuria is one of the evaluation indicators of transplanted kidney damage and becomes an independent risk factor for poor prognosis after kidney transplantation. Our research sought to understand these potential associations and detect the underlying impact of single-nucleotide polymorphisms (SNPs) on proteinuria in kidney transplant recipients.
Materials and Methods: There were 200 recipients enrolled in this study, from which blood samples were extracted for SNP mutation–related gene detection. RNA sequencing was performed in kidney tissues after kidney transplantation, and the significantly differentially expressed genes (DEGs) were analyzed between the control group and the proteinuria group. Then, the intersection of genes with SNP mutations and DEGs was conducted to obtain the target genes. Multiple genetic models were used to investigate the relationship between SNPs and proteinuria. In addition, the effect of SNP mutation in the target gene was further validated in human renal podocytes.
Results: According to the sequencing results, 26 significant SNP mutated genes and 532 DEGs were found associated with proteinuria after kidney transplantation. The intersection of SNP mutated genes and DEGs showed that the Toll-like receptor 2 (TLR2) gene was significantly increased in the transplanted renal tissues of patients with proteinuria after kidney transplantation, which was consistent with the results of immunohistochemical staining. Further inheritance model results confirmed that mutations at rs3804099 of the TLR2 gene had significant influence on the occurrence of proteinuria after kidney transplantation. In the in vitro validation, we found that, after the mutation of rs3804099 on the TLR2 gene, the protein expressions of podocalyxin and nephrin in podocytes were significantly decreased, while the protein expressions of desmin and apoptosis markers were significantly increased. The results of flow cytometry also showed that the mutation of rs3804099 on the TLR2 gene significantly increased the apoptotic rate of podocytes.
Conclusion: Our study suggested that the mutation of rs3804099 on the TLR2 gene was significantly related to the generation of proteinuria after kidney transplantation. Our data provide insights into the prediction of proteinuria and may imply potential individualized therapy for patients after kidney transplantation.
Keywords: kidney transplantation, proteinuria, single-nucleotide polymorphisms, high-throughput sequencing, Toll-like receptor 2
BACKGROUND
With the improvement of organ transplantation methods and the application of new immunosuppressive agents, the short-term survival rate of transplanted kidney has been significantly ameliorated. However, the long-term survival rate of transplanted kidney needs to be improved, and the long-term complications after kidney transplantation are receiving more attention. Consistent with proteinuria in common chronic kidney diseases, persistent proteinuria after kidney transplantation is closely connected with the prognosis of kidney transplantation (Blasius and Beutler, 2010). The incidence of proteinuria 1 year after kidney transplantation is 15–20%. The long-term survival of transplanted kidney is directly related to the occurrence of proteinuria, which is an independent risk factor affecting allograft survival and leads to the death of patients after transplantation (Fernandez-Fresnedo et al., 2004). Immune and non-immune factors after kidney transplantation contribute to proteinuria (Sancho et al., 2007). Studies have shown that enhanced immunosuppressive therapy is ineffective for post-transplantation proteinuria. The generation of proteinuria after kidney transplantation attributes to chronic rejection, chronic graft nephropathy, glomerulonephritis after kidney transplantation, acute rejection, and cyclosporine nephrotoxicity (Reichel et al., 2004). Effective control of proteinuria after transplantation can reduce the damage to the transplanted kidney.
Nowadays, abundant research studies have demonstrated that gene polymorphisms are associated with kidney disease. The mutation and polymorphism of nephrin gene NPHS1 impact the development of congenital nephrotic syndrome of Finnish type (CNF), MCNS, and other diseases as well as the occurrence of its proteinuria. Mutations in the NPHS2 gene of podocin contribute to steroid-resistant nephrotic syndrome (SRNS), most of which are familial but may also are sporadic (Rood et al., 2019). Mutations in the podocin gene are also relevant to non-diabetic end-stage renal disease in African Americans (Menara et al., 2020). And clear correlation between the polymorphism of this gene and the occurrence of proteinuria has been validated in the general population. This evidence all indicates that genetic mutations obviously have an influence on the pathogenesis of kidney disease.
Toll-like receptors (TLRs), a family of structural recognition receptors across cell membranes, play an important role in inflammation, immune response, and tumorigenesis, where TLR2 is a crucial member. The coding gene of TLR2 is located on the 4q32 region of chromosome 4, and TLR2 is mainly expressed on the surface of peripheral blood leukocytes. TLR2 can interact with bacteria and endogenous ligands to activate transcription factors, such as NF-κB and AP-1 (Harding and Boom, 2010; Vilahur and Badimon, 2014). Current studies have validated that, after tissue ischemic injury, numerous apoptotic cells could emerge in the organs and generate a series of immune responses such as host defense and injury repair responses (Marshak-Rothstein, 2006; Obhrai and Goldstein, 2006; Seki and Brenner, 2008). The accumulation of inflammatory cells along with the release of inflammatory factors can damage the tissues. The loss of TLR2 can lead to kidney damage, leukocyte influx, and renal tubular damage during renal ischemia–reperfusion. Ding et al. (2015) reported that proteinuria might exhibit an endogenous danger-associated molecular pattern (DAMP) that induced tubulointerstitial inflammation via TLR2–MyD88–NF-κB pathway activation. In this study, the correlation between TLR2-regulated gene expressions and proteinuria after kidney transplantation will be investigated.
MATERIALS AND METHODS
Ethics Statement
All research design, patient registration, and procedure agreement were approved by the local ethics committee of the First Affiliated Hospital of Nanjing Medical University (2016-SR-029). All kidney-transplanted recipients expressed their knowledge and understanding of the experimental process and provided written informed consent at the same time. All our research processes follow the ethical standards of the “Helsinki Declaration” and the “Istanbul Declaration.”
Study Design and Population
We use a single-center, retrospective, cohort study method to explore the impact of single-nucleotide polymorphisms of genes based on TLR2-related signaling pathways and the progress of proteinuria in kidney-transplanted recipients. A total of 200 recipients who received kidney transplanted in the Kidney Transplant Center at the First Affiliated Hospital of Nanjing Medical University from February 1, 2015, to September 1, 2018, participated in this study. There is no significant transplanted renal function failure or decline during the current follow-up. The detailed research methods including the inclusion and exclusion criteria were described in detail in our previous studies (Wang et al., 2018). The clinical data, including age, gender, height, independence, and immunosuppressive protocol, were recorded by one of the authors, Zeping Gui.
Immunosuppressive Protocols
Our center selected triple immunosuppressive regimen [cyclosporin A or tacrolimus, combined with mycophenolate mofetil (MMF) and prednisone] or quadruple immunosuppressive regimen (cyclosporin A or tacrolimus, prednisone, MMF combined with sirolimus) as maintenance-period immunosuppressant treatment. We adjusted the dosage of the corresponding immunosuppressive regimen according to drug concentration levels and blood creatinine level. Our previous research studies had reported corresponding details about detailed information and methodologies for immunosuppressive agent schedules (Wang et al., 2018).
Sample Collection and Next-Generation Sequencing (NGS)
Peripheral blood (2 ml) of each patient was used for DNA extraction. We quantitatively analyzed the concentration and purity of genomic DNA (gDNA) and assessed the integrity of genes by agarose gel electrophoresis. We chose target-specific target regions from a random pool containing upstream and downstream oligonucleotides and gDNA hybrids. Then, we dispersed gDNA and selectively amplified adapter-ligated DNA, limited-cycle polymerase chain reaction (PCR). We denatured the captured library and loaded it into an Illumina cBot instrument manufacturer’s protocol. Subsequently, we analyzed the sequencing data based on the human available data reference sequence UCSC hg19 assembly (NCBI construction 37.2), using the genome analysis tool, Picard software, dbSNP 132. We also found two separate programs for recognizing somatic mutation cells: MuTect 1.1.5 and VarScan 2.3.6.
Kidney Transplant Tissue Samples and RNA Sequencing Methods
We collected kidney transplant tissues in three recipients who were subjected to transplanted kidney biopsy due to proteinuria operated at First Affiliated Hospital with Nanjing Medical University between 2016 and 2018. In addition, three normal kidney samples were obtained from patients undergoing radical nephrectomy, and each sample was excised at 5 cm away from tumor tissue. The collected samples were stored at −80°C for the preparation of RNA extraction. And all the samples were analyzed separately.
Total RNA was used as an input material for the RNA sample preparations. Sequencing libraries were generated using NEBNext® UltraTM RNA Library Prep Kit for Illumina® (NEB, United States) following the manufacturer’s recommendations, and index codes were added to attribute sequences to each sample. Briefly, mRNA was purified from total RNA using poly-T oligo–attached magnetic beads. Fragmentation was carried out using divalent cations at elevated temperature in NEBNext First Strand Synthesis Reaction Buffer (5X). First strand cDNA was synthesized using the random hexamer primer and M-MuLV Reverse Transcriptase (RNase H). Second strand cDNA synthesis was subsequently performed using DNA Polymerase I and RNase H. Remaining overhangs were converted into blunt ends via exonuclease/polymerase activities. After adenylation of 3′ ends of DNA fragments, NEBNext Adaptor with a hairpin loop structure was ligated to prepare for hybridization. In order to select cDNA fragments of preferentially 250–300 bp in length, the library fragments were purified with an AMPure XP system (Beckman Coulter, Beverly, United States). Then, 3 μl USER Enzyme (NEB, United States was used with size-selected, adaptor-ligated cDNA at 37°C for 15 min followed by 5 min at 95°C before PCR. Then, PCR was performed with Phusion High-Fidelity DNA polymerase, Universal PCR primers, and Index (X) Primer. At last, PCR products were purified (AMPure XP system), and library quality was assessed on the Agilent Bioanalyzer 2100 system.
Identification and Elucidation of Differentially Expressed Genes (DEGs)
DEGs were screened with ∣log  fold‐change (FC) | >1 and p-value < 0.05 between the proteinuria and normal groups, using the limma R package (version 3.13). The Gene Ontology (GO) functional annotation and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis of the identified DEGs were performed on DAVID 6.8 (https://david.ncifcrf.gov/). p-Value<0.05 was considered statistically significant.
Immunohistochemistry (IHC) Staining Assay
Kidney samples were fixed in 10% neutral formalin and embedded in paraffin. Paraffin sections (3 μm) were deparaffinized, hydrated, and antigen-retrieved. The endogenous peroxidase activity was quenched by 3% H2O2. Sections were then blocked with 10% normal donkey serum, followed by incubation with anti‐TLR2 (1:100; Abcam, United States) overnight at 4°C. After incubation with biotinylated goat anti‐mouse/rabbit IgG (0.5 μg/ml; Abcam) for 1 h, sections were incubated with ABC reagents for 1 h at room temperature before being subjected to substrate 3-amino-9-ethylcarbazole or 3,3′-diaminobenzidine (Vector Laboratories, Burlingame, CA). Slides were viewed under a Nikon Eclipse 80i microscope equipped with a digital camera (DS-Ri1, Nikon, Shanghai, China).
Cell Culture and Transfection
Human podocytes cryopreserved at −80°C were resuscitated with 10% FBS-containing RPMI 1640 medium, maintained at 33°C (permissive conditions) and 5% CO2, and cultured at 37°C (non-permissive conditions). After 14 days under non-permissive conditions, the cells revealed an arborized shape. Podocytes digested with 0.25% trypsin for passage after differentiating and passaged according to cell growth once every 2–3 days.
Before transfection, human podocytes were starved with FBS-free RPMI 1640 medium overnight. Then, cell transfection was performed according to the manufacturer’s protocol.
Plasmid purification, restriction digestion, endonuclease digestions, gel electrophoresis, PCR, ligation, and E. coli transformations were carried out by Hanheng Biotechnology (Hanheng Biotechnology Co., Ltd., Shanghai, China) (Supplementary Table S1). Briefly, we designed the primer sequences of rs3804099 mutation and TLR2 wild-type, respectively. The digested products were electrophoresed to separate restriction fragments in agarose gel. The digested vector and PCR fragment were ligated and used to transform DH5α competent cells. The two target fragments (wild-type and SNP mutant type) were ligated to the vector pcDNA3. Products were transformed and propagated in DH5α competent cells. Then, they were grown in lysogeny broth (LB) or on LB agar plates and incubated in an incubator at 37°C for 12 h. The monoclonal colonies were selected for amplification and identified by bacterial liquid PCR. Final plasmid constructs were confirmed by DNA sequencing. The concentration of the plasmids was more than 200 ng/μl. The final derived plasmids are referred to as pCDNA3.1 and pCMV-TLR2 (mut) and used for subsequent cell experiments. In our previous study, we have validated that transfection of an empty plasmid is identical to that of the wild-type plasmid (Wang et al., 2020).
Flow Cytometry Detecting FITC-Annexin V Positive Apoptotic Cells
The cell apoptosis was detected by the FITC-Annexin V Apoptosis Detection Kit (Cat#556547, BD Pharmingen) as described previously. Briefly, the cells with indicated treatment were stained with FITC-Annexin V and propidium iodide (PI). Both early (Annexin V+/PI-) and late (Annexin V+/PI+) apoptotic cells were sorted by fluorescence-activated cell sorting (FACS) (Beckman Coulter Inc., Brea, CA).
Western Blot Analysis
To extract the total proteins, cells were washed twice with cold PBS and lysed in lysis buffer (0.2% SDS, 1% NP-40, 5 mM EDTA, 1mM PMSF, 10 g/ml leupeptin, and 10 g/ml aprotinin) after treatment. Lysates were centrifuged at 4°C for 20 min at 1,500 g. Protein concentrations were determined by a Bradford assay (Bradford, 1976). Afterward, the proteins were separated by 12% SDS-polyacrylamide gel electrophoresis (PAGE) and transferred onto polyvinylidene difluoride (PVDF) membranes. Membranes were blocked with 5% non-fat milk in TBS (pH 7.4) with 0.1% Tween-20 for 1 h at room temperature and then incubated overnight at 4°C with different primary antibodies. The signals were detected by HRP-conjugated secondary antibodies for 1 h at room temperature on an ECL detection system (Amersham Biosciences). To isolate proteins in the cytoplasm and nucleus, the Nucleus Protein Extraction Kit was used according to the instructions (Boster, Wuhan, China). The primary antibodies were listed as follows: anti‐TLR2 (1:1,000; Abcam, United States), anti‐Desmin (1:1,000; Abcam, United States), anti‐Podocalyxin (1:1,000; Abcam, United States), anti‐Nephrin (1:1,000; Abcam, United States), anti‐GAPDH (1:1,000; CST, United States), anti‐Bcl-2 (1:1,000; CST, United States), anti‐Bax (1:1,000; CST, United States), and anti‐Cleaved Caspase3 (1:1,000; CST, United States). Proteins in the cytoplasm and nucleus were checked by western blot assays and were normalized to GAPDH. The relative intensities of the signals were quantified by densitometry and imaging software (ImageJ, National Institutes of Health, United States).
Statistical Analysis
Unless otherwise stated, data were expressed as mean ± standard deviation (SD). The minor allele frequency (MAF) and Hardy–Weinberg equilibrium (HWE) were conducted by R package genetics (genetics: Population Genetics, R package version 1.3.8.1.). The linkage disequilibrium (LD) blocks were analyzed using Haploview version 4.2 (Broad Institute, Cambridge, MA, United States). General linear models (GLMs) were used to determine the importance and influence of clinical variables on proteinuria. We used the R Statistics Package SNPassoc (SNP-based whole genome association studies; R package version 1.9-2.) to examine five multiple inheritance models [codominant model 1 (major allele homozygotes versus heterozygotes), codominant model 2 (major allele homozygotes versus minor allele homozygotes), dominant model (major allele homozygotes versus minor allele homozygotes plus heterozygotes), recessive model (major allele homozygotes plus heterozygotes versus minor allele homozygotes), log-additive model (major allele homozygotes versus heterozygotes versus minor allele homozygotes), and overdominant model (heterozygotes versus major allele homozygotes plus minor allele homozygotes)]. All data in our study were analyzed using SPSS software version 13.0 (SPSS Inc., Chicago, IL, United States), and p < 0.05 was considered statistically significant.
RESULTS
Patient Demographics
A total of 97 patients with proteinuria and 103 control kidney-transplanted patients were recruited in this study. The clinical characteristics of the patients, including weight, recipient age, gender, incidence of PRA before kidney transplant, primary or secondary kidney transplant, type of donor, administration of sirolimus, and the presence of delayed graft function (DGF), were collected and compared, as illustrated in Table 1. The study population age ranged from 28 to 52 years, and the mean age of the patients was 36.45 ± 9.46 years. Of the patients with kidney transplant, 70% were male, while 30% were female. None of the patients presented with PRA before kidney transplant. The patients with living donor formed 12%, and the patients with donor after cardiac death (DCD) formed 88%. Twelve patients were treated with sirolimus.
TABLE 1 | Basic demographics of kidney transplantation patients in this cohort.
[image: Table 1]Tagger SNP Selection
We identified SNPs of 26 genes (Supplementary Table S2) for further analysis using HWE analysis and filter criteria of MAF>0.05. These SNPs were deemed as statistically frequent, whereas the remaining were identified to be rare. As shown in Figure 1A, DEGs between control and PKT (proteinuria after kidney transplantation) groups (n = 3) were evaluated by RNA sequencing. Red represents an upregulated gene, and green represents a downregulated gene. By assessing the sequencing results, 532 genes including 306 upregulated and 226 downregulated genes were found differentially expressed between the two groups, based on the screening condition of ∣log2 fold-change∣>1 and p-value < 0.05. GO enrichment analysis suggested that these DEGs were related to the immune system and inflammatory response, such as cell adhesion (GO:0007155) and regulation of cell adhesion (GO:0030155) (Figure 1B). KEGG pathway enrichment analysis of the DEGs showed the top 20 enriched KEGG terms, including toll−like receptor signaling pathway, natural killer cell mediated cytotoxicity, and mitophagy (Figure 1C). In addition, two genes including TLR2 and SLC2A9 were selected from the intersection between the 532 DEGs and 26 SNP mutated genes (Figure 1D). According to the KEGG pathway analysis (Figure 1C), toll−like receptor signaling pathway was among the top 20 enriched KEGG terms. Besides, previous studies support that TLR2 is closely associated with proteinuria (Motojima et al., 2010; Ururahy et al., 2012; Bergallo et al., 2017). Considering that, we selected TLR2 for further analysis. Furthermore, LD analysis was performed among the SNPs to discover the tagger SNPs (Figure 2). We take the intersection between SNPs selected by LD analysis and frequent SNPs by HWE/MAF analysis. Hence, a couple of tagger SNPs (rs3804099, rs3804100) from the TLR2 gene were used as representative loci for the subsequent statistical analysis.
[image: Figure 1]FIGURE 1 | Identification and functional annotation of DEGs and validation of TLR2 expression in tissue. (A) Volcano plots of 532 DEGs are shown between the PKT and control groups with 306 upregulated genes and 226 downregulated genes. (B) GO enrichment analysis–depicted DEGs are associated with the immune system and inflammatory response. (C) KEGG analysis of the DEGs showing the top 20 enriched KEGG terms including toll−like receptor signaling pathway. (D) Venn diagram exhibiting two intersected genes including the TLR2 gene between DEGs and SNP mutation–related genes. (E) Podocyte foot effacement in podocytes of glomeruli is seen in the PKT group under electron microscopy compared with the control group. (F) IHC staining showing TLR2 expression is higher in the PKT group than the control group. Abbreviation: DEGs, differentially expressed genes; PKT: proteinuria after kidney transplantation; GO, Gene Ontology; KEGG: Kyoto Encyclopedia of Genes and Genomes; SNP, single-nucleotide polymorphism; IHC: immunohistochemistry.
[image: Figure 2]FIGURE 2 | LD results of detected SNPs in the TLR2 gene. Abbreviation: LD, linkage disequilibrium; SNPs, single-nucleotide polymorphisms.
For further verifying the impact of TLR2 on the development of proteinuria, experiments using human specimens with (PKT group) or without (control group) proteinuria after kidney transplantation were implemented. IHC staining results showed that the expression of TLR2 significantly increased in the PKT group compared with the control group (Figure 1F). Additionally, more podocyte foot effacement in podocytes of glomeruli was observed on electron microscopy in the PKT group than the control group (Figure 1E).
Confounding Factor Analysis and Multiple Inheritance Model Analysis
Based on various degrees of correlation with proteinuria, confounding factors, including BKV infection, incidence of acute rejection gender, age, weight, ISD protocol, duration after renal transplant, use of rapamycin, and DGF occurrence, were evaluated by GLM analysis. According to the GLM results, duration after kidney transplantation impacted the generation of proteinuria (p = 0.042), whereas other factors made no difference to that (p > 0.05) (Table 2).
TABLE 2 | Influence of confounding factors on the outcomes of proteinuria by a general linear model in this cohort.
[image: Table 2]A Bonferroni multiple-testing correction was used to adjust the different duration after kidney transplantation of kidney transplant patients (adjusted p-value = .005), and multiple inheritance model analyses were performed to narrow down the candidate SNPs. After massive univariate testing, SNP rs3804099 was found significantly associated with proteinuria after kidney transplantation [codominant model: OR (95% CI) = 1.91 (1.01, 3.62), p < 0.001; dominant model: OR (95% CI) = 2.38 (1.29, 4.41), p = 0.005; recessive model: OR (95% CI) = 7.19 (1.92, 26.97), p < 0.001; overdominant model: OR (95% CI) = 1.3 (0.72, 2.35), p = 0.380; log-additive model: OR (95% CI) = 2.48 (1.5, 4.09), p < 0.001] (Table 3). This result suggested that the risk of proteinuria was strongly correlated with the rs3804099, rs3804100 locus (Supplementary Table S3), compared with other non-significant SNPs (p > .05). After searching the literature studies carefully, we found rs3804099 SNP has been reported closely associated with some diseases, including polycystic ovary syndrome (Kuliczkowska-Płaksej et al., 2021) and Helicobacter pylori infection and peptic ulcer (Mirkamandar et al., 2018). And rs3804099 polymorphism also has an impact on the susceptibility of cancers (Gao et al., 2019). According to that, we selected rs3804099 for further analysis.
TABLE 3 | Results of multiple inheritance models in rs3804099 adjusted by the administration of sirolimus in five models.
[image: Table 3]Furthermore, we selected three genotypes and compared differences between the degrees of proteinuria for each of the three groups. The results indicated significant differences (p = 0.005) for degrees of proteinuria among the CC, TC, and TT genotypes (Table 4). The analysis results further showed that patients with two T alleles (TT genotypes) showed a significant decreased risk in the development of proteinuria after transplantation.
TABLE 4 | Distributions and analysis of rs3804099 in patients with proteinuria.
[image: Table 4]Rs3804099 Enhanced Expression of TLR2 and Induced Podocyte Injury and Apoptosis
To identify the influence of rs3804099 on podocytes, the pCDNA3 plasmids and the pCDNA3.1 plasmids with rs3804099 mutation were constructed (Figure 3A). Then, podocytes transfected with the pCDNA3.1 or pCMV-TLR2 plasmids were assigned to the control or mutant groups, respectively. After transfection for 24 h, podocytes in the mutant group showed massive morphological alterations detected by phase-contrast microscopy (Figure 3B). Using the western blotting assays, we assessed the impact of the rs3804099 site and found the increase of TLR2 expression in the rs3804099 mutant group (Figure 3C).
[image: Figure 3]FIGURE 3 | Rs3804099 mutation on the TLR2 gene contributed to cell injury and apoptosis in podocytes. (A) Wild-type (pCDNA3.1) and mutated (pCMV-TLR2) plasmids of rs3804099 were constructed for further verification. (B) After transfection for 24 h, podocytes in the mutant group showed massive morphological alterations compared with the wild-type group. (C) Western blotting assays showed that mutant plasmids transfected in podocytes could significantly reduce podocalyxin and nephrin expression levels but enhance the expression level of desmin, coupled with the increased expression of TLR2. (D) The protein level of Bcl-2 was reduced and Bax and cleaved-caspase-3 expressions were increased in the mutant group compared with the wild-type group. (E) Flow cytometry results revealed that the cell apoptosis rate was remarkably increased in a time-dependent manner in the mutant group compared with the wild-type group.
Nephrin and podocalyxin are the most important components of the slit membrane of podocytes. Western blotting assays showed that the mutant plasmid transfected in podocytes could significantly reduce podocalyxin and nephrin (podocyte marker proteins) levels but enhance the expression of desmin (a marker of podocyte injury) level, coupled with the increased expression of TLR2. Moreover, the protein level of Bcl-2 was reduced and Bax and cleaved-caspase-3 expressions were increased in the mutant group compared with the wild-type group (Figure 3D). Consistently, flow cytometry results revealed that the cell apoptosis rate was remarkably increased in a time-dependent manner in the mutant group compared with the wild-type group (Figure 3E).
DISCUSSION
The occurrence of proteinuria is one of the evaluation indicators of kidney transplantation damage, and it is accompanied by renal function damage and becomes an independent risk factor for poor prognosis after kidney transplantation. It has been reported that the quantification and duration of proteinuria after kidney transplantation are positively correlated with the risk of renal allograft function damage and even loss of renal allograft. When proteinuria increases by 100 mg, the risk of renal allograft loss greatly increases (Vachek et al., 2020). The current clinical prevention and treatment measures are reasonable dietary adjustment, blood lipid control, hormones, and immunosuppressive agents to reduce the progressive damage of the kidney’s innate cells, but the effect is not satisfactory (Opelz et al., 2006). Therefore, early detection and prediction of proteinuria are particularly important.
Nowadays, with significant improvements in reliability, sequencing chemistry, data interpretation, and costs, next-generation sequencing (NGS) has been increasingly applied in clinical practice, especially diagnostics. Based on the NGS techniques using massively parallel sequencing to decode large areas of the genome, we could potentially identify underlying causes of the disease, predict responses to interventions, and determine individuals at risk. To date, NGS has achieved great advances in infectious diseases (Gu et al., 2019), oncology (Kamps et al., 2017), and reproductive health (Mellis et al., 2018). Besides, Nagano C et al. found the common podocyte-related genes with mutations causing proteinuria were WT1, NPHS1, INF2, TRPC6, and LAMB2, by comprehensive gene screening of patients with diagnosis of nephrotic syndrome or glomerulosclerosis (Nagano et al., 2020). Bedin et al. (2019) reported 4 C-terminal CUBN variants are associated with proteinuria and slightly increased GFR, according to the NGS results from patients with suspected hereditary renal disease and chronic proteinuria. In our study, relying on the NGS technique, the TLR2 gene was detected associated with proteinuria after kidney transplantation. The in vitro experiment on podocytes further confirmed our finding.
TLRs are proven to be the human homolog of the Drosophila Toll protein. They have similar sequences and structures (Rock et al., 1998). Like Drosophila Toll, TLRs are type 1 membrane proteins with a conserved extracellular domain comprising leucine-rich repeats (LRRs) and a cytoplasmic domain related to the IL-1 receptor, termed the “Toll/IL-1 receptor (TIR) homology motif” (Medzhitov et al., 1997). The TLR family is a rapidly expanding family. So far, 11 human TLRs and 13 mouse TLR family members have been identified (O’Neill et al., 2013). Besides located in immunocytes, TLRs are distributed in various parenchymal cells. In the kidney, TLRs were found in both tubular cells and glomerular cells. Therefore, kidney diseases could be affected by the stimulation of TLRs on inflammatory cells or renal cells. Particularly, many experimental and emerging clinical data indicate that TLRs are involved in the pathogenesis of ischemia–reperfusion injury (I/R injury), urinary tract infections (UTIs), acute kidney injury (AKI), diabetic nephropathy, and lupus nephritis (LN).
TLR2 is one of the protein family members of TLRs. It forms TLR2 homodimers, TLR1–TLR2 heterodimers, or TLR2–TLR6 heterodimers to recognize plenty of ligands and triggers inflammatory response depending on the MyD88-signaling pathway. TLR2 can respond to various PAMPs and DAMPs (Shaw et al., 2011). For example, PGN, the main component of the Gram-positive bacteria wall, is considered the important ligand of TLR2. More and more evidence shows that many putative endogenous ligands have been discovered, which belong to the DAMP of TLR2. It is reported that TLR2 responds to endogenous ligands released during cellular stress and injury, such as lipopeptides, high mobility group box 1 (HMGB1), heat shock protein 60 (HSP60), and HSP70 (Asea et al., 2002; de Graaf et al., 2006). Recently, it has been proposed that biglycan, as an extracellular matrix breakdown product, can also activate TLR2. When TLR2 binds to ligands, it thereby activates NF-κB pathways and finally induces proinflammatory cytokines, such as TNF-alpha and IL-6, from immune and non-immune cells. It was reported that TLR2 was expressed in kidney cells such as glomerular endothelial cells and renal tubular cells. It has been reported that proteinuria can cause renal tubular interstitial inflammation, accompanied by activation of the TLR2–MyD88–NF-κB pathway and secretion of proinflammatory cytokines TNF-alpha and IL-6 (Shigeoka et al., 2007). However, the specific mechanism of TLR2 gene acting on proteinuria after kidney transplantation still needs further study.
To sum up, there are many reasons for proteinuria after kidney transplantation, which have cross-effects on the damage of renal allograft function and are critical to the prognosis of the allograft. Monitoring proteinuria levels, and combining with the pathological examination of the transplanted kidney to early diagnose the cause of proteinuria, and corresponding treatment will effectively improve the long-term prognosis of the transplanted kidney. In this study, we indicated that the mutation of rs3804099 in the TLR2 gene was significantly related to the risk of proteinuria after kidney transplantation. The mutation of rs3804099 on the TLR2 gene may be related to podocyte injury and apoptosis. Besides, our data provide insights into the prediction of proteinuria and may imply potential individualized therapy for patients after kidney transplantation. However, limitations still exist in our study. First, three samples from each group were prepared for RNA sequencing, the number of which is too small. Additionally, normal kidney samples for RNA sequencing were excised far away from tumor tissue from patients undergoing radical nephrectomy. Hence, those are not complete normal samples. Besides, most of the patients involved in this study lacked the pathological results of the transplanted kidney biopsy, and the specific causes of proteinuria after kidney transplantation were not analyzed and grouped. Next, we plan to conduct analysis of the etiology of proteinuria to further clarify the roles and mechanisms of TLR2 in proteinuria after kidney transplantation.
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Gastric cancer (GC) is a common malignant tumor of the digestive system. Recent studies revealed that high gamma-glutamyl-transferase 5 (GGT5) expression was associated with a poor prognosis of gastric cancer patients. In the present study, we aimed to confirm the expression and prognostic value of GGT5 and its correlation with immune cell infiltration in gastric cancer. First, we compared the differential expression of GGT5 between gastric cancer tissues and normal gastric mucosa in the cancer genome atlas (TCGA) and GEO NCBI databases using the most widely available data. Then, the Kaplan-Meier method, Cox regression, and univariate logistic regression were applied to explore the relationships between GGT5 and clinical characteristics. We also investigated the correlation of GGT5 with immune cell infiltration, immune-related genes, and immune checkpoint genes. Finally, we estimated enrichment of gene ontologies categories and relevant signaling pathways using GO annotations, KEGG, and GSEA pathway data. The results showed that GGT5 was upregulated in gastric cancer tissues compared to normal tissues. High GGT5 expression was significantly associated with T stage, histological type, and histologic grade (p < 0.05). Moreover, gastric cancer patients with high GGT5 expression showed worse 10-years overall survival (p = 0.008) and progression-free intervals (p = 0.006) than those with low GGT5 expression. Multivariate analysis suggested that high expression of GGT5 was an independent risk factor related to the worse overall survival of gastric cancer patients. A nomogram model for predicting the overall survival of GC was constructed and computationally validated. GGT5 expression was positively correlated with the infiltration of natural killer cells, macrophages, and dendritic cells but negatively correlated with Th17 infiltration. Additionally, we found that GGT5 was positively co-expressed with immune-related genes and immune checkpoint genes. Functional analysis revealed that differentially expressed genes relative to GGT5 were mainly involved in the biological processes of immune and inflammatory responses. In conclusion, GGT5 may serve as a promising prognostic biomarker and a potential immunological therapeutic target for GC, since it is associated with immune cell infiltration in the tumor microenvironment.
Keywords: bioinformatics, GGT5, gastric cancer, immune infiltration, prognostic biomarker, TCGA database, gene expression
INTRODUCTION
Gastric cancer (GC) is one of the most common digestive malignancies, ranking fifth in tumor morbidity and fourth in mortality worldwide (Sung et al., 2021). In recent years, with the increasing popularity of screening gastroscopy and surgical intervention, there has been a decline in the incidence and mortality of non-cardia gastric cancer. However, the progressively increased incidence of early-onset GC with more aggressive features is garnering attention and warrants deeper investigation (Bergquist et al., 2019). Since inhibitors of human epidermal growth factor receptor 2 (HER2), such as trastuzumab, pertuzumab, and lapatinib, were introduced for the treatment of HER2-overexpressing GC, the outcome of advanced gastric cancer patients has been significantly improved (Bang et al., 2010). Nevertheless, previous studies have indicated that the majority of gastric cancer patients suffer acquired resistance to trastuzumab within a relatively short period (Zhang et al., 2019). In addition, GC is a highly heterogeneous tumor, and HER2 positivity is found in only approximately 13.0%–22.0% of GC cases (Cappellesso et al., 2015; Van Cutsem et al., 2015; Abrahao-Machado and Scapulatempo-Neto, 2016). There is still a lack of specific biomarkers for early diagnosis or use as potential therapeutic targets for GC. Hence, there is a great need to identify potential prognostic biomarkers or therapeutic targets to improve the survival of gastric cancer patients.
As a crucial liver enzyme involved in extracellular glutathione metabolism, gamma-glutamyl transferase can cleave glutathione peptides to maintain the glutathione balance in the human body (Heisterkamp et al., 2008). Gamma-glutamyltransferase 5 (GGT5) is one of the two GGT family members (GGT1 and GGT5) with catalytic activity identified to date and was first reported in detail in 2008 (Heisterkamp et al., 2008). GGT5 is widely distributed in a variety of tissues, with relatively high expression in liver, kidney, and alveolar macrophages (Hanigan et al., 2015). Functional analyses showed that GGT5 played a pivotal role in oxidative regulation, drug metabolism, and immune modulation in the human body (Wickham et al., 2011).
Recent studies have demonstrated that upregulated GGT5 is correlated with tumorigenesis and the progression of a variety of malignancies, including GC (Ren et al., 2020; Wei et al., 2020; Wen et al., 2020; Wu et al., 2021; Ye et al., 2021). Three bioinformatics studies based on the clinical gastric cancer samples retrieved from the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) databases indicated that GGT5 was included in prognostic gene signatures, and overexpression of GGT5 was inversely correlated with the survival in GC patients (Wei et al., 2020; Wen et al., 2020; Ye et al., 2021). It was presumed that the underlying mechanism by which GGT5 affects the prognosis of GC patients might be associated with metabolic regulation, immune modulation, and antioxidant effects (Wei et al., 2020; Wen et al., 2020; Ye et al., 2021). These findings indicated that GGT5 might serve as a promising prognostic biomarker or potential therapeutic target for gastric cancer. However, the correlation of GGT5 expression levels with immune cell infiltration in the tumor microenvironment of gastric cancer has not yet been investigated yet.
In the present study, integrated bioinformatics analysis was carried out based on RNA sequencing data retrieved from the TCGA (https://www.cancer.gov/tcga/) and validated in the GEO (https://www.ncbi.nlm.nih.gov/geo/) (Barrett et al., 2012) database. We first compared the differential expression levels of GGT5 between GC tissues and normal gastric mucosa in the TCGA database and simultaneously validated them in the other two independent RNA profiles, GSE54129 (https://www.ncbi.nlm.nih.gov/geo/download/?acc=GSE54129) and GSE29272 (Wang et al., 2013; Cheng et al., 2017) from the GEO database. Subsequently, we identified the differentially expressed genes (DEGs) between the GGT5-high and GGT5-low expression groups. The Kaplan-Meier method, Cox regression, and univariate logistic regression (Zhu C. et al., 2021) were performed to investigate the relationships between GGT5 and clinical characteristics in gastric cancer patients. A nomogram model for predicting overall survival was constructed and computationally validated. Moreover, single-sample gene set enrichment analysis (ssGSEA) (Bindea et al., 2013) was employed to analyze the correlation of GGT5 expression with infiltration patterns for 24 immune cell types in GC samples. We also explored the correlation of GGT5 expression with immune-related genes and immune checkpoint genes to further understand the underlying mechanism by which GGT5 is correlated with immune cell infiltration in gastric cancer. Finally, gene ontology annotation, Kyoto Encyclopedia of Genes and Genomes (KEGG), and Gene Set Enrichment Analysis (GSEA) (Chen et al., 2022) were applied to explore the potential functions of GGT5 in gastric cancer.
MATERIALS AND METHODS
Data Acquisition and Preprocessing
High-throughput sequencing data (HTSeq) with clinical information, including 375 GC tissues and 32 adjacent normal tissues were downloaded from the TCGA database (https://www.cancer.gov/tcga/). The Fragments Per kilobase Million (FPKM) data were quantified in transcripts per million (TPM). All FPKM values were then log-transformed to obtain a normal distribution with log2(FPKM+1) for further statistical analyses. Similarly, the raw values of the microarray expression data were downloaded from the GEO database. Two datasets, GSE54129 and GSE29272, were ultimately screened out according to the following inclusion criteria: (1) achievable comparison of gastric cancer tissues with normal gastric mucosa limited to Homo sapiens; (2) no medical intervention (chemotherapy, radiotherapy, and/or targeted therapy) before sample collection; and (3) more than 100 samples in the full study, and the raw gene expression data can be downloaded in CEL format for further analysis. Subsequently, the data were log2 transformed and quantile normalized using R software (version 3.6.3). The probe ID for each gene was then converted into a gene symbol, and the average expression value was taken while multiple probes were converted to one gene symbol. Moreover, the batch effects were corrected by applying the “remove Batch Effect” function in the “limma” package of R software.
Differential Expression Analysis of GGT5 in the TCGA and GEO Databases
We compared the expression level of GGT5 across cancers and corresponding normal tissues using the Wilcoxon rank-sum test based on the TCGA Pan-Cancer dataset (https://gdc.cancer.gov/about-data/publications/pancanatlas). For gastric cancer, the difference in GGT5 between tumor tissues and normal tissues was evaluated in TCGA and the Human Protein Atlas (HPA) (Access date: August 2021, https://www.proteinatlas.org/) databases. Additionally, we utilized the area under the ROC curve using R software (version 3.6.3) to assess the predictive value of GGT5 in distinguishing gastric cancer tissues and normal gastric tissues. Two RNA expression datasets, GSE54129 (https://www.ncbi.nlm.nih.gov/geo/download/?acc=GSE54129) and GSE29272 (Wang et al., 2013; Cheng et al., 2017), retrieved from the GEO database were used as the external validation cohorts.
Identification of Differentially Expressed Genes Relative to GGT5
Gastric cancer tissue samples were classified into high and low expression groups by median value splitting. The identification of DEGs between the GGT5-high and GGT5-low expression groups was performed by Wald’s test with the R package DESeq2 (version 1.26.0) (Love et al., 2014). The screening threshold for statistical significance was set as absolute log2-fold change (FC) > 2 and adjusted p value < 0.05. The upregulated and downregulated DEGs were visualized using volcano plots, and GGT5-related DEGs were displayed in a heatmap plot.
The Relationship Between GGT5 Expression and the Clinical Characteristics of Patients With Gastric Cancer
First, we determined the cut-off of GGT5 expression according to its median value. To investigate the relationship between GGT5 expression and the clinical characteristics of gastric cancer patients, we used univariate logistic regression analysis. The 10-years overall survival (OS), progression-free interval (PFI), and disease-specific survival (DSS) in the GGT5-high and GGT5-low groups were compared using the Kaplan–Meier curve and the log-rank test (Huang X. et al., 2021). Univariate and multivariate Cox regression analyses based on GGT5 expression and clinical characteristics were applied to screen the independent survival risk factors for gastric cancer. Additionally, subgroup analysis was conducted and displayed in the forest plots by R software (version 3.6.3). The forest plots show the hazard ratio (HR) and 95% confidence interval of the prognostic factors by univariate and multivariate analyses. All p values less than 0.05 were considered statistically significant.
Construction and Evaluation of a Prognostic Model for Gastric Cancer Patients
Based on the results of univariate and multivariate Cox regression analyses, prognostic factors were included to build a nomogram model, which aimed to predict the overall survival of gastric cancer patients at 1, 2, and 3 years. The nomogram analysis was carried out using the “RMS” package in R software (version 3.6.3). The nomogram was assessed graphically by plotting the calibration curves, which compared the observed values (Kaplan-Meier method) with the nomogram-predicted probabilities. For a well-calibrated model, the scatter points of the nomogram prediction model will fall on a 45-degree diagonal line (Balachandran et al., 2015). Furthermore, the Harrell concordance index (C-index) was also employed to evaluate the overall predictive ability of the nomogram model. The value of the C-index ranges from 0.5 to 1, and the higher the C-index, the better the prediction performance. The significance level for this study was set at 0.05, and all statistical tests were two-tailed.
The Correlation of GGT5 Expression With Immune Cell Infiltration and Immune-Related Genes
To explore the associations between GGT5 expression and immune cell infiltration, we applied the ssGSEA algorithm using the R package ‘GSVA’ (version 1.34.0) (Bindea et al., 2013) to investigate the immune infiltration landscape of 24 different immune cells in both the GGT5-high and GGT5-low groups. The Pearson correlation coefficients were calculated to determine the relationship between GGT5 expression and infiltrating immune cells. Representative immune-infiltrating cells with significant correlations are displayed in scatter plots and column bar graphs. Moreover, to further understand the potential mechanisms by which GGT5 is correlated with immune cell infiltration, we also assessed the correlation of GGT5 expression with immune-related genes, including MHC genes, immune activation genes, immunosuppressive genes, chemokine receptors, and chemokines (Zhu H. et al., 2021).
Immune Checkpoint Analysis
The expression level of immune checkpoint biomarkers was closely related to the therapeutic response to immune checkpoint blockade treatment. Therefore, the present study focused on eight critical immune checkpoint genes, including SIGLEC15, TIGIT, CD274, HAVCR2, PDCD1, CTLA4, LAG3, and PDCD1LG2. Different expression levels of these immune checkpoints were compared between the GGT5-high and GGT5-low expression groups by heatmap and bar charts. We also applied the R package “immuneeconv” to assess the co-expression of GGT5 with immune checkpoint biomarkers based on the TCGA database (https://www.cancer.gov/tcga/). Additionally, the TIDE (Jiang et al., 2018) algorithm was employed to predict the potential response to immune checkpoint blockade therapy.
Functional Analyses of GGT5 in Gastric Cancer
Before performing gene functional enrichment analysis, we transformed the gene symbols into EnterzID and obtained GO and KEGG signaling pathway annotations with R software. To further understand the functions of GGT5 in gastric cancer, the clusterProfiler (version 3.14.3) package (Yu et al., 2012) was utilized to carry out GO functional enrichment analysis and it displayed the three aspects of GO enrichment, including biological processes, cellular components, and molecular functions. Enrichment analysis of DEGs was also conducted with the clusterProfiler package, and the significant DEG-related signaling pathways were mapped into a bubble graph. For GSEA, based on the mean expression of GGT5, the candidate genes were divided into the GGT5-high group and the GGT5-low group. Functional predefined gene sets were obtained from the Molecular Signatures database, MSigDB (https://www.gsea-msigdb.org/gsea/msigdb). The candidate genes involved in the pathway with the screening criteria of p < 0.05 and false discovery rate (FDR) < 0.25 were considered significantly enriched. The normalized enrichment score and adjusted p value were applied to select the significantly enriched signaling pathways.
RESULTS
The Expression Level of GGT5 was Elevated in Human Gastric Tissues
We first investigated GGT5 expression across cancers in a pan-cancer dataset from TCGA. The results indicated that the expression level of GGT5 was significantly elevated in esophageal carcinoma (ESCA), glioblastoma multiforme (GBM), head and neck squamous cell carcinoma (HNSC), lung adenocarcinoma (LUAD), prostate adenocarcinoma (PRAD), and stomach adenocarcinoma (STAD) (p < 0.05). In contrast, significantly decreased GGT5 expression was noticed in invasive breast carcinoma (BRCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), liver hepatocellular carcinoma (LIHC), and uterine corpus endometrial carcinoma (UCEC) (p < 0.05) (Figure 1A). There was a large degree of heterogeneity across cancers, and only a few of the tumor types, including gastric cancer, had high GGT5 expression levels.
[image: Figure 1]FIGURE 1 | Pan-cancer analysis of GGT5 expression levels and upregulated GGT5 in human gastric cancer. (A) Detection of the expression level of GGT5 in a pan-cancer dataset from TCGA. (B) The expression level of GGT5 in gastric cancer compared to paired and normal gastric mucosa from the GEO (GSE54129, GSE29272) and TCGA datasets. (C) ROC curve showing the predictive value of GGT5 for identifying gastric cancer tissues based on the TCGA database. (D,E) Comparison of GGT5 between normal gastric mucosa (D) and gastric cancer tissue (E) based on the Human Protein Atlas database (antibody HPA008121, 10×) (accession date: August 2021, https://www.proteinatlas.org/). (F) The volcano plot presents the GGT5-related differentially expressed genes (DEGs) based on the TCGA database. Red and blue dots represent up and downregulated genes, respectively. (G) The heatmap shows the top 10 DEGs related to GGT5. *, p < 0.05; **, p < 0.01; ***, p < 0.001; ns, not significant, p > 0.05. ACC: adrenocortical carcinoma; BLCA: bladder urothelial carcinoma; BRCA: breast invasive carcinoma; CESC: cervical squamous cell carcinoma and endocervical adenocarcinoma; CHOL: cholangiocarcinoma; COAD: colon adenocarcinoma; DLBC: lymphoid neoplasm diffuse large B-cell lymphoma; ESCA: esophageal carcinoma; GBM: glioblastoma multiforme; HNSC: head and neck squamous cell carcinoma; KICH: kidney chromophobe; KIRC: kidney renal clear cell carcinoma; KIRP: kidney renal papillary cell carcinoma; LAML: acute myeloid leukemia; LGG: brain lower grade glioma; LIHC: liver hepatocellular carcinoma; LUAD: lung adenocarcinoma; LUSC: lung squamous cell carcinoma; MESO: mesothelioma; OV: ovarian serous cystadenocarcinoma; PAAD: pancreatic adenocarcinoma; PCPG: pheochromocytoma and paraganglioma; PRAD: prostate adenocarcinoma; READ: rectum adenocarcinoma; SARC: sarcoma; SKCM: skin cutaneous melanoma; STAD: stomach adenocarcinoma; TGCT: testicular germ cell tumors; THCA: thyroid carcinoma; THYM: thymoma; UCEC: uterine corpus endometrial carcinoma; UCS: uterine carcinosarcoma; UVM: uveal melanoma.
Next, we compared the expression level of GGT5 between gastric cancer tissues and adjacent normal tissues using the TCGA database and further validated it using related array data (GSE54129, GSE29272) from the GEO database. All of the results indicated that GGT5 expression levels were elevated in gastric cancer tissues compared with normal tissues (p < 0.05) (Figure 1B, Supplementary Table S1). The ROC curve was plotted to determine the sensitivity and specificity of GGT5 to distinguish gastric cancer tissues from normal gastric mucosa. The results showed that the area under the ROC curve was 0.754, which indicated that GGT5 might potentially contribute to the identification of gastric cancer tissues (Figure 1C). Similar results were also obtained in the validation cohorts of two GEO datasets, as shown in Supplementary Figures S1A, S2A. Furthermore, the protein level of GGT5 was also found to be higher in gastric cancer tissue than that in normal tissues in the HPA database (Figures 1D,E).
Identification of Differentially Expressed Genes in Gastric Cancer
According to the gene expression level of GGT5, the TCGA stomach adenocarcinoma samples (https://www.cancer.gov/tcga/) were stratified into a high-expression group (N = 203) and a low-expression group (N = 204) with a total number of uni-genes of 56,493 (Supplementary Table S2). Finally, a total of 330 DEGs were screened out with the criteria of |log2(FC)|>2 and adjusted p value < 0.05, including 216 upregulated genes and 114 downregulated genes (Figure 1F, Supplementary Table S3). The HTSeq-Count data (Wang et al., 2013; Cheng et al., 2017) were further analyzed using the DESeq2 package in R software. The heatmap showed the top 10 DEGs that were most closely related to GGT5 expression (Figure 1G). Similarly, 507 DEGs, including 304 upregulated genes and 203 downregulated genes were identified from GSE54129 (Supplementary Figures S1B,C and Supplementary Table S4), and a total of 38 DEGs, including 37 upregulated genes and one downregulated gene, were detected from GSE29272 (Supplementary Figures S2B,C and Supplementary Table S5).
Correlation Between GGT5 Expression Level and the Clinicopathological Features of Gastric Cancer Patients
To define the clinical correlation between the GGT5 expression level and the clinicopathological features in gastric cancer, we further analyzed the differences in clinical characteristics between the GGT5-high and GGT5-low expression groups based on the TCGA database. After removing duplicates, a total of 375 patients, including 241 (64.3%) men and 134 (35.7%) women, were included in the analysis, as displayed in Table 1. Our results revealed that GGT5 overexpression was closely correlated with the pathological stage (Stage II & Stage III & Stage IV vs. Stage I, p < 0.05), T stage (T2–T4 vs. T1, p < 0.001), histological type (diffuse type and mucinous type and signet ring type vs. tubular type, p < 0.05), overall survival status (alive vs. dead, p < 0.01), histologic grade (G3 vs. G1 & G2, p < 0.001), and age (less than or equal to 60 vs. greater than 60, p < 0.01) (Figures 2A–F). Nevertheless, the expression level of GGT5 had no significant correlation with M stage, N stage, or residual tumor (p > 0.05). Furthermore, the univariate logistic regression analysis indicated that the expression level of GGT5 was closely associated with the clinical characteristics of a poor prognosis in patients with gastric cancer (Table 2). Specifically, GGT5 was positively correlated with the T stage (T3&T4 vs. T1&T2, OR = 1.437, 95% CI: 1.167–1.783, p < 0.001), histologic grade (G3 vs. G1&G2, OR = 1.738, 95% CI: 1.420–2.151, p < 0.001), and histological type (tubular type vs. not otherwise specified, OR = 0.658, 95% CI: 0.505–0.847, p = 0.001). Collectively, GGT5-high expression gastric cancers were associated with a relatively higher pathological stage (TNM stage and T stage) and histological grade. All of the above results suggested that upregulated GGT5 was strongly correlated with a poor tumor differentiation grade and a poor prognosis of gastric cancer.
TABLE 1 | Clinical characteristics of gastric cancer patients in the GGT5-high and the GGT5-low expression groups.
[image: Table 1][image: Figure 2]FIGURE 2 | Correlation between GGT5 expression level and the clinicopathological features of gastric cancer patients for (A) pathologic stage, (B) T stage, (C) histological type, (D) OS event, (E) histologic grade, and (F) age. *, p < 0.05; **, p < 0.01; ***, p < 0.001; ns, not significant, p > 0.05.
TABLE 2 | Univariate logistic regression assesses the relationships between GGT5 and clinical characteristics of gastric cancer patients.
[image: Table 2]GGT5 Overexpression was Found to be Associated With Poor Outcomes in Gastric Cancer Patients
To evaluate the prognostic value of GGT5 in gastric cancer, we calculated the survival of patients with different GGT5 expression levels using the Kaplan-Meier method. The results indicated that the 10-years overall survival of patients with low GGT5 expression was better than that of patients with high GGT5 expression (HR = 1.58, 95% CI: 1.130–2.200, p = 0.008, Figure 3A). Similar results were also obtained for the progression-free interval (PFI, HR = 1.67, 95% CI: 1.160–2.390, p = 0.006, Figure 3B). Patients with high GGT5 expression showed a similar prolonged survival trend for disease-specific survival (DSS, HR = 1.52, 95% CI: 0.99–2.32, p = 0.054, Figure 3C), but the difference was not statistically significant. Furthermore, the subgroup analysis demonstrated that the overall survival of patients with GGT5-high expression showed a significantly poor prognosis in age ≤65, pathologic stage III, T3 & T4 stage, N1 stage, and M0 stage (Figures 3D–H).
[image: Figure 3]FIGURE 3 | Kaplan-Meier analysis of gastric cancer patients according to GGT5 expression level and subgroup analysis. The overall survival curves (A), progression-free interval curves (B), and disease-specific survival curves (C) between the GGT5-high and GGT5-low expression groups. (D–H) Comparison of the overall survival curves in age ≤65, pathologic stage III, T3 & T4 stage, N1 stage, and M0 stage subgroups between the GGT5-high and GGT5-low expression groups.
Univariate Cox regression analysis revealed that T stage, N stage, M stage, pathologic stage, primary therapy outcome, residual tumor, and age were closely correlated with the overall survival of the GC patients, as shown in Table 3 and Figure 4A. However, the prognostic value of GGT5 for GC patients was not statistically significant (HR = 1.330, 95% CI: 0.956–1.851, p = 0.091). Further multivariate analyses were carried out to screen independent prognostic factors. The results showed that in addition to the previously mentioned primary therapy outcome (PD & SD & PR vs. CR, HR = 4.528, 95% CI: 2.885–7.107, p < 0.001) and age (>65 vs. ≤65, HR = 1.744, 95% CI: 1.121–2.712, p = 0.014), high GGT5 expression was also an independent prognostic factor for worse overall survival in gastric cancer patients (HR = 1.724, 95% CI: 1.094–2.717, p = 0.019) (Table 3 and Figure 4B). To summarize, our study revealed that upregulated expression of GGT5 was correlated with shorter overall survival and progression-free interval of GC patients.
TABLE 3 | Univariate and multivariate Cox regression analysis of the risk factors for OS in patients with gastric cancer.
[image: Table 3][image: Figure 4]FIGURE 4 | The prognostic factor analysis and nomogram model construction. The results of univariate (A) and multivariate Cox regression (B) for the overall survival of GC patients are displayed in the form of forest plots. (C) A nomogram model was constructed for predicting the 1-year, 2-years, and 3-years overall survival probability of GC patients. (D) Calibration curves for the nomogram model predicting the probability of the 1-year, 2-years, and 3-years overall survival of GC patients.
Construction and Computational Validation of a Nomogram Model for Gastric Cancer Patients Based on GGT5
To establish a novel model for predicting the outcomes of patients with gastric cancer, a nomogram was constructed for overall survival (Figure 4C). The variables of the nomogram were selected according to the results of the univariate and multivariate regression, and a 100-point scale was used to assign a point value to each variable. Each point of the variable was summed, and the total prone score was calculated, ranging from 0 to 240 points. Subsequently, by drawing a vertical line from the total points scale to the survival probability lines, we could obtain the estimated probabilities of 1-year, 2-years, and 3-years overall survival for GC patients.
To evaluate the accuracy and reliability of the nomogram model in predicting survival, the C-index and calibration curve were both used for further computational validation. The results revealed that the C-index of the nomogram model was 0.724 (95% CI: 0.698–0.749), which implied that the novel model was moderately accurate and appropriate for the overall survival prediction of GC patients. Additionally, it was found that the bias-corrected lines of 1 year, 2 years, and 3 years were close to the ideal 45° diagonal line in the calibration plot, which indicated that the theoretical values were in agreement with the observed values (Figure 4D). The above outcomes confirmed that the nomogram model could be applied for predicting the 1-year, 2-years, and 3-years overall survival of patients with gastric cancer.
Relationship Between GGT5 Expression and Immune Cell Infiltration in Gastric Cancer
To investigate the association between the expression level of GGT5 and immune infiltration, we first compared the relationship between GGT5 expression and the degree of immune cell infiltration. The results indicated that high levels of GGT5 expression were significantly correlated with the high-level infiltration of the majority of immune cells, including T cells, pDC, NK cells, NK CD56dim cells, neutrophils, aDC, B cells, CD8+ T cells, cytotoxic cells, DC, eosinophils, iDC, macrophages, mast cells, central memory T-cell (Tcm), effective memory T-cell (Tem), follicular helper T-cell (TFH), T gamma delta (Tgd), Th1 cells, and Treg cells (p < 0.05) (Figure 5A). Then, the correlation between GGT5 expression and the immune cell enrichment was analyzed with the Spearman correlation test and determined by the ssGSEA algorithm. GGT5 expression was positively correlated with the infiltration of NK cells (r = 0.720, p < 0.001) and macrophages (r = 0.590, p < 0.001). In contrast, a relatively low level of Th17 infiltration was observed in the high GGT5 expression group compared with the low GGT5 expression group. (r = -0.220, p < 0.001), as shown in Figures 5B–E. Additionally, similar to the TCGA cohort, upregulated GGT5 was positively associated with the infiltration of both NK cells and macrophages in the two GEO validation datasets. However, GGT5 did not show a significant negative correlation with Th17 in the GSE54129 validation cohort, which may be related to sample size and selection bias, as shown in Supplementary Figures S1D, S2D.
[image: Figure 5]FIGURE 5 | The expression level of GGT5 was closely associated with the degree of immune cell infiltration in the tumor immune environment. (A) Correlation analysis between the expression level of GGT5 and the degree of immune cell infiltration. (B) Comparison of the different immune cells infiltration levels under high and low GGT5 expression conditions. (C–E) The scatter plots show the correlation between GGT5 expression and the infiltration degrees of Th17 cells, macrophages, and NK cells. *, p < 0.05; ***, p < 0.001; ns, not significant, p > 0.05.
Correlation of GGT5 With Immune-Related Genes and Immune Checkpoint Genes
To further understand the relationship between GGT5 expression and immune cell infiltration in the microenvironment of gastric cancer, we performed a correlation analysis of GGT5 and immune-related genes, including MHC genes, immune activation genes, immunosuppressive genes, chemokine receptors, and chemokines. The results indicated that GGT5 had a positive relationship with MHC genes (Figure 6A) and immune activation genes (Figure 6B), especially HLA-DOA, CXCL12, ENTPD1, and STING1. Remarkably, the majority of immunosuppressive (Figure 6C) and chemokine receptors (Figure 6D) were positively correlated with GGT5 expression. In addition, more than half of the chemokines (Figure 6E) were positively co-expressed with GGT5 based on the TCGA cohort, and similar positive correlations of GGT5 with chemokines were also observed in the validation cohorts of GSE54129 and GSE29272 (Supplementary Figures S3A–E and Supplementary Figures S4A–E). Therefore, it could be hypothesized that these immune-related genes, especially immunosuppressive and chemokines and related receptors may be involved in the regulation of immune cell infiltration patterns.
[image: Figure 6]FIGURE 6 | Correlation of GGT5 with immune-related genes and immune checkpoint genes in gastric cancer. Correlation of GGT5 and MHC genes (A), immune activation genes (B), immunosuppressive genes (C), chemokine receptors (D), and chemokines (E). (F,G) The expression patterns and levels of immune checkpoint genes in different GGT5 expression groups. (H) The predicted response to immune checkpoint blockade therapy in different GGT5 expression groups. (I) Correlation of GGT5 with immune checkpoint-related genes. *, p < 0.05; **, p < 0.01; ***, p < 0.001; ****, p < 0.0001.
Since immunotherapy has been clinically utilized for the treatment of various tumors, we next compared the expression levels of immune checkpoint-related genes in different GGT5 expression groups. The results showed that in addition to CD274 (p = 1.25e-01), seven other genes, CTLA4 (p = 6.53e-04), HAVCR2 (p = 2.08e-11), LAG3 (p = 2.37e-03), PDCD1 (p = 3.88e-06), PDCD1LG2 (p = 8.24e-15), TIGIT (p = 1.13e-07), and SIGLEC15 (p = 4.09e-02), were obviously upregulated in the GGT5-high expression group (Figures 6F,G). A similar positive correlation was also seen in the validation dataset of GSE29272 (Supplementary Figures S4F,G). However, the expression of GGT5 did not show a significant positive correlation with these immune checkpoint-related genes in GSE54129, which may be related to the small sample size and selection bias (Supplementary Figures S3F,G). Based on the TIDE algorithm to test the clinical response to immune checkpoint blockade, we demonstrated a significantly lower predicted response rate of gastric cancer patients in the GGT5-high expression group (Figure 6H). Furthermore, co-expression analysis revealed that the expression of GGT5 was positively associated with these immune checkpoint-related genes in the TCGA cohort (Figure 6I), especially for PDCD1LG2 and PDCD1, which were validated in the cohorts of GSE54129 and GSE29272, respectively (Supplementary Figures S3H, S4H). All of the above results indicated that GGT5 may serve as a potential immunotherapy target.
Functional Analysis of GGT5 in Gastric Cancer
To gain further insight into the potential functions of GGT5 in gastric cancer, GO categories and KEGG pathway enrichment analyses were carried out based on the TCGA database. The results showed that for the biological process, these GGT5-related DEGs were mainly enriched in extracellular structure/matrix organization, humoral immune response, and protein activation cascade. For the cellular component, DEGs were mainly involved in the collagen-containing extracellular matrix, endoplasmic reticulum lumen, and contractile fiber part. For the molecular function, the DEGs were mainly enriched in the processes of receptor-ligand activity, extracellular matrix structural constituent, and glycosaminoglycan binding (Figure 7A, Supplementary Table S6). In addition, the neuroactive ligand-receptor interaction, PI3K-Akt, focal adhesion, protein digestion, and protein absorption signaling pathways were also closely correlated with the regulation of GGT5-related DEGs (Figure 7B, Supplementary Table S7). Similar functional annotations, such as extracellular matrix structure constituents, collagen-containing extracellular matrix, glycosaminoglycan binding, and focal adhesion pathways, were also enriched in the two GEO validation cohorts (Supplementary Figures S1E,F, Supplementary Figures S2E,F, and Supplementary Tables S8, S9).
[image: Figure 7]FIGURE 7 | GO categories and pathway enrichment analysis of GGT5 in gastric cancer. (A) GO annotations of DEGs. (B) KEGG pathway enrichment analysis determined the top 10 significantly enriched pathways. (C–H) GSEA was applied to identify GGT5-relevant signaling pathways and biological processes including signaling by interleukins, the VEGFA-VEGF2 signaling pathway, pathways in cancers, the PI3K/Akt signaling pathway, anti-inflammatory response favoring Leishmania, and immunoregulatory interactions between lymphoid and non-lymphoid cells. NES: normalized enrichment score; p. adj: adjusted p value; FDR: false discovery rate.
GSEA Identified GGT5-Relevant Signaling Pathways
GSEA was performed to ascertain the related signaling pathways of GGT5 in gastric cancer. The enrichment results indicated that pathways related to tumor proliferation and differentiation as well as the immune and inflammatory response were enriched in the GGT5 high expression group, including signaling by interleukins, the VEGFA-VEGF2 signaling pathway, pathways in cancers, the PI3K/Akt signaling pathway, the anti-inflammatory response favoring Leishmania, and immunoregulatory interactions between lymphoid and non-lymphoid cells (Figures 7C–H, Supplementary Table S10). Taken together, GGT5 is an immune-related gene and may play a critical role in inflammatory responses, angiogenesis, and the tumor immune response to promote the development and progression of gastric cancer.
DISCUSSION
To the best of our knowledge, the correlation between GGT5 and immune infiltration levels in the tumor microenvironment of gastric cancer has not been previously reported. Herein, the present study confirmed that GGT5 was upregulated in GC tissues and associated with a poor prognosis of patients with GC. ROC analysis implied that GGT5 could be applied as a prognostic biomarker with moderate predictive value (AUCs between 0.7–0.8 are considered to be moderate) to distinguish GC tissues from normal tissues. Moreover, highly expressed GGT5 was proven to be closely associated with a high histological grade, pathological stage, and poor prognosis of gastric cancer patients.
Recent studies have found a correlation between elevated serum levels of GGT and various digestive tumors, including pancreatic head carcinoma (Lyu et al., 2021), colorectal carcinoma (Gong et al., 2021), and gallbladder carcinoma (Su et al., 2021). A linear association was also detected between increased levels of GGT and cancer-related deaths (Albhaisi and Qayyum, 2021). Furthermore, as a traditional biochemical indicator, GGT has been widely used to evaluate the severity of digestive system-related diseases. Thus, the intrinsic connections and underlying mechanisms between GGT gene members and digestive tumors deserve further in-depth study.
Among the GGT gene family members, at least two members, GGT1 and GGT5, have gained more attention due to their remarkable catalytic activity. Both GGT1 and GGT5 are type II membrane glycoproteins, which are mainly involved in the metabolism of tripeptide glutathione and leukotriene C4 (LTC4) (Heisterkamp et al., 2008; Hanigan et al., 2015). However, several differences in the organ/tissue distribution of the two enzymes have been observed. Previous studies have shown that GGT1 is usually located on the apical surface of many epithelial cells, such as the surface of renal proximal tubules, prostate glands, and salivary glands, while GGT5 is not localized to a specific region of the cell surface. Specifically, in the liver expressing both GGT1 and GGT5, GGT1 is mainly distributed on the bile canaliculi surface, while GGT5 is significantly expressed in Kupffer cells. Additionally, GGT5 was found to play a critical role in converting LTC4 to LTD4 in the spleen, liver, and uterus (Hanigan et al., 2015). Its specific high expression in macrophages and its involvement in the metabolism of inflammatory mediators suggest that GGT5 plays a crucial role in the regulation of the immune system.
According to the results of pan-cancer analysis, we found great heterogeneity in the expression levels of GGT5 among various tumor types, which indicated that GGT5 might play different roles in different tumors. Previous studies have concluded that GGT5 overexpression is correlated with a poor prognosis in patients with lung cancer, gastric cancer, and colon cancer. A recent study showed that for lung adenocarcinoma (LUAD), GGT5 was specifically highly expressed in cancer-associated fibroblasts instead of the tumor cells, which was proven to contribute to accelerating tumor cell proliferation and drug resistance in LUAD. Meanwhile, significantly poor OS and PFS were observed in LUAD patients with high GGT5 expression (Wei et al., 2020). Additionally, a study on B-cell malignancy suggested that GGT5 was overexpressed in follicular dendritic cells, which suggested a mechanism for B-cell confinement mediated by P2RY8 and the ligand S-geranylgeranyl-L-glutathione (Lu et al., 2019). Our present study has confirmed that GGT5 plays a critical role in the progression of gastric cancer and could serve as an independent prognostic factor for gastric cancer patients.
Since the potential clinical value of GGT5 in predicting the outcomes of gastric cancer patients was demonstrated, we established a nomogram including GGT5 and other clinical characteristics (age, primary therapy outcome, residual tumor, and pathologic stage) according to the results of the univariate and multivariate Cox regressions. Such a scoring approach attempts to provide a more accurate and personalized prognostic assessment for gastric cancer patients by incorporating proven risk factors. Both the calibration curves and the C-index showed good agreement between the predicted and actual observed values for the 1-year, 2-years, and 3-years overall survival. Thus, our constructed nomogram model can be treated as a practical tool for individualized survival assessment of gastric cancer patients.
Because overexpression of GGT5 was highly associated with a poor prognosis in gastric cancer, we further investigated the correlation between immune cell infiltration and GGT5 expression to understand the potential mechanisms. It is well known that cells that infiltrate the tumor microenvironment, including immune cells, cancer cells, stromal cells, and extracellular matrix, have an impact on immune evasion, tolerance, and tumor progression. Our findings suggested that the infiltration levels of NK cells and macrophages were increased in the GGT5-high expression group, which showed significant correlations. Conversely, a negative correlation was observed between the Th17 infiltration level and GGT5 expression. It has been confirmed that the function and phenotype of infiltrated NK cells in the tumor microenvironment are impaired, even leading to the dysfunction or exhaustion of NK cells (Zhang et al., 2020; Riggan et al., 2021). A recent study on non-small cell lung cancer (NSCLC) showed that increased cytotoxic T-lymphocyte-associated protein 4 (CTLA-4) in the tumor microenvironment could suppress the function of dendritic cells (DCs), resulting in immunosuppressive effects (Russick et al., 2020). The major proportions of macrophages infiltrating the tumor microenvironment are tumor-associated macrophages (TAMs) (Noy and Pollard, 2014). TAMs have emerged as a critical factor in promoting tumor progression by generating a complex mixture of inflammatory cytokines, chemokines, and growth factors (Noy and Pollard, 2014). In contrast, studies have demonstrated that the infiltration and function of Th17 cells in the tumor microenvironment are associated with tumor regression and survival improvement in patients diagnosed with epithelial carcinoma (Wilke et al., 2011). Animal experiments have also confirmed that Th17 cells promote the upregulation of CD4+ T lymphocytes in the tumor microenvironment, thus inhibiting tumor growth and prolonging survival in a mouse model of pancreatic carcinoma (Gnerlich et al., 2010). Therefore, our results suggest that the poor prognosis in the GGT5-high expression group might be attributed to an imbalance in the immune function homeostasis and an impaired anti-tumor immune response.
To gain further insight into the underlying mechanisms by which GGT5 was correlated with immune cell infiltration, we performed a correlation analysis between GGT5 and immune-related genes. The results revealed a positive correlation of GGT5 with these immune-related genes, especially for immunosuppressive and chemokine receptor genes. Therefore, it could be inferred that the poor prognosis in the GGT5-high expression group is closely related to the high expression levels of immunosuppressive-related genes and chemokine receptors. The immune checkpoint analysis indicated that gastric cancer patients with upregulated GGT5 expression showed a higher TIDE score and expression of CD274, CTLA4, HAVCR2, LAG3, PDCD1, PDCD1LG2, and TIGIT than patients in the GGT5-low expression group. Studies have shown that patients with a higher TIDE score suggest T cell dysfunction in the tumor microenvironment, which is associated not only with poor immune checkpoint blockade treatment but also with poor survival under anti-PD-1 and anti-CTLA4 therapy (Jiang et al., 2018). Therefore, these findings demonstrated that targeting GGT5 may be a potential strategy for immune checkpoint blockade treatment.
To explore the biological function of GGT5 in gastric cancer, GGT5-related DEGs were screened and subjected to GO functional annotation, GSEA, and KEGG pathway enrichment analyses. The GO functional annotations showed that extracellular matrix, receptor activity, and immune response were significantly enriched based on the TCGA database, and the extracellular matrix was especially enriched in both the TCGA and GEO cohorts. Interestingly, as a major component in the extracellular matrix, glycosaminoglycans are involved in all stages of cancer progression. For instance, cancer cells can secrete glycosaminoglycans such as heparinase and hyaluronidase to penetrate the basement membrane and extracellular matrix to invade surrounding tissues (Yip et al., 2006). Recent studies have shown that glycosaminoglycans can also interact with chemokines and drain biologics with chemokine neutralization functions, leaving free chemokines available to combine with chemokine receptors and promote cancer progression (Ortiz Zacarias et al., 2021). GSEA indicated that signaling by interleukins, the VEGFA-VEGF2 signaling pathway, pathways in cancers, the PI3K/Akt signaling pathway, the anti-inflammatory response favoring Leishmania, and immunoregulatory interactions between lymphoid and nonlymphoid cells were closely correlated with the GGT5-high phenotype. Based on the enrichment analyses, we may infer that GGT5 plays important role in promoting the carcinogenesis and development of gastric cancer via a series of biological processes, such as immune response, angiogenesis, and inflammatory response. These results are consistent with the co-expression analysis of GGT5 and immune-related genes.
Several studies have demonstrated that IL-6-, IL-8-, IL-10-, and IL-33 mediated pathways are involved in the invasion and metastasis of gastric cancer (Chung and Lim, 2017; Yang et al., 2018; Chen et al., 2019; Ham et al., 2019). For example, as a proinflammatory factor, IL33 was shown to promote the malignant progression of gastric cancer by activating the downstream ST2/MAPK/ERK1/2 signaling cascade (Yu et al., 2015; Zhou et al., 2020; Huang N. et al., 2021), which turned out to be a valuable prognostic biomarker for gastric cancer patients (Sun et al., 2011; Hu et al., 2017). In addition, IL33 could also inhibit platinum-induced apoptosis and promote cell invasion via the ST2/MAPK/JNK pathway, conferring resistance to gastric cancer chemotherapy (Ye et al., 2015). The PI3K/Akt/mTOR signaling pathway is commonly accepted as a vital pathway involved in various human cancers, and mediating epithelial-mesenchymal transformation and chemoresistance is considered to be the major factor promoting gastric cancer progression (Fattahi et al., 2020). Previous studies also revealed that VEGFR-2 mediated the major angiogenic functions of VEGF-A, including stimulating the proliferation and migration of endothelial cells, increasing vascular permeability, and promoting angiogenesis (Park et al., 2015). The circulating VEGE-A levels have been reported to be closely correlated with the treatment response, pathological characteristics, and prognosis of gastric cancer patients. Furthermore, antiangiogenic therapy targeting VEGF-A/VEGFR2, such as bevacizumab and ramucirumab, was recognized as an effective treatment strategy for advanced gastric cancer (Hironaka, 2019).
Our research confirmed the differential expression of GGT5 between gastric cancer and normal tissues and increased our understanding of GGT5 and the progression of gastric cancer from the perspective of immune cell infiltration. However, several limitations exist in the present study. First, all samples involved in the current study were based on RNA sequencing data from online databases. In addition to the data heterogeneity and platform differences, lacking or inconsistent clinical information may affect the accuracy of the outcomes. Therefore, prospective studies with large sample sizes are required to confirm our findings. Second, the association between GGT5 expression and immune cell infiltration as well as the direct molecular mechanism of GGT5 involvement in the progression of gastric cancer need further validation. Finally, the sample sizes of our study were still inadequate, particularly the results of some subgroup analyses, which may be affected by random chance. Additional studies with larger sample sizes are needed to prove these findings.
CONCLUSION
Taken together, we confirmed that GGT5 was highly expressed in gastric cancer tissues compared to normal samples, and it could be identified as a specific biomarker for distinguishing gastric cancer tissues from normal gastric mucosa. Upregulated GGT5 was proven to be closely associated with poor overall survival and progression-free intervals in gastric cancer patients and could be applied as a clinically independent prognostic factor. A nomogram model was further constructed and computationally validated for individualized overall survival assessment. The immune cell infiltration analysis showed that GGT5 expression was positively correlated with NK cells and macrophages but negatively correlated with the infiltration of Th17 cells. Additionally, we revealed that GGT5 was co-expressed with immune-related genes and immune checkpoint genes and that GGT5 may be a potential target for immune checkpoint blockade treatment. Finally, functional annotation and pathway enrichment analysis supported that GGT5 was mainly involved in the biological processes of the immune response, angiogenesis, and inflammatory response. Our research provides a novel perspective for further understanding the mechanisms by which GGT5 is correlated with immune cell infiltration in the tumor microenvironment of gastric cancer.
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Median PFS (months)

Median OS (months)

UBL (+) UBL(-) p-value?® UBL (+) UBL(-) p-value?
Male 1.59 2.86 0.0076 7.89 16.47 <0.0001
Female 2.73 4.01 0.0904 10.04 17.15 0.0314
Non-smoker 1.38 2.79 0.0977 9.99 17.97 0.3255
Smoker 1.74 4.01 0.0009 8.28 1577 <0.0001
Non-LUSC 1.53 3.19 0.0027 8.28 18.04 <0.0001
LUSC 2.27 3.78 0.0952 8.43 10.05 0.0283
Asian 2.00 2.86 0.7172 20.90 21.26 0.4350
White 1.61 3.61 0.0003 7.29 16.00 <0.0001
EGFR (+) 217 2.76 0.6583 16.54 14.23 0.5805
KRAS (+) 1.41 4.07 0.1848 9.00 18.48 0.1633
ECOG =0 2.78 4.01 0.0691 12.90 22.47 0.0022
ECOG =1 1.54 2.89 0.0051 6.67 14.88 <0.0001
>3 Metastases 2.27 2.48 0.8028 10.74 10.94 0.2112
<8 Metastases 1.58 417 <0.0001 f.r2 18.60 <0.0001

3] og-rank (Mantel-Cox) test.
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Gene name Coefficient Hazard ratio p-value
(95%confidence interval)

FKBP6 2.679,926 14.58 (1.36-156) 0.027
cwc27 0.669,348 1.953 (1.28-2.99) 0.002
FKBP1A 0.306,267 1.368 (1.01-1.83) 0.045

Abbreviation: PPlases, peptidyl prolyl cis~trans isomerases.
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Characteristic

Age (median, range)
Gender (%)
Male

Female
Smoking (%)
Non-smoker
Smoker
Pathology (%)
Non-LUSC
LUSC

Race (%)
Asian

White

Others

Driver gene status (%)

EGFR (+)

KRAS (+)

EML4 (+)
Metastases (%)
<3

>3

ECOG (%)

0

’

UBL (+)
62.5 (41-78)

68 (74%)
24 (26%)

7 (8%)
85 (92%)

68 (74%)
24 (26%)

14 (156%)
70 (76%)
8 (9%)

58 (63%)
34 (37%)

32 (35%)
60 (65%)

UBL (-)
62.7 (39-82)

184 (60%)
123 (40%)

65 (21%)
242 (79%)

218 (71%)
89 (29%)

70 (23%)
210 (68%)
27 (9%)

49 (16%)
20 (7%)
2 (>1%)

219 (71%)
88 (29%)

108 (35%)
199 (65%)

p-value

0.78942
0.0148°

0.0030°

0.5877°

0.1118°

0.0040°

0.7140°

0.4377°
0.1299°

0.9443°

aMann-Whitney U-test.
bChi-square test.
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Gene name Regression coefficient Hazard ratio (95%confidence interval) p-value

FKBP6 3227 252 (2.7-234.7) 0.005
cweer 0892 2.4(1.6-36) 0.000
PPIB 0010 1.0 (0.7-1.4) 0.950
FKBP11 0.152 1.2(1.0-1.4) 0.118
PPIH 0517 1.7 (13-22) 0.000
PPIAL4A -0.446 06 (0.0-21) 0.802
FKBP10 0.125 1.4(10-13) 0,045
PPIL2 0372 1.5 (1.0-2.1) 0.049
FKBP1A 0503 1.7 (13-2.1) 0.000
PPIL1 0.492 1.6 (1.2-2.1) 0.000
FKBP9 0.289 1.3(1.0-1.7) 0.022
FKBP14 0379 1.5 (1.0-2.1) 0.031
PPIA 0.582 1.8(1.3-2.4) 0.000
PPIC 0.108 1.1(09-1.4) 0.308
NKTR 0094 1.1(08-15) 0539
PPIL3 0002 1.0 (0.7-1.4) 0.993

Abbreviation: PPlase, peptidyl prolyl Cis-trans isomerase. Bold values indicate p < 0.05.
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TCGA-LUAD CPTAC-LUAD

Gene expression MIRNA MiRNA
expression expression

™ NT ™ NT ™ NT

510 58 510 45 11 102

Note. OS, overall survival; TCGA, The Cancer Genome Atlas; LUAD, lung
adenocarcinoma; CPTAC, Clnical Proteomic Tumor Analysis Consortium; miRNA,
microRNA: TP, primary solid tumor: NT, solid tissue normal.
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Genotype Proteinuria degree

- 1+ 2+ 3+
TC 46 35 13 2
™ 54 24 4 1
cc 3 13 2 0

The boid values are statistically significant.

p-Value

0.005
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rs3804099 OR (95% Cl) p-Value

Codominant model 1.91 (1.01, 3.62) <0.001
Dominant mode! 238 (1.29, 4.41) 0.005
Recessive model 7.19(1.92, 26.97) <0.001
Overdominant model 1.3(0.72, 2.35) 0.380
Log-additive model 2.48 (1.5, 4.09) <0.001

Abbreviation: OR, odds ratio; G, confidence interval. The bold values are statistically
significant.





OPS/images/fgene-12-798001/fgene-12-798001-t002.jpg
Confounding factors

BKV infection
AR

Gender

Age

Weight

ISD protocol

Duration after kidney transplantation
RAPA

DGF

Fvalue

0.829
0.36
1311
1741
-1212
-1.134
2.033
-0.056
0.563

p-Value

0.407
0.719
0.190
0.082
0.225
0.257
0.042
0.956
0573

Abbreviation: ISD, immunosuppressive drug; RAPA, rapamycin; DGF, delayed graft

function. The bold values are statisticaly significant.
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Characteristics

Case number
Weight (kg; mean = SD)

Reciplent age (years; mean = SD)
Gender (male/female)

PRA before renal transplant (%)
Primary/secondary renal transplant
Primary renal transplant
Secondary renal transplant

Type of donor

Living donor

DCD

Administration of sirolimus (%)
DGF (%)

PKT (n)

97
60.09 + 9.21
37.31 £ 9.98

72/25

0

97
0

15
82
11.34
37.11

Non-PKT (n)

103
60.94 + 9.03
35.65 + 8.92

69/34
0

103
0

9
94
12.62
2013

Abbreviation: SD, standard deviation; PRA, panel reactive antibody; DCD, donor after
carchac death: DGF, delayed graft function; PKT, proteinuria after kidney transplantation.
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Case 1 Case 2 Case 3 Case 4 Case 5 Case 6

Age (at first examination) 5years + 3 years + 12 years 4years +2 months 11 years + 11 years + 2 months
(year-month) 3 months 7 months 11 months
Gender Male Male Male Male Male Male
Patient’s height (cm) 1071 945 143.8 975 137.5 140
Patient’s weight (kg) 16.3 134 445 14.4 205 34.7
Patient's BMI (kg/m?) 1417 15.01 2152 15.15 156 7.7
Birth’ Gestation 40ws2 40w-4 40w-3 30ws6 4141 40w+4
history (weeks)

Birth height (cm) 50 49 50 50 45 50

Birth weight (kg) 34 325 3.4 33 33 38
Father's height (cm) 160 167 169.4 169.6 167.5 161.5
Father's weight (kg) 743 70 91.7 108 83 845
Father's BMI (kg/m?) 2002 251 31.96 3755 2958 324
Father's chronic medical ilness ~ Fatty iver central ~ Fatty liver Fatty liver central Fatty liver central  Fatty iver central  Fatty liver central

obesity obesity chroric obesity chronic abesity obesity chronic

Mother's height (cm) 1527 155 152.8 154 154 158
Mother's weight (kg) 472 a7 539 54 53 50
Mother's BMI (kg/m?) 202 19.6 234 228 223 20

Symptoms and signs

Low growth velogity . + + i + +
Short stature +* * + * + +
low weight (low body mass) e + Normal + + Normal
Snoring + + + + + +
Adenoid hypertrophy + + + + + +
Allergic rhinitis + + + + + -
Asthma + - - + - +
IGF-1 (ug/mi) 354 (1) 139 391 () 240 178 (1) 13 ()
IGFBP-3 (ug/mi) 5 479 57 41 48 44
VitDs (ng/ml) (normal range >30) 283 () 352 239 (1) 209 (1) 149 (1) 229 (1)
Peak of GH (ug/L) (normal 84 () 3.98 () 24() 761 (1) 19.3 (1) 6.74 (1)
range >10)
Hemoglobin (normal range 126 118 (1) 152 127 145 12 ()
120.0-140.0 glL)
Neutrophils (%) (normal range 49 321 745 546 59 63.7
40.0-75.0)
Lymphocytes (%) (normal range 36.5 54.9 135 30 325 259
20.0-50.0)
Monocytes (%) (normal range 84() 84(1) 84() 12,6 (1) a7 101 ()
1.0-8.0)
Eosinophils (%) (normal range 52 5.2 3.1 25 29 0.0 (1)
0.4-8.0)
Determination of serum Pollen Mite Pollen, egg Pollen Mite, egg
allergens
TG (mmollL) (normal 42 45 42 46 42 426
range 0-5.2)
TC (mmollL) (normal range 07 06 0.9 125 05 1.46
0-2.26)
HDL-C (mmol/L) (normal 22 18 15 13 19 172
range >1.04)
LDL-G (mmoliL) (normal 19 26 26 304 237 24
range <3.34)
APOA (g/L) (normal range 176 197 15 13 154 1.68
1.04-2.02)
APOB (g/L) (normal range 0.5(1) 0.8 0.8 0.9 0.69 0.76
0.66-1.33)
APOE (mg/L) (normal range 559 (1) 353 50.4 (1) 62.0(1) 39 54.0 (1)
27-45)
FFAs (mmol/L) (normal range 0.95 (1) 1.15(1) 0.86 (1) 0.86 (1) 0.67 (1) 0.94 (1)
0.1-0.6)
Glucose (mmo1/L) (normal 48 45 54 46 43 4.9
range 4.11-6.05)
HoA1c (%) (normal range 4-6) 4 4.1 5 43 42 5
Insulin (%) (normal range 37 4.4 55 3.7 45 5.1
2.6-24.9)
Liver and renal function Normal Normal Normal Normal Normal Normal
Fatty liver (ultrasonic B) = & + & & +
Pituitary MRI Normal Normal Normal Normal Normal Normal
Chronological age (CA) (year) 5.3 years 7 years 14 years 4 years 12 years 10.5 years
Bone age (BA) (year) 2.5 years 45 years 13.5 years 1.5 years+ 9 years— 8 years
X-ray of BA and CA BA<CA BA<CA BA=CA BA<CA BA<CA BA<CA
Diagnosis
Endocrinologist GHD GHD Short stature GHD 188 GHD
Puberty state Puberty state
Otolaryngologist Adenoid Adenoid Adenoid Adenoid Adenoid Adenoid
Pulmonary physicians Asthma
Gastroenterology Fatty liver Fatty liver
Treatment  rhGH + + + + + +
Adencidectomy i + - + - +
Antiallergic & & s ¥ & +
therapy
Vitamin Dy 2 + £ + + +

Note. BMI, body mass index; TG, trigiyceride; TC, total cholesterol; HDL-C, high-density lipoprotein cholesterol; L DL-C, low-densit lipoprotein cholesterol; FFA, free fatty acid; HDATc,
alvcated hemoglobin; GHD, growth hormone deficiency; tGH, recombinant human growth hormone.
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Patient ID

P1

P8
P9

PM, primary samples; PG, progressive samples; CTC, circulating tumor cells.

Gene name$
SHKBP1

RRAD
SHKBP1

PPIL2

EGFR
NUMAT1
ZNF143
MUC16

LZTR1
PELP1

BPTF

ELP3

CSMD3
PON1

TP53
ORC1

Sample (PM/PG)

PG

PM
PG

PG

PG
PM, PG
PM, PG
PM, PG

PM, PG
PM, PG

PM

PM, PG

PG
PG

PG
PM, PG

+, positive in CTCs; —, negative in CTCs.
$The genes’ full names were in the main text.
Yehttps.//www.genecards. org/ cgi-bin/carddisp.pl?gene=PON1.

Sample (CTCs)

+

+ 4+ + + o+

+

Functions and pathways

RTK/RAS and TGFB-related
signaling in stem cells

Ras-related GTPase signaling

RTK/RAS and TGFp-related
signaling in stem cells
Epithelial-mesenchymal transition
(EMT)

RTK/RAS signaling

Cell cycle

Cell cycle, apoptosis

Apoptosis

Wnt signaling
Estrogen receptor signaling

Wnt signaling and TGFB signaling
Chromatin organization, PISK/ATK
signaling

Regulation of dendrite development
Regulating stem-cell related Nanog
expression

Cell cycle arrest, apoptosis

Cell cycle, stem cell related

Drug resistance

Erlotinib

Erlotinib

Multi-drug resistance
Multi-drug resistance
Multi-drug resistance
Cisplatin, gemcitabine

Multi-drug resistance

Etoposide

Multi-drug resistance

References

Wang et al., 2019

Shang et al., 2016
Wang et al., 2019

Jiaetal., 2018

Qinetal., 2017
lzumi et al., 2010

Lakshmanan et al.,
2017; Kanwal et al.,
2018

Motta et al., 2019
Stowikowski et al.,

2015; Wang and
Bao, 2020

Liuetal., 2011
Xu et al., 2018b

Qiu et al., 2019
pAe

Zhang et al., 2020
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Patient ID Gender
P1 Female
P2 Male
P3 Male
P4 Female
P5 Female
P6 Male
P7 Female
P8 Male
P9 Male

Age ()

59
57
63
64
66
56
53
52
58

Smoking status

Never-smoker
Current smoker
Current smoker

Never-smoker

Never-smoker
Current smoker

Never-smoker
Current smoker
Current smoker

Pathology type

ADC
ADC
SCC
ADC
ADC
ADC
ADC
ADC
SCC

Tumor stage?’

7101
7101
V/IV
V/IV
v
IV/IV
l/n
l/n
/v

Chemotherapy drugs

Pemetrexed + Carboplatin
Pemetrexed + Carboplatin
Gemcitabine + nedaplatin
Pemetrexed + carboplatin
Pemetrexed + carboplatin
Pemetrexed + carboplatin
Pemetrexed + carboplatin
Pemetrexed + carboplatin
Gemcitabine + nedaplatin

Chemo-therapy cycle

A A DM DM OO DM O PN

9 Information before the forward slash (/) refers to the primary-tumor stage, and that after the forward slash (/) refers to the progressive-sample stage. ADC,
adenocarcinoma carcinoma; SCC, squamous cell carcinoma; y, years.
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Characteristic

Epirubicin (n = 810) PLD (n = 661) Effect size (Cl) p-value Test

Age 48.9 (22.5-73.3) 50.7 (23.5-76.6) -0.16 Cohen’s d 0.003 t-test

< 50 years 456 (56.3%) 310 (46.9%)

> 50 years 354 (43.7%) 351 (63.1%)

Menopause 1.1 Cliff's Delta 0.59 Chi-square test
Yes 38.4% (311) 40.2% (266)

No 58.0% (470) 57.2% (378)

Missing 3.6% (29) 2.6% (17)

Stage 0.17 Cliff's Delta < 0.001 Chi-square test
I-A 41.1% (333) 56.7% (375)

I-A 41.2% (334) 30.9% (204)

I-B 9.5% (77) 5.6% (37)

In-A 3.3% (27) 3% (20)

-B 0.4% (3) 0% (0)

n-c 0.5% (4) 0.3% (2)

Missing 4.0% (32) 3.5% (23)
Molecular subtype 0.1 Cliff's Delta < 0.001 Chi-square test
HER2-positive 12.3% (100) 7.7% (51)
Luminal A/B 48.5% (393) 56.0% (370)
Triple-positive 15.2% (123) 12.6% (83)
Triple-negative 16.9% (137) 20.6% (136)
Missing 7.0% (67) 3.2% (21)
Tumor size 1.9 (0.09-10.7) 1.7 (0.05-11.0) 0.23 Cohen’s d < 0.001 t-test

Data are presented with median (range) for age and tumor size, and n (%) for the rest. PLD, pegylated liposomal doxorubicin.
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