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Obesity, an established risk factor for endometrial cancer (EC), is also associated to increased risks of intraoperative and postoperative complications. A reliable tool to identify patients at low risk for lymph node (LN) metastasis may allow minimizing the surgical staging and omit lymphadenectomy in obese patients. To identify molecular biomarkers that could predict LN involvement in obese patients with EC we performed gene expression analysis in 549 EC patients using publicly available transcriptomic datasets. Patients were filtrated according to cancer subtype, weight (>30 kg/m2) and LN status. While in the LN+ group, NEB, ANK1, AMIGO2, LZTS1, FKBP5, CHGA, USP32P1, CLIC6, CEMIP, HMCN1 and TNFRSF10C genes were highly expressed; in the LN- group CXCL14, FCN1, EPHX3, DDX11L2, TMEM254, RNF207, LTK, RPL36A, HGAL, B4GALNT4, KLRG1 genes were up-regulated. As a second step, we investigated these genes in our patient cohort of 35 patients (15 LN+ and 20 LN-) and found the same correlation with the in-silico analysis. In addition, immunohistochemical expression was confirmed in the tumor tissue. Altogether, our findings propose a novel panel of genes able to predict LN involvement in obese patients with endometrial cancer.
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Introduction

Endometrial cancer (EC) is considered as the fourth most common malignancy among women and the second leading cause of death from gynecological cancers (1, 2). The standard surgical treatment of EC includes hysterectomy, bilateral salpingo-oophorectomy, and lymph node evaluation, either by sentinel lymph node mapping or by lymphadenectomy (3–6).

Obesity is defined by body mass index >30 kg/m2 (7) and is believed to be in part responsible for the increasing incidence of EC in the last 30 years (8, 9). In the United States, around 57% of the EC cases were linked to overweight and obesity (10), and this is associated with the increase of estrogen production in the adipose tissue (11, 12).

Patients suffering from obesity represent a considerable challenge during the intra- and post-operative periods that has been associated with short and long term adverse clinical outcomes (13–17). In a previous report, our team assessed several clinical factors associated with LN involvement in obese patients with EC and found that sentinel node detection (SLN) and lymph node (LN) dissection decreased with increasing BMI, and lymph node involvement was inversely correlated with BMI (18). In view of the lower detection rate of SLN, the decreased risk of LN involvement, and the increased operative risk of LN dissection in this patient population, it is questionable whether LN dissection should be performed if SLN mapping failed in obese patients with EC.

New improvements have been made in genetic and molecular profiling that have facilitated the identification of gene signatures as diagnostic tools for clinical decision making, or as creators of targets that could have an impact in therapeutic approaches (19, 20). Here, we aimed to identify molecular markers, as predictors of LN involvement in obese women with EC.



Material and Methods


Study Design

This study was conducted in the division of Gynecologic Oncology at the Segal Cancer Center of the Jewish General Hospital. Between December 2007 and August 2017, 722 patients with uterine cancer underwent surgical staging in our institution. In this study we included patients with histologic diagnosis of endometrioid endometrial carcinoma, BMI above 30kg/m2, known LN status after surgery, and material in our biobank for RNA extraction and processing. Patient’s exclusion criteria were: patients with sarcomas, patients who received neoadjuvant therapy, patients whose body mass index was below 30kg/m2. All patients underwent robotically assisted surgical staging which included total hysterectomy, bilateral salpingo-oophorectomy and LN assessment by either LN dissection or SLN mapping. Tumor samples were stored in the gynecologic oncology tumor bank for further processing.



Ethics and Clinical Samples

The study was approved by the Institutional Review Ethics Board (protocol #2019-1547), with annual reviews. Prior to surgery, informed consent was obtained from all participants. Tissue samples were collected at the time of surgery, preserved in RNAlater (Qiagen) and stored at −80°C in the gynecologic oncology tumor bank (protocol #03-041). All samples were selected after histologic confirmation, and high tumor content (>70% tumor content) was confirmed by a gynecologic pathologist. Clinical data for each patient was available.



Clinical Data Collection

All clinical data was entered in a prospective fashion into a clinical data base. We retrospectively analyzed the perioperative data for all cases. The operative, clinical, pathological and survival data were retrieved from electronic medical records.



Antibodies

The following antibodies were used to perform the immunohistochemistry: CEMIP (ABclonal #A8587) 1:200 dilution, RPL36A (Novus biologicals #NBP2-38036) 1:25 dilution, CXCL14 (Thermofisher #10468-1-AP) 1:100 dilution, EPHX3 (Thermofisher #PA5-52992) 1:10 dilution, TMEM254 (Novus Biologicals, NBP2-68939) 1:50 dilution, LZTS1 (Novus Biologicals, NBP2-17195) 1:50 dilution, CLIC6 (Novus Biologicals, NBP2-38062) 1:10 dilution, HMNC1 (Thermofisher #PA5-62458) 1:50 dilution.



RNA Extraction and Reverse Transcriptase Real-Time PCR

Total RNA was extracted from Formalin-Fixed, Paraffin-Embedded tissue (FFPE) using PureLink RNA Mini Kit (Thermo Fisher). First strand cDNA was synthesized using 5X All-In-On MasterMix (MasterMix-LR, Diamed) per manufacturer’s protocol. Reverse transcriptase real-time PCR (RT-PCR) was carried out on 96-well plates using iTaq Universal SYBR Green Supermix (BioRad). Concentrations for each sample were measured using the NanoDrop ND-100 spectrophotometer 119 (NanoDrop Technologies, Wilmington, DE, USA) and Qubit (Thermo Fischer Scientific, 120 Waltham, MA, USA). The primer sequences were designed using Primer Express™ Software v3.0.1 (ThermoFisher Scientific, USA) (Supplemental material).



In Silico Analysis

For biomarker discovery, we used the RNA-seq data of 549 uterine cancer patients extracted from TCGA, PanCancer Atlas using the publicly available cBioPortal online database https://www.cbioportal.org (21). The TCGA data contains 115 serous and 410 endometrioid endometrial cancers. Using the same program, the clinical and genomic profiles that include the gene expression levels, mutation profile, copy-number variance (CNV) as well as protein expression were assessed. In addition, the Kaplan–Meier survival analysis for different subgroups of endometrial cancer patients was also assessed according to cBioPortal instructions.

To investigate the association between different subgroups including obese and non-obese as well as LN negative and LN positive, the raw data files were extracted from the cBioPortal database and filtered for further analysis using our in-house pipeline for normalization and variant filtration. Height and weight were available for each patient and BMI was calculated using the following formula, BMI= weight (kg)/(height (m))2. The shortlisted DEGs were obtained thought selection of genes that showed 2-fold change between the different groups and adjusted p value <0.05 as cut-offs. According to those conditions, the endometrioid subgroup were subdivided according to their BMI into obese (BMI>30) and non-obese (BMI<30). Each group was further divided into those with no pelvic LN involvement (LN-) and those with any number of positive pelvic LN (LN+). The four groups were compared in terms of clinical, pathological, genomic and transcriptomic profiles. Differentially expressed genes between the different groups were shortlisted.



Network and Pathway Interaction

Metscape online tool (http://metascape.org/) was used to investigate the network and interaction between the differential expressed genes and their biological function. This is a biological database and web resource of known and predicted protein–protein interactions. We used this tool to highlight the significance of the potential connectivity network of our genes that need to be considered for the full understanding of the biological process.



Tissue Microarray

The tissue microarray (TMA) consists of 35 cases of endometrioid endometrial cancer (15 obese LN+, 20 obese LN-), and 10 normal adjacent tissue. Construction was performed as previously described by our group (22). Briefly, tissue cylinders with a diameter of 0.6 mm were punched from representative tumor areas of the tissue block selected for high tumor content, using a semiautomatic robotic precision instrument. Two sections of the TMA blocks were transferred to an adhesive coated slide system (Instrumedics Inc., Hackensack, New Jersey). Slides of the finished blocks were used for immunohistochemistry analysis.



Immunohistochemistry (IHC) Analysis

IHC was performed at the Segal Cancer Centre Research Pathology Facility (JGH) using standard IHC protocols. Every tissue had a section stained with hematoxylin and eosin (H&E) and tumor content was assessed. Antibody immunostaining was performed using the Discovery XT Autostainer (Ventana Medical System) and a standardized diagnostic applications protocol. Two reference tissue samples were included on each slide as a positive and negative control. Sections were analyzed by conventional light microscopy.

CEMIP, RPL36A, CXCL14, EPHX3, TMEM254, CLIC6 and HMNC1 showed mainly cytoplasmic expression in the tumor epithelial cells. The immunoreactivity of all antibodies was classified according to the intensity into four categories. Cases with no evidence of cytoplasmic immunoreactivity considered as 0 score. Cases with weak immunoreactivity considered as +1 score. Cases with moderate immunostaining were given +2 score, +3 score were given to cases that showed strong immunoreactivity. For statistical analysis, cases considered positive if they are scored with +2, +3 category and negative if they fall into 0, + 1 categories. All the cases were reviewed by 2 pathologists that blindly and independently evaluated the slides.



Statistical Analysis

The shortlisted DEGs were obtained thought selection of genes that showed 2-fold change between the different groups and adjusted p value <0.05 as cut-offs. All results are presented as the mean ± SEM for at least three independent experiments. The difference between groups was analyzed using Student’s t-test, and P < 0.05 was considered statistically significant.




Results


Categorization of Endometrioid Endometrial Cancer According to BMI to Investigate Top Differentially Expressed Genes (DEGs) That Can Differentiate Obese From Non-Obese Patients

For biomarker discovery, we used the RNA-seq data of uterine cancer patients extracted from TCGA PanCancer Atlas using the publicly available cBioPortal online database. The RNA-seq data was extracted from 549 uterine cancer patients and filtrated to classify them according to cancer subtypes. Using the same program, the clinical and genomic profile that includes the gene expression levels, mutation profile, copy-number variance (CNV) was assessed. In addition, the Kaplan–Meier survival analysis for different subgroups of endometrial cancer patients was also assessed according to cBioPortal instructions. The patients were filtrated according to cancer subtypes, 115 serous, 410 endometrioid and 24 other carcinomas were obtained. The second filtration was performed in the cohort of endometrioid EC (410 patients) where the raw data files were extracted from the cBioPortal database and filtered accordingly for further analysis using our in-house pipeline for normalization and variant filtration. The DEGs were obtained through selection of genes that showed 2-fold change or high between the different groups and adjusted p-value<0.05 as cut-offs. Next, using the associated clinical information provided by the databases, we classified endometrioid EC patients in obese (BMI>30) (249 patients) and non-obese (BMI<30) (161 patients) according to their BMI, that was obtained from the patient’s height and weight, using the following formula, BMI = kg/m2. The obese group was further divided into those with no pelvic LN (LN-) (213 patients) and those with any number of pelvic LN (LN+) (36 patients) (Figure 1A).




Figure 1 | (A) Schematic workflow describing biomarker discovery, (B) Log2 expression levels of the differential expressed genes discovered in LN+ patients (C) Log2 expression levels of the differential expressed genes discovered in LN- patients, (D) Pathway analysis of differentially expressed genes using metscape tool for the retrieval of interacting genes. Enriched biological process and molecular functions of those proteins are included.





Identification of Top Differential Genes Between LN Negative and Positive Cases in Obese Endometrioid Cancer Patients

For better understanding of the association between obesity and LN involvement in endometrioid cancer subtype, we stratified patients with BMI >30 according to their LN status. The top DEGs between LN- and LN+ subgroups were identified. Eleven genes (CXCL14, FCN1, EPHX3, DDXIIL2, TMEM254, RNF207, LTK, HAGHL, RPL36A, BHGALNT4 and KLRC1) were up regulated in LN+ cases compared to LN- (Figure 1B). In contrast, a different set of eleven DEGs (NEB, ANK1, AMIGO2, LZTS1, FKBP5, CHGA, USP32PI, CLIC6, CEMIP and HMCN1) were found to be up regulated in LN- samples compared to LN+ (Figure 1C).

In order to investigate the network and interaction between the differentially expressed genes and their biological function, we used metscape online tool. Interestingly, we found that the panel of genes are directly involved in muscle contraction (CHGA, NEB and RNF207), humoral immune response (CHGA, FCN1 and CXCL14) and regulation of ion transmembrane transport (CLIC6, CEMIP and RNF207) as shown in Figure 1D.



Validation of the LN Involvement Top DEGs in a Patients’ Cohort From Our Tissue Bank

Thirty-five samples of endometroid EC patients were retrieved from our biobank and were used for validation. This panel includes LN+ (n=15) and LN- (n=20) patients. Overall median age was 69 years old, median BMI was 39.3kg and the majority of patients had a preoperative ASA score of 1 or 2 with no significant difference between the two groups. While all patients underwent LN dissection, 82% had SLN mapping performed (p=0.003). In the LN+ group deep myometrial invasion (>50%) was observed in all patients compared with LN- group (p=0.002) (Figure 2).




Figure 2 | Basic characteristics of the validation cohort.



Following the identification of the candidate genes, we next validated the in-silico approach using qPCR analysis in this patient cohort. Samples of 15 obese EC patients with LN involvement and 20 obese EC patients with negative nodes were assessed. As shown in Figure 3A, a panel of eleven genes were identified to be upregulated in the LN+ group (CXCL14, FCN1, EPHX3, DDXIIL2, TMEM254, RNF207, LTK, HAGHL, RPL36A, BHGALNT4 and KLRC1). Ten genes were found upregulated in ≥70% of the patients and TMEM254 gene was highly expressed in 53% of the patients. (Figure 3C). Moreover, in the LN- group out of ten identified genes that were upregulated, only 8 genes (NEB, ANK1, AMIGO2, LZTS1, FKBP5, CHGA and USP32P) were able to be validated in the majority of the patients (≥70% of expression), while CLIC6 and HMCN1 were found expressed in only 50% of the patients (Figures 3B, D). Most importantly, 10 out 11 genes in LN+ group are potential precise predictors of LN involvement (>80% expression) in obese woman with EC. Furthermore, hierarchical clustering of patients according to the expression of the genes showed that LN- patients were clustered together, while those in the LN+ group were clustered separately (Figure 4).




Figure 3 | mRNA expression levels (fold change) of the differential expressed genes in (A) obese patients with LN+ and (B) LN- patients, using RT-qPCR analysis. (C) Percentage of expression of the differential expressed genes in patients with LN+ and (D) LN- patients.






Figure 4 | Hierarchical clustering heat map of differential expressed genes (rows) between LN+ and LN- tumors. Red indicates high expression and blue low expression.





CXCL14, EPHX3, TMEM 254, RPL36A, LZTS1, CLIC6, CEMIP and HMCN1 Protein Expression Levels Were Identified in the Validation Cohort Tissue Microarrays (TMA)

Using the portal of the publicly available Human Protein Atlas of the TCGA, we were able to find the protein expression status of our identified genes in EC tissue. We found that eight genes from our panel were expressed at the protein level: CXCL14, EPHX3, TMEM254, RPL36A (LN+), LZTS1, CLIC6, CEMIP and HMCN1 (LN-). Next, using immunohistochemistry we examined the protein expression levels using TMAs containing the tissue samples of our validation cohort. Our analysis revealed that the protein expressions of all of the 8 genes were confirmed to be upregulated in the EC samples compared to the normal tissue (Figure 5).




Figure 5 | TMA representative images (10X and 40X) of the protein expression levels of the shortlisted genes and its association with LN status in our patient cohort consisting on 35 obese patients with EC.



Furthermore, LN+ genes where highly expressed at the protein level with statistical significance (CXCL14 (P=0.045), EPHX3 (P=0.023), TMEM254 (P=0.024) and RPL36A (P=0.050)). In contrast, the same trend was also observed in LN- patients but we did not observe any statistically significant difference (LZTS1 (P= 0.18), CLIC6 (P=0.81), CEMIP (P=0.35) and HMCN1 (P=0.14)) (Table 1).


Table 1 | The expression levels of the 8 shortlisted genes and its association with LN status in our patient cohort consist of 35 obese patients diagnosed with endometrioid endometrial cancer.






Discussion

The association between EC and obesity has been extensively investigated and prior reports highlighted the critical role of obesity in the development of EC, impact on patient’s outcome and determination of therapeutical options (23). Indeed, surgical staging including LN assessment represents a cornerstone in the standard of care for EC (24, 25) however, in obese women, surgical intervention comprises significant challenges due to the patient’s comorbidities (cardiovascular, respiratory and metabolic diseases) and the peri- and post-operative risks (vascular injury and lymphedema) (12). Furthermore, our research group showed previously a positive correlation between morbid obesity and lower detection rate of SLNs (12, 18). This highlights the value of discovering novel markers that can predict LN involvement in the preoperative period. The implementation of such biomarkers that indicate the probability for LN involvement will be valuable not only to improve patient’s stratification before surgery, but also to predict patient’s prognosis.

The current study approach was based on using large publicly available databases to shortlist potential genes that can predict LN involvement. This was followed by two levels of validation through RT-qPCR and immunohistochemistry using in-house patient’s samples. Interestingly, we found a panel of eleven genes (CXCL14, FCN1, EPHX3, DDXIIL2, TMEM254, RNF207, LTK, HAGHL, RPL36A, BHGALNT4 and KLRC1) that were upregulated in patients with LN involvement. Among these genes, CXCL14, EPHX3, TMEM254, and RPL36A were able to detect LN involvement in obese women with EC at the mRNA and protein levels. Moreover, NEB, ANK1, AMIGO2, LZTS1, FKBP5, CHGA, USP32PI, CLIC6, CEMIP and HMCN1 genes were found to be down regulated.

In support of these findings, recently Chemokine (C-X-C Motif) Ligand 14 (CXCL14) was recently proposed through CXCL14-CXCR4 and CXCL12-CXCR4 axes to be essential for the EC invasion process as well as myometrial invasion (26). Similarly, the ribosomal protein L36A (RPL36A) was also shown to play a role in the proliferation of malignant cells and was proposed as a new target for anticancer therapies. Moreover, it was overexpressed and associated with cellular proliferation in metastatic hepatocellular carcinoma (27). In addition, RPL36A was found to be one of 11 alternative splicing genes signature that can predict the prognosis of EC and was proposed as a potential target for new therapies (28). The function of the Epoxide Hydrolase 3 (EPHX3, and also known as ABDH9) is not fully understood. However, its expression, in addition to other alpha-beta hydrolase, was found to be increased in some cancers like bladder, lung carcinoids and acute myeloid leukemia (29–31).

In contrast, Leucine zipper putative tumor suppressor 1 (LZTS1), that was found to be down regulated in obese EC patients with LN involvement, is known to be a tumor suppressor gene and its expression was confirmed to be reduced in a number of malignancies including breast, esophageal and prostate cancers. Similarly, Hemicentin 1 (HMCN1, also known as fibulin 6 (FBLN6)), is an extra cellular matrix (ECM) protein, that is believed to be essential for stable cell-to-cell interactions as well as stabilization to ECM structure (32). For that reason, it was proposed to function as a metastatic suppressor in gallbladder cancer, head and neck and breast cancers (33–35). Moreover, CLIC6, is a member of the Chloride Intracellular Channel (CLIC) family, was found to be modulated in many cancers and its expression was found to be correlated with favorable outcome and better survival (36).

One of the limitations of this study is the sample number of the validation cohort, for that reason we divided the cases into only LN positive and LN negative groups. Further studies are needed to investigate not only the presence or absence of LNs, also the size and number of the LN involved that can improve our understanding of the predictive value of these markers.

In future studies, the incorporation of these predictive markers with other novel molecular groups and clinicopathological prognostic factors, might be essential to improve patient’s stratification and risk assessment (37–42), that will tailor the management of endometrial cancer patients to avoid unnecessary surgical approaches. Moreover, while our results were focused on patients with endometrioid endometrial cancer further studies are needed to investigate these new biomarkers in other histological and molecular subgroups (43, 44). Notably, we can highlight that the validation of our genes using immunohistochemical analysis provide a reliable, cheaper, and widely available tool (45–47). For that reason, the accuracy of our panel at the immunohistochemistry level highlighted its feasibility and cost-effective alternative in the clinical setting.

To conclude, using publicly available microarray datasets in this study, we were able to discover a set of genes that was associated with LN status. Furthermore, the candidate genes were validated in an independent cohort from our biobank, using RT-qPCR and immunohistochemistry. Our results suggest that this novel panel might enable to predict LN involvement in obese EC patients preoperatively and may help to individualize the therapeutic approach and to reduce surgical morbidities in this high-risk population. Future studies are needed to evaluate the clinical application of these results and to investigate whether LN assessment, on the basis of this genetic panel, could be safely omitted in obese patients with EC.
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Persistent high-risk human papillomavirus (hrHPV) infection is the highest risk to cervical cancer which is the fourth most common cancer in women worldwide. A growing body of literatures demonstrate the role of cervicovaginal microbiome (CVM) in hrHPV susceptibility and clearance, suggesting the promise of CVM-targeted interventions in protecting against or eliminating HPV infection. Nevertheless, the CVM-HPV-host interactions are largely unknown. In this review, we summarize imbalanced CVM in HPV-positive women, with or without cervical diseases, and the progress of exploring CVM resources in HPV clearance. In addition, microbe- and host-microbe interactions in HPV infection and elimination are reviewed to understand the role of CVM in remission of HPV infection. Lastly, the feasibility of CVM-modulated and -derived products in promoting HPV clearance is discussed. Information in this article will provide valuable reference for researchers interested in cervical cancer prevention and therapy.
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Introduction

Persistent high-risk human papillomavirus (hrHPV) infection is the highest risk to invasive cervical cancer (ICC), which has caused an estimated 570,000 new cases and 311,000 deaths in 2018 (1). Prophylactic vaccines are effective in preventing HPV infection, but providing limited protection against pre-existing HPV infection which impact large populations in developing countries for a long-lasting period (2, 3). It will be an imperative alternative to prevent HPV-infected cervical intraepithelial neoplasia (CIN) and ICC by eliminating HPV infection. An increasing number of literatures suggests the association of natural HPV clearance and CIN regression with cervicovaginal microbiome (CVM) (4–8), which modulate a finely-tuned immune responses balancing reproductive tolerance with protection against genital infections (9). Our and other studies demonstrated predominance of one or few Lactobacillus species in CVM of healthy lower reproductive tract (LRT), including Lactobacillus crispatus (community-state type I, CST I), Lactobacillus gasseri (CST II), Lactobacillus iners (CST III) and Lactobacillus jensenii (CST V) (10–14). These Lactobacillus species benefit reproductive health by inhibiting pathogens via produced bacteriocins, lactic acid and hydrogen peroxide (15).

Emerging reports demonstrate imbalanced CVM in women with HPV infection, including increased bacterial diversity, depletion of Lactobacillus as well as identified high rate of natural HPV clearance in women with predominant L. crispatus in CVM (4, 8, 16–21). To the best of our knowledge, there is no public report investigating the mechanism of interaction between HPV and microbiome, due to difficulties to cultivate HPV in vitro and limited mouse models for HPV-medicated cervical dysplasia or cancer. Nevertheless, a number of studies support the concept that CVM modulates immune microenvironment through microbe- or microbe-host interactions to impact the risk of viral infections and clearance (9, 22–25). For instance, Lactobacillus conferred colonization resistance to Gardnerella vaginalis which induced suppressive immune responses beneficial to persistent HPV infection (22). M N Anahtar et al. demonstrated that CVM was the main modulator of immune responses in lower reproductive tract (LRT) and affected the risk of human immunodeficiency virus (HIV) infection (23). Peptidoglycans (PGN) produced by isolated vaginal L. crispatus activate Langerhans cells (LCs), which is the most important antigen presenting cells (APCs) in cervical epithelium (25), and several follow-up investigations further suggest a strong in vivo relationship between LCs activities and HPV clearance (26–28).

In this review, we first summarize the association of CVM with HPV infection and clearance, then discuss mechanisms of microbiome, host responses and HPV interaction. Lastly, several potentials are explored about how to eliminate pre-existing HPV infection via microbiome-derived products or microbiome-targeted interventions.



Imbalanced CVM in HPV Infection

Emerging evidence suggests association between CVM and HPV infection and persistence. Almost all cross-sectional studies consistently found higher diversity of CVM in HPV-positive women, with or without CIN, as compared to HPV-negative individuals (16–21, 29–32). In recent decade, a growing body of literature suggests that depletion of Lactobacillus and overgrowth of anaerobic bacteria is associated with increased CVM diversity (Figure 1) (16–21, 29, 30). For individuals infected with HPV but without CIN or ICC, initial cross-sectional studies involving Korean (n=68 selected from 912 women in Healthy Twin Study) and Chinese (n=70) women identified reduced levels of Lactobacillus as well as higher abundance of bacterial vaginitis (BV)-associated bacteria such as Gardnerella, Sneathia and Megasphaera (18, 30). This is consistent with increased susceptibility to HPV infection in women with BV revealed by meta-analysis (33). Besides to Gardnerella, Sneathia and Megasphaera, additional reports found greater relative abundance of Atopobium, Bacteroides, Prevotella and lower proportion of Lactobacillus in CVM of HPV-positive women (16, 17, 29). Studies involving women with CIN or ICC consistently found significant decrease of Lactobacillus and substantial increase in CVM diversity compared with HPV-negative individuals (18, 19, 31, 32).




Figure 1 | Imbalanced CVM in HPV-infected cervix. The left is the normal cervicovaginal microenvironment without HPV infection, and the right is HPV-positive microenvironment (HPV-infected cells are labelled purple). Created in BioRender.com.



At species level of Lactobacillus, a marked decrease of L. crispatus was found in CVM of women with HPV infection, CIN or ICC, while L. iners-dominant CVM had higher risk of CIN (8, 18, 31, 32, 34). Additionally, women with HPV infection had accumulation of Bacteroides plebeius, Acinetobacter lwoffii, Prevotella buccae, Dialister invisus, G. vaginalis, Prevotella buccalis and Prevotella timonensis in CVM (29, 31, 32, 34). For instance, a study involving 70 women with CIN and 50 HPV-negative women indicated that 6-fold risk of CIN associated with unique CVM, which is characterized by paucity of L. crispatus, enriched A. vaginae, G. vaginalis and L. iners (30). Two independent systematic reviews and meta-analysis also found that L. crispatus correlated with decreased risk of hrHPV infection and CIN (35, 36). Compared with L. crispatus-dominant CVM, women with non-Lactobacillus- or L. iners-dominant CVM had 2-3 times higher odds of hrHPV prevalence and CIN, as well as 3-5 times higher odds of any prevalent HPV (95% CI) (35).

Besides to microbial components, emerging literature explores functional difference of CVM between HPV-positive and HPV-negative women (37–39). Functional prediction of 16S rDNA amplicon sequencing data found accumulation of multiple pathways in HPV-infected and CIN women, including those of folate biosynthesis and oxidative phosphorylation (37). Metagenomic analysis of 17 CIN, 12 ICC cases and 18 healthy individuals found enriched genes related to peptidoglycan synthesis as well as depletion of dioxin degradation and 4-oxalocrotonate tautomerase in CVM of women with CIN or ICC (38). Biofilm formation assessment identified higher formation rate in HPV-positive women (45%) compared to HPV-negative women (21.9%) (39), which may be attributed to increased levels of obligate anaerobic bacteria in CVM of HPV-infected women, such as G. vaginalis with sialidase-encoding gene involved in biofilm formation (8).

Above-mentioned observational studies are only possible to demonstrate association of CVM with HPV infection and CIN diseases rather than causality. Longitudinal data is increasingly applied to explore the causal link (7, 40, 41), which has profound clinical impact to provide effective alternatives for therapeutic strategies of HPV-infected CIN. Six-month follow-up of 211 Nigerian women showed the association of Lactobacillus paucity and high CVM diversity with persistent hrHPV infection (40). Analysis of serial cervicovaginal specimens obtained over 8-10 years unraveled that high relative abundance of L. crispatus in CVM had the lowest risk of HPV infection compared to other types of CVM, according to 16S V1-V2 rRNA gene amplicon sequencing and HPV DNA testing conducted annually (41). Brotman and colleagues collected self-sampled mid-vaginal swabs twice a week for 16 weeks from 32 reproductive-age women, and showed that depletion of Lactobacillus in CVM may increase the chance to acquire transient and persistent HPV infection (7). Consistently, meta-analysis involving 39 articles suggests the protection against HPV infection imposed by Lactobacillus-dominant CVM (42). Another systematic review and meta-analysis of longitudinal studies also support a causal relationship between non-Lactobacillus-dominant CVM and cervical carcinogenesis via the effect of CVM on HPV infection (RR 1.33, 95% CI) and persistence (RR 1.14) (43).



CVM is Associated With Natural HPV Clearance and CIN Regression

According to a follow-up analysis on 55 women with HPV infection and 17 age-matched healthy HPV-negative women, L. crispatus was the most abundant Lactobacillus species in individuals with natural HPV clearance (Figure 2A) (8). Conversely, high proportion of Atopobium in CVM had significantly slowed HPV remission rate in 16-week follow-up, compared to L. crispatus-dominant CVM8. Another longitudinal study involving 64 HPV16-positive women found more frequent transition between identified CSTs, including dominant Lactobacillus sp., L. iners, two mixed non-Lactobacillus of CVM, in women with persistent HPV16 infection (34% with averaged 155.5 days interval) when compared to women with natural clearance of HPV16 (19% with averaged 162 days interval) (Figure 2A) (6). Consistently, Anita Mitra and partners found more stable CVM in women with CIN2 regression, as compared to individuals with CIN persistence or progression4. In this study, 87 CIN2 patients aged 16-26 years old were included in two-year follow-up showing that women with Lactobacillus-dominant CVM at baseline are more likely to regress at 12 months while slower regression was associated with Lactobacillus depletion as well as increased abundance of Megasphaera, Prevotella timonensis and G. vaginalis (4). At species level, women with L. crispatus-dominant CVM had faster regression and higher rate of CIN remission at 12 and 24 months (4).




Figure 2 | Cervicovaginal microenvironment in persistent HPV infection and natural HPV clearance. (A) L. iners- or non-Lactobacillus-dominated CVM is characterized by allowing the proliferation of anaerobes which produce sialidase to disrupt epithelial barrier and then facilitate the entry of HPV. HPV particles exist in infected keratinocytes as episomes before entry into the nucleus, and viral integration induces high expression of E6/E7 proteins to promote abnormal cell proliferation as well as carcinogenesis. L. crispatus-dominated CVM is associated with natural HPV clearance and CIN regression. (B) For HPV-positive women with L. crispatus-dominated CVM, L. crispatus can inhibit growth of anaerobes through several mechanisms (microbe-microbe interaction) and activate LCs which is the only APCs in cervical epithelium to present HPV antigens and induce HPV-specific CMI (host-microbe interaction). Both microbe- and host-microbe interaction decrease the level of factors correlated with barrier impairment (sialidase and biofilm of anaerobes) and suppressive immunity (Treg, Th2, Th17 cells, IL-10, IL-17, TGF-ß), and increase the expression of biomarkers in activated LCs (antigen-binding langerin and TLR9, antigen-presenting CD1a and MHC-I, co-stimulatory molecule CD80/86 and CD40) as well as CMI-associated molecules (cytotoxic T lymphocytes-CTLs, Th1 cells, IFN-γ, TNF-α). This figure applied icons in BioRender.com.



A total of four CSTs, dominated by L. crispatus, L. iners, G. vaginalis and mixed genus, was identified in another study involving 273 women aged 18-25 years old (5). At first visit, Lactobacillus and Gardnerella abundance was associated with CIN2 regression and progression respectively. Second visit was conducted at least 305 days after first visit, and CIN2 progression had strong correlation with increased bacterial diversity. Functional prediction of 16S rDNA amplicon sequencing data further showed the positive relationship between pathway of cell motility and CIN2 regression, while progression was in association with “Xenobiotics Biodegradation and Metabolism” pathway in CVM.

Fungal components in CVM were also associated with HPV-infected CIN regression (5). Mykhaylo Usyk and colleagues found the protective effect of fungal diversity against CIN progression (OR=0.90, 0.82-1.00) (5). Among fungus Candida, Malassezia and Sporidiobolaceae, the accumulation of Candida was identified in CVM of CIN1 which had the highest regression rate (5). Additionally, a retrospective investigation on 100,605 women who had 2 smears each over a period of 12 years, found that common fungus Candida in cervicovaginal microenvironment decreased the risk of squamous intraepithelial lesions (44).



Microbe- and Host-Microbe Interactions in HPV Clearance

The complexity of cervicovaginal microenvironment of women with HPV infection is determined by HPV, CVM and the host. To explore the contribution of CVM to promote or protect against HPV infection, there is much work to be done in exploring microbe-microbe interactions in CVM, as well as the interactions between microbe and HPV/host (Figure 2B).

Sialidase are a group of mucin-degrading enzymes produced by BV-associated G. vaginalis and Prevotella, and disrupt the integrity of mucosa as well as epithelium to aid the entry of HPV to basal keratinocytes (Figure 2A) (45). Besides to compromised cervical epithelial barrier, BV-associated anaerobes also impact several cellular pathways to enable persistent viral infection and subsequent disease development (46–50). Sneathia spp., commonly accumulated in CVM of BV and HPV-infected patients, belongs to Fusobacterium genus which can activate proinflammatory pathways and inhibit immunocytotoxicity to promote carcinogenesis (51). This information may explain the high susceptibility to HPV infection in women with BV and accumulation of vaginal obligate anaerobic bacteria in women with persistent HPV infection or cervical dysplasia progression (16–18, 29, 30, 33).

Vaginal Lactobacillus spp. can produce a large amount of lactic acid through glycogen fermentation, maintaining acidic environment to inhibit the colonization of several pathogenic species such as Chlamydia trachomatis, Neisseria gonorrhoeae and BV-associated G. vaginalis (Figure 2B) (15, 52–55). Bacteriocins produced by vaginal Lactobacillus also exhibit inhibitory effects on common pathogenic bacteria and certain fungi, such as G. vaginalis and Candida albicans (Figure 2B) (15, 56, 57). In addition, Lactobacillus hold the potential to alter surface tension and thus bacterial adhesion which is pivotal in biofilm formation via excreted biosurfactants, therefore preventing overgrowth of pathogenic anaerobes, especially G. vaginalis (Figure 2B) (22, 58–60). Another defense factor derived from vaginal Lactobacillus is H2O2, which destroys vaginal bacterial components with limited expression of H2O2-degrading enzymes, including Prevotella and Gardnerella (60, 61). Besides direct inhibition on pathogens, Lactobacillus can occupy possible niches to indirectly protect against pathogen colonization (Figure 2B). For instance, epithelium adhesin facilitates the adhesion of L. crispatus to genital mucosa and then additionally inhibits pilus-mediated adhesion of G. vaginalis (22).

As discussed above, vaginal Lactobacillus play critical roles in cervicovaginal health, but not all Lactobacillus-dominant CVM benefit the host in the same manner. Lactic acid has D- and L-isomer while the former is mainly produced by L. jensenii, L. crispatus, L. gasseri and the latter is produced by L. iners and a variety of anaerobes (62). Women with L. iners- or non-Lactobacillus-dominant CVM therefore have a higher ratio of L- and D-lactate, increasing the expression of extracellular matrix metalloproteinase inducer and activating matrix metalloproteinase 8, which facilitate the entry of HPV to the basal keratinocytes by altering cervical integrity (Figure 2A) (62). Conversely, L. crispatus-dominant CVM can lead to increased cervicovaginal mucus viscosity and promote viral capture (63). Additionally, CVM predominated by L. iners is more instable than CVM with other dominant Lactobacillus species and therefore allows growth of strict anaerobes resulting in transition to non-Lactobacillus-dominant CVM (4, 64). This is consistent with findings that L. iners-dominant CVM tends to be identified in women with persistent HPV infection and progression of cervical diseases (Figure 2A) (8, 18, 31, 32, 34). On the contrary, L. crispatus-dominant CVM has the lowest possibility in transition to other CVM types (4, 13, 64), and is thus positively associated with cervicovaginal health (Figure 2A).

Though many clues exist in microbe-microbe interactions, there are no published reports exploring the mechanism of interaction between CVM and HPV, due to the difficulties of in vitro HPV cultivation. Nevertheless, a growing number of literatures demonstrate unique host immune responses (Figure 2B) (65), which mediate the CVM-HPV interactions in women with HPV infection. Oncoproteins of hrHPV can suppress presentation of hrHPV antigens and impair alarm functions of infected basal keratinocytes where HPV thrive. For example, hrHPV E7 protein can lead to repression of major histocompatibility complex I (MHC I), LMP2 as well as TAP1 gene through interaction with MHC I promoter, and E5 protein blocks the transport of MHC I and CD1d to the cell surface, which is crucial for HPV antigen presentation (66–71). Infection of hrHPV also reduce the expression of infected keratinocyte-derived chemokine (C-C motif) ligand 20 (CCL20) (72, 73), attracting the migration of LCs which is the only APCs in vaginal epithelium where HPV infection occurs. In addition, hrHPV infection is associated with suppressed LCs activities, including decreased levels of E-cadherin remaining LCs in infected epidermis to capture HPV antigens, and antigen-binding langerin as well as TLR (74–78). Once internalizating HPV antigens, LCs become mature and migrate to lymph nodes via chemokine (C-C-motif) receptor 7 (CCR7) on cell surface. However, prior reports found reduced expression of CCR7 in ICC patients, and identified decreased levels of LCs-membrane antigen-presenting and co-stimulatory molecules in exposure to HPV virus-like particles (VLPs), including CD1a, MHC I, CD40 and CD80/86 (66, 67, 75, 76, 79–81).

To the best of our knowledge, no report established in vivo CVM-LCs relationship, which can partly improve the understanding of CVM-HPV interactions. Nevertheless, in vitro experiment found that a L. crispatus strain isolated from vagina activated LCs via cell wall-derived PGN, being assessed by elevated expression of TLR (Figure 2B) (25). This is consistent with prior findings that TLR agonists promote LCs activation and the induction of HPV-specific cell-mediated immunity (CMI) (77, 78, 82). Candin, produced by Candida which is inversely associated with HPV infection, can induce proliferation of T cells to enhance the effect of therapeutic vaccines against HPV (44, 83, 84). Herbst-Kralovetz MM and colleagues also found significant differences of CVM and cervical immune microenvironment between HPV-negative women (n=18), HPV-infected individuals without squamous intraepithelial lesion (n=11), HPV-positive women with low (n=12)/high (n=27) intraepithelial lesion, and ICC patients (n=10) (85–88). For instance, inhibitory immune checkpoint protein PD-L1 and LAG-3 were negatively correlated with Lactobacillus abundance in CVM, while TLR2 was in positive relationship with Lactobacillus abundance. Conversely, PD-L1 and LAG-3 positively correlated to dysbiosis-associated Gardnerella, Sneathia, Atopobium and Prevotella. At species level, L. crispatus and L. jensenii were in negative relationship with PD-L1, while L. gasseri was negatively associated with LAG-3. In addition, a 12-month observational study applied the combination of 16S rDNA amplicon sequencing, metagenome, transcriptional profiling and immunological profiling to demonstrate the critical role of cervicovaginal bacteria in modulating cervicovaginal immune responses and the host susceptibility to HIV (23).



Application of CVM in Promoting HPV Clearance

Given the critical roles of CVM in modulating cervical immune responses, it is promising to promote HPV clearance by re-constructing CVM (Figure 3A). Taken vaginal probiotics L. crispatus strain CTV-05 for example, a randomized placebo-controlled clinical trial showed that the vaginal colonization with CTV-05 following 28-day treatment inhibited BV-associated Atopobium growth (89, 90). Another trial involving 100 participants assessed the efficacy of CTV-05 on preventing urinary tract infection (UTI), indicating the reduction of recurrent UTI when compared to placebo treatment (91). Disrupting biofilm of anaerobes is also an alternative therapy against vaginal dysbiosis, and Marrozzo J. M. et al. found 50-59% clinical cure rate of BV in 106 participants 9-12 days after treatment (92).




Figure 3 | CVM-modulated and -derived products in eliminating HPV infection. (A) Strategies to modulate dysbiotic CVM were characterized by anaerobe overgrowth. (B) Molecules produced by specific microbial strains in CVM can activate LCs in the cervical epithelium, then promote T cell priming and eliminate HPV-infected cells. Icons in BioRender.com were utilized to prepare this figure.



In addition, several in vitro and in vivo studies suggest the promise of prebiotics, which are indigestible carbohydrates, in promoting the growth of probiotics or beneficial commensals in the vagina (Figure 3A) (93–95). For example, fructo-oligosaccharide (FOS) and gluco-oligosaccharide (GOS) benefited the growth of L. crispatus, L. jensenii and L. vaginalis in vitro, while pathogen C. albicans, Escherichia coli and G. vaginalis could not utilize FOS/GOS as energy sources for growth (93). Significant reduction of Nugent scores was also identified in BV patients receiving intravaginal GOS gel immediately following metronidazole treatment (94). Additionally, glucomannan hydrolysates (GMH) also held the potential to promote Lactobacillus spp. colonization, conferring health to the host in C. albicans-infected women (95). To re-establish the CVM completely, two studies in 2019 conducted vaginal microbiota transplantation (VMT) (Figure 3A) (96, 97). A total of 5 women with antibiotic-unresponsive and recurrent BV were included in one study, and 4 out of 5 participants had restoration of Lactobacillus-dominant CVM and long-term remission without any adverse effect at the follow-up of 5-21 months. The other study involving 20 women explained and implemented a screening approach for universal VMT donors.

Besides to CVM-targeted interventions, CVM-derived products hold the promise as immune modulators, such as adjuvants of therapeutic vaccines (Figure 3B). Jie Song and co-workers demonstrated that PGN produced by a vaginal L. crispatus strain enhanced the expression of cell-membrane TLR2 and TLR6 to activate LCs (25), which play a pivotal role in capturing and presenting HPV antigens. The products of specific bacterial components have the potential to be effective adjuvants as a series of clinical trials demonstrated enhanced efficacy of therapeutic vaccines adjuvanted with TLR agonists which could be served by bacterial products (98–101). Furthermore, bacterial vectors are increasingly explored as alternative live vectors due to their potential as “natural” adjuvants, which attributed to the wide range of pathogen-associated molecular pattern molecules and damage-associated molecular pattern molecules (102–106). Additionally, candin produced by common vaginal fungal pathobiont Candida could be utilized as adjuvant for therapeutic vaccine, which partly explain the protection of vaginal Candida against HPV infection (44, 83, 84).



Conclusion

CVM appears to play a crucial role in HPV acquisition and persistence as well as subsequent development of squamous intraepithelial lesion. Cross-sectional nature of most studies makes it difficult to derive a causal link between CVM and HPV infection or clearance. In addition, many prior reports described CVM in relatively small cohorts, which analysis results could be compounded by various factors, such as smoking and sex activities. Prospective cohort study will be needed in the future to prove that CVM could prevent HPV infection and promote HPV clearance. This information will determine the promise of CVM interventions as novel therapies, with the advantage of low-cost feasibility in developing countries. Nevertheless, it is imperative to find the most protective strains before developing CVM-targeted probiotics or prebiotics, for which the efficacy can be impacted by pre-existed CVM. For example, L. crispatus-dominated CVM confers high colonization resistance to other microbes and even probiotic L. crispatus strain, while pre-colonization of the vagina with endogenous L. iners allows growth of anaerobes. Therefore, CVM structure should be taken into consideration when it comes to assess the efficacy of specific probiotics and prebiotics. However, 16S rDNA amplicon sequencing that most studies applied has limitations in conducting strain-level analysis and microbe-microbe/host interactions of CVM, necessitating the utilization of multi-omics in analyzing “key microbial strains”. Then mechanistic studies of these strains should be conducted to further the utilization of “key microbial strains” as immune modulators in prevention and clearance of HPV infection. Given the importance of cervical epithelial LCs in presenting HPV antigens to induce HPV-specific CMI, it will be an effective mediator of therapeutic vaccine immunity. As discussed above, specific microbial strains in CVM hold the potential to activate HPV-suppressed LCs, suggesting the promise of microbial products as robust activator of immunity against HPV or adjuvants in therapeutic vaccines. In the future, the combination of culture-independent and -dependent techniques should be applied to screen promising microbial strains and products which functions can be assessed in cell lines or animal models. Lastly, though VMT can modify the whole cervicovaginal microenvironment, randomized, placebo-controlled studies for large cohorts are required to determine the clinical efficacy as well as long-term benefits.
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Objectives

Accurate prediction of prognosis will help adjust or optimize the treatment of cervical cancer and benefit the patients. We aimed to investigate the incremental value of radiomics when added to the FIGO stage in predicting overall survival (OS) in patients with cervical cancer.



Methods

This retrospective study included 106 patients with cervical cancer (FIGO stage IB1–IVa) between October 2017 and May 2019. Patients were randomly divided into a training cohort (n = 74) and validation cohort (n = 32). All patients underwent contrast-enhanced computed tomography (CT) prior to treatment. The ITK-SNAP software was used to delineate the region of interest on pre-treatment standard-of-care CT scans. We extracted 792 two-dimensional radiomic features by the Analysis Kit (AK) software. Pearson correlation coefficient analysis and Relief were used to detect the most discriminatory features. The radiomic signature (i.e., Radscore) was constructed via Adaboost with Leave-one-out cross-validation. Prognostic models were built by Cox regression model using Akaike information criterion (AIC) as the stopping rule. A nomogram was established to individually predict the OS of patients. Patients were then stratified into high- and low-risk groups according to the Youden index. Kaplan–Meier curves were used to compare the survival difference between the high- and low-risk groups.



Results

Six textural features were identified, including one gray-level co-occurrence matrix feature and five gray-level run-length matrix features. Only the FIGO stage and Radscore were independent risk factors associated with OS (p < 0.05). The C-index of the FIGO stage in the training and validation cohorts was 0.703 (95% CI: 0.572–0.834) and 0.700 (95% CI: 0.526–0.874), respectively. Correspondingly, the C-index of Radscore was 0.794 (95% CI: 0.707–0.880) and 0.754 (95% CI: 0.623–0.885). The incorporation of the FIGO stage and Radscore achieved better performance, with a C-index of 0.830 (95% CI: 0.738–0.922) and 0.772 (95% CI: 0.615–0.929), respectively. The nomogram based on the FIGO stage and Radscore could individually predict the OS probability with good discrimination and calibration. The high-risk patients had shorter OS compared with the low-risk patients (p < 0.05).



Conclusion

Radiomics has the potential for noninvasive risk stratification and may improve the prediction of OS in patients with cervical cancer when added to the FIGO stage.
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Introduction

Cervical cancer is one of the fourth most common female malignancies worldwide (1). More than 80% of patients are typically diagnosed at a locally advanced stage (2). Five-year overall survival (OS) can be significantly distinct, ranging from 80% (stage IB) to 15% (stage IVa-b) (3). Despite the fact that outcomes of cervical cancer had been improved with multimodality treatment, around 30%–40% of patients still suffer from recurrence (4). Thus, it is of great significance to identify high-risk patients who may benefit from aggressive treatment.

The International Federation of Gynecology and Obstetrics (FIGO) stage has been established as the most crucial prognostic factor for cervical cancer (5). The treatment modality choice is mainly based on the FIGO stage and N staging (6). However, clinical outcomes are markedly different among patients with similar stages (6). Imaging plays an essential role in the pre-treatment evaluation of cervical cancer. However, conventional medical images only provide structural information of cancer; it fails to detect the intratumoral heterogeneity associated with treatment response and prognosis (7). Thus, the search for new non-invasive biomarkers with the potential to offer more specific tumor characterization before therapy is urgently needed, which may inform clinicians to make a more individualized treatment plan.

Statistical models, medical images, and machine learning have been widely used for outcome prediction in cervical cancer. Machine learning has merits in dealing with the complexity of high-dimensional data and discovering prognostic factors. Radiomics refers to a variety of mathematical methods such as machine learning that converts digital medical images into a huge number of minable high-dimensional features for cancer diagnosis or prediction (8, 9). Radiomic signature can be used as a surrogate biomarker for biological tumor traits such as tumor morphology and intratumor heterogeneity (10, 11). Currently, radiomics has been used to predict tumor stage, histological type, lymph node metastasis, relapse, and survival in patients with cervical cancer (12). However, the additional value of radiomics to the FIGO stage in prognostication of cervical cancer remains unclear. Thus, this study aimed to develop and validate a radiomic model for predicting survival in patients with cervical cancer.



Materials and Methods


Patient Cohort

This retrospective study included patients with a diagnosis of cervical cancer between October 2017 and May 2019 at our institution. Inclusion criteria were (1) patients with histologically confirmed cervical cancer, (2) patients with tumor staged IB1-IVa (FIGO 2009 definition), (3) patients who were not previously treated with any anti-cancer treatment, and (4) patients who underwent a pre-treatment contrast-enhanced computed tomography (CT) scan. Exclusion criteria were (1) patients with a history of previous chemotherapy or radiotherapy, (2) patients with a diagnosis of other cancers, or (3) patients with distant metastatic disease (para-aortic nodes involvement was not included). Institutional ethics review board approval was acquired for this study and written informed consent was waived. Finally, a total of 106 patients (mean age, 63.8 years) were included in this study. Eligible patients for the radiomic study were randomly divided into a training cohort (n = 74) and a validation cohort (n = 32). The clinical information of patients was collected from electronic medical records, including age, FIGO stage, histological type, differentiation, lymph node metastasis (LNM), and treatment regimens. Of note, a lymph node with a short-axis diameter larger than 10 mm was considered to be metastasis (13).



Treatment Characteristics and Follow-Up

All patients were treated with image-guided external beam radiotherapy (EBRT) and brachytherapy (BT), to a total dose of 85–90 Gy (EQD2, equivalent dose in 2 Gy single dose fractions). EBRT was delivered in 1.8–2.0 Gy/fraction, to a range of 45–50 Gy, using a 3D conformal technique. BT boost was volumetrically planned and delivered as weekly high-dose-rate fractions of 8 Gy EQD2 each after 15 times of EBRT. The external irradiation was not performed on the day of intracavitary and interstitial after loading BT. The radiation volumes covered the pelvic cavity and, if clinically indicated, the para-aortic and/or inguinal nodal regions. CT-positive lymph nodes were simultaneously boosted to a total dose of 55–60 Gy. Concurrent weekly chemotherapy with cisplatin (40 mg/m2) was delivered for 4–6 weeks or carboplatin (AUC = 2) when feasible. The endpoint OS was defined as the interval from the date of treatment to death from any cause. The patients were followed up until November 19, 2020.



CT Image Acquisitions

CT scans were performed on a 64-row CT scanner (Somatom definition AS large-aperture, Siemens Healthcare) using the following parameters: 120-kVp tube voltage, 252-mAs tube current, a field of view (FOV) of 384 × 384 mm2, a width of detector of 40 mm, a beam pitch of 0.6, a gantry rotation time of 0.5 s, and a slice thickness of 5 mm. Iohexol (350 mg I/ml) was administrated with a rate of 2.5–3.0 ml/s through the elbow vein by a high-pressure injector. Enhanced CT images were obtained at 30 s after injection.



Radiomic Analysis

Our radiomic workflow is illustrated in Figure 1.




Figure 1 | Schematic diagram exhibition of the radiomic workflow. A radiomic study design and workflow mainly include (I) Image segmentation, (II) Radiomic feature extraction, (III) Dimension reduction and feature selection, (IV) Statistics analysis and model building. CT, computed tomography; GLCM, gray-level co-occurrence matrix; GLZSM, gray-level size zone matrix; GLRLM, gray-level run-length matrix; PCC, Pearson correction coefficient.




Image Segmentation

We used an open-source ITK-SNAP software (version 3.6.0, www.itksnap.org) for manual segmentation on CT images (Figure 2). Tumor lesion segmentation was performed on the maximum level of tumor by a radiologist (with 6-year experience) and subsequently reviewed by a board-certified radiologist (>10 years experience).




Figure 2 | Illustration of tumor segmentation on the maximum level of tumor. (A) Raw pre-contrast image; (B) pre-contrast image after delineation; (C) raw post-contrast image; and (D) post-contrast image after delineation.





Feature Extraction

The radiomic features were automatically calculated by AK software (Artificial Intelligence Kit, GE Life Sciences, AA R&D team, Shanghai, China), which comply with the standards set by the Image Biomarker Standardization Initiative. In total, 792 radiomic features were extracted from pre-contrast and post-contrast CT images, including (1) histogram features, such as energy, entropy, uniformity, skewness, and kurtosis; (2) form factor features, such as sphericity, surface area, compactness, surface volume ratio, maximum 3D diameter, spherical disproportion, volume CC, and volume MM; and (3) texture features including gray-level co-occurrence matrix (GLCM), gray-level size zone matrix (GLZSM), gray-level run-length matrix (GLRLM), and Haralick parameters. The offsets of GLCM and GLRLM were 1, 4, and 7.



Feature Pre-Processing and Selection

Feature pre-processing was done in two steps: step 1—outliers and null values were replaced by mean values, and step 2—values standardization was carried out to eliminate the influence of the dimension (14). Feature selection is a critically important step for better generalization of models because high-dimensional data usually comprise a large number of irrelevant, redundant, and noisy features, which may result in the curse of dimensionality and model overfitting (15). In terms of feature selection, Pearson correction coefficient (PCC) analysis was used to assess the correlation between feature pairs, and one feature was randomly excluded from each pair with a correlation coefficient >0.9. After this process, the dimension of the variable space was reduced, and each variable was independent of each other. Then, we used Relief, a feature weighting algorithm, to detect the most discriminatory features. Finally, radiomic signature (i.e., Radscore) based on the selected features was constructed via Adaboost with Leave-one-out cross-validation.




Prognostic Model Construction

Variables with missing data of more than 20% were excluded for analysis. The significant variables were identified by the univariate and multivariate Cox regression model. The variables with p < 0.10 in the univariate analysis were entered into multivariate analysis to obtain independent risk factors for OS (p < 0.05). The prognostic models were constructed by Cox proportional hazard model, using the Akaike information criterion (AIC) as the stopping rule. For convenient use by clinicians, we built a nomogram to individually predict the OS of patients based on the optimal prognostic model. The calibration curves reflecting the goodness of fit of the nomograms generated were assessed by plotting the predicted probabilities against the observed event proportions. The receiver operating characteristic (ROC) curve was used to determine cutoff values of models according to the Youden index to generate Kaplan–Meier curves for OS in the training and validation cohorts. The Log-rank test was used for comparisons in the Kaplan–Meier curves.



Statistical Analysis

The clinicopathologic characteristics were assessed by applying two-sample t-test, chi-squared test, or Mann–Whitney U-test in the training and validation cohorts, where appropriate. The discrimination of each model was quantified by the C-index and 95% confidence interval (CI). The models were subjected to bootstrapping validation (1000 bootstrap resamples) to obtain a relatively corrected C-index. All statistical analyses were performed using 3.6.0 R software (http://www.Rproject.org). A two-tailed p < 0.05 was considered statistically significant.




Results


The Patient Cohort of the Radiomic Study

There were no significant differences in the clinicopathologic characteristics between the training and validation cohorts (all P values >0.05) (Table 1).


Table 1 | Patients’ characteristics.





Feature Selection and Radscore Construction

A total of 428 radiomic features were retained after PCC analysis; only six texture features were then selected by Relief, including one GLCM feature (pre_GLCMEntropy_AllDirection_offset7_SD) and five GLRLM features (post_LongRunEmphasis_angle135_offset1.1, pre_LongRunEmphasis_AllDirection_offset1_SD.1, pre_LongRunLowGreyLevelEmphasis_AllDirection_offset1, post_LongRunEmphasis_angle45_offset1, and post_LongRunHighGreyLevelEmphasis_AllDirection_offset4_SD.1). Pre_ and post_ denote the pre-contrast and post-contrast features, respectively. The histogram and form factor features were omitted. The Radscore was built by the Adaboost classifier based on the six textural features.



Independent Indicators of OS

Multivariate Cox regression analysis showed that among clinicopathologic characteristics, only the FIGO stage was an independent factor of OS (p < 0.002). The hazard ratio (HR) for the FIGO stage was 3.24 (95% CI: 1.55–6.76). When adding the Radscore to the aforementioned features, only Radscore was an independent indicator of OS (p = 0.002). The HRs for the FIGO stage and Radscore were 2.07 (95% CI: 0.89–4.83) and 153.0 (95% CI: 6.29–3721.16), respectively.



Performance of Prognostic Models

The C-index of the FIGO stage in the training and validation cohorts was 0.703 (95% CI: 0.572–0.834) and 0.700 (95% CI: 0.526–0.874), respectively (Table 2). The C-index of Radscore was 0.794 (95% CI: 0.707–0.880) and 0.754 (95% CI: 0.623–0.885), respectively (Table 2). The incorporation of the FIGO stage and Radscore achieved better performance, with a C-index of 0.830 (95% CI: 0.738–0.922) and 0.772 (95% CI: 0.615–0.929), respectively (Table 2). The nomogram based on the FIGO stage and Radscore could individually predict the OS probability (Figure 3). Calibration curves demonstrated good agreement between the predicted probability and observed probability (Figure 3).


Table 2 | The performance of FIGO stage, Radscore, and the combined model for OS evaluation in patients with cervical cancer.






Figure 3 | The nomogram (A) based on the FIGO stage and Radscore was used to estimate OS individually, along with the assessment of the model calibration. Calibration curves for the nomogram to the 1-year and 2-year OS rate in the training (B) and validation cohorts (C). FIGO, International Federation of Gynecology and Obstetrics; OS, overall survival.





Kaplan–Meier Survival Analysis

Kaplan–Meier curves demonstrate that by using a cutoff value of 0.59, Radscore alone could stratify patients into the low- and high-risk groups, with significant OS differences. The high-risk patients had significantly shorter OS than the low-risk patients (training cohort: p < 0.0001; validation cohort: p = 0.03). The combined FIGO stage and Radscore could achieve better risk stratification using a cutoff value of 0.57 (training cohort: p < 0.0001, validation cohort: p = 0.02) (Figure 4).




Figure 4 | Kaplan–Meier curves of the high- and low-risk patients stratified by the combined model in the training cohort and validation cohort.






Discussion

In this radiomic study, we demonstrated that capturing intratumoral radiomics from pretherapy CT images could significantly improve the performance of the FIGO stage for OS evaluation. The combined model yielded the optimal performance for OS prediction in patients with cervical cancer. We established a radiomic nomogram derived from a combined model to individually estimate the OS of patients. The nomogram could successfully stratify these patients into high-risk and low-risk subgroups, and these two subgroups had different OS in both training and validation cohorts.

Prognosis evaluation in advance will greatly improve the treatment outcome in patients with cervical cancer. The most relevant tumor-related prognostic factors for locally advanced cervical cancer are tumor size at diagnosis, FIGO stage, and LNM (6, 16). However, our work showed that only the FIGO stage was an independent risk factor of OS in stage IB1–IVa cervical cancer. FIGO stage is the current standard staging system for cervical cancer based on findings from physical inspection and imaging examinations (17). The limitations of the FIGO stage are that it depends on many examinations and its classification is not objective enough (18). Therefore, an objective and efficient evaluation method that complements cervical cancer staging is of clinical significance.

The current radiomic workflow consists of adding quantitative data to visual analysis rather than replacing it entirely (19). In the field of oncology, translational approaches are increasingly explored, for instance, Radiogenomics. Such studies usually need “big data” approaches and collaborative research (20). In this work, we proposed a new approach, translational but able to be quickly implemented for clinicians. To the best of our knowledge, this is the first study to integrate accessible FIGO stage and radiomic features extracted from pre-treatment CT images to predict the survival of cervical cancer. Radscore may be a more powerful predictor compared with the FIGO stage. With the help of Radscore, the prognostic value of the FIGO stage was significantly improved, leading to better risk stratification of patients. This score may be used for adaptive strategies to improve patient outcomes.

Radiomics has been involved in many aspects of cervical cancer, including prediction of tumor staging (21, 22), histological grading (23, 24), lymphovascular space invasion (LVI) (25), LNM (26–36), treatment response (37–42), and outcome (43–48) based on multimodal imaging tools (e.g., CT, MRI, and PET/CT). In clinical practice, the issues of most concern may be the evaluation of LNM, treatment response, and survival prediction. Hence, most radiomic studies focused on the evaluation of these in a non-invasive way. LNM is a key prognostic factor that affects the treatment decision and survival in cervical cancer. Song et al. combined the Radscore and morphological features of lymph nodes to assess the LNM in cervical cancer patients (26). Some studies developed radiomic models based on Radscore and clinical factors (e.g., MRI-reported lymph node status and FIGO stage) for predicting LNM in cervical cancer (27–36). Treatment response to neoadjuvant or concurrent chemotherapy may have a significant impact on patient management by identifying tailored approaches for patient subgroups to achieve a better clinical outcome. All relevant studies showed the additional value of radiomics to clinical factors and its potential to screen patients who are sensitive to chemotherapy (37–42). Survival evaluation is an eternal proposition for the field of oncology, which may benefit treatment strategies and follow-up plans. Ferreira et al. tested the feasibility of PET radiomic features combined with clinical information in predicting disease-free survival (DFS) in patients with cervical cancer (43). Fang et al. used MRI-based Radscore, LNM, and LVI to predict the DFS of early-stage cervical cancer (45). Lucia et al. found that the combination of PET/CT and MRI could result in more favorable survival prediction (47). Another study suggested that Radscore could enhance the prediction efficiency of conventional PET parameters in cervical cancer (48). In this current study, the results indicated that Radscore was an independent risk factor strongly associated with OS of cervical cancer and only texture features contributed to the survival prediction in cervical cancer. The HR of the Radscore was significantly higher than that of the FIGO stage, suggesting that the Radscore may provide more prognostic information than the FIGO stage in predicting the OS.

This study also had some limitations. First, selection bias was inevitable because of a retrospective study. Second, the sample size was small for a radiomic study. However, we performed a bootstrap to obtain corrected results. Third, the overall treatment times were not readily available, which is a well-recognized factor in cervical cancer outcomes. Fourth, this study had no local/regional failures, recognizing the short follow-up time. The additional evaluation of local control could be more clinically significant. Fifth, our radiomic features were extracted from CT images; those features from MRI or PET/CT images may provide different information about intratumoral heterogeneity. Sixth, the image analysis was based on the maximum level of the tumor instead of the whole tumor. However, some previous studies (45, 49) showed that the predictive performance of features extracted from the maximum level of the tumor was higher than that of those features extracted from the whole tumor. Two-dimensional features may increase the robustness of features compared with three-dimensional features. Seventh, the biological interpretation of radiomics remains an open question warranting further investigation (50). Finally, this is a single-institution study that needs external validation of the findings.

In conclusion, this present study provided a combined model, incorporating the FIGO stage and a Radscore derived from CT-based textural features, with favorable performance, and the study developed a noninvasive radiomic nomogram based on the results of the combined model for the pretherapy and personalized estimation of OS in patients with cervical cancer. In addition, the combined model serves as a collection of potential biomarkers and perfectly stratifies these patients into high-risk and low-risk subgroups. The identification of high-risk patients at diagnosis can allow tailored treatments involving higher doses of radiation boost, consolidation chemotherapy, and/or adjuvant hysterectomy, when indicated, and should be confirmed in external cohorts and prospective studies.
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Background

The molecular profile of endometrial cancer has become an important tool in determining patient prognosis and their optimal adjuvant treatment. In addition to The Cancer Genome Atlas (TCGA), simpler tools have been developed, such as the Proactive Molecular Risk Classifier for Endometrial Cancer (ProMisE). We attempted to determine a genetic signature to build a recurrence risk score in patients diagnosed with low- and intermediate-risk endometrial cancer.



Methods

A case-control study was conducted. The eligible patients were women diagnosed with recurrence low- and intermediate-risk endometrial cancer between January 2009 and December 2014 at a single institution; the recurrence patients were matched to two nonrecurrence patients with the same diagnosis by age and surgical staging. Following RNA isolation of 51 cases, 17 recurrence and 34 nonrecurrence patients, the expression profile was determined using the nCounter® PanCancer Pathways Panel, which contains 770 genes.



Results

The expression profile was successfully characterized in 49/51 (96.1%) cases. We identified 12 genes differentially expressed between the recurrence and nonrecurrence groups. The ROC curve for each gene was generated, and all had AUCs higher than 0.7. After backward stepwise logistic regression, four genes were highlighted: FN1, DUSP4, LEF1, and SMAD9. The recurrence risk score was calculated, leading to a ROC curve of the 4-gene model with an AUC of 0.93, sensitivity of 100%, and specificity of 72.7%.



Conclusion

We identified a four-gene signature that may be associated with recurrence in patients with low- and intermediate-risk endometrial cancer. This finding suggests a new prognostic factor in this poorly explored group of patients with endometrial cancer.
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Introduction

Endometrial cancer is the most prevalent gynecological tumor in developed countries, such as the USA and members of the European Union (1). The number of cases in the last decade have increased, possibly due to the increase in obesity in these countries (2). In Brazil, endometrial cancer is the eighth most commonly diagnosed cancer in women, with 6,540 new cases in 2020 (3). When diagnosed at an early stage, these patients have an excellent prognosis. Countless risk stratifications associate staging with other variables, such as tumor grade, lymphovascular space invasion (LVSI) and histology, to define sequential adjuvant treatments (4).

Traditionally, it has been considered two distinct diseases since Bokhman’s publication in the early 1980s (low-grade endometrioid adenocarcinomas (type I, “well-differentiated”) and nonendometrioid carcinomas (type II, “poorly differentiated”) (5). Recently, The Cancer Genome Atlas (TCGA) project changed the understanding of the carcinogenesis of this tumor, leading to four molecular subgroups with different prognoses (DNA polymerase epsilon (POLE) ultramutated, microsatellite instability (MSI) hypermutated, copy number (CN) low, and CN high) (6). Due to the complexity (whole genome sequencing, exome sequencing, microsatellite assays, and CN aberration analysis), costs, and need for ideally frozen tissue for reproducibility of this classification in clinical practice, new methodologies have been developed. The two most currently used are the Proactive Molecular Risk Classifier for Endometrial Cancer (ProMisE) and Leiden/TransPORTEC classification, in which the four groups with different prognoses are also described (7, 8). Immunohistochemistry was used to detect the presence/absence of mismatch repair (MMR) proteins and to evaluate TP53 mutations, and only one step used genetic sequencing (next-generation or Sanger sequencing) to identify POLE hotspot exonuclease domain mutations (7, 8).

Using the TCGA consortium database, some studies have built prognostic models of endometrial cancer recurrence according to genetic signatures or evaluated RNA expression (9, 10). Furthermore, other studies correlate potential genetic signatures with histopathological markers such as tumor-infiltrating immune cells (11, 12).

The aim of this study was to determine a genetic signature of recurrence risk in patients diagnosed with low- and intermediate-risk endometrial cancer in routine formalin-fixed paraffin-embedded (FFPE) tissue using a large panel of 770 genes covering 13 key cancer-related pathways by NanoString, a highly sensitive and robust methodology for RNA expression of FFPE samples.



Material and Methods


Patients and Specimens

From a retrospective cohort of 195 patients diagnosed with low- and intermediate-risk endometrial cancer between January 2009 and December 2014 at Barretos Cancer Hospital (BCH), two pathologists with oncogynecologic expertise reviewed the initial report of all patients to confirm their diagnosis. Clinical and pathological features were obtained from the medical records. Of the 22 patients who initially presented recurrence, the diagnosis remained low- and intermediate-risk endometrial cancer for 17 patients. We define low- and intermediate-risk endometrial cancer according to the European Society of Medical Oncology (ESMO)-modified criteria (4). Based on these results, a case-control study was carried out. Nonrecurrence patients with the same histopathological diagnosis were matched to recurrence cases in a 2:1 ratio by age and FIGO (International Federation of Gyneocologic and Obstetrics) staging (IA and IB). Overall, 51 patients (17 recurrence and 34 non-recurrence) were analyzed.

This study was conducted following the ethical principles of the Declaration of Helsinki, and the BCH Ethical Review Board approved it in March 2017 (Reference number 1.942.488).



DNA and RNA Isolation

DNA and RNA were isolated from 10 µm-thick formalin-fixed paraffin-embedded (FFPE) tumor samples sectioned on slides, as previously reported (13). One slide was stained with hematoxylin and eosin (H&E) and evaluated by experienced pathologists for identification, sample adequacy assessment, and selection of the tumor tissue area (minimum of 60% tumor area). DNA and RNA were isolated using the QiaAmp DNA Micro kit (Qiagen, Hilden, Germany) and the RecoverAll™ Total Nucleic Acid Isolation kit (Ambion by Life Technologies, Austin, TX, USA), respectively. The quality and concentration of DNA and RNA were measured by both a NanoDrop ND-200 spectrophotometer (NanoDrop Products, Wilmington, DE, USA) and Qubit Fluorometric Quantitation (Thermo Fisher Scientific, USA). The samples were stored at -80°C until molecular analysis.



ProMisE Evaluation

The ProMisE assessment was performed using molecular methodologies, namely, molecular evaluation of MSI, TP53 mutation analyses by next-generation sequencing, and POLE hotspot mutations by Sanger sequencing.

To define MSI, we performed hexaplex PCR with six monomorphic mononucleotide markers (NR21, NR24, NR27, BAT25, BAT26, and HSP110), followed by fragment analysis in a 3500XL Genetic Analyzer sequencer (Applied Biosystems, Foster City, CA, USA), as previously described by our group (14). The presence of two or more markers with instability classified the cases as high microsatellite instability (MSI-H), the presence of one marker with instability was classified as low MSI (MSI-L), and the absence of any marker with instability as microsatellite stable (MSS). Presence of MSI was determined only for MSI-H cases.

To evaluate POLE mutations, we used direct Sanger sequencing, as described by Britton et al. PCR was performed using targeted primers for the exonuclease domain (exons 9-14) of POLE (15). The purified samples were subjected to capillary electrophoresis in a 3500XL Genetic Analyzer sequencer (Applied Biosystems, Foster City, CA, USA), and the results were analyzed with SegScape v2.7 software (Applied Biosystems, Foster City, CA, USA).

TP53 mutations were detected with an NGS-based assay using the Illumina TruSight Tumor 15 (TST15) on the MiSeq instrument (Illumina, San Diego, CA, USA) according to the manufacturer’s instructions, as previously reported (16). The TST15 panel assesses all coding sequences of the TP53 gene. Read alignment and variant calling were performed with BaseSpace BWA Enrichment version 2.1 (Illumina, San Diego, CA, USA) and Sophia DDM® software version 5.7.3 (Sophia Genetics SA, Switzerland). The identification of pathogenic variants occurred after the application of filters to remove low-quality variants. Variants with < 500X read depth, VAF <10%, and intronic, intergenic, 3’ UTR, and synonymous variants were excluded. Thereafter, the variants that presented as polymorphisms, within a frequency >1% in the GnomAD database, were removed (those that had no population frequency information followed in the analyses). Finally, the pathogenicity of variants was checked in the databases ClinVar, IARC TP53, COSMIC, and CGI.



NanoString nCounter Analysis

Samples were processed for analysis on the NanoString nCounter Flex system using the 770 gene nCounter® PanCancer Pathways Panel (NanoString Technologies, Inc., Seattle, WA, USA), as previously reported (17). This panel assesses 13 cancer-associated canonical pathways related to basic cancer biology (Notch, Wnt, Hedgehog, Chromatin modification, Transcriptional regulation, DNA damage control, TGF-β, MAPK, STAT, PI3K, RAS, Cell cycle, Apoptosis). Briefly, 100 ng of total RNA, quantified by a Qubit Fluorometric System (Thermo Fisher Scientific, USA), from each sample was hybridized for 21 hours at 65°C, followed by purification and RNA/probe complex immobilization in nCounter PrepStation (NanoString Technologies, Inc., Seattle, WA, USA) and cartridge scanning in a digital analyzer (NanoString Technologies, Inc., Seattle, WA, USA), according to the manufacturer’s protocol. Reading with 280 field-of-views (FOVs) was used in the study samples.



Bioinformatics and Statistical Analysis

We used nSolver™ Analysis Software, version 4.0 (NanoString Technologies, Inc., Seattle, WA, USA) to assess the quality control parameters of all samples. Further analyses were performed using the R language and environment for statistical computing (R-project (v3.6.3); The R Foundation, Vienna, Austria) (18). The quantro package (v1.18.0) was applied for cartridge evaluation and to assist in choosing the normalization method. The gene expression data were normalized by the quantile method implemented in the NanoStringNorm package and transformed into a log2 scale. RNA differential expression was evaluated in the NanoStringNorm package considering two different groups (recurrent vs. nonrecurrent low- and intermediate-risk endometrial cancer) with a significance level of p ≤ 0.01 and fold change of 2.0 (19). Heatmaps and hierarchical clustering of differentially expressed genes were built with the ComplexHeatmap package (v2.0.0) (20). The STRING database was applied to predict interaction networks from differentially expressed genes (21).

Through the ROC curves, we evaluated the sensitivity and specificity of differential RNA expression by comparing patients with recurrence with those who did not have recurrence using the pROC package (22). An area under the curve (AUC) above 0.7 was considered acceptable for further gene evaluation. We used the backward stepwise logistic regression technique within the MASS package (version 7.3.53) to build a recurrence risk model according to the RNA expression of the samples.

Data analysis was performed using IBM Statistical Package for the Social Sciences (SPSS) database version 27.0 (SPSS, Chicago, IL, USA). Descriptive statistical analysis for quantitative variables used mean, maximum, and minimum and for qualitative variables used percentage. Once the variables were defined, univariate analysis was performed using the chi-square test and Mann-Whitney’s U-test. Variables with a p value < 0.2 in univariate analyses were entered into the logistic regression analysis. The threshold for statistical significance was 5%. Study data were collected and managed using REDCap (Research Electronic Data Capture) electronic data capture tools hosted at BCH (23).




Results


Patient Features

The clinical and pathological information of the two groups is summarized in Table 1. More than 96% of patients are ECOG 0-1. In the recurrence group, we had four patients diagnosed with endometrial adenocarcinoma with squamous differentiation, whereas in the nonrecurrence group, we did not have any diagnosis of this histological subtype (p = 0.01). There was a higher prevalence of white patients in the recurrence group (94.1%) than in the nonrecurrence group (70.6%) (p = 0.075). Other clinical and pathological features were well balanced between the two groups.


Table 1 | Clinical and pathological characteristics of patients with low- and intermediate-risk endometrial cancer.



Of the 51 samples that were sequenced for ProMisE, we observed a high frequency of inconclusive results due to the poor quality of the DNA obtained, hampering meaningful analysis. The assessment of MSI was inconclusive in one case, and among the other 50 cases, 12 (24%) were MSI-H. Of the 39 remaining samples for POLE sequencing, 18 were inconclusive, and only one (4.8%) was mutated [exon 9 – c.857C>G; p. (Pro286Arg)]. Concerning the 38 samples for TP53 mutation analysis, 10 cases (66.7%) were wild-type, and five (33.3%) were mutated (Supplementary Table 1). There was no difference between the four groups of the ProMisE methodology and the increased chance of recurrence (p = 0.823).



Gene Expression

Concerning the gene expression profile, 49 of the 51 cases (96%) were conclusive, leading to 16 recurrence and 33 nonrecurrence samples for further analysis. Two samples were excluded due to low-quality RNA. The expression profile based on unsupervised clustering showed 12 genes with differential RNA expression between the two groups studied (Figure 1). The LEF1, PLA2G4A, DKK1, BMP4, FGF19, FN1, SMAD9, and DUSP4 genes showed increased RNA expression in the recurrence group, while HIST1H3G, SIX1, TNF, and IL8 were downregulated compared to nonrecurrence group.




Figure 1 | Hierarchical clustering of the 12 RNAs differentially expressed between patients who presented recurrence (pink) compared to those who did not relapse (purple). On the right side: gene expression scaling from dark blue (downregulated) to dark red (upregulated).



We next generated a ROC curve for each of the 12 genes described above to assess the performance of each gene to discriminate between the recurrence and nonrecurrence groups (Table 2). All 12 genes presented an AUC higher than 0.7.


Table 2 | Differentially expressed genes between the recurrence and nonrecurrence groups.



To understand the crosstalk among the 12 genes, an interaction network was constructed and is depicted in Figure 2. Except for the DUSP4 and HIST1H3G genes, interactions are known among the differentially expressed genes.




Figure 2 | STRING interaction network of the 12 genes differentially expressed in the recurrence and nonrecurrence groups of patients [known interactions (light blue – from curated databases; purple – experimentally determined); predicted interactions (green, gene neighborhood; red, gene fusions; dark blue, gene cooccurrence); others (yellow, text mining; black, coexpression; gray, protein homology)].





Recurrence Risk Score

Based on the 12 differentially expressed genes, we applied logistic regression to build a recurrence risk score (RRS) and improve predictive performance. Through the backward stepwise logistic regression model, four genes with the best performance were selected: FN1, DUSP4, LEF1, and SMAD9 (increased RNA expression in the recurrence cases). The RRS was calculated as the logit from the logistic regression as follows: RRS = -21.14 + 1.02*FN1 + 1.07*DUSP4 + 0.6211*LEF1 + 0.8832*SMAD9 (Supplementary Table 2).

Univariate analysis was performed to calculate the odds ratio (OR) for each gene and for the final score (Table 3). Cases with overexpression of the FN1 gene had an OR of 3.3 for recurrence compared to cases without overexpression. In addition, the final gene score showed an OR of 2.7 for recurrence.


Table 3 | Selected genes predicting recurrence in low- and intermediate-risk endometrial cancer.



Moreover, the combination of the expression of the four genes showed an AUC of 0.93, a sensitivity of 100%, and a specificity of 72.7% to identify low- and intermediate-risk endometrial cancer with recurrence trough the RNA expression (Figure 3).




Figure 3 | Receiver operating characteristic (ROC) curve of the recurrence risk score (RRS). Sensitivity and specificity were determined by the Youden index.



We performed a logistic regression analysis with the four differentially expressed genes score and two significant clinicopathological variables (ethnicity and histological subtype). The histological subtype variable was withdrawn from this model since one of its categories did not contain subjects (no endometrioid with squamous differentiation in the nonrecurrence group), resulting in no data conversion to the odds ratio value. Using a backward stepwise logistic regression technique, a new model was constructed with two parameters: four differentially expressed genes score (OR: 2.616; p = 0.001) and white ethnicity (OR: 0.299; p = 0.342).




Discussion

In this study, we characterized the expression profile of two distinct groups (recurrence and nonrecurrence) of low- and intermediate-risk endometrial cancer. Twelve genes were differentially expressed. After performed a logistic regression, four genes remained to define a possible RRS model, exhibiting an impressive AUC of 0.93, with a sensitivity of 100% and a specificity of 73%. To the best of our knowledge, this is the first study to identify a gene signature associated with recurrence in low- and intermediate-risk endometrial cancer.

The four genes are associated with important cancer pathways, namely, the MAPK/PI3K pathways (FN1 and DUSP4), the Wnt pathway (LEF1), and the TGF pathway (SMAD9).

The Wnt/beta-catenin signaling pathway plays an essential role in tumorigenesis and recurrence in endometrial cancer. Two studies demonstrated the role of the beta-catenin/CTNNB1 gene as a poor prognostic factor in low-risk endometrial cancer (24, 25). First, in a large study with 342 patients with low-grade and early-stage endometrial cancer through next-generation sequencing, the worst recurrence-free and overall survival was demonstrated in patients with CTNNB1 and TP53 mutations (24). In a case-control study similar to ours with recurrent stage I and grade 1 endometrioid endometrial cancers, Moroney et al. showed that CTNNB1 mutations are present at higher rates in recurrent patients (25).

LEF1 (lymphoid enhancer factor) is a nuclear transcription factor that interacts with beta-catenin to activate the Wnt pathway (26). The role of LEF1 protein overexpression in the carcinogenesis of endometrial cancer may be related to the modulation of cell surface adhesion proteins, influencing the prognosis of this tumor (27). A study with LEF1 knockout mice demonstrated its importance in endometrial cancer carcinogenesis. The LEF1 protein is essential in uterine glandular formation, and its overexpression possibly influences the disordered growth of glandular cells and the development of cancer (28).

The MAPK/PI3K pathway is a central pathway in the tumorigenesis of several tumors, and it is even a target in breast cancer treatment (29). The role of FN1, which encodes fibronectin, and DUSP4, which encodes dual-specificity protein phosphatase 4, in endometrial cancer is not well understood. A recent study by Raglan et al. evaluated the TCGA proteomic data of 560 endometrial cancers and demonstrated that obese patients without cancer had upregulation of several proteins, including DUSP4 (30). Another recent study evaluated the predictive model of lymph node involvement in endometrial cancer using a combined proteomic and transcriptomic approach. The authors reported that high protein expression of fibronectin, cyclin D1, and tumor grade were associated with lymph node involvement. Moreover, overexpression of both FN1 and CCND1 (cyclin D1 encoded gene) genes correlated with greater potential for mesenchymal invasion (31).

The third pathway identified was TGF-β through the overexpression of the SMAD9 gene. This gene belongs to the SMAD superfamily (Drosophila mothers against decapentaplegic protein) made up of important cytokines in the TGF-β family (32). SMAD9 overexpression is associated with the prevalence of hamartomatous polyposis and is a prognostic factor for lung cancer (33, 34). So far, no studies have addressed its impact in endometrial cancer.

Analyzing the clinical and pathological features of this case-control study, having squamous differentiation in the histopathological diagnosis could be a risk factor for recurrence in this population, according to previously published studies (35, 36). Related to ethnicity, some studies have already shown less medical access in the nonwhite population in the USA impacting oncologic outcomes (37); however, demonstrated a risk due to ethnicity itself. In this study, there was a higher prevalence of white patients in the recurrence group.

Despite these notable findings, our study has some limitations, such as having a small sample size and a retrospective nature. The small number of cases can be explained by the excellent prognosis and low risk of recurrence in low- and intermediate-risk endometrial cancer patients. Therefore, validation of this 4-gene signature in a larger cohort is needed to confirm its predictive value. Moreover, it would be interesting to validate these 4 biomarkers by other methodologies, such as immunohistochemistry. On the other hand, our study has several strengths. First, the robustness of the NanoString methodology proved to be effective for gene expression evaluation in routine samples, even after many years of storage, up to 10 years in our study (38). Second, we evaluated a restricted subpopulation of endometrial cancer to detect risk factors for recurrence in this population. As this is a retrospective study, all patients who relapsed and their matched controls had their pathological reports reviewed by expert gynecologic oncology pathologists to minimize selection bias. Some studies have shown that gynecologic oncology has one of the highest rates of disagreement in the expert pathologist’s report compared to the nonspecialized report (39, 40). In addition, this case-control study represents the experience of a reference cancer center hospital where well-defined treatment protocols minimize possible sample heterogeneity.



Conclusion

For the first time, we identified a four-gene signature associated with recurrence in low and intermediate endometrial cancer. Additionally, the four genes (FN1, DUSP4, LEF1, and SMAD9) identified can shed light on the mechanisms of recurrence in endometrial cancer. This study can pave the way for personalized approaches of low- and intermediate-risk endometrial cancer.
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Introduction

The Cancer Genome Atlas (TCGA) project identified four distinct prognostic groups in endometrial cancer (EC), among which two are correlated with an intermediate prognosis: the MisMatch Repair-deficient (MMRd) and the No Specific Molecular Profile (NSMP) groups. The two groups represent a heterogeneous subset of patients frequently harboring CTNNB1 alterations with distinctive clinicopathologic features. The study aimed to evaluate the miRNA expression in ECs to identify potential biomarkers of prognosis.



Methods

We analyzed miRNA expression in 72 ECs classified as MMRd or NSMP including 15 ECs with CTNNB1 mutations. In the discovery step, miRNA expression was evaluated in 30 cases through TaqMan miRNA arrays. Subsequently, four miRNAs were validated in the total cohort of ECs. The data were further tested in the TCGA cohort, and correlations with overall survival (OS) and progression-free interval (PFI) were evaluated.



Results

miR-499a-3p and miR-499a-5p resulted to be overexpressed in CTNNB1 mutant EC patients at intermediate risk. Similarly, in the TCGA cohort, miR-499a-3p and miR-499a-5p were differentially expressed between CTNNB1 mutant and wild-type patients (p < 0.0001). NSMP patients with low miR-499a-5p expression showed longer OS (p = 0.03, log-rank test). By combining miR-499a-3p or -5p expression levels with the CTNNB1 status, ECs with CTNNB1 mutation and lower miR-499a-5p expression showed better OS compared with the other subgroups (p = 0.03, log-rank test), among the NSMP patients. Moreover, in a multivariate analysis, combination of wild type CTNNB1 status and high miR-499a-5p expression was indipendently associated with high risk of death [HR (95%CI): 3.53 (1.1-10.5), p = 0.02].



Conclusion

Our results suggest that the combination of CTNNB1 status and miR-499a-5p allows a better stratification of NSMP patients and could promote a personalization of the treatment in intermediate-risk patients.





Keywords: endometrial cancer, miRNA—microRNA, MMRd, TCGA, prognostic biomarkers, personalized medicine, NSMP



Introduction

Endometrial cancer (EC) is the most common gynecological cancer, with an increasing incidence in Western countries ranging between 15 and 25 per 100,000 women (1, 2).

Historically, three distinct but overlapping EC classifications have been proposed to define prognosis (3): pathogenetic, histopathological, and molecular classification. However, despite their merits, the three classifications are not able to uniquely define the complexity and heterogeneity of the disease and present various issues. Histopathological parameters used alone to identify risk factors are not always easily reproducible, particularly in high-grade carcinomas and those with intratumoral heterogeneity (4–8).

To overcome this kind of problems, recently, The Cancer Genome Atlas (TCGA) endometrial collaborative project identified four distinct prognostic EC groups based on molecular alterations: (i) the ultramutated subtype that encompassed POLE exonuclease domain mutated (POLE) cases (excellent prognosis); (ii) the hypermutated subtype, characterized by MisMatch Repair deficiency (MMRd) (intermediate prognosis); (iii) the copy-number high subtype, with p53 abnormal/mutated features (p53abn) (poor prognosis); and (iv) the copy-number low subtype, also known as No Specific Molecular Profile (NSMP) (intermediate prognosis) (9). However, in order to translate the proposed TCGA scheme into clinical practice, two independent research groups proposed and validated surrogate markers (POLE mutation, microsatellite instability, and p53abn to improve the integration of the TCGA classification in the routine clinical practice (9–12). In 2021, the European Society of Gynecological Oncology (ESGO), the European Society for Radiotherapy and Oncology (ESTRO), and the European Society of Pathology (ESP) published updated guidelines for the determination of the risk group in EC, integrating both molecular and clinicopathological diagnostic variables, with the aim of improving patients’ treatment (13).

The ESGO/ESTRO/ESP guidelines consider all POLE mutant ECs up to stage II to be at low risk of recurrence regardless of other ESMO risk parameters, and adjuvant treatments are deemed unnecessary in these cases. The p53abn group benefits from adjuvant therapy which is also expected to be aggressive independently of histology and different managements for these two entities may not be recommended. Within the MMRd and NSMP groups, which have an intermediate prognosis, FIGO grade, LVSI, and depth of myometrial invasion are critical factors for risk stratification. Thus, in these two groups, treatment continues to rely largely on conventional risk factors, and the choice of the most appropriate adjuvant therapies remains a challenge. MMRd ECs represent a heterogeneous group of cancers. A better stratification within this group to select therapies is needed in consideration that a subgroup of MMRd ECs exhibiting MLH1 promoter methylation presents a worse prognosis than other MMRd ECs (14). In the NSMP group, the absence of specific molecular signatures appears to be accompanied by a more heterogeneous biological behavior than the other TCGA groups. This group mainly includes low-grade endometrioid-type ECs characterized by alterations in PI3K/AKT and Wnt/β-catenin signaling pathways often with mutations on exon 3 of CTNNB1 (52%). Although a few studies have characterized the CTNNB1 alterations in EC (15, 16), its prognostic significance among NSMP ECs is not completely understood; moreover, it is not clear if CTNNB1 mutations could indicate a distinct molecular group (17). This shows that integration of different prognostic factors may serve to accurately define the risk classes, leading to a more precise characterization of ECs which are extremely heterogeneous and sometimes unclassifiable.

MicroRNAs (miRNAs) are small non-coding RNAs spanning between 18 and 25 nucleotides in length, which are able to regulate specific target genes at the posttranscriptional level by inhibiting their expression (18). Consequently, miRNAs deregulation can have a deep impact on key cellular processes which, in turn, could drive carcinogenesis or promote cancer progression. In recent years, many studies investigating miRNA expression level in EC have been published, shedding light on this heterogeneous disease (19). However, identifying novel potential diagnostic biomarkers remains an unmet clinical need, particularly within the EC patients with intermediate prognosis who represent the most difficult category to manage from a clinical point of view (i.e., NSMP and MMRd groups).

Based on the above, we aimed to characterize the miRNA expression level in these groups defined as at intermediate risk, considering the CTNNB1 status, in order to better stratify these patients. To do that, we first focused on the NSMP and MMRd EC patients comparing patients harboring, or not, CTNNB1 mutations; secondly, we tested our findings in the TCGA EC cohort to corroborate them.



Material and Methods


Tumor Specimen Collection

Starting from a cohort of 117 consecutive surgical EC specimens characterized and divided into four groups according to the molecular classification, we selected the ones identified as NSMP or MMRd. Formalin-fixed, paraffin-embedded (FFPE) primary tumors from 72 EC patients were included in the study. Tumor samples were collected at the time of hysterectomy for EC; patients submitted to previous radiotherapy or chemotherapy treatment were excluded. FFPE specimens were retrieved from the archives of the departments of pathology of the IRCCS Azienda Ospedaliero-Universitaria of Bologna between 2014 and 2020. The selected blocks were used to assess histopathologic parameters, for immunohistochemical and molecular analyses, and were classified according to standard histopathologic criteria following the World Health Organization classification of tumors (20). The study was approved by the Institutional Review Board 189/2021/Oss/AOUBo, ClinicalTrials.gov Identifier: NCT04845425. Supplementary Table S1 summarizes the main clinical and pathological features of the patients.



Tissue Processing

All FFPE specimens were conserved in the Institution’s pathology archives, and two expert pathologists examined tissue slides to confirm the EC diagnosis and to ensure the inclusion of more than 70% of cancer cells. When the percentage was not respected, tissue slides were macro-dissected to eliminate contamination of non-tumoral components and guarantee that at least 70% of the samples for the analysis were tumor cells indicated by the pathologist. RNA was isolated from FFPE (three to six sections >10 µm for each sample) by RecoverAll Total Nucleic Acid Isolation Kit (Ambion, Thermo Scientific) following the manufacturer’s instructions. RNA integrity and quantification were evaluated using the 2100 Agilent Bioanalyzer. Mutation analysis was carried out as previously described (17).



MiRNA Analysis

MiRNA expression was firstly evaluated in a discovery step comprising 30 ECs (discovery cohort), and the results were then validated in 72 ECs (n = 30 ECs overlapping with the discovery step + n = 42 new ECs, validation cohort).



Discovery Step: miRNA Expression Profiling

The expression profiles of 384 miRNAs were analyzed in 30 primary tumors, of which 12 were NSMP CTNNB1 mutant (CTNNB1mut), 11 NSMP CTNNB1- wild-type (CTNNB1wt), and 7 MMRd. One nanogram of total RNA was reverse transcribed to cDNA, using TaqMan Advanced miRNA cDNA Synthesis Kit (Applied Biosystems, Thermo Scientific), which is specific for the detection and quantification of mature human miRNAs in biological samples. The cDNAs were then amplified using the Universal miR-Amp Primers and Master Mix to uniformly increase the amount of cDNA for each target, maintaining the relative differential expression levels. The cDNA was loaded into the TaqMan Array Advanced miRNA array pool A and run in a 7900HT Fast PCR System (Applied Biosystems).



Validation of the Profiling Results by qRT-PCR

miRNA expression levels of miR-187-3p (assay ID # 477941_mir), miR-325 (assay ID # 478025_mir), miR-499a-3p (assay ID # 478948_mir), and miR-499a-5p (assay ID # 478139_mir) were evaluated by qRT_PCR through TaqMan Advanced miRNA Assay (Thermo Fisher Scientific). miR-16-5p (assay ID # 477860_mir, Thermo Fisher Scientific) was used as the internal reference (21), after the literature review and assessment of its stability in our study cohort. The analysis was conducted in all the 72 EC patients. miRNA expression was evaluated according to standard TaqMan Advanced miRNA assay protocol and run in a 7900HT Fast PCR System (Applied Biosystems). Each TaqMan Advanced miRNA assay was run in triplicate.



Statistical Analysis

miRNA data were analyzed with SDS RQ Software version 2.4 and with a Thermo Fisher Cloud app (Thermo Fisher Scientific); miRNAs with Ct values ≥ 38 were considered as not expressed and excluded from further analysis. The relative expression levels were quantified using the 2-ΔΔCt method using miR-16-5p as reference (22). Statistical significance was estimated using the non-parametric Mann–Whitney–Wilcoxon test. This non-parametric test allows problems related to equal variance, normality assumption, or those regarding the use of frequencies to be obviated. A p-value < 0.05 was considered statistically significant.



Validation of the Results in the TCGA Cohort

MAF files for the UCEC TCGA project were downloaded and explored using the R (version 4.1.0) packages TCGAbiolinks and maftools. The selection of pathogenic CTNNB1 and p53 mutations was done considering the pathogenicity prediction by both PolyPhen and SIFT scoring systems. UCEC-curated molecular subtypes derived from the TCGA marker paper were retrieved from synapse through TCGAbiolinks (9, 23, 24). For expression analysis, sample-level log2 miRSeq and mRNASeq expression values were retrieved using the FireBrowse RESTful API (25). For clinical variables, the progression-free interval (PFI) and overall survival (OS) were used as outcome variables, as recommended by the PanCanAtlas Publications NCI Genomic Data Commons guidelines (https://www.cell.com/cell/fulltext/S0092-8674(18)30229-0). The NSMP EC subgroup was selected by the exclusion of POLE, MMRd, and p53-mutated tumors.

For each miRNA analyzed, the cohort of UCEC patients was divided into two groups based on the expression level of the miRNA of interest using the median expression value as a threshold. Statistical analysis was carried out using the GraphPad Prism 8 and SPSS v20 software. Comparisons between groups were conducted using the two-tailed Student’s t-test. Kaplan–Meier curves were plotted for the OS and PFI while the statistical significance was assessed using the log-rank test. For multivariate analysis, the COX proportional hazards model was used. A p value <0.05 was considered statistically significant.

The general workflow of the paper is presented in Supplementary Figure 1.




Results


Discovery Step: miRNA Expression Profiling

We analyzed miRNA expression profiling in the NSMP group (n = 23) comparing the CTNNB1 mutant (n = 12) and the CTNNB1 wild-type (n = 11) cases.

This comparison highlighted a significant upregulation of two miRNAs, namely, miR-499a-3p (p = 0.0002; padj = 0.023) and miR-499a-5p (p = 0.00009; padj = 0.013) in the CTNNB1mut subgroup.

Subsequently, given the similar intermediate prognosis usually observed in MMRd ECs, we included seven consecutive additional MMRd cases, all CTNNB1wt, in our discovery step.

miRNA expression profiling was thus evaluated on a total of 30 cases with intermediate risk, of which 12 were NSMP CTNNB1mut, 11 NSMP CTNNB1wt, and 7 MMRd. We compared the cases with CTNNB1 mutation (n = 12) with the remaining cases, irrespective of NSMP or MMRd molecular group (n = 18). The results showed that 39 miRNAs presented a statistically significant deregulation, as reported in Supplementary Table S2. The top two deregulated miRNAs were again miR-499a-3p and miR-499a-5p.

The miRNet tool was used to perform pathway-enriched analysis; the results are reported in Supplementary Table S3.



Validation of the Profiling Results by qRT-PCR

Based on the p-value and on Ampscore, - a value released by the Thermo Fisher Cloud app which evaluates the goodness of RT-PCR amplification, - we selected four miRNAs to validate in 72 samples. Validation was performed in the NSMP cohort alone as well as in the NSMP + MMRd cohort. Figure 1 shows the results.




Figure 1 | Validation of miR-499a-3p and 499a-5p in the NSMP ECs (n = 41) (A, B), validation of miR-187-3p (C), miR-325 (D), miR-499a-3p (E), and 499a-5p (F) in the 72 EC samples (NSMP + MMRd). ns, not significant (p > 0.05); *p < 0.05; ***p < 0.001; ****p < 0.0001.



In the NSMP ECs, miR-499a-3p and miR-499a-5p maintained the statistical significance between CTNNB1wt and CTNNB1mut patients (miR-499a-3p, p = 0.0008; miR-499a-5p p < 0.0001; Figure 1). As expected, based on the profiling data, miR-187-3p and miR-325 were not significantly deregulated between the two subgroups.

Regarding the extended cohort including NSMP and MMRd patients together, miR-187-3p did not maintain the statistical significance, whereas the other three miRNAs confirmed the differential expression between EC samples harboring the CTNNB1 mutation and the wild-type ones. In particular, miR-325 was downregulated in the CTNNB1mut ECs compared with the CTNNB1wt cases (p = 0.012), whereas miR-499a-3p and miR-499a-5p were both upregulated in CTNNB1mut ECs with respect to CTNNB1wt patients (p < 0.0001 for both). No association between miRNA expression and clinical parameters reported in Table 1 was observed.


Table 1 | Characteristics of the study cohort.





Validation of the Results in the TCGA EC Cohort

To corroborate our data, we further validated the results in an independent cohort of ECs. To do that, we analyzed the TCGA cohort of EC, stratifying the patients based on the CTNNB1 mutation. We were able to retrieve the data for 151 EC cases, of which 91 were NSMP and 60 MMRd. Of note, out of all miRNAs, miR-325 expression in the TCGA ECs could not be assessed. As we did for our cohort, we first analyzed miRNA expression considering only the NSMP cases, and subsequently, we included the MMRd cases. As shown in Figures 2A, B, miR-187-3p resulted to be significantly deregulated in both NSMP cohort alone and including the MMRd (p = 0.004 and p = 0.049, respectively). With regard to miR-499a-3p and -5p, the statistical significance was maintained in both the cohorts analyzed (Figures 2C–F). The chi-square test was used to assess the distribution of high/low miRNA expression based on the CTNNB1 mutational status (Figure 3). As clearly shown, the CTNNB1 mutant ECs presented a significant enrichment of tumors with high expression of the two miRNAs in NSMP alone and in NSMP+ MMRd cohorts.




Figure 2 | Analysis of miR-187-3p in the NSMP alone and in NSMP + MMRd TCGA cohorts (A, B). Analysis of miR-499a-3p and miR-499a-5p in the TCGA NSMP alone (C, D) and in NSMP + MMRd EC groups (E, F). *p < 0.05; **p < 0.01; ****p < 0.0001.






Figure 3 | Chi-square test was used to test the distribution of low/high miR-499a-3p (A, C) and 5p (B, D) expression across the CTNNB1-mutated versus wild-type patients’ subgroups.





Prognostic Impact of miR-499a on TCGA EC Cohort

Given the small sample size of our study group and the limited number of events, we evaluated a possible association between miR-187-3p, miR-499a and OS and PFI in the TCGA EC cohort. First, we considered the expression of the two miRNAs in both NSMP and NSMP + MMRd cohorts. Based on miRNA expression, we divided the patients in two groups (high and low expression) using the median value of the specific miRNA as a cutoff. No significant associations were identified with miR-187-3p. The median values for miR-499a-3p and -5p were -1.19 and -1.25, respectively. Interestingly, miR-499a-5p was significantly associated with OS in the NSMP group (p=0.03, log-rank test). In particular, ECs with a lower miR-499a-5p expression showed better OS when compared to the patients with higher levels (Figure 4). In order to exclude other factors which may influence OS in the NSMP subgroup and to strengthen the prognostic value of miR499a-5p, we considered other clinical factors which can have an impact on patient outcome, such as tumor stage and grade. The COX proportional hazards model was used, and variables reaching significance in the univariate analysis were included in the multivariate model. Both high level of miR499a-5p [HR (95% CI): 3.96 (1.1–14.7), p = 0.04] and high tumor grade [HR (95% CI): 5.7 (1.7–18.9), p = 0.004] were independent predictors of poor survival in EC patients.




Figure 4 | Kaplan–Meier estimates of overall survival (A, C) and progression-free interval (B, D) in NSMP alone and NSMP + MMRd groups, based on miR-499a-5p expression.



In the NSMP+ MMRd cohort, the same trend was observed, but without reaching a statistical significance (p = 0.13). PFI was not associated with miR-499a-5p expression neither in the NSMP group (p = 0.39) nor in the NSMP + MMRd (p = 0.49) group. MiR-499a-3p did not show any significant correlation (Supplementary Figure 2).

Finally, we combined miR-499a-3p and -5p expression levels (low or high) with the CTNNB1 mutational status (mutant or wt). The combination of miR-499a-3p and CTNNB1 status did not reveal any significant correlation with OS and PFI in NSMP alone or NSMP + MMRd cohorts (Supplementary Figure 3). On the contrary, CTNNB1 mutant ECs with lower miR-499a-5p expression showed better OS compared with the other subgroups, among the NSMP patients (Figure 5). Conversely, the combination of miR-499a-5p expression and CTNNB1 mutational status showed a significant difference in OS in the NSMP patients (p=0.03, log-rank test) (Figure 5). Specifically, ECs with no CTNNB1 mutations and high miR-499a-5p expression, showed shorter OS compared with the other groups [HR (95% CI): 3.99 (1.3–11.6), p = 0.006]. Moreover, in a multivariate analysis, the same combination of miRNA expression and CTNNB1 mutational status remained independently associated with higher risk of death [HR (95% CI): 3.53 (1.1–10.5), p = 0.02]. The same trend was observed in NSMP + MMRd patients, but without reaching statistical significance (p = 0.37). With regard to the PFI, even if no significant correlations were observed, CTNNB1 mutant ECs with low 499a-5p expression showed better PFI in NSMP alone and NSMP + MMRd combined groups (p = 0.14 and p = 0.26, respectively). The combination of miR-499a-5p and CTNNB1 mutational status allows for a better stratification of EC patients with respect to the CTNNB1 mutation alone (Supplementary Figure 4).




Figure 5 | Kaplan–Meier estimates of OS (A, C) and PFI (B, D) in NSMP alone and NSMP + MMRd groups, based on the combination of miR-499a-5p expression and CTNNB1 status.






Discussion

In the last decade, several miRNAs have been described as potential biomarkers of EC prognosis or diagnosis. For example, among others, miR-34a was identified as able to stratify patients at high risk of recurrence (26) and reduced miR-497-5p levels were reported in high-grade ECs compared with low-grade Ecs (27). However, to the best of our knowledge, this is the first study to analyze miRNA expression in EC with the aim to obtain prognostic information in the intermediate-risk groups (i.e., NSMP and MMRd) of the molecular classification, trying to create subclassifications while taking into account the CTNNB1 mutational status.

In the attempt to better define this latter group, we first evaluated the miRNA expression profile in CTNNB1mut ECs compared with the CTNNB1wt NSMP ones. To this purpose, we analyzed the miRNA expression profile in 23 EC cases, identifying miR-499a-3p and 5p as significantly upregulated miRNAs in the CTNNB1mut cases when compared with the wt ones. However, considering that in literature the NSMP EC subgroup appears to be similar to the MMRd group at the prognosis level, we included seven additional MMRd patients.

Based on the results, we selected four miRNAs to validate in 72 EC samples and we observed a high statistical significance for miR-499a-3p and -5p. Finally, to corroborate our data, we analyzed the TCGA EC cohort, stratifying the patients based on the CTNNB1 mutation. In agreement with our results, the CTNNB1mut patients showed a higher expression of both miR-499a-3p and -5p in NSMP ECs as well as among the NSMP/MMRd patients. We further analyzed the survival rate in terms of OS and PFI with regard to the two-miRNA level. We did not perform this analysis in our study cohort due to the limited number of samples and events which, from a statistical point of view, will not give strong results. In fact, considering the MSI and NSMP groups, the time needed for the development of such events is a limiting factor and requires a statistical power that we did not have; therefore, at this time, validation of our results in the TCGA cohort appeared more appropriate.

Based on miRNA expression, the patients were divided into two groups (high and low expression) using the median of their expression level as a cutoff. MiR-499a-5p was significantly associated with OS, showing that NSMP patients with a lower expression have a prolonged survival. Conversely, the high level of miR-499a-5p was an independent predictor of poor survival.

The same correlation was observed when miRNA level and CTNNB1 status were combined. Indeed, NSMP patients with no CTNNB1 mutations and high miR-499a-5p expression had an increased risk of death.

MiR-499a-3p and 499a-5p belong to the miR-499 family, together with miR-499b. Human miR-499 is located in intron 19 of the MYH7B gene and it is composed of two genes, miR-499a and miR-499b. Those are located in sense (miR-499a) and anti-sense (miR-499b) DNA chains of the same region and transcribed in antiparallel directions (28). Data about miR-499b are missing, whereas several reports on miR-499a dysregulation have recently been published. Interestingly, a previous work by Zhang et al. showed a link between miR-499a and the Wnt/β-catenin signaling pathway. In particular, the authors demonstrated that overexpression of miR-499a activated β-catenin in cardiac differentiation. With regard to cancer, a few recent studies have tried to clarify the roles of miR-499a. However, it is not surprising that the results were contradictory among the analyzed tumor types because, as well established, the precise function of a single miRNA is strongly dependent on the specific biological context. Li et al. demonstrated that overexpressed miR-499 inhibited non-small cell lung cancer growth by suppressing cell proliferation and promoting apoptosis (29). On the contrary, Liu et al. showed that in colorectal cancer (CRC), miR-499 acts as an onco-mir by targeting two tumor suppressor genes, FOXO4 and PDCD4. Thus, overexpression of miR-499 is associated with advanced CRC stage and with cellular invasion and tumor metastasis in in vitro CRC models. In our results, a lower expression of the miRNA was associated with better survival in NSMP patients. Even if a clear mechanism has not been investigated, an interesting explanation could be related to the APC gene. Physiologically, APC acts as a scaffold in the β-catenin destruction complex, so it tightly regulates the Wnt pathway activity (30). APC is a target of miR-499a-5p based on TargetScan prediction, and its upregulation could promote inhibition of APC which, in turn, is less efficient in regulating the β-catenin level (31). Consequently, β-catenin can translocate in the nucleus and activate the Wnt pathway which fosters carcinogenesis. Thus, the higher miR-499a-5p expression could raise the APC inhibition which, consecutively, will be less effective in regulating the cytoplasmatic β-catenin destruction. Figure 6 shows the proposed mechanism. The CTNNB1 mutations by themselves are classically associated with nuclear translocation and activation of Wnt/β-catenin signaling (15). Interestingly, these mutations are usually found in heterozygosity (17, 32, 33) and, thus, it is reasonable to suppose that miR-499a-5p could play a role in CTNNB1 wild-type cells. Basically, higher miR-499a-5p expression represents an advantage for the tumor cells which may activate transcription of pro-tumorigenic genes besides normal CTNNB1. This could explain why a lower expression of miR-499a-5p resulted to be associated with a better outcome in NSMP patients; however, functional studies are needed in order to test this hypothesis. Our work has several strengths; first, the sample size of NSMP and MMRd patients is numerically important considering the incidence of this tumor. Second, the data were corroborated in the TCGA cohort, an independent and well-described group of EC patients. In the TCGA data, the Illumina platform was used to assess the miRNA expression, whereas we used the RT-PCR-based array and assays; accordingly, two different techniques were exploited to investigate miRNA levels. Third, our cohort was highly homogeneous from a molecular point of view, and this allowed us to limit potential biases; finally, all the patients were homogeneously treated according to ESMO risk classifications. However, there are some limits to consider; among these, we have to include the retrospective design of the study which, however, was essential to creating a model that could be prospectively validated in larger and independent cohorts and possibly on blood samples to assess the validity of the miRNA as a liquid prognostic biomarker. We did not analyze the two miRNAs in the other TCGA groups (i.e., POLE and p53abn groups) because we focused our attention on the NSMP and MMRd ECs in which TCGA had the smallest impact as regards the definition of therapy. Indeed, the classic pathological parameters with all their limitations, defined by ESGO/ESTRO/ESP guidelines, continue to be the gold standard for the therapy selection. Unfortunately, we could not perform any functional validations of our model due to the lack of commercial cell lines with no mutations on p53 or without microsatellite instability.




Figure 6 | Proposed mechanism of action of miR-499a-5p within the Wnt/β-catenin pathway. (A) The complex formed by AXIN, CK1α, GSK3β, and APC phosphorylates β-catenin, which subsequently undergoes the ubiquitin-proteasomal degradation. This prevents its nuclear translocation and pro-tumor gene transcription. (B) miR-499a-5p targets APC. High expression of miR-499a-5p promotes APC inhibition, thus preventing the AXIN/CK1α/GSK3β/APC complex formation. Without complex, β-catenin is not degraded, and it can translocate in the nucleus where it promotes gene transcription.



In conclusion, to the best of our knowledge, we showed, for the first time, that specific miRNAs are associated with the molecular subgroups proposed by the TCGA. miR-499a-5p, in particular, may represent a novel independent prognostic biomarker in NSMP ECs and, if validated in an independent cohort of patients, could improve the current classification and promote a more personalized management of those patients.
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Background

Cervical cancer is one of the most common gynecological cancers worldwide. The tumor microenvironment significantly influences the therapeutic response and clinical outcome. However, the complex tumor microenvironment of cervical cancer and the molecular mechanisms underlying chemotherapy resistance are not well studied. This study aimed to comprehensively analyze cells from pretreated and chemoresistant cervical cancer tissues to generate a molecular census of cell populations.



Methods

Biopsy tissues collected from patients with cervical squamous cell carcinoma, cervical adenocarcinoma, and chronic cervicitis were subjected to single-cell RNA sequencing using the 10× Genomics platform. Unsupervised clustering analysis of cells was performed to identify the main cell types, and important cell clusters were reclustered into subpopulations. Gene expression profiles and functional enrichment analysis were used to explore gene expression and functional differences between cell subpopulations in cervicitis and cervical cancer samples and between chemoresistant and chemosensitive samples.



Results

A total of 24,371 cells were clustered into nine separate cell types, including immune and non-immune cells. Differentially expressed genes between chemoresistant and chemosensitive patients enriched in the phosphoinositide 3-kinase (PI3K)/AKT pathway were involved in tumor development, progression, and apoptosis, which might lead to chemotherapy resistance.



Conclusions

Our study provides a comprehensive overview of the cancer microenvironment landscape and characterizes its gene expression and functional difference in chemotherapy resistance. Consequently, our study deepens the insights into cervical cancer biology through the identification of gene markers for diagnosis, prognosis, and therapy.





Keywords: single-cell RNA sequencing, cervical cancer, tumor microenvironment, chemotherapy resistance, multiple pathways



Introduction

As the fourth most common gynecological malignant tumor, cervical cancer is a leading cause of cancer-related deaths among women and poses a serious threat to the health of women worldwide (1). In 2018, approximately 570,000 new cases of cervical cancer and 311,000 deaths from this cancer were reported (1). Paclitaxel, cisplatin, carboplatin, or a combination of these agents is the front-line treatment for cervical cancer (2). However, the efficacy of current chemotherapeutic agents is limited, with relatively low response rates of 29%–63% because of chemotherapy resistance (3). The combination of paclitaxel and cisplatin is one of the most commonly utilized regimens in the metastatic disease setting (4). However, in actual clinical treatment, tumor cells often develop resistance.

The tumor microenvironment (TME) comprises various cell types [such as fibroblasts, endothelial cells (ECs), and immune cells] and extracellular components (such as cytokines, hormones, extracellular matrix, and growth factors), which surround tumor cells as a vascular network. The TME not only plays a pivotal role during tumor initiation, progression, and metastasis, but it also has profound effects on therapeutic efficacy. TME-mediated chemotherapy resistance is a result of complex crosstalk between tumor cells and their surrounding environment (5, 6).

For example, the TME and therapeutic response can be induced by soluble factors secreted by tumors. The adhesion of tumor cells to stromal fibroblasts can also affect responses to chemotherapy (7), and immune cells also play an important role in improving and obstructing therapeutic efficacy (7). The interaction between chemotherapy sensitivity and TME is a complex phenomenon. Cancers can develop remarkable resistance to various treatments that target different molecular pathways (8).

Research studies have shown that the cellular and molecular mechanisms underlying the development of resistance are multifactorial and include genetic and epigenetic alterations, cell detoxification, and abnormal drug efflux and accumulation (9, 10). However, the molecular mechanisms underlying the occurrence and development of resistance are poorly understood. Thus, there is an urgent need to identify the basic factors that determine chemotherapy resistance in cancer.

Previous studies on molecular mechanisms and chemotherapy resistance in cervical cancer patients have focused mainly on bulk genomic or transcriptome profiling methods and in-situ hybridization techniques (11–13). Consequently, studies of chemoresistance mechanisms based on the signatures of distinct cell populations are obscure (10–12). Single-cell RNA sequencing (scRNA-seq) techniques have emerged as a powerful tool for analyzing the spectrum of cell populations in tissues. Furthermore, these techniques have been widely used for elucidating the complex subpopulations in tissues of organs such as the lung (14), heart (15), and brain (16), as well as in various cancers including melanoma (17), ovarian (18), and colon (19) cancers (20, 21).

Although studies have used scRNA-seq on the cervix uteri (22) and drug-resistant cell lines (12), to the best of our knowledge, scRNA-seq profiling of human cervical cancer tissues has not been reported to date. Although scRNA-seq is increasingly being adopted, its application to tumors has been limited to several types, but not cervical cancer. Because of this limited elucidation of human tumors and the lack of TME profiling, the intratumoral transcriptomic heterogeneity of the most common cancer in women is largely unknown.

Exploring the molecular mechanism of chemotherapy resistance is important in the development of strategies to overcome tumor resistance and provides a theoretical basis for reversing tumor resistance and improving cancer chemotherapy efficacy. The development of chemotherapy combinations that could simultaneously target tumor cells and the microenvironment may represent a solution to overcome chemotherapy resistance. This study aimed to analyze cells from pretreated and chemoresistant cervical cancer tissues at a much higher scale, to generate a molecular census of cell populations.

Furthermore, we sought to uncover the cell heterogeneity using unbiased scRNA-seq techniques. Consequently, we performed an scRNA-seq survey of 23,444 cells from five tissues from pretreated cervical cancer patients and constructed a single-cell transcriptome atlas for early malignancy of cervical cancer (Figure 1). Our study provides novel insights into the heterogeneity of cervical cancer at the single-cell level and will serve as a valuable resource for understanding chemotherapy resistance mechanisms in tumor progression.




Figure 1 | Single-cell transcriptome regulatory network of the tumor microenvironment (TME) and chemoresistance in cervical cancer. In total, 24,371cells were clustered into nine separate cell types, including immune cells (T cells, B cells, and myeloid) and non-immune cells [fibroblast cells and endothelial cells (ECs), epithelial cells, and smooth muscle cells]. Among these, fibroblast cells formed five distinct subtypes, and cluster 4 (C4) contained proliferative fibroblast cells enriched in cancer samples. ECs comprised two subclusters: C0 corresponded to tumor-associated ECs. T and B cells formed five and three subclusters, respectively, where C1 of T cells expressed higher levels of immune checkpoint molecules (PDCD1) than the other clusters did and C4 highly expressed proliferating cancer marker genes, MKI167 and BIRC5. Subpopulations of B cells were not strongly affected by drug resistance. Differentially expressed genes (DEGs) between chemoresistant and chemosensitive patients were enriched in phosphoinositide 3-kinase (PI3K)/AKT pathway involved in tumor development, progression, and apoptosis, which might lead to chemoresistance.





Materials and Methods


Patients and Tumor Specimens

Four female patients with a pathologic diagnosis of cervical cancer and one female patient diagnosed with cervicitis were enrolled at Renmin Hospital of Wuhan University, Wuhan (Table 1). All enrolled patients signed the written consent, and this study was approved by the Institutional Review Board (IRB) of Renmin Hospital of Wuhan University (IRB no. WDRY2021-K014). Fresh tumor samples (at least 1.5 cm3) were surgically resected from all enrolled patients. None of the patients were treated with chemotherapy prior to tissue sample collection. After sample resection, three of the four cervical cancer patients were treated with chemotherapy, and one patient was a responder and the two were resistant to chemotherapy.


Table 1 | Clinical information of the five patients.





Human Cervical Cancer Tissue Cell Dissociation

All fresh cervical cancer tissues were transferred from the operating room to the dissociation laboratory in cold Hank’s balanced salt solution (HBSS) medium supplemented with 1% penicillin–streptomycin within 30 min. Samples were gently washed in phosphate-buffered saline (PBS) after removing the adipose tissue and minced into pieces of approximately 1 mm3 using an Iris scissors. Enzymatic digestion was performed using the MACS tumor dissociation kit (Miltenyi Biotec) according to the instructions of the manufacturer. The cell suspension was further filtered through a 40-μm cell-strainer (BD) and centrifuged at 400g for 10 min to remove the cell aggregates. After removing the supernatant, the pelleted cells were resuspended in 2 ml red blood cell lysis buffer (SolarBio), and then resuspended in PBS with 10% fetal bovine serum (FBS). The viability of the obtained single-cell suspension was detected using a hemocytometer with trypan blue (0.4%, 420301, Gibco).



Single-Cell RNA Capturing, Library Preparation, and Sequencing

All single-cell capturing and downstream library construction were performed using the 10× Chromium Single Cell platform (Single Cell 3 library and Gel Bead kit v.3). Briefly, the cell suspensions at a concentration of 1,000 cells/μl were loaded into a 10x Genomics microfluidics chip and encapsulated with barcoded gel beads to generate gel beads in emulsion (GEM).

Reverse transcription of generated droplets was performed at 53°C for 45 min. cDNA was amplified for 12 cycles total on T100 Thermal Cycler (Bio-Rad). Then, RT-cDNA was recovered using Recovery Agent provided by 10× Genomics and purified with DynaBeads MyOne Silane Beads (Thermo Fisher Scientific) as outlined in the user guide. Subsequently, purified cDNAs were amplified and cleaned up with the SPRIselect Reagent Kit (Beckman Coulter, USA). Quantification of constructed libraries of each sample was detected using a Qubit2.0 Fluorometer (Invitrogen) before pooling. Pooled libraries were sequenced to a depth of an average of 50,000 reads per cell on a NovaSeq 6000 sequencer (Illumina, San Diego) at 2 × 150 bp sequencing model (23–25).



scRNA-Seq Data Analysis

scRNA-seq raw data were demultiplexed to FASTQ files (observed average read depth per cell was ~1.6 million reads) and aligned to an indexed ensembl_92-GRCh38.92 RefSeq genome to generate gene expression matrices using 10× Genomics pipeline CellRanger v.2.1.0 (25). The number of unique molecular identifiers (UMIs), the number of genes, and the percentage of mitochondrial genes were examined for quality control. Cells expressing <500 or >4,000 genes (potential cell duplets) and gene expression not detected in fewer than three cells were trimmed from the library.

Cells containing >10% mitochondrial genes were also discarded because of their poor cell viability (Table S1). We detected 92,675 genes in 21,433 cells from five samples. After data normalization, variably expressed genes were normalized and scaled, where single-cell gene counts were normalized to the total gene counts presented in that cell at a normalized expression between a low cutoff of 0.0125 and a high cutoff of 3 and a quantile-normalized variance >0.5, using the Seurat R package. The resulting gene expression values were transformed into a log space.



Major Cell-Type Clustering

Principal component analysis (PCA) was used to reduce the dimensionality of the results of variably expressed genes based on the JackStraw function. Then, the first 10 principal components were selected as a statistically significant input for further two-dimensional visualization using t-distributed stochastic neighbor embedding (t-SNE) plots (RunTSNE function, the default setting). Cell clusters were annotated and identified to known cell types using specific marker genes identified using the Seurat “FindAllMarkers” function with the default setting (26).



Marker Gene and Cell-Type Identification

Cluster-specific genes were acquired using the Seurat native FindMarkers function with a log-fold change threshold of 0.25. Receiver operating characteristic (ROC) analysis was used to identify cell markers. To further characterize these cell types in each cluster, we used the automated annotation tool SingleR (27) and manually checked using known cell surface markers based on related references.



Identification of Differential Gene Expression and Cell Function in Different Samples

Differential expression analysis was performed after normalization and removal of the batch effects of total genes from the specific cluster from different samples. The function of FindAllMarkers wrapped in the R package of Seurat was used to identify differentially expressed genes for each of cell clusters compared to others. Then, the functions of FindIntegrationAnchors and IntegrateData wrapped in the R package of Seurat were employed to remove the batch effect referred to the standard procedure. We detected differentially expressed genes (DEGs) with a false discovery rate (FDR) <10e-6 and abs (log2 ratio) >2. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses were performed to investigate the cell functional status. DEGs and molecular regulators in the clusters were investigated using GO and KEGG pathway analyses, respectively. GO and KEGG terms with an FDR <0.05 were considered significantly enriched (28).




Results


Single-Cell Profiling of Cervical Cancer and Chronic Cervicitis Tissues

The single-cell atlas of the cervical tissues was characterized using five biopsy samples comprising three cervical squamous cell carcinomas (CQ), one cervical adenocarcinoma (CA), and one chronic cervicitis (CE). Two of the CQ patients were chemoresistant, one was chemosensitive, and three were infected with human papillomavirus. Each sample was processed to isolate single cells without prior selection of cell types, and then we performed scRNA-seq using a 10× Genomics Chromium platform to generate RNA-seq data. After quality filtering, 24,371 high-quality cells from five cervical biopsy samples with a median of 1,303–2,214 genes per cell were analyzed (Figure 2). Subsequently, the cells were further identified to be nine separate cell types, including fibroblast cells (34.17%), epithelial cells (24.07%), smooth muscle cells (4.3%), ECs (4.26%), and immune cells (33.2%).




Figure 2 | Overview of single-cell RNA sequencing (scRNA-seq) using cervical cancer and cervicitis biopsy samples.



The main cell types were identified based on gene expression patterns obtained using dimensionality reduction and unsupervised cell clustering with the described Seurat pipeline. Based on the marker genes of each cell cluster, nine distinct cell clusters were assigned to known cell lineages, which mainly comprised immune and non-immune cells (Figure 3A). The t-SNE plot also showed distinct clustering according to the tumor origin (Figure 3B). The heatmap showed differentially expressed marker genes in nine clusters (Figure 3C).




Figure 3 | Overview of 24,371 cells from five cervical cancer tissues. t-Distributed stochastic neighbor embedding (t-SNE) plots displaying 24,371 cell profiles with each cell color-coded for (A) associated cell type and (B) its sample origin. (C) Heatmap shows differentially expressed marker genes (rows) in nine clusters. Yellow and dark purple: high and low expression, respectively. (D) Proportions of cells in each sample. (E) t-SNE plots displaying 24,371 cell profiles with color-coded sample origins. Samples 2 and 3 are gray. (F) t-SNE plot color-coded for marker gene expression (gray to white to blue) for COL1A2 (cluster 0, C0), KRT6A (C1), CD3D (C2), IL1B (C3), MYL9 (C4), VWF (C5), CD79A (C6 and C7), and MS4A2 (C8).



The proportions and composition of cell types varied among the different samples. The CA samples clustered with CE samples and mainly comprised fibroblast cells, accounting for 84.7% and 63.4% of the total cells. In contrast, the corresponding CQ werepredominantly epithelial and immune cells with almost no fibroblasts and ECs. Immune cells mainly consisted of B cells [CD20 (MS4A1) and CD79A] (26, 29, 30), myeloid cells (IL1B) (29), T cells (CD3D, CD2) (29–31), and mast cells (MS4A2) (29). The non-immunecell lineages comprised fibroblasts (DCN, LUM, and COL1A2) (26, 32, 33), epithelial cells (KRT, SLPI, and SFN) (32, 34), smooth muscle cells (MYL9, CALD1, and RGS5) (35, 36), andECs [VMF, ENG, and fms-related receptor tyrosine kinase 1 (FLT1)] (26) (Figures 3D–F).



Reclustering and Differential Gene Profiles of Fibroblast and ECs in Cervicitis and Cervical Cancer Samples

We detected 8,329 fibroblast cells among the five samples and most were found in the CA and the CE samples, which accounted for 95.1% of the total fibroblast cells of the five samples (Figure 4A). To gain a better understanding of these cell types, we performed a reclustering of 8,329 fibroblasts and 1,037 ECs and assigned each of these subclusters based on known cell markers.




Figure 4 | Single-cell RNA sequencing (scRNA) profiles of fibroblast cell lineages. Reclustering of 8,329 fibroblast cells color-coded by (A) clusters and (B) sample origin (right). (C) t-Distributed stochastic neighbor embedding (t-SNE) plot color-coded for marker gene expression (gray to white to blue) for COLIAI, FOS, S100A2, and CDH19. (D) Heatmap shows differentially expressed marker genes (rows) in five clusters. Yellow and dark purple: high and low expression, respectively. (E) Volcano plot shows differentially expressed marker genes between cervicitis and cervical cancer samples. (F) Differences in pathway activities of cells between cluster 1 (C1), C2, C3, and C4.



In our study, five distinct subtypes of fibroblast cells were identified. Cluster 0 (C0), C1, and C3 contained cells from all samples, but C2 and C4 were strongly enriched in the CA sample (Figure 4B). C0 and C3 were similar, corresponding to cells expressing extracellular matrix (ECM) molecules, such as collagen type III alpha 1 chain (COL3A1), COL6A3, and COL1A1, and these cells represent a population of collagen-generating fibroblasts. C1 demonstrated differential activation of FOS, heat shock protein 90 (HSP90s), and ETS-related gene-1 (ERG1).

Cells in C2 exhibited differentially elevated expression of genes involved in translation initiation [ribosomal protein L10 (RPL10) and RPS3] (37) and iron metabolism regulation [ferritin light chains (FTLs)] (38). The final subpopulation C4 was speculated to be a group of proliferative fibroblast cells, which has not been previously recognized, based on the expression of a relatively high level of proliferative genes such as the S100 (s100B) and CDH19 genes (18, 39) (Figure 4C).

To better understand the differential gene expression profiles between cervicitis and cervical cancer samples, bulk differential gene expression analysis was performed for cervical cancer and cervicitis samples. The two-tailed Wilcoxon rank-sum test, which is implemented in R, was used to conduct the bulk differential gene expression analysis. The volcano map (Figure 4D) and the heat map (Figure 4E) showed significant diversity in the expressed genes across the two samples.. For example, wnt2, a member of the WNT gene family, is highly expressed in cervical cancer samples, and WNT signaling is normally involved in the development and progression of various cancers.

We also found that the extracellular sulfatase, SULT2, was highly expressed in the cancer samples, which is consistent with the findings of other studies (40). Upregulation of SULF2 gene expression is associated with proliferation, invasion, and migration of cervical cancer cells by its regulation of the extracellular signal-related kinase (ERK)/AKT signaling pathway (41). The ECM is important in tumor genesis and progression and fibroblast-activating protein (FAP), which plays a crucial role in ECM production and remodeling genes and is highly upregulated in tumor fibroblast cells (42).

C4 mainly contained proliferative fibroblast cells, which were mostly from the CA sample. Furthermore, we studied the gene profiles and performed functional enrichment, which demonstrated that several crucial genes were upregulated or downregulated in this cluster. The functional enrichment analysis results indicated that C4 was enriched in cell adhesion molecule binding and collagen-binding growth factor binding in molecular functions (Figure 4F).

As shown in Figures 5A–C, the 1,037 ECs were clustered in two separate subclusters. C0 corresponded to tumor-associated [heparan sulfate proteoglycan 2 (HPSG2) and plasmalemmal vesicle-associated protein (PLVAP)] and C1 ECs were blood ECs (FLT). Cells from sample 2 were spread in C0 but not in C1. PLVAP is located in the fenestral diaphragm and is considered to play a role in the passage of proteins through the fenestrae (43, 44). The generation of Plvap-deficient mice has highlighted the structural role of PLVAP in the maintenance of size-selective permeability in fenestrated endothelia (45, 46). Moreover, Plvap-deficient mice that survived postnatally showed growth retardation (46).




Figure 5 | Single-cell RNA sequencing (scRNA) profiles of endothelial cell (EC) lineages. (A) Reclustering of 1,037 fibroblast cells, color-coded by clusters (left) or sample origin (right). (B) t-Distributed stochastic neighbor embedding (t-SNE) plot color-coded for marker gene expression (gray to white to blue) of HPSG2 and PLVAP. (C) Heatmap shows differentially expressed marker genes (rows) in two clusters. Yellow and dark purple: high and low expression, respectively. (D) Volcano plot shows differentially expressed marker genes between cervicitis and cervical cancer samples.



The bulk differential gene expression analysis between cervicitis and cervical cancer samples showed that several cancer marker genes, which have been reported in various malignant tumors responsible for angiogenesis, metastasis, and invasion, were significantly elevated in cancer ECs (Figure 5D). For example, we detected elevated levels of phospholipase D1 (PLD1), a key enzyme involved in lipid metabolism, indicating that abnormal lipid metabolism might be involved in the tumorigenesis and progression of cervical cancer (47, 48).



Acquired Resistance Was Associated With Differential Immune Cell Subpopulation Distribution and mRNA Expression

Both adaptive immune cells (T and B lymphocytes) and innate immune cells (such as macrophages, mast cells, neutrophils, dendritic cells, and natural killer cells) have critical roles in the TME and are considered to interact with tumor cells by direct contact or through different chemokine and cytokine signaling pathways that regulate the response of tumors to therapy. To explore the diversity of immune cells in cervical cancer, we extracted 4,961 T cells, 1,480 B cells, and 1,476 myeloid cells from three individual CQ patients and reclustered them (Figures 6, 7). Furthermore, the main T-cell clusters could be classified into five subpopulations designated as T0–T4, which were cytotoxic CD8+ T cells (CD8A+ and CD8B), CD4+ T cells [CD4+ and interleukin 7R (IL7R)], regulatory T cells [IL2RA, forkhead box protein P3 (FOXP3), tumor necrosis factor receptor superfamily, member 4 (TNFRSF4)], natural killer cells [killer cell lectin-like receptor C1 (KLRC1), X-C motif chemokine ligand 1/2 (XCL1/2), and granulysin (GNLY)], and proliferating T cells [marker of proliferation Ki-67 (MKI67) and baculoviral IAP repeat containing 5 (BIRC5), Figure 5A] (26, 29). Cells from all clusters were detected in all patients. Cells from all five clusters were detected in both chemoresistant and chemosensitive patients, except for C1, which was predominantly derived from chemoresistant patients. It is worth noting that there were high levels of immune checkpoint molecules, including approved target programmed cell death 1 (PDCD1) and other targets that are currently undergoing clinical trials [lymphocyte activating 3 (LAG3) and hepatitis A virus cellular receptor 2/T-cell immunoglobulin and mucin domain-3 (HAVCR2/TIM3)] (49), indicating that the cytotoxic activities of CD8+ are significantly curtailed by high-level expression of the checkpoint gene. The robust CD8+ response was confirmed to play a critical role in a mammary tumor model treated with a HER2 inhibitor (50). Additionally, the average expression of the proliferating cancer marker genes, MKI167 and BIRC5, was significantly enriched in C4 (Figure 6D). These two cancer marker genes, MKI167 and BIRC5, have been reported to be highly expressed in cervical cancer in many studies, where they are associated with the cell cycle pathway and cell apoptosis inhibition, respectively, and are both involved in breast cancer pathogenesis (51–53).




Figure 6 | Single-cell RNA sequencing (scRNA) profiles of T-cell lineages. Reclustering of 4,961 T cells color-coded by (A) clusters and (B) sample origin (right). (C) t-Distributed stochastic neighbor embedding (t-SNE) plot color-coded for marker gene expression (gray to white to blue) for CD8+ (cluster 0, C0), CD4+ (C1), IL2A (C2), GNLY (C3), MKI167, and BIRC2 (C4). (D) Volcano plot shows differentially expressed marker genes (rows) between chemoresistant patients and chemosensitive samples.






Figure 7 | Single-cell RNA sequencing (scRNA) profiles for B-cell lineages. (A) Reclustering of 1,480 B cells, color-coded by their cluster. (B) Its sample origin. (C) t-SNE plot color-coded for marker gene expression (gray to white to blue) for MS4A1 (cluster 0), MZB1, and IGHG1 (cluster 1).



B cells (1,480) were detected and reclustering from C6 and C7 revealed three subclusters, and cell type assignments were performed based on known marker genes. C0 corresponded to follicular B cells based on marker MS4A1, whereas C1 corresponded to plasma B cells based on MZB1, CD38, and IGHG1 (Figures 7A, C) (29, 54). C2 contained lower quality B cells and showed no B-cell markers; thus, it was not further analyzed. One sample was mostly from patient 4, and two others were mostly from patients 1 and 5. The t-SNE profile failed to show the separation of subclusters between chemoresistant and chemosensitive patients, indicating that the B-cell subpopulation was not strongly affected by drug resistance.



DEG Pathways Between Chemoresistant and Chemosensitive Patients

To investigate the enriched functions of DEGs between chemoresistant and chemosensitive samples, signaling pathway analysis was performed among subpopulations of epithelial, T, and B cells. In total, 3,157, 1,399, and 1,141 DEGs were annotated into 327, 312, and 312 pathways for epithelial, T, and B cells, respectively, in the KEGG database (Tables S2–S4). The top 25 annotation results, which were classified according to the pathway types, are shown in Figure 8. Several signaling pathways that are closely correlated with chemotherapy were enriched in all three subpopulations, including the PI3K/AKT and mitogen-activated protein kinase (MAPK) signaling pathways. The PI3K/AKT signaling pathway is involved in tumor development, progression, cellular survival, and apoptosis, and its correlation with chemoresistance has been presented in numerous studies (55–57) and cervical cancer (12). Another chemotherapy resistance-associated pathway, the MAPK signaling pathway, was significantly enriched and upregulated in chemoresistant patients and is responsible for the regulation of cell migration, survival, proliferation, and progression (58). Activation of survival pathways involving PI3K/Akt and MAPK caused by integrins and soluble factors secreted in the TME results in elevated expression of anti-apoptotic proteins, leading to cell viability and drug resistance (7).




Figure 8 | Differences in pathway activities scored using Kyoto Encyclopedia of Genes and Genomes (KEGG) database between chemoresistant and chemosensitive samples. Top 25 differentially expressed genes (DEGs) enriched KEGG functional annotation on (A) epithelial, (B) T, and (C) B cells. The x-axis indicates the number of genes annotated to pathway and proportion of all DGEs, and the y-axis shows KEGG metabolic pathway. Red bar (p < 0.05). Scatter plot of the top 25 DEGs enriched in the KEGG pathway on (D) epithelial, (E) T, and (F) B cells. Each circle indicates a KEGG pathway. Ordinate is log10 (Q value), color-coded from green to orange to red. Circle sizes indicate enrichment level of DEGs in pathway. Q value: p-value after multiple hypothesis tests.






Discussion

Advanced scRNA-seq technology has allowed the comprehensive investigation of tumor heterogeneity gene expression differences with single-cell resolution. Although scRNA-seq profiles of other gynecological cancers, including breast and ovarian cancers, have been extensively studied (18, 34, 59), profiles of the microenvironment of cervical cancer, particularly with respect to chemotherapy resistance, have not been demonstrated. To the best of our knowledge, this is one of the first few studies to comprehensively characterize a single-cell atlas of cervical cancer patients in China and worldwide (60).

Here, we present a comprehensive catalog of cell types and subtypes, including fibroblast, endothelial, and immune cells in CQ, adenocarcinoma, and non-tumorous CE biopsy samples at single-cell resolution. In this study, we isolated 24,371 cells from five cervical biopsy samples and identified nine separate cell types, including fibroblast, epithelial, smooth muscle, and immune cells as well as ECs. Then, we subclustered the main cell types into different subpopulations based on the expression of the marker gene. We then studied pathway signatures and activities of distinct subpopulations that represent different biological and molecular entities between cervical cancer and cervicitis samples, and assessed the differential gene expression and signaling pathways between chemoresistant and chemosensitive cervical cancer patients.

Fibroblasts are considered a heterogeneous population in many cancers, but the extent of heterogeneity remains unclear, especially in cervical cancer because they are difficult to culture and highly dependent on context (26). Furthermore, fibroblasts are a large source of growth factors and cytokines, including stromal cell-derived factor 1 (SDF1), hepatocyte growth factor (HGF), and vascular endothelial growth factor (VEGF), which all promote tumor growth and contribute to chemotherapy resistance (61–63). Although most clusters were composed of cells originating from different samples, the fibroblast cells and ECs were observably enriched in CA and CE patients.

The significant shift might have occurred because the condition of the patients who provided the cervical squamous cell carcinoma samples was likely more serious, which would result in the recruitment of more immune cells to exert their antitumor function. In addition, upregulated expression of WNT2 in tumor fibroblast cells, which was observed in this study, could also result in tumor growth and promotion of invasion by activating the canonical WNT/β-catenin signaling pathway (64, 65). A previous study also revealed that downregulating WNT2 significantly suppressed cell motility and invasion and reversed epithelial–mesenchymal transition (EMT) progression in cervical cancer (66).

By comparing the differential gene expression in fibroblasts and ECs between cervical cancer and cervicitis patients, we found that several cancer marker genes, which have been reported in various malignant tumors responsible for angiogenesis, metastasis, and invasion, via various metabolic pathways related to cervical cancer, were significantly elevated in cancer ECs. For instance, genes involved in translation initiation such as RPL10 and RPS3 (37) and iron metabolism regulation such as FTLs (38), which have been reported to be involved in increased cell viability, migration, and invasion in different cancers, were elevated in the identified C2. This observation indicates that these cells are highly active and associated with tumorigenesis. In addition, the differential activation of FOS, HSP90s, and ERG1 exhibited by the cells in C1 indicated a strong correlation with myogenesis and fibrosis (37, 67).

Tumor cells have been reported to trigger the immunosuppressive activities of tumor-associated ECs that influence therapeutic responses (68). ECs selectively permit transmigration of immunosuppressive myeloid cells from the blood to the tumor, thereby impairing antitumor immune responses (69). Moreover, ECs involved in the TME may also suppress T-cell function through the expression of different inhibitory molecules, such as programmed cell death ligand 1 (PDL1) and PDL2 (70).

Checkpoint immunotherapy is rarely used in cervical cancer, and there is a poor understanding of the outcome of immunotherapy. The results of this study were consistent with this phenomenon, and we found that the immune checkpoint molecules, PDCD1, LAG3, and HAVCR2, were highly expressed in CD8+ cells. This observation indicates that cytotoxicity was inhibited by high checkpoint expression (54) and that immunotherapy could also be useful in cervical cancer by targeting these pathways. This result is in agreement with the good clinical results observed in immunotherapy of cervical cancer (71).

The results of the analysis of differentially enriched signaling pathways did not show significant differences in chemoresistant patients. However, the PI3K/AKT pathway enriched most DEGs, which suggests that the activation state of this common pathway, which is involved in tumor development, progression, and apoptosis, might contribute to the development of resistance to chemotherapy in cervical cancer patients. Inhibition of certain components of the PI3K/AKT and MAPK pathways not only enhances chemotherapy efficacy in cervical cancer, but also has the potential to overcome resistance (72, 73).

There are some limitations to our study that need to be addressed in future studies. First, because sample collection was challenging, the number of samples in this study was relatively small, especially the chemoresistant and chemosensitive samples, which indicates that our observations cannot reflect the comprehensive profiles of the TME and generalize the gene expression differences in cervical cancer and its chemoresistant features.



Conclusion

In conclusion, we comprehensively described the profiles of immune and non-immune cells in cervical cancer and cervicitis samples at single-cell resolution. Furthermore, we compared the distinctive features of signaling pathways among subpopulations from chemoresistant and chemosensitive samples in this study. Our results of the analysis of extensive bioinformatics data demonstrated the scope and potential impact of heterogeneity and suggest that single-cell profiling could identify and characterize clinically important subpopulations to develop successful targeted treatments. Our findings also indicated the need for comprehensive single-cell gene profiling and characterization of heterogeneous tumors such as chemoresistant cervical cancer. Finally, by assessing the cell subpopulations, differential gene expression between chemoresistant and chemosensitive samples, and distinct signaling pathways, we expect that our findings will provide novel and deeper insights into human cervical cancer and facilitate the advancement of its diagnosis and treatment.
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Adipose-derived stem cells (ADSC) are multipotent mesenchymal stem cells derived from adipose tissues and are capable of differentiating into multiple cell types in the tumor microenvironment (TME). The roles of ADSC in ovarian cancer (OC) metastasis are still not well defined. To understand whether ADSC contributes to ovarian tumor metastasis, we examined epithelial to mesenchymal transition (EMT) markers in OC cells following the treatment of the ADSC-conditioned medium (ADSC-CM). ADSC-CM promotes EMT in OC cells. Functionally, ADSC-CM promotes OC cell proliferation, survival, migration, and invasion. We further demonstrated that ADSC-CM induced EMT via TGF-β growth factor secretion from ADSC and the ensuing activation of the TGF-β pathway. ADSC-CM-induced EMT in OC cells was reversible by the TGF-β inhibitor SB431542 treatment. Using an orthotopic OC mouse model, we also provide the experimental evidence that ADSC contributes to ovarian tumor growth and metastasis by promoting EMT through activating the TGF-β pathway. Taken together, our data indicate that targeting ADSC using the TGF-β inhibitor has the therapeutic potential in blocking the EMT and OC metastasis.
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Introduction

Ovarian cancer (OC) is the most lethal gynecological malignancy worldwide, because of its early dissemination in the peritoneal cavity, late detection, and high recurrence rate (1). Most patients are diagnosed at advanced stages with poor prognosis and significant mortality. OC metastasizes via pelvic dissemination directly from the primary tumor to peritoneal organs, which is usually asymptomatic at the early stage (2).

The tumor microenvironment (TME) plays a critical role in tumor progression and metastasis, which is becoming a potential therapeutic target (3). TME is composed of fibroblast, mesenchymal stromal cells (MSC), immune cells, blood vessels, and extracellular matrix. MSC has been shown to play different roles in different cancers, including colon, breast, pancreatic, and lung cancer. The influences of MSC on cancers are controversial. MSC in the TME have been shown to promote the aggressive malignant phenotypes of various solid cancers, including colon cancer (4) and breast cancer (5). However, MSC also showed inhibitory effects in lung cancer (6) and liver cancer (7).

Adipose-derived stem cells (ADSC) are residents in adipose tissue and share most multipotency features of MSC. ADSC can differentiate into adipocyte, osteoblast, chondrocyte, myocyte, and lineages. Several studies have demonstrated the interplay between ADSC and cancer cells (8). Intravenous-injected ADSC can promote breast cancer growth and metastasis in a mouse model (9). The effects of ADSC in promoting tumor metastasis have also been observed in pancreatic, prostate, endometrial, and lung cancers (10–14). Human ADSC promotes invasion of breast cancer cells by producing CCL5 in vitro (15). ADSC also shows enhanced adipogenic differentiation in breast cancer (16). ADSC increase OC cell proliferation, migration, and chemoresistance (17–19). The conditioned medium (CM) of ADSC alters the proteomic profile of OC cell lines in vitro and expression of thymosin beta 4 X-linked (TMSB4X) in OC cells increased significantly, which promoted OC progression (20). Inhibition of TMSB4X attenuated the protumor effects of ADSCs (20). ADSC were reported to promote autophagy through activating the STAT3 signaling pathway (21). ADSC promote cancer progression by differentiating into cancer-associate fibroblast (CAF) or cancer-associate adipocytes (CAA) (22, 23) and facilitating CSC self-renewal (24). In addition, ADSC promote OC chemoresistance via inhibiting the cleavage of caspase-3 and inducing the platinum accumulation in OC cells (25, 26). Although, most studies showed protumor effects of ADSC on OC. The inhibitory effects of ADSC on OC progression was also reported, co-culturing ADSC with OC cells inhibited OC cell invasion induced apoptosis (27). ADSC-CM blocked cell cycle and induced apoptosis in OC cell lines (28).

Epithelial to mesenchymal transition (EMT) contributes to malignant tumor progression. ADSC promotes EMT in different tumors, including lung cancer, breast cancer, and glioma (29–31). In the present study, we assessed the effects of ADSC on OC metastasis using CM from ADSC in vitro and in an orthotopic OC mouse model in vivo. Here, we demonstrate that ADSC contributes to OC metastasis by promoting EMT at least in part via activating the TGF-β pathway.



Material and Methods


Cell Culture and Preparation of CM

Ovarian cancer cell lines OVCAR3 and OVCAR8 were purchased from NCI and cultured in 10% RPMI1640 medium with 10% FBS (Hyclone, Logan, UT, USA), 100 U/ml penicillin, and 100 μg/ml streptomycin (Invitrogen, Carlsbad, CA, USA). We selected OVCAR3 and OVCAR8 based on their properties inducing OC tumor metastasis and p53 mutational status. Both OVCAR3 and OVCAR8 have endogenous p53 mutations, whereas OVCAR3 is nonmetastatic in contrast to OVCAR8 that is aggressively metastatic in vivo. Human ADSC were purchased from Lonza (Basel, Switzerland) and cultured in MEM-α, nucleosides, GlutaMAX™ medium (MEM) supplemented with FBS, penicillin, and streptomycin. All cells were tested negative for mycoplasma using luciferase reporter assay (Lonza) and authenticated using the short tandem repeat analysis by ATCC (Manassas, VA, USA). CM was prepared when ADSC reached passages 3–6 and 80%–90% confluence. After the medium was changed into fresh complete medium (with or without serum) and culturing for additional 24 h, the medium was collected as ADSC-CM following centrifugation at 300×g for 5 min and filtration through 0.22 μm filter and stored at −80°C for the subsequent experiments.



Characterization of ADSC by Flow Cytometry

ADSC at the third passage were collected by 0.25% trypsin-EDTA (Gibco, Grand Island, NY, USA), washed in PBS and resuspended in PBS at a concentration of 1 × 106 cells/ml. The cells were then blocked with 0.5% bovine serum albumin (BSA) (Sigma-Aldrich, St. Louis, MO, USA) at 4°C for 20 min, followed by additional 30 min incubation at 4°C in the dark with one of the following antibodies: anti-CD44-FITC (1:50), anti-CD73-PE (1:50), anti-CD105-BV421 (1:100), anti-CD31-APC-Cy™7 (1:100), anti-CD45-APC (1:100), and anti-CD90-PerCP-Cy™5.5 (1:50). All antibodies were purchased from BD Biosciences (San Jose, CA, USA). The cells were subsequently washed in 1 ml 0.2% BSA and centrifuged at 500×g for 5 min. Antibody binding was detected using a Bio-Rad ZE5 cell analyzer (Bio-Rad, Hercules, CA, USA) and analyzed using the FlowJo® software.



MTT Assay

OVCAR3 and OVCAR8 cells (2,000 cells/well) were seeded into 96-well plates. After culturing for 24 h, the medium was substituted with fresh complete culture medium (control) or serum containing ADSC-CM. The MTT reagent (10 μl) was added at the end of the indicated time points (1-, 3-, and 5d) and incubated for 4 h, before 100 μl detergent reagent was added. Subsequently, the plates were incubated at room temperature in the dark for 2 h and the absorbance was measured at 570 nm.



Cell Colony Formation Assay

OVCAR3 and OVCAR8 cells were plated into 6-well plates at the concentration of 400 cells/well and cultured with control medium or serum-containing ADSC-CM for 14 days. The cell colonies were fixed with methanol and stained with crystal violet before being imaged and counted.



Cell Migration Assay

A modified Transwell™ chamber (BD Falcon, San Jose, CA, USA) with an 8.0-μm pore size was used for the cell migration assay. OVCAR3 and OVCAR8 cells (2 × 105) were suspended in 300 μl of serum-free medium and seeded into the Transwell chamber; control medium or serum-containing ADSC-CM was added into the lower chamber of the 24-well plates. Following 6-h incubation, the cells on the upper side of the chamber membrane were removed with cotton swabs, while the migrated cells on the lower side of the membranes were fixed with methanol and stained with crystal violet. Images were taken at ×10 magnification, and cells in at least three different fields of view were counted.



Cell Invasion Assay

The 24-well Tumor Invasion System (BD BioSciences, San Jose, CA, USA), which were precoated with Matrigel (BD BioCoat™), were used for cell invasion assay. OVCAR3 or OVCAR8 cells (2 × 105) were seeded in serum-free medium onto upper chamber, and control medium or ADSC-CM were used as a chemoattractant and added into the lower chamber. After incubating for 12 h, the Transwell inserts following fixation with methanol for 20 min were stained with hematoxylin and eosin for 10 min. Pictures were taken at ×10 magnification, and the cells were counted in at least three different fields.



Measurement of TGF-β in ADSC-CM

The quantitation of TGF-β1 in serum-free ADSC-CM was performed by using Fast Human TGF-β1 ELISA Kit (Tribioscience, Sunnyvale, CA, USA) following the manufacturer’s instructions. ADSC-CM were collected after changing the serum-free medium for 6-, 12-, 24-, and 48 h, respectively.



Western Blot

OC cells were collected with RIPA buffer (Thermo Scientific, Rockford, IL, USA) containing 1% Halt Proteinase Inhibitor Cocktail (Thermo Scientific). A total of 30 μg protein/lane were loaded onto 10% SDS-PAGE gels and transferred onto PVDF membranes. The blots were blocked with 5% blocking buffer (nonfat milk) at room temperature for 1 h and incubated at 4°C overnight with the primary antibodies against phospho-SMAD2 (p-SMAD2, 1:500 #18338S), SMAD2/3 (1:1,000, #8685S), E-cadherin (1:1,000, #3195S), N-cadherin (1:1,000, #13116S), vimentin (1:1,000, #5741S) (Cell Signaling, Danvers, MA, USA), cytokeratin 7 (1:1,000, #ab181598, Abcam, Cambridge, MA, USA), and GAPDH (1:1,000,#G9545; Sigma-Aldrich, St. Louis, MO, USA). The membranes were washed with PBST and incubated with horseradish peroxidase-conjugated secondary antibodies (1:10,000, goat anti-rabbit, #sc-2004; goat anti-mouse, sc-2005; Santa Cruz, Dallas, TX, USA) at room temperature for 1 h. Protein bands were visualized using chemiluminescence by exposing on X-ray film. The films were scanned and analyzed by Image J.



SMAD-Dependent Reporter Gene Luciferase Assay

OVCAR3 and OVCAR8 cells were transduced with the lentiviral vector pGF-SMAD2/3/4-mCMV-luciferase-EF1a-puro (System Biosciences, CA) containing SMAD2/3/4 transcriptional response elements (TRE). The medium was changed to control medium (serum-free) or ADSC-CM (serum-free) and incubated for 12 h and treated with 6 ng/ml TGF-β for additional 12 h to activate SMAD2/3/4 pathway. For some groups, the cells were also treated with the TGF-β antagonist at 10 μM SB431542 (Sigma-Aldrich, #S4317) (St. Louis, MO, USA) or vehicle for 24 h. Luciferase activity was measured using Dual-Luciferase Reporter Assay System (Promega, Madison, WI, USA) and normalized by comparing with the control or vehicle-treated group.



Orthotopic Ovarian Cancer Mouse Model

To track ovarian tumor growth and metastasis in vivo, OVCAR 8 cells labeled with luciferase (OVCAR8-Luc2) were used in an orthotopic OC mouse model. 2-month-old immunocompromised NOD.Cg Prkdcscid Il2rgtm1Wjl/SzJ (NSG) female mice (Jackson Laboratory) were intrabursally inoculated with 5 × 105 cells. Then the 20 mice were randomized into four groups 1-week postinoculation and treated with either 1) control medium, 2) serum-free ADSC-CM, 3) SB431542 plus control medium, or 4) SB431542 plus serum-free ADSC-CM via peritoneal injection. SB431542 was peritoneally injected with a dose of (10 mg/kg body weight). Mice were treated daily for 5 days a week and for 3 weeks. Tumor growth and metastasis were observed by Xenogen Bioimaging system once a week. All mice were sacrificed at 4 weeks after cell injection. Primary ovarian and metastatic tumors were collected for histology and western blot to determine p-SMAD2 and EMT markers protein levels. All animal experiments were performed in accordance with the protocol approved by the Institutional Animal Care and Use Committee of the University of Tennessee Health Science Center.



Statistical Analysis

At least three independent experiments in sample triplicate were performed. Data are presented as mean ± SD and Student’s t-test was performed using GraphPad Prism 8 (GraphPad, San Diego, CA, USA) to determine significant differences between the treatment and control groups. p < 0.05 was considered significant.




Results


ADSC Promotes OC Cell Growth, Migration, and Invasion

ADSC were characterized by examining specific marker gene expression using flow cytometry. As shown in Supplementary Figure S1, CD44, CD73, CD90, and CD105 are expressed while CD31 and CD45 are absent in ADSC.

To assess how ADSC affect OC cell functions, we examined the OC cell proliferation and survival following treatment using ADSC-CM or control medium. ADSC-CM significantly increased OC cell proliferation compared with the control medium at all three time points (1, 3, and 5 days) in both OVCAR3 and OVCAR8 cells (Figures 1A, B). ADSC-CM also significantly promote OC cell survival as shown by cell colony formation assay (Figures 1C, D).




Figure 1 | ADSC promote cell growth, migration, and invasion in ovarian cancer cells. (A, B) MTT assay was performed to detect the cell proliferation in OVCAR3 (A) and OVCAR8 (B) cells at different time points, following treatment with ADSC-CM or control medium. (C, D) Cell colony formation assay was performed to determine cell survival in OVCAR3 (C) and OVCAR8 (D) cells treated with ADSC-CM or control medium. (E, F) Cell migration in OVCAR3 (E) and OVCAR8 (F) cells treated with ADSC-CM or control medium performed using Transwell plates. (G, H) Cell invasion in OVCAR3 (G) and OVCAR8 (H) cells treated with ADSC-CM or control medium examined using Matrigel-coated plates. Data represent the mean ± SD of three independent experiments. **p < 0.01, ***p < 0.001 compared with the control group.



We also examined cell migration and invasion using the Transwell plates to determine whether ADSC contribute to OC invasiveness and found that ADSC-CM significantly increased cell migration (Figures 1E, F) and invasion in both OVCAR3 and OVCAR8 cells (Figures 1G, H).



ADSC Promotes EMT by Activating the TGF-β Signaling Pathway in OC Cells

We have shown previously that TGF-β promotes EMT and contributes to OC tumor cell invasion (32). To understand the mechanisms on how ADSC contribute to OC growth and metastasis, extending our earlier observations, we examined whether ADSC affect EMT phenotypic switch through TGF-β pathway. We determined expression of EMT marker proteins in both OVCAR3 and OVCAR8 following treatment with ADSC-CM for different periods (0, 24, and 48 h). We found that ADSC-CM increased the expression of the mesenchymal markers N-cadherin and vimentin whereas, inhibited the expression of epithelial markers E-cadherin and cytokeratin-7 e in a time-dependent manner in both OC cell lines (Figures 2A, B), indicating that ADSC facilitates the EMT of OC cells. Changes in cell morphology are shown in Supplementary Figure S2. After treatment with ADSC-CM, some OC cells showed spindle-like shapes.




Figure 2 | ADSC promotes EMT by activating the TGF-β signaling pathway in OC cells. (A, B) Western blot analysis of EMT markers in both OVCAR3 (A) and OVCAR8 (B) cells following treatment with ADSC-CM for different time durations (0, 24, and 48 h). Right, the quantification analysis of the blots. (C, D) Western blot analysis of the p-SMAD2 and SMAD2/3 expression in both OVCAR3 (C) and OVCAR8 (D) cells following treatment with ADSC-CM for different time durations. Right, the quantification analysis of the blots. (E, F) Luciferase activity in OVCAR3 (E) and OVCAR8 (F) cells following ADSC-CM treatment for 24 h, then 6 ng/ml TGF-β treatment for 12 h. (G) ELISA analysis of ADSC-CM collected at different time points to detect the concentrations of TGF-β1. Data represent the mean ± SD of three independent experiments. **p < 0.01, ***p < 0.001 compared with the control group.



To explore whether TGF-β signaling pathway is involved in the ADSC-CM-induced EMT, we detected expression of p-SMAD2 and total SMAD2 in OVCAR3 and OVCAR8 cells at different time points after ADSC-CM treatment. We found that ADSC-CM enhanced p-SMAD2 level without changing the total SMAD2 expression (Figures 2C, D). We further validated this finding by applying SMAD-dependent reporter gene luciferase assay. ADSC-CM significantly increased SMAD2/3/4 transcriptional activity in both OVCAR3 and OVCAR8 cells (Figures 2E, F). Since ADSC-CM activates the TGF-β pathway, we decided to examine whether ADSC indeed secret TGF-β into ADSC-CM using ELISA assay. We found that TGF-β1 in ADSC-CM increased significantly at 6 h, reaching its peak levels between 24 and 48 h (Figure 2G). Our data indicate that ADSC promotes EMT phenotypic switch by activating the TGF-β pathway in OC cells.



Inhibition of TGF-β Pathway Blocks ADSC-Induced OC Cell Survival, Migration, and Invasion

Adipocytes in omentum contribute to OC metastasis. ADSC can differentiate into multiple cancer-associated cell types including adipocytes, fibroblasts, and endothelial cells. Targeting ADSC in omentum as major cell type in OC TME has great therapeutic potentials. Therefore, we tested whether inhibition of TGF-β pathway activated by ADSC affects OC function. We treated OVCAR3 and OVCAR8 cells with 10 μM TGF-β receptor inhibitor SB431542 for 24 h and then added ADSC-CM into culture for different time points (0, 24, and 48 h). ADSC activation of SMAD2 phosphorylation in OC cells was significantly inhibited by SB431542 (Figures 3A, B). We also validated this finding using SMAD-dependent reporter gene luciferase assay. Similarly, ADSC-induced SMAD2/3/4 transcriptional activity was significantly inhibited by SB431542 treatment (Figures 3C, D). Next, we tested whether SB431542 treatment of the OC cells affected the ADSC-CM-induced EMT phenotypic switch. We found that SB431542 significantly reduced EMT in OC cells induced by ADSC as shown by the downregulation of mesenchymal markers and upregulation of epithelial markers compared with vehicle-treated cells (Figures 3E, F). In addition, ADSC-induced OC cell proliferation, cell colony formation, migration, and invasion were also significantly inhibited by SB431542 (Figures 3G–N). Our results indicate that targeting the TGF-β pathway can effectively inhibit ADSC-induced OC cell growth, migration, and invasion.




Figure 3 | Inhibition of TGF-β pathway antagonizes ADSC-induced OC growth, migration, and invasion. (A, B) Western blot analysis of the p-SMAD2 expression in both OVCAR3 (A) and OVCAR8 (B) cells treated with 10 μM SB431542 for 24 h and then ADSC-CM for different time durations. Right, the quantification analysis of the blots. (C, D) Luciferase activity in OVCAR3 (C) and OVCAR8 (D) cells following ADSC-CM treatment for 24 h, SB431542 treatment for 24 h, then 6 ng/ml TGF-β treatment for 12 h. (E, F) Western blot analysis of EMT markers in both OVCAR3 (E) and OVCAR8 (F) following treatment with ADSC-CM and SB431542 (10 μM) for 48 h. Right, the quantification analysis of the blots. (G, H) MTT assay was performed to detect the cell proliferation ability of OVCAR3 (G) and OVCAR8 (H) cells at different time points following ADSC-CM and SB431542 (10 μM) treatment. (I, J) Cell colony formation assay determined cell survival in OVCAR3 (I) and OVCAR8 (J) cells following ADSC-CM and SB431542 (5 μM) treatment. (K, L) Cell migration in OVCAR3 (K) and OVCAR8 (L) cells treated with ADSC-CM or control medium following SB431542 (10 μM) treatment 24 h performed using Transwell plates. (M, N) Cell invasion in OVCAR3 (M) and OVCAR8 (N) cells treated with ADSC-CM or control medium following SB431542 (10 μM) treatment for 24 h using Matrigel-coated plates. Data represent the mean ± SD of three independent experiments. *p < 0.05, **p < 0.01, ***p < 0.001 compared with the corresponding control group; #p < 0.05, ##p < 0.01, ###p < 0.001 compared with the corresponding ADSC-CM group.





ADSC Promotes Primary Tumor Growth and Metastasis in an Orthotopic OC Mouse Model

To test whether ADSC promote ovarian tumor progression and metastasis in vivo using the orthotopic OC mouse model we described before (33), we intrabursally injected OVCAR8 cells labeled with luciferase into immunocompromised NSG female mice, and then treated mice with ADSC-CM and SB431542. OC primary tumors and metastases were significantly higher in mice treated with ADSC-CM compared with control medium. Moreover, progression of the primary tumors was significantly lower in mice treated with SB43152 compared with vehicle as shown by bioluminescent intensity (Figure 4A). Histologic examination confirmed OC growth in the ovaries of the mice (Figure 4B). All 4 groups showed malignant epithelial tumor with serous differentiation, nest, or solid/glandular growth and moderate to severe nuclear atypia. Cytologically, tumor cells showed prominent nuclear atypia, characterized by highly pleomorphic, irregular nuclear contours, and variably conspicuous nucleoli.




Figure 4 | ADSC enhance primary ovarian tumor growth and metastasis in an orthotopic ovarian cancer mouse model. (A) Live animal imaging of primary tumors in ovaries of mice at 4 weeks following intrabursal injection of OVCAR8 cells. Right, the quantitative bioluminescence intensities. (B) H&E staining of primary tumor in ovaries. There are high-grade serous carcinomas involving the ovarian stroma. No normal ovary structure could be seen in the control and ADSC-CM groups. Tumors are indicated by yellow arrows. (C) Primary tumors in ovaries of mice were identified by live animal imaging. (D, E) Tumors in ovaries of mice were dissected, imaged (D), and weighed (E). (F) Western blot analysis of p-SMAD2 and EMT markers in primary ovarian tumors. Right, the quantification analysis of the blots. (G) Metastatic tumors in liver, spleen, kidney, intestine, and stomach of xenografted mice were identified by live animal imaging. (H) H&E staining of metastatic tumors in livers of xenografted mice. Data represent the mean ± SD of three independent experiments. **p < 0.01, ***p < 0.001 compared with the control group. #p < 0.05, ##p < 0.01, ###p < 0.001 compared with the corresponding ADSC-CM group.



Consistent with bioluminescence results, a significant difference in tumor weight among four groups was observed (Figures 4C–E). ADSC-CM significantly stimulated tumor growth in ovaries, and ADSC-CM-induced tumor growth was significantly suppressed by SB431542. We also examined p-SMAD2 and EMT markers in primary ovarian tumors using Western blot. ADSC-CM treatment increased expression of p-SMAD2, N-cadherin, and vimentin and reduced the expression of E-cadherin and cytokeratin-7 (Figure 4F). ADSC-induced EMT marker expression was significantly inhibited by SB431542 treatment (Figure 4F). We then examined tumor metastasis in multiple peritoneal organs and tumors were found in liver, spleen, kidney, intestine, and stomach (Figures 4G, H). ADSC-CM treatment significantly promoted tumor dissemination in these organs, which was significantly reduced by SB431542 treatment. Taken together, our results show that ADSC-CM significantly enhances primary ovarian tumor growth and metastasis by promoting EMT and activating the TGF-β pathway in an orthotopic OC mouse model.




Discussion

In the present study, we investigated whether ADSC contributes to OC growth and metastasis by using the transfer of ADSC-CM. Our data indicate that ADSC-CM promotes OC growth and metastasis at least partially via promoting EMT and activating the TGF-β pathway. ADSC-CM enhances OC cell proliferation, migration, and invasion. Consistent with the role of TGF-β, pharmacological inhibition of TGF-β signaling pathway antagonizes the effects of ADSC-CM on OC function and tumor metastasis. These findings indicate that ADSC-derived TGF-β is a major regulator of OC TME, which contributes to OC tumor progression and metastasis. These findings strongly suggest that TGF-β signaling can be targeted to improve the therapeutic outcomes in OC patients.

Previous studies showed that ADSC play important roles in the interaction between TME and tumor progression by secreting soluble factors and exosomes, including breast cancer, head and neck cancer, and osteosarcoma (34–38). Coculture with ADSC or treatment with ADSC-CM increased metalloproteinase (MMP) 2/9 expression and activated STAT3 transcription factor in osteosarcoma cells, therefore promoted osteosarcoma cell proliferation and invasion (35). Human ADSC secreted CSCL1/8 in contacting with breast cancer cells and then promoted angiogenesis and tumor growth of breast cancer (36). Coculture of human ADSC and head/neck cancer cells showed elevated MMP 2/9 expression and stimulated migration of cancer cells but had no effect on cancer cell growth (38). ADSC from omentum of OC cancer patients induced OC cell growth, migration, and chemoresistance (17). Another study reported that coculture of omentum ADSC and OC cells promoted OC cell proliferation and invasion via increased MMP secretion of cancer cells (18). Proteomic analysis of OC cells after treatment with ADSC-CM identified TMSB4X as a factor that mediates protumor effect of ADSC (20). Our findings are consistent with the previous reports that ADSC-CM enhances growth and metastasis of OC both in vitro and in vivo (18, 20). However, here we show an additional and different molecular mechanism by demonstrating that ADSC-derived TGF-β activates EMT, which in turn contributes to OC progression and metastasis.

We show here that ADSC promotes EMT in OC cells. Consistent with this study, ADSC-CM has also been shown to stimulate EMT in glioma cells (29), lung cancer cells (30), and breast cancer cells (31), suggesting that the ADSC may play a pivotal and general role in tumor metastasis by promoting EMT. EMT is well-known to be associated with tumor metastasis and chemoresistance (39, 40). Our findings indicate that ADSC can also promote OC growth and metastasis through stimulation of EMT. We previously showed that TGF-β promotes EMT in OC (32). Here, we detected TGF-β secreted from cultured ADSC by ELISA assay, which can activate TGF-β signaling in the OC cells. Using a TGF-βR½ inhibitor, SB431542, we show for the first time that blocking of TGF-β pathway attenuates the promotion effects of ADSC on the OC growth and metastasis in vitro and in vivo. Thus, our findings demonstrate that ADSC can promote OC progression through promoting EMT via activation of TGF-β signaling.

Although we demonstrated that ADSC-CM promote OC progression and metastasis by activating the TGF-β pathway, there are multiple growth factors secreted from ADSC and multiple signaling pathways might be involved in the interaction between ADSC and OC. It is essential to identify those growth factors or adipokines secreted from ADSC through the proteomic approach to further understand the importance of ADSC in OC metastasis. In addition, we tested the therapeutic effects of TGF-β inhibitor in OC mouse models; however, it is important to further test whether TGF-β inhibitor has synergistic effects in enhancing the chemotherapy drugs in OC mouse models.

In conclusion, ADSC residing in the TME contributes to OC growth and metastasis, at least in part through promoting EMT and activating the TGF-β signaling. These findings not only help us understand the importance of ADSC in the TME of OC but also provide experimental evidence to target ADSC in TME for the treatment of OC and potentially of several other aggressive cancers.
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Biomechanics is a physical phenomenon which mainly related with deformation and movement of life forms. As a mechanical signal, it participates in the growth and development of many tissues and organs, including ovary. Mechanical signals not only participate in multiple processes in the ovary but also play a critical role in ovarian growth and normal physiological functions. Additionally, the involvement of mechanical signals has been found in ovarian cancer and other ovarian diseases, prompting us to focus on the roles of mechanical signals in the process of ovarian health to disease. This review mainly discusses the effects and signal transduction of biomechanics (including elastic force, shear force, compressive stress and tensile stress) in ovarian development as a regulatory signal, as well as in the pathological process of normal ovarian diseases and cancer. This review also aims to provide new research ideas for the further research and treatment of ovarian-related diseases.
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The mammalian ovary is a major reproductive organ, ensuring various functions essential to the reproductive process. Its most obvious role is the production and release of functional female gametes, oocytes. Growing evidence indicates that the growth and development of the ovary, as well as the malignant process, are accompanied by changes in biomechanical characteristics, but only superficially. Here, we review the roles of biomechanics in normal ovarian development and ovarian diseases, aiming to provide new insights into understanding the mechanisms of ovarian biomechanics.


Follicle Development and Mechanical Factors

As one of the main reproductive organs of the female reproductive system, the growth and development of the ovary are extremely complex processes involving the participation of multiple regulatory mechanisms, regulatory factors and effect factors. Additionally, some studies have suggestion that mechanical factors are involved in normal ovarian development and the malignant process of ovarian cancer in mammals and play vital roles (1–5). Based on the role of biomechanical factors in the growth and development of various tissues and organs of the human body, their influence on the cell and tissue levels of bone (6), muscle (7), intestine (8), joints (9) and other organs has been studied in depth. Additionally, location shifts and tissue remodeling occur during follicle formation, suggesting that extracellular matrix (ECM) plays an important role in follicle development and that the mechanics involved in the process of ovarian growth and development have gradually attracted increased attention (10, 11).


Change in the Mechanical Environment During Follicle Development

The follicle is the fundamental function tissue of mammalian ovary. According to their morphological and functional characteristics, follicles can be divided into primordial, primary, secondary, and mature follicles. Human follicle development begins in the fetal period, from the primal follicle to the primary follicle transition. Primordial follicles are composed by oocytes and pre-granular cells which are single spindle-shaped layer like (12). When stimulated by biological signals, the primordial follicles are recruited into the growth pool, and the shape of granular cells transform from spindle-flat to cubic thus form primary follicles. Later, granular cells proliferate from monolayer to multiple layers with appearance of fluid cavities with different sizes which further synthesize follicular cavities, and at that time, secondary follicles are formed (13).Further, the secondary follicles develop to antral follicles under the regulation of follicle-stimulating hormones (FSH) and finally arrive the ovulatory preparation period (Figure 1A). Overall, the follicles development process is mainly comprised the increased number of granulosa cells and the enlargement of oocytes.




Figure 1 | Ovarian developmental processes and some of the mechanical pathways involved. (A) The growth and development process of follicle and related signal pathways. Follicle development goes through primordial, primary, secondary, and mature follicles four stages. (B) PI3K/AKT signal pathway participate in primordial follicles activation. PI3K was activated by growth factor KIT LIGAND (KL) and converted phosphatidylinositol 4,5-bisphosphate (PIP2) into phosphatidylinositol 3,4,5-trisphosphate (PIP3) at the cell membrane, leading to AKT phosphorylation and activation, eventually lead to primordial follicles activation (14). (C) Activated state of Hippo signaling in granulosa cells (left). Uncharacterized upstream factors stimulate the Hippo signaling cascade (MST1/2 and LATS1/2) to phosphorylate and restrict the activition of two transcriptional coactivators (YAP and TAZ). Disruption of Hippo signaling in granulosa cells (right). Physical force disrupt the Hippo signaling cascade by translocating un-phosphorylated YAP/TAZ into the nucleus to bind the TEAD transcriptional factors, thus induce expression of CCN which are involved in granulosa cell proliferation and survival, leading to follicle growth (15). (D) Other related signal pathways in follicle development.



In the process of follicles development, some factors were confirmed to involved this. For example, growth factor 9 (GDF 9), bone morphogenetic protein 15 (BMP 15) and BMP 6 were thought to be involved in the recruitment of primordial follicles (16, 17), and GDF 9 and BMP 15 were involved in the regulation of oocyte maturation and the function of granulosa cell (17); Furthermore, Vendola K et al. (18) found that insulin-like growth factor I receptor (IGFR) was increased in oocytes after androgen treatment, which stimulated the activation of primordial follicles and the formation of primary follicles (18).

In all stages of follicle development, mechanical factors are involved, affecting the entire process. Normal ovarian structure is divided into two parts: the cortex and the medulla. Different structural areas provide different hardness environments for primordial follicles: the ovarian cortex comprises connective tissue, which occupies most of the ovary; however, the medulla is located in the center of the ovary and comprises loose connective tissue (19). In general, the rigidity of the cortex is greater than that of the medulla, providing a rigid environment for the complete preservation of primordial follicles. With the production of secondary follicles, the rigid environment of the ovarian cortex limits the maturation and expansion of the follicles, and the secondary follicles then transfer from the cortex to the medulla to obtain a softer environment (20). Additionally, in the process of follicles development, the zona pellucida consisted with the mucopolysaccharide which secreted by granular cells became thickened, and the structure became denser, it suggested that the matrix environment which surround granulosa cells has changed. As early as 1996, a study compared the activation ratio of primordial follicles in vivo to primordial follicles in vitro in cattle and found that the activation of primordial follicles in vitro was significantly better, implying that the ovarian matrix environment plays a particular role in the activation and growth of follicles (21). Felder S et al. (22) used the pore structure formed by a macroporous alginate (Alg) scaffold to simulate the physical environment of the ovarian cortex, regulate the development of follicles, and successfully promote the growth of ovarian primitive follicles in vitro (22), suggesting that the internal mechanical structure of the ovary may affect the development of the ovary.

In the process of follicle activation and development, the expression of genes that regulate matrix hardness is in a particular dynamic state. The fibrillin 3 (FBN3) gene regulates the expression of extracellular matrix (ECM) -related proteins and fibrin, uses the transforming growth factor β (TGF-β) signaling pathway to indirectly affect the function of fibroblasts in the matrix, and regulates the production and deposition of collagen (Col) in normal and fibrotic tissues (23). In the early stage of follicle development, during the transition from primordial to primary follicles, FBN3 is expressed in the stromal area around the follicle (24), implying that this gene may regulate the content of collagen to regulate the mechanical environment around the follicle, thereby affecting follicle development.

Not only the above influence factors, some literatures demonstrated that the biomechanics of basement membrane (BM) affected the development of follicles. The BM regulates and maintains the morphology of the epithelium, and its structure changes in different follicular development periods. Chlasta J et al. (25) found that in late follicular development, the follicular morphology changes from cuboidal to squamous or columnar increase the density and growth of follicular fibers then resulting the increased stiffness of BM caused by the embedded of follicular fibers. This change in stiffness creates areas with alternating soft and hard biomechanics which furthermore maintain the follicular morphology (25). Additionally, pre-ovulatory follicles are separated from the ovaries and placed under hydrostatic pressure (HP), and an increase in the number of mature oocytes, indicating that HP promotes oocyte maturation and follicle development (26). The effect of the mechanical environment on the follicle is not limited to the internal environment of the ovary but is in a state where follicle development can be regulated at all times.



Mechanical Signal Regulation in Follicle Development

The influence of mechanical factors on follicle development is finally realized through the regulation of well-known classical mechanical pathways, such as PI3K or Hippo pathways. Researchers have demonstrated that phosphoinositide 3-kinase (PI3K)signaling pathway stimulation induced the activation of the primordial follicle pool that can lead to rapid depletion of the pool and subfertility (27, 28) (Figure 1B). In the ovary, most primitive follicles are in dormant state, while when the follicles transfer from stiffer cortex to softer medulla area, the stimulation of Hippo signaling may slow down the growth of follicles (29). Meanwhile, other studies confirmed that Hippo mechanical signal in the follicles near the cortex may be blocked because of the destruction of the highly rigid microenvironment, resulting in increased Yes-associated protein (YAP) activity and connective tissue (CCN) growth factors secretion, resulting in activation and maturation of primordial follicles and follicle development (15, 30) (Figure 1C).

Moreover, studies also confirmed the major regulation of Akt and Erk signaling pathways in follicle growth and development (Figure 1D). Ryan K et al. (31) found that inhibition of Akt and Erk pathways inhibit the stimulatory actions of follicle-stimulating hormone (FSH) and insulin-like growth factors (IGF), and thus influence the growth of cultured follicle cells in vitro using the inhibitor of Akt or Erk (31). Besides, decreasing the activation of Akt resulted the lower synthesis of estradiol and progesterone and thus slowing down granulosa cell development (32). The combination of ovarian fragmentation and Akt stimulant increases the production of secondary follicles and pre-ovulatory follicles, and trigger actin polymerization and block Hippo signaling (33), it is suggested that Akt and Hippo signaling pathways may interactive in follicles development.




Mechanical Characteristics of ECM and Follicle Development

The ECM exists in all tissues and organs and comprises mainly water, protein (collagens, elastin, fibronectin, laminins, and several other glycoproteins) and polysaccharides (34). Not only acts as physical supporting role, ECM also has crucial roles because of its special structure. Specifically speaking, various receptors are found on the ECM that mediate different physiological processes. Besides, the ECM of different tissues or organs has a specific structural composition and heterogeneity (35). Studies have showed that in the early stage of stem cell differentiation and early embryonic development, the content of elastin, collagen, BM protein and laminin, increase, providing suitable rigidity for the growth and development (36). Furthermore, similarity function was found in ovary.


Changes in the Mechanical Characteristics of the ECM During Follicle Development

Changes of ECM elasticity can produce mechanical signals, and such signals not only change the biological characteristic of ECM, but also result in changes of stress fibers and cytoskeleton, which may further regulate the activity level of YAP/TAZ (37). YAP/TAZ is then activated and transferred to nucleus and combines with transcription factors to regulate gene expression (38, 39). Other research found that stiffer rigidity of ECM activates TGF-β, and this activation is mediated by the high contractility produced by a-ama-positive stress fibers via integrins to the large latent complex (LLC), which releases TGF-β1 when anchored in the stiff ECM. This activation acts to induce myofibroblasts (Mfs) differentiation, which then regulate normal physiological processes of cells or pathological fibrosis, but with reduced activation of TGF-β1 compared to softer matrices (40, 41).

The preservation of oocytes depends on the ovarian environment. Oocytes are in dormant state in the ovary, and the surrounding granular cells and ECM are the main sources of mechanical stress on oocytes. Specificity speaking, the abundant of actin filaments in granular cells produce pressure on oocytes to keep them in dormant state, and the fibronectin and collagen type IV in cortical ECM region which around the perifollicular area also maintain the dormant state. Nagamatsu G et al. (42) found that the number of activated oocytes increased after using collagenase type IV and trypsin to elimination collagen type IV and fibronectin, and the number of large oocytes (>50 μm in diameter) also increased under similar condition (42), demonstrated the crucial role of ECM in maintain oocytes’ dormant state.

Following the activation of follicle development, the mechanical microenvironment of ECM appears to be different. Human prepubertal ECM is stiffer caused by the higher percentage of thick collagen fibers in prepubertal ovary, and further reason is the decreased elasticity of thick collagen fibers make ECM less compliant and more rigid (20). Combining the mechanical characteristics of follicle development, the stiffer prepubertal ECM environment may provide suitable environment for preservation of primordial follicles.

Excepting the collagen, ECM also has other components, such as hyaluronic acid (HA) and elastin, while their changes will also lead to the mechanical changes of ECM. HA is a glycosaminoglycan, and as the main component of the ECM, it is widely confirmed that the changes of HA will alter the mechanical properties of ECM (43–45). Besides, HA also plays a certain role in cell differentiation and cell growth (46), promoting muscle cell proliferation and other physiological functions (47). During follicle development, high concentrations of low-molecular-weight hyaluronic acid can cause abnormal meiotic abnormalities and abnormal aging of oocytes (48), and it may also due to the mechanical changes of ECM. As another major component of ECM, the content of elastin also changes in different stages of ovarian development. The synthesis of elastin in the adult ovary gradually stops, and the content is lower than that in the prepubertal ovarian elastin (20). Considering the important role of elastin in mechanical homeostasis (49, 50), the changes of elastin synthesis may alter the mechanical properties of ECM and then play a role in ovarian development.



ECM Simulation of Ovarian Development In Vitro

In order to research the influence of ECM on ovarian development, many studies have attempted to use biological materials with different properties to create a suitable physical environment for ovarian development to achieve ovarian culture in vitro. For example, researchers commonly used biological materials, such as hyaluronic acid and Alg, form a matrix environment with different stiffnesses to support follicle development. Kim et al. (51) constructed a 3D culture of ovarian follicles and found that Alg which has harder rigidity limiting follicle development compared with the hydrogel formed by hyaluronic acid which has softer rigidity (51). He et al. (52) produced a new ECM materials composed of different concentration collagen and Alg, and found that compared with the softer ECM composition (0.5% collagen core and 2% Alg shell), ovarian tissue cultured on stiffer ECM composition (0.5% Col plus 0.5% Alg as the core and 2% oxidized alginate shell) produced at least 10% higher estradiol, and the development rate of bionic ovarian micro-tissues was also increased (52), indicating the mechanical characteristic of ECM played a major role in ovarian development.

Furthermore, the mechanical microvibration culture (MVC) system was used to culture human immature oocytes in vitro and successfully obtained normal mature oocytes with development potential comparable to mature oocytes (53). During the construction of the above ovarian in vitro culture ECM model, the development of the ovary was simulated by changing the ratio of the construction materials, showing that different ECM structures have different effects on the developmental rate of the ovary. Confirm the importance of the ECM mechanical environment in the normal development of the ovary, and to further understand the role of the ECM in ovarian development, indicating that it is necessary to further explore the specific mechanism by which the ECM mechanical environment regulates ovarian development.




Ovarian Cancer and Biomechanics

As a global problem, ovarian cancer is no longer regarded as a single disease but as a heterogeneous disease with different histological subtypes and different identifiable risk factors, origin cells, molecular and clinical features and treatments (54). Among them, epithelial ovarian cancer has the highest incidence, accounting for approximately 90% of ovarian cancer (55). Ovarian cancer is usually diagnosed at an advanced stage because of the lack of an effective early screening strategy. However, with the continuous research and progress of genetic testing based on personal or family history, ethnic background or other demographic characteristics, some individuals with a high risk of ovarian cancer, such as those with germline mutations in BRCA1 or BRCA2, have been identified. However, we did not see any improvements in mortality rates (56). Presently, ovarian cancer treatment is dominated by surgery and platinum chemotherapy. Angiogenesis inhibitors, poly (ADP-ribose) polymerase (PARP) inhibitors and immunotherapy (cytotoxic T lymphocyte antigen 4 and PD-1) have updated the treatment model of ovarian cancer to a certain extent, while most of them are still in preclinical trials (57). Effective methods of prevention and early screening as well as promising new treatment models remain to be explored, and the study of biomechanics has shown potential in this field.


Elastic Changes of Ovarian Cancer Cells

Studies have shown that ovarian cancer cells are different from normal cells and healthy cells in growth, adhesion, morphology and cytoskeleton structure (58, 59). This finding is partly due to cell biomechanics (elastic and viscous behavior), the study of which is crucial to the development of disease treatments and detection methods. Cell biomechanics is an important part of biology. It involves the study of cell membrane, cytoskeleton deformation, elastic constant, viscoelasticity, adhesion and other mechanical properties under mechanical load, and the effects of mechanical factors on cell growth, development, maturation, proliferation, senescence and death and its mechanism. It is the basis and key point to reveal the life activities of cells. As more physical properties of cells are investigated, such as growth, adhesion, morphology and cytoskeleton structure we mentioned above are all physical properties, different properties may become potentially powerful tools for cancer diagnosis and treatment. Many research groups have calculated the elastic modulus of cancer cells and believe that cancer cells are “softer” or deform faster than healthy, untransformed cancer cells (60, 61). Ovarian cancer is no exception. Although the characterization of information concerning the mechanical properties of human malignant and benign ovarian cells trails that of other cancers because of the lack of advanced detection methods, with the continuous progress of technology, such as ultrasonic elastography and magnetic resonance elastography, a series of studies have also shown a significant relationship between the viscoelasticity and biological properties of ovarian cancer cells.

Ketene et al. (62) relied on the spontaneous transformation of epithelial cells on the surface of mouse ovaries in cell culture and established a primary cell model of progressive ovarian cancer in C57BL/6 mice (62). The results showed an obvious transfer pattern in the early, middle and late transformation of the cell line. When the same cell line changes from the benign to invasive stage, an increasing number of hypoelastic cells are found in the cell population. This high invasiveness, high mobility, low elasticity and viscosity may be related to significant differences in cytoskeletal structure (63).

Both the cell changes in different periods and the properties of different pathological types of ovarian cancer cells have been quantified. The elastic modulus of mucinous ovarian cancer, serous ovarian cancer, mature teratoma and endometriosis was quantitatively classified by atomic force microscopy. Ansardamavandi et al. (64) mechanically characterized human ovarian tissues with four distinct pathological conditions: mucinous, serous, and mature teratoma tumors, and non-tumorous endometriosis by using atomic force microscopy. Mechanical elasticity profiles were quantified and the resultant data were categorized using K-means clustering method, as well as fuzzy C-means, to evaluate elastic moduli of cellular and non-cellular parts of diseased tissues and compare them among four disease conditions. Samples were stained by hematoxylin-eosin staining to further study the content of different locations of tissues. They found that pathological state vastly influenced the mechanical properties of the ovarian tissues. Significant alterations among elastic moduli of both cellular and non-cellular parts were observed. Mature teratoma tumors commonly composed of multiple cell types and heterogeneous ECM structure showed the widest range of elasticity profile and the stiffest average elastic modulus of 14 kPa. Samples of serous tumors were the softest tissues with elastic modulus of only 400 Pa for the cellular part and 5 kPa for the ECM. Tissues of other two diseases were closer in mechanical properties as mucinous tumors were insignificantly stiffer than endometriosis in cellular part, 1300 Pa compared to 1000 Pa, with the ECM average elastic modulus of 8 kPa for both. In short, The higher incidence of carcinoma out of teratoma and serous tumors may be related to the intense alteration of mechanical features of the cellular and ECM, serving as a potential risk factor which necessitates further investigation (64). A similar outcome was found in a study by Chen et al. (65) the elasticity and viscosity of ovarian cancer cells OVCAR-3 (1195.72 ± 122.94Pa) and HO-8910 (996.27 ± 52.56Pa) were significantly lower than those of human ovarian surface epithelial cells (2160.94 ± 167.77 Pa) (65). Further detection showed that the migration/invasion ability of OVCAR-3 and HO-8910 cells was significantly higher than that of the control group.

Based on the effective phenotypic changes, that is, the physical structure is sufficient to affect the behavior of cancer cells, exploration of the mechanism of “low cellular elasticity-high metastasis risk” was also gradually conducted. Differences in focal adhesion signals (higher FAK expression) and Rho/ROCK activity (increased RhoA activity) suggest that they are involved in biomechanically driven cellular responses (66), KRAS (67), nonmuscle myosin II (Myo-II) (68), and histone acetyltransferase (HBO1) (69) have also been studied to change the mechanical phenotype of ovarian cancer cells through signal transduction (Figure 2), and the change of cellular elasticity was measured directly by atomic force microscopy. Thereby changing the metastatic tendency of ovarian cancer. According to this physiological characteristic, the discovery and application of selenium nanoparticles (70) and gold nanoparticles (71), which can change the mechanical characteristics of the cell membrane, may provide a new idea for ovarian cancer treatment.




Figure 2 | The biomechanical mechanism of ovarian cell canceration and metastasis. (A) Focal adhesion signals, Rho/Rock activity, KRAS, nonmuscle myosin II (Myo-II), histone acetyltransferase (HBO1) could reduce cell elasticity through signal transduction, thereby increasing the risk of metastasis; Under high shear environment, the epithelial-mesenchymal transformation and tumor stem cell markers are significantly expressed. (B, C) The abnormal activation of the PI3K/Akt pathway significantly increases the malignancy of cells. While in hematogenous metastasis, high shear stress destroyed circulating tumor cells and prevented cancer metastasis; Local adhesion formation, myosin light chain phosphorylation, enhanced cell traction, and cellular pseudopodia produced by extracellular matrix tissue increase substrate stiffness, gradually stretch and elong the cells, thereby making ovarian cancer cells have a high risk of metastasis. (D) Proliferation of ovarian cancer cells will produce tension stress and compressive stress on the cells around the developing mass and the increase of these two stress will further increase the invasion ability of tumor cells. EMT, epithelial-mesenchymal transformation.





Ovarian Cancer and Shear Stress

Whether because of the continuous peristalsis of the gastrointestinal system or exposure to the ascites environment, the surface of the ovary is exposed to peritoneal pressure and shear force, creating a mechanical microenvironment for the ovarian cancer cells (72). The study of the effect of shear stress on the occurrence and development of ovarian cancer is accompanied by the progress of corresponding experiments and mathematical models; particularly, there is a need for computer simulation models to improve our understanding of the physiological stress that occurs in the peritoneal cavity. Because the movement of the body is directly related to the level of shear stress experienced by floating and attached ovarian cancer, these complex interactions must be modeled and analyzed using hydrodynamic systems (73).

The in vitro progression model of ovarian cancer is widely used in the study of shear stress. Hyler et al. (74) conducted experiments to test the different metastatic potentials of mouse ovarian cancer cell lines under the influence of low-level shear stress (74). Benign to highly invasive epithelial cell lines of ovarian cancer were used. OCE1 (healthy person) and SKOV3 (human ovarian clear cell adenocarcinoma) cells were exposed to fluid shear stress < 1 dyne/cm2 on a rotating plate for 12 days. Even with low-intensity shear, genomic changes were observed in the treated cells. Shear stress may not only be a contributing factor to the progression of ovarian cancer but also a key factor in benign cell deterioration, which leads to changes in the mechanical phenotype of cells and is associated with the risk of ovarian cancer metastasis (Figure 2). Specifically, after exposure to three consecutive 96 h (288 h total) fluid shear stress, a significant increase in CREST-positive (chromosome mis-segregation) micronuclei was observed in all cell lines (p < 0.001), as well as low levels of CREST-negative (DNA fragments) micronuclei observed in SKOV-3 (0.4% ± 0.1%) cells. Besides, in non-tumorigenic MOSE-E cells, fluid shear stress may promote the generation of tetraploid cells by inducing defective cell division. Researchers also studied spheroid formation, which reflects a more metastatic phenotype, for it was related to change of cytoskeleton organization. The tumorigenic cells lines (SKOV-3) responded to fluid shear stress by detaching and forming aggregates or spheroids. SKOV-3 spheroids grew in diameter from 139.5 ± 10.6μm to 208.6 ± 87.8μm after repeated passaging and were able to re-attach to the culture dishes with a moderate adherent monolayer outgrowth. A model that mimics peritoneal fluid pressure and shear stress caused by continuous peristalsis of the gastrointestinal system was constructed by Avraham-Chakim et al. (75) based on fluid-induced wall shear stress exposure in epithelial ovarian cancer (75). The authors used OVCAR-3 cell line, cultured them in a simulated physiological environment, applied wall shear forces of 0.5, 1.0, and 1.5 dyne/cm2 on the cell surface, and then studied the changes in mechanical indexes, such as the cytoskeleton and actin. Formation of a thick filamentous network of stress fibers was observed in cells exposed to shear stress, compared with control cultures in which actin was present mainly in the peripheral areas of the cell. There was a linear relationship between the magnitude of wall shear stresses and the level of stress fibers formation and that the level of stress fibers formation depended on the magnitude of shear stress. Furthermore, the formation of stress fibers also leads to cell elongation. These conditions occur during the occurrence and development of tumors. For example, a similar outcome of shear stress induced actin-tubulin remodeling was also observed in metastatic esophageal cancer cells (76). It suggests that stress fibers may be associated with the development of ovarian cancer.

The development and metastasis of ovarian cancer caused by increased shear stress must be accompanied by potential cellular and molecular mechanisms. Researchers have noticed this and performed a series of studies on the related mechanisms. Ip CK et al. (77) found that epithelial-mesenchymal transformation and expression of tumor stem cell markers can be obtained when ovarian cancer cells grow under fluid shear stress, indicating a significant increase in the degree of malignancy of ovarian cancer cells (77). The same results were also observed in Rizvi’s et al. study (78). Additionally, these cells developed significant chemotherapy resistance to cisplatin and paclitaxel, a finding that may be attributed to abnormal activation of the PI3K/Akt pathway.

However, during process of hematogenous metastasis, the opposite results was found. High shear stress destroyed circulating tumor cells and prevented cancer metastasis. Studies have shown that a high shear stress of 60 dyne/cm2 during intensive exercise can kill more than 90% of circulating tumor cells within 4 hours. Compared with the low shear stress of 15 dyne/cm2 at rest, long-term high shear stress treatment effectively reduces the survival rate of highly metastatic and drug-resistant cancer cells (79). The killing effect of this high shear stress on cancer cells can be blocked by platelets (80). Specifically, when platelets are under shear stress, lactate dehydrogenase is significantly decreased, indicating that the nondestructive cycle time of cancer cells is prolonged in vivo.

The reverse effect of this shear stress in the process of in vitro and hematogenous metastasis is an interesting and contradictory discovery, suggesting the dual mechanism of shear stress in a complex body environment: on the one hand, continuous shear stress can cause changes in the cell genome and mechanical phenotype, leading to the deterioration of normal cells and metastasis of cancer cells; on the other hand, high shear stress can destroy cancer cells in the circulatory system and reduce the risk of cancer metastasis. Future research should be more targeted, specifically describing the mechanism of shear stress under different environmental conditions.



Ovarian Cancer and Substrate Stiffness Stress

The ECM provides physical support for tissues, organs and signaling pathways through integrins and other membrane receptors (81). This characteristic also determines its key position during tumor metastasis. A series of studies have been performed to understand the interaction between the occurrence and development of cancer cells and the physical properties of the substrate (76–80).

Cells are very sensitive to substrate stiffness and texture. To explore the cell response to these two types of input in a precisely controlled way, Park et al. (82) analyzed the substrate response of Chinese hamster ovary cells to different stiffnesses (from 1.8 MPa to 1.1 GPa). With increasing substrate stiffness, the cells gradually extended and elongated in a dependent manner (82). This change was partly attributed to local adhesion formation, myosin light chain phosphorylation and enhanced cellular traction (83), as well as cellular pseudopodia produced by ECM tissue under strong substrate stiffness (84), which is a prelude to metastasis. The increase in substrate stiffness may be closely related to the distant metastasis of ovarian cancer cells (Figure 2). The epithelial-mesenchymal transformation pathway (85) and the Rho/ROCK pathway (86) may play important regulatory roles.



Ovarian Cancer and Compressive and Tensile Stress

Ovarian cancer cells are subjected to a series of compression and stretch stimuli that contribute to mechanical transduction. On the one hand, as ovarian cancer expands, it produces tension on the cells around the developing mass; on the other hand, the cells are exposed to chronic loads from abdominal cavity, surrounding cell displacement and growth-induced stress (87). We can understand that when the body surface is swollen, inflammatory exudation or congestion will produce a squeezing force on the skin, and the skin will also have a counteracting squeezing force on the inside, which is compressive stress. Meanwhile, the normal surface of the skin expands and the muscle fibers pull each other, resulting in tensile stress (Figure 2). Relatively few studies have investigated the tensile stress of ovarian-specific cells (88). The regulation of the RhoA/ROCK signaling cascade seems to be critical and further plays an important role in vascular endothelial growth factor-mediated angiogenesis (89).

Studies on the effect of compressive stress on cancer progression have found a trend toward late invasion and metastasis phenotypes. Klymenko et al. (87) used an in vitro model system to simulate the effects of static pressure on four ovarian cell lines under ascites pressure for 6 or 24 hours. The enhancement of invasive ability was accompanied by an increase pressure, and the expression of genes related to epithelial-mesenchymal transformation and dispersion of multicellular aggregates was regulated by compressive stress to varying degrees. It was noteworthy that the expression of Epithelial (E)3-cadherin (e-cadherin) and neural (N)-cadherin (n-cadherin) were changed under static pressure, further affect cell-cell and cell-matrix adhesion, while no changes of cell proliferation related signaling pathways were observed (87). Burkhalter et al. (88) proposed that integrin induced e-cadherin internalization and activated β-catenin, thus co-regulated intercellular linkage mainly according to Wnt/β-catenin signaling pathway in ovarian cancer invasion and metastasis. And further investigate indicated that these influences might cause by the changed expression of membrane type 1 matrix metalloproteinases (MMP-14) (88). In general, the response of Wnt signaling pathway under compressive and tensile stress may be one of the potential molecular mechanisms in ovarian cancer invasion and metastasis. In a similar study, Novak et al. (90) encapsulated high-grade serous ovarian cancer cell lines in simulated ECM hydrogels containing agarose collagen and type I collagen, and used a 3D compression bioreactor to observe the effects of compressive stress on ovarian cancer cells under limited cyclic or static pressure for 24 and 72 hours, respectively. Compression stimulation not only significantly increased the proliferation and invasion of ovarian cancer cells but also caused chemotherapy resistance in ovarian cancer cells, which may be attributed to the abnormal activation of CDC42 (90). Notably, whether the stem cell characteristics of ovarian cancer cells will appear under compressive stress and promote development and metastasis warrants further study.



Biological Characteristics of Ovarian Cancer Spheroids

Multicellular spheroids (MCS) also need to be mentioned. Ovarian cancer cells typically spread and metastasize within the abdominal cavity, where ascites promotes this process. Metastatic ascites contains MCS, which reduces the sensitivity of the body to chemotherapy (91). Through in vivo lineage tracing, the researchers found that MCS appeared preferentially from collective detachment, rather than aggregation in the abdomen (92). MCS usually appears as “blastuloid” spheroids after maturation, with a smooth profile and immotile cells (93). It is a dynamic structure composed of proliferating, non-proliferating and hypoxic regions. The spheroid neither binds nor allows cells to penetrate (94). This form can keep the internal cells from being damaged by external forces such as shear stress, and maintain phenotypic heterogeneity during dissemination (92).




Benign Ovarian Diseases and Biomechanics


Polycystic Ovary Syndrome

Polycystic ovary syndrome (PCOS) is a common endocrine disorder with many pathological manifestations, such as hormone disorders, insulin resistance, and ovarian dysfunction (oligoovulation, anovulation or polycystic ovary). Among them, insulin resistance may cause infertility (95); when the two pathological characteristics of hyperandrogenism and ovarian dysfunction are met, it can be diagnosed as PCOS (24).

With the restoration of Hippo signal transduction in the ovary, the growth of follicles slows down. Therefore, CCN growth factor treatment of these patients or topical application of actin polymerization drugs may offset the impact of Hippo on the ovaries and provide potential treatments for patients with PCOS. Additionally, the high androgenic properties of PCOS may be caused by a rigid biomechanical environment. In a mouse model, androgens secreted by follicles in a harder and denser Alg substrate were present at higher levels (96).

The dense collagenous and thickened ovarian cortex may create a biomechanically forbidden environment and change the mechanical signals in the ovary (29). Forbidden environment means the stiff cortical region, which could decrease local Hippo signaling, leading to overactivity of YAP, increased CCN growth factor secretion, stromal cell proliferation, and thecal cell hyperplasia. The follicles of patients with PCOS have polycystic ovaries with an increase in matrix hypertrophy; the granular cell substrate is thickened, and the electron density in the zona pellucida formed by secondary follicles increases. Ovarian drilling is often used for clinical treatment, and the mechanical forces generated in the process cause changes in the ovarian endocrine level, especially an luteinizing hormone decline (97, 98). Presently, a mechanobiology-based treatment that ruptures the ovarian cortex through in vitro activation (IVA) temporarily interrupts the Hippo pathway and promotes the secondary development of follicles. Compared with traditional surgical treatment, this mechanical biological therapy reduces damage to the ovaries (15).



Ovarian Insufficiency

Ovarian insufficiency is a key fertility defect characterized by impaired expected follicular reserve (99). This defect occurs when the existing primordial follicles are depleted or inhibited in activation (100), and its pathophysiological mechanism has not yet been determined. Studies have shown that by obtaining primordial follicles in the ovarian cortex, autologous transplantation after the activation of mechanical destruction in vitro can stimulate their development into preantral follicles (101). Additionally, the interaction between the Akt pathway and mechanical signals is crucial for follicle activation, and this understanding has been applied to some treatments that may maintain female fertility.




Conclusion

As a complex and relatively stable system, the development of ovaries and follicles has a profound impact on female fertility and human reproductive potential, and its entire biological behavior is mediated by the participation of biomechanics. Follicle maturation, ovarian development, and the occurrence and development of ovarian cancer all involve extensive interventions of mechanical signals. The elucidation of biomechanics is critical for enhancing our understanding of the pathophysiology of ovaries and follicles. Future research is expected to further characterize biomechanics and related signal transduction pathways.
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Gene expression can be regulated by small non-coding RNA molecules like microRNAs (miRNAs) which act as cellular mediators necessary for growth, differentiation, proliferation, apoptosis, and metabolism. miRNA deregulation is often observed in many human malignancies, acting both as tumor-promoting and suppressing, and their abnormal expression is linked to unrestrained cellular proliferation, metastasis, and perturbation in DNA damage as well as cell cycle. Matrix Metalloproteases (MMPs) have crucial roles in both growth, and tissue remodeling in normal conditions, as well as in promoting cancer development and metastasis. Herein, we outline an integrated interactive study involving various MMPs and miRNAs and also feature a way in which these communications impact malignant growth, movement, and metastasis. The present review emphasizes on important miRNAs that might impact gynecological cancer progression directly or indirectly via regulating MMPs. Additionally, we address the likely use of miRNA-mediated MMP regulation and their downstream signaling pathways towards the development of a potential treatment of gynecological cancers.
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Background

Gynecological malignancies, like cervical, ovarian, and endometrial cancers, account significantly for most of the global cancer load, where cervical cancer (CC) accounts to be the fourth most prevalent malignancy among women, along with ovarian cancer (OC) comprising 4.4% of the entire cancer-related mortality among women (1). In 2018, endometrial cancer (EC) was reported to have caused 382,069 cases and 89,929 deaths globally (1). The percentage of women over 65 diagnosed with cancer is projected to increase dramatically over the next decade (2). As a result, there is already a significant unmet therapeutic need in the field for successful treatments of gynecological malignancies.

Gynecological cancers have a high mortality rate due to the diagnosis at late stages in addition to multi-drug resistance, impaired apoptotic pathway, inhibition of the immune system, and aberrant MMP production (3, 4). Extracellular matrix (ECM) remodeling is crucial for maintaining extracellular microenvironment homeostasis and tissue turnover. Tumor cells must be able to disrupt the surrounding ECM to proliferate, invade, and metastasize. Uncontrolled tumor proliferation, tissue remodeling, inflammation, cellular invasion, and metastasis are all consequences of abnormal ECM proteolysis. Matrix metalloproteases (MMPs) are enzymes capable of degrading multiple ECM components, leading to wound healing, tissue repair, embryonic development (5). Rampant MMP expression has been associated with tumor aggressiveness, metastasis, and vascularization and is correlated with late diagnosis in various malignancies such as lung, prostate, colon, breast, and pancreatic cancers (6–10). MMP expression is closely monitored by many regulatory mechanisms, which include zymogen activation, compartmentalization, endogenously produced tissue inhibitors of metalloproteases (TIMPs), and miRNAs.

miRNAs are endogenously produced non-coding RNA elements responsible for gene silencing by degrading target mRNA. They are frequently altered during tumorigenesis and their ability to regulate various genes has made them an attractive candidate for cancer therapeutics (11). Dysregulation of both MMP and miRNA levels is a pronounced feature of gynecological cancers (12–14). The involvement of miRNAs to regulate the expression of the MMP gene has recently received a lot of attention. MMP regulation by various miRNAs may affect cancer progression. Moreover, the functional relevance of miRNA-mediated MMP regulation in malignancies might be explored further by examining the post-transcriptional regulation system controlling MMP gene expression. The current study focuses on the mechanisms controlling MMP expression by miRNAs in gynecological cancers and also aims to come up with a strategy to assist miRNAs targeting MMPs for diagnosis and therapeutic intervention.



miRNA Biogenesis

Numerous small RNAs have been evolved to negatively regulate undesired genetic elements and transcripts (15). miRNAs are the most dominating group of small RNAs having a length of ~22 nucleotides and are generated by RNase III proteins namely Dicer and Drosha (16). miRNA functions as a guide by targeting specific mRNAs at its 3’untranslated region (3’UTR) region usually by base-pairing thereby inducing RNA silencing (17) and AGO proteins act as the effector proteins recruiting factors that induce mRNA deadenylation, translational repression, and mRNA degradation (18).

Because each miRNA affects a vast number of mRNAs, the miRNA biogenesis pathway has a pivotal role in gene regulation as well as their networks. Throughout the last decade, miRNAs have been revealed to play important roles in tumor cell recruitment, progression, and metastasis (19). The miR 17-92 cluster expression, which cooperated with MYC to induce cancer growth in a B cell lymphoma mouse model, was the very first example (20). Certain miRNA also functions as tumor suppressors, for instance, the let 7 family suppresses tumor development and metastasis via targeting key oncogenic genes like high-mobility group AT-hook 2 (HMGA2), members of the RAS family (NRAS, KRAS, and HRAS), and MYC (21–23). As a result, cancer-related variations in the expression profiles of miRNA are emerging as promising diagnostic markers as well as the targets, for therapeutics, that are frequently linked to tumor growth and overall survival (19). Although particular miRNAs possess either an oncogenic or tumor-suppressive effect, multiple reports suggested a decreased miRNA expression universally in cancerous cells in contrast to healthy cells, implying that miRNA synthesis may be disrupted during tumorigenesis (24, 25).

Most of the miRNA genes are transcribed as pri-miRNA, made up of a hairpin loop structure which consists of a sequence of miRNA, by RNA polymerase II (Pol II) either as intronic clusters in the pre-mRNAs or as individual genetic elements, encoded within long non-coding RNAs (26). The biogenesis of miRNAs is carried out in two steps, first processed inside the nuclei and then in the cytoplasm (26, 27). DROSHA, an RNase type III enzyme, along with other related proteins comprises the microprocessor complex which catalyzes the nuclear event (26). This nuclear processing event leads to the synthesis of pre-miRNAs, which are ~70 nucleotides stem-loop-like precursor miRNAs that are then exported to the cytosol through the Exportin-5 (XPO-5) export receptor (28). The pre-miRNAs are later catalyzed in the cytosol by DICER, another RNase type III enzyme, which leads to miRNA duplex formation. These miRNA duplexes are then incorporated into RISC (RNA-Induced Silencing complex) along with another protein namely Argonaute (AGO), where only a single strand is chosen to form the mature miRNA (Figure 1) (29).




Figure 1 | MicroRNA biogenesis through a canonical and non-canonical pathway. In the canonical pathway the pri-miRNA is processed by DROSHA and DGCR8 to form pre-miRNA which then is exported to the cytoplasm via exportin-5, wherein the cytoplasm this pre-miRNA is processed by DICER-1 which gives rise to miRNA duplex. This miRNA duplex is then incorporated into RISC together with an argonaute protein to form mature miRNA. This mature miRNA then binds with an mRNA in the processing body where mRNA decay happens. On the contrary, in the non-canonical pathway, the pre-miRNA is generated from mitrons by DBR1. This pre-miRNA is transported by exportin-5 and enters the canonical pathway. DROSHA, Class 2 ribonucleaseIIIenzyme; DGCR8, DiGeorge syndrome critical region 8 gene; DBR1, Debranching enzyme; XPO-5, Exportin-5; DICER, ribonucleaseIIIenzyme; AGO, Argonaute protein; RISC, RNA-Induced Silencing complex; P-Body, Processing Body.



Also, there is a non-canonical miRNA biogenesis pathway that also produces functional miRNAs. Such as mirtrons which are produced through the pre-mRNA splicing process, while certain other miRNAs are produced from small nucleolar RNA (snoRNA) precursors, m7G pre-miRNA/Exportin1 pathway, t-RNA derived pathway, etc (16). Mirtrons are miRNAs, a byproduct of intron splicing, made by a non-canonical route that skips the Drosha cleavage step. Mirtrons go through lariat-debranching by DBR1, a debranching enzyme, then enter the conventional route at the exportin-5 level, therefore known as canonical mirtrons (Figure 1) (30).

Phosphorylation, ubiquitination, and sumoylation are some of the post-translational modifications of miRNA processing factors that can influence DGCR8, DROSHA, and/or DICER complex components. In another report, it was revealed that the regulation of miRNA biogenesis can also happen in a cell density-dependent manner (26).



Role of MMPs in Cancer

MMPs are endopeptidases monitoring ECM’s physiological turnover and remodeling. While collagens, gelatins, proteoglycans, and elastin are among their substrates, they have a wide range of effects on many other proteins (31). Because MMPs digest a diverse array of substrates, their actions have a major impact on the extracellular environment, and if left uncontrolled, can lead to unnecessary ECM degradation (32, 33). MMPs consist of a predomain, catalytic domain, hemopexin domain and prodomain. MMPs are secreted as pro-enzymes, which are made inactive by interacting with a cysteine-sulphydryl group in the N-terminal (pro) domain with the zinc ion in the catalytic domain. The elimination of this association is known as the “cysteine switch,” and it is triggered by pro-hormone convertases (furin) (34). Another level of MMP regulation is performed by TIMPs that bind to the MMP catalytic site and regulate proteolytic activity. Nonspecific antagonists such as 2-macroglobulin, thrombospondin-1, and -2 can also inhibit MMPs (35). MMPs are divided into Collagenases, Gelatinases, Stromelysins, Matrilysin and membrane-type and non-classified MMPs subtypes. MMPs are crucial in the biochemical interplay between tumor and stroma. Stromal cells produce the majority of MMPs in the tumor microenvironment, bringing about ECM cleavage, thereby forming a path for cell movement from the tumor niche into adjoining areas and also releasing several bioactive compounds. Interaction of tumor cells with neighboring stromal cells is critical in facilitating cancer initiation and progression. Tumor cells secrete growth factors such as VEGF, EGF, FGF, interleukins, and IFN, which stimulate surrounding cells in the tumor tissues to release MMPs, allowing tumor cells to migrate (36, 37).


MMPs in Cell Growth

Cancer cells are known for their uncontrolled proliferation. The tumor reaches this state in one of two ways: by being self-sufficient in growth-promoting signals or developing immunity to antigrowth signals. Cellular proliferation can be unchecked as a result of MMPs cleaving growth factor binding proteins, increasing their bioavailability, or activating growth factor receptors (38, 39). TGF-β It is activated by proteases like MMP-9, -2, -14, which leads to increased invasion and metastasis (40, 41). MMP-1 is found in stromal and epithelial cancer cells of invasive carcinomas and regulates cervical tumorigenesis and lymph node metastasis via the PPAR signaling pathway (42, 43). MMP-7 is implicated in cell proliferation, migration, and invasion, possibly through the wnt/catenin pathway (44, 45). Activation of the PKC pathway led to an increase in MMP-7 and 10 in cancer cells, indicating their involvement in cell proliferation and migration in OC (46). MMP-2 was shown to participate in OC cell proliferation via p38/MAPK pathway (47).



MMPs in Apoptosis

Fas ligand binds to extracellular receptors like Fas receptors and activates intracellular caspases, resulting in the degradation of subcellular compartments, thus halting malignant spread. MMP activity inhibits apoptosis in malignant cells, by cleaving pro-apoptotic ligands or receptors (48).In human OC cells, downregulation of MMP-9 was shown to induce apoptosis and prevent proliferation (49). In another study, MMP-2 increased cell proliferation and reduced apoptosis in OVCAR3 (ovarian cancer cell line) cells, thereby lowering the effect of chemotherapeutic drugs on tumor cells (50).



MMPs in Invasion and Metastasis

The tumor cells will subsequently enter the circulation and spread throughout the body by modulating MMP production (51). MMP-2 and -9 are the most prominent MMPs modulating cancer cell invasion. In both OC and CC, MMP-2 and -9 are implicated in cancer cell invasion and metastasis and are associated with poor survival (52, 53). Furthermore, MMP-2 promotes the attachment of metastatic OC cells to peritoneal surfaces by cleaving ECM and increasing their binding to integrin, as well as the OC cells’ propensity to metastasize (54). Similarly, in CC, an association of MMP-2 activation with αvβ3 integrin/MT1-MMP/TIMP-2 has been implicated in tumor cell migration (55). MMP-7 is the primary MMP linked with invasion and metastasis in EC (56). MMP-7 is also overexpressed in ovarian serous cancer tissues, where it increases cellular invasiveness by activating MMP-2 and -9 or by IGFBP breakdown, enhancing IGF concentration and cancer cell proliferation (57, 58).



MMPs in Angiogenesis

The role of MMPs in angiogenesis is dependent on the neighboring environment, such as substrate abundance and MMP expression time points during angiogenesis (59). MMP-2 is a widely known influencer of vascularization during cancer development. In OC, MMP-2 expression was increased via PI3K/Akt and NFκB pathways, enhancing endothelial progenitor cell proliferation (60). Activation of PAR-1 via MMP-1 causes OC cells to secrete multiple angiogenic factors, resulting in cell proliferation, endothelial tube formation, and migration (61, 62). MMP-9 has a role in the release of VEGF from tumors (63). OC cells implanted into Mmp9-/- nude mice showed significantly lower levels of VEGF in tumors, thereby contributing to angiogenesis (64).




Regulation of MMPs by miRNAs

Considerable interest is seen in investigating post-transcriptional regulations of MMPs by miRNAs in recent times. Bioinformatics analyses have identified several miRNAs binding sites at the 3’UTR of MMP transcripts, thereby inducing mRNA instability or translational repression (11, 65). Studies have shown the participation of miRNA in regulating MMP gene expression thereby playing a key role in migration, differentiation, apoptosis, etc (66–68). These miRNAs either promote or repress malignant phenotype, acting as either oncogenic or tumor-suppressor, respectively. Oncogenic miRNAs (OncomiRs) are overexpressed in cancers whereas tumor-suppressor miRNA is downregulated, thereby leading to the onset of carcinogenesis, metastasis, and poor survival. However, there are conflicting pieces of evidence as if a miRNA behaves like an oncogene or tumor-suppressor in the tumor microenvironment. This review wishes to directly examine the effects of miRNAs towards MMP regulation in gynecological cancer development and disease progression (Table 1).


Table 1 | Oncogenic and tumor suppressor miRNAs regulating MMPs during development of gynecological cancers.




OncomiRs

Several oncogenic miRNAs were found to be linked with gynecological cancer development and are involved in cell migration, angiogenesis, apoptosis, etc. (73, 78). Each miRNA has many different targets and modulate different signaling pathways in different cancer types (75, 99). The endogenous inhibitors of MMPs are known as tissue inhibitors of matrix metalloproteases (TIMPs). Disruption of MMPs/TIMPs balance occurs during multiple pathological conditions including cancer. In CC, miR-106a downregulates TIMP-2 through direct binding to its 3’-UTR region resulting in the induction of MMP-2 as well as MMP-9 expression and subsequently promoting cellular invasion, and migration (69). Alteration of TIMP-2 expression partly eradicates the invasion, migration, and MMP-2/9 expression in CC cells (34). Similarly, in HPV-induced CC, miR-21down-regulates TIMP-3, PTEN, and STAT3 expressions (61). Additionally, in uterine endometrial stromal sarcoma, miR-21 decreases the level of PTEN by directly binding to 3’UTR, leading to increased proliferation, invasion, decreased apoptosis, and metastatic potential thereby upregulating MMP-2 and -9 (73, 78). Epithelial-to-mesenchymal transition (EMT) is a crucial feature of cancer enabling cells to acquire mobility and translocate to distant sites. miR-183 promotes cellular proliferation and EMT in uterine EC by inhibiting CPEB1 expression and up-regulating MMP-9 expression. Studies revealed CPEB1 and MMP-9 as the direct target of miR-183, also a binding region for 3’UTR of MMP-9 is found at the seed region of miR-183 (75, 76).

Von Hippel Lindau (VHL), a tumor suppressor, targets HIF1α/2α by ubiquitination involving E3 ligase to proteasomal degradation. Loss of VHL results in the accumulation of HIF1α inside the nuclei and expression of HIF target genes which subsequently leads to oncogenesis (100). In OC, miR-92 inhibits VHL, which in turn de-repress HIF-1α. HIF-1α, in turn, stimulates VEGF by acting as a transcription factor together with p300 and p-STAT3 (99). Similarly, miR-210 is another important miRNA activated during the hypoxic condition and has a role in DNA damage response, mitochondrial metabolism, cellular proliferation, angiogenesis, and apoptotic cell death. Loss of VHL in OC stabilizes HIF-1α which in turn stimulates miR-210 expression inducing tumor aggressiveness (79).

DNA methylation/histone acetylation forms a complex framework for epigenetic regulation during cancer development. An altered methylation pattern is seen in cancer cells, both globally and CpG islands in the promoter region (101), leading to aberrant gene activity during tumorigenesis. In EC, different levels of miR-130b expression and its CpG methylation were linked to MMP-2/9 expression and EMT-related genes. Reversing miR-130b promoter hypermethylation decreased EC cell malignancy, suggesting that CpG island hypermethylation-mediated miRNA silencing contributes to carcinogenesis and is related to aggressive tumor behavior via increased MMP-2/9 expression, however, the mechanism behind the regulation of MMP expression by this miRNA is still unknown (77).



Tumor Suppressor miRNAs

Tumor suppressor miRNAs are under-expressed during cancer progression and regulate cancer development by downregulating genes involved in tumorigenesis. The majority of ECs are accompanied by abnormal hormone signaling, where estrogen receptor α (ERα) behaves as oncogenic stimuli (102). Estrogen induction regulates cellular proliferation and subsequent invasion in EC and is accompanied by a downregulation of miR-22 in ER-α positive cell lines. Transfected miR-22 mimics into endometrial cells reduced the release of MMP-9 and MMP-2 thereby reversing 17β-estradiol (E2)-mediated progression of the cell cycle, cellular proliferation, and invasiveness of ERα-positive EC cells (84).

miR-200 family members have an enormous function in multiple cancer types (103–106). miR-200b plays a key role in regulating EMT and is correlated with cancer growth, proliferation, drug resistance in numerous diseases (107, 108). Cytoskeletal remodeling is the central event in the metastatic spread of cancerous cells. Actin structures facilitate cell migration and invasion, disruption of which leads to increased metastatic spread (109). In CC, miR-200b can suppress RhoE function, which regulates actin cytoskeleton and cell migration by altering cell motility by targeting MMP-9 thus suppressing EMT (70). Another report showed that downregulation of miR-200 family expression by TGFβ induced MMP-2, -9, and fibronectin 1 production and stimulated cancer cell attachment to human primary mesothelial cells (110). Catalpol induces miR-200 expression which sequentially inhibits MMP-2 expression levels, decreases cell proliferation, and accelerates apoptosis in OC cells (50). Similarly, TGFβ1 induced EMT was linked with decreased miR-320a and increased MMP-3 and -9 expressions in EC cells. Excessive expression of miR-320a or miR-340-5p substantially inhibited HEC-1A (endometrial adenocarcinoma cell line) cell invasion and migration through its binding to eIF4E mRNA 3’-UTR and diminished TGF-1-induced EMT properties (85). Another report suggested the involvement of miR-130b-3p in EMT, invasion, migration in cancer various types, mainly via the TGFβ pathway (111, 112). In OC overexpression of CMPK, cytidine nucleoside monophosphate kinase is seen, and CMPK knockdown dramatically decreases the cellular proliferation, invasion, and migration, along with MMP-9/-2 expression in epithelial OC. Downregulation of miR-130b-3p is seen in EOC which upregulates CMPK via the TGF-β signaling pathway (95).

Rak et al. showed a higher MMP-14 expression in endometrial adenocarcinoma tissue with a decrease in miR-410 level, suggesting a regulatory effect of miR-410 in modulating EC cell progression although the mechanism is largely unknown (13). Studies in odontoblast cells suggest the presence of a probable binding site for miR-410 on 3’UTR of MMP-14 (82). In lung cancer, miR-410 has a tumor-suppressive role by inducing apoptosis through downregulating JAK/STAT3/SOCS3 signaling pathway (113). Another miRNA, miR-195 has tumor-suppressive nature which negatively regulates cellular proliferation, migration, invasion, and promotes apoptosis (114–116). miR-195 overexpression ectopically decreased the viability, migration, and invasiveness of the endometrial carcinoma cell lines, along with the TIMP-2 upregulation and MMP-2/9 downregulation. miR-195 targets GPER (G protein-coupled estrogen receptor) and reduced the phosphorylation levels of PI3K/AKT, thus negatively regulating EMT in endometrial carcinoma (83). miR-195 also suppresses CC cellular proliferation, invasion, and migration through the TNF-pathway. The MMP-14 3’UTR binds to miR-195-5p directly through which its expression is directly inhibited. MMP-14 can modulate the expression of TNF-α. A downregulated miR-195-5p and an upregulated MMP-14 were noticed in CC (74).

miR-574-3p has an enormous role in cancer progression, EMT, metastasis, invasion, and chemosensitivity (117, 118). In epithelial OC, it inhibits the activation of AKT, FAK, c-Src, and MMP-9 by negatively regulating EGFR, inhibiting the cell invasion, and migration, and also increasing EOC cell sensitivity to paclitaxel and cisplatin (86). Different patterns of Let-7 family miRNAs were found in multiple cancers. In OC, let-7d-5p induces cell apoptosis and rescues chemosensitivity to cisplatin by targeting HMGA1 directly and thereby regulating the p53 pathway, MMP-2 and -9, and apoptotic pathway (90).

miR-17 is a highly conserved 6-membered gene cluster and is shown to have numerous roles in various pathways (119–121). In OC cells, it is seen to be downregulated thereby suppressing its inhibitory action of peritoneal metastasis via targeting integrin α5 and β1 and MMP-2 expression. miR-17 specifically binds to the α5 and β1 integrins 3’UTR region directly and decreases their expression. The addition of miR-17 to OC cells in vitro showed a significant decrease in adhesion and invasion (96). miR-29b is dysregulated in various cancers. It has a tumor-suppressing role in OC and is seen to be involved in tumor malignancy. It increases the α-SMA (mesenchymal cell markers) expression in fibroblasts which is a component of the cellular microenvironment that contributes to tumor malignancy by getting hyperactive and acquiring CAF (cancer-associated fibroblast) profile during carcinogenesis. These fibroblasts downregulate miR-29b expression in SKOV3 cells (ovarian cancer cell line), resulting in an increased invasion and migration. miR-29b can potentially target MMP-2 which is also found to be upregulated in OC (12). Studies in lung cancer metastasis also revealed the presence of a binding site of miR-29b at the MMP-2 3’UTR region through which it downregulates MMP-2 expression (87).miR-543 has been seen to be dysregulated in many cancers. It regulates proliferation, migration/invasion, EMT, metastasis, and many other pathways (122–124). miR-543 suppresses MMP-7 gene translation via the direct binding of MMP-7 3’-UTR whereas placental growth factor (PLGF), an angiogenic factor, represses the inhibitory action of miR-543 activating the MMP-7 mediated EMT and invasion in OC (98). Certain miRNAs have a dual role in carcinogenesis. Although previously stated that miR-183 is oncogenic, it is also seen to possess a tumor-suppressive function. In CC tissues, miR-183 expression was notably reduced whereas MMP-9 expression was elevated. The addition of miR-183 in-vitro resulted in a reduced invasion and migration of CC cell lines, via directly targeting MMP-9 and reduction of metastatic capability. A presence of a possible binding site of miR-183 was found at the 3’UTR regions of the MMP-9 gene (71).




Predicting the Role of MMPs in Cancer Signaling Pathways

To have a better understanding of the functions of MMPs and their regulation in cancer, an interaction plot has been created in String database (http://www.string-db.org) and analyzed in Cytoscape ver 3.8.1. Initially, miRwalk and miRmap database were used to find the miRNA and understand the regulating MMPs in gynecological cancer. The MMPs and their correlated genes were selected with k mean value of 0.23, neighborhood active interaction source, with a minimum confidence score of 0.45 and minimum stringency. As shown in Figure 2, MMP-9, -3, -7 and -2 are considered hub genes since most of the protein-protein interactions are seen among them. MMP-9, -7, -3, -2, -8 and -14 also show proximity to each other, hence they are correlated in each other’s biochemical activity. A significant positive correlation is also seen in MMPs interacting with genes viz; ADAM17, PLAUR, TGFB1, SERPINE1, STAT3, EGF and TIMP. Results showed a positive correlation with genes involved in tumorigenesis and extracellular matrix proteins (125–130). IGF1, VEGFA, STAT3, PLG, ACAN and TIMP-2 were found to directly regulate with MMP-3, MMP-9 and MMP-7, respectively (Figure 2).




Figure 2 | PPI network showing 36 associated proteins in cancer. The nodes are each candidate. Edges represent their interactions. The divisions with nodes are the shared functions. Blue symbolizes those that have a function in cell proliferation. Green and Red are the ones regulating ECM. Yellow are those with proliferation and angiogenesis.



Screening of the miRNA was performed from the miRNA library and enrichment analysis was performed to understand the cellular activity and biochemical pathways in the form of a heat map showing the association of miRNAs involved in signaling pathways was created in miRpath (https://tools4mirs.org/software/target_functional_analysis/mirtar/). Recent evidence suggests the participation of miRNA in regulating MMP gene expression and is associated with key physiological pathways like TGF β, Rap1, Toll-like, Hippo, B cell and T cell receptor signaling pathway (131–136) (Figure 3). miRNAs regulate the actin cytoskeleton, which works synergistically on MMP regulation during cancer growth and metastasis (137, 138). As seen from th heatmap, among the miRNAs reported to regulate MMPs in gynecological cancer, miR-199-5p, miR-21-5p, miR-145-5p and miR-29b-3p have shown the highest correlation with cancer-related signaling pathways (Figure 3). miR-145-5p and miR-21-5p are associated with TGF βand Hippo signaling pathway whereas miR-29b-3p regulates FAK pathway, Insulin pathway and p53 signaling pathway, along with ECM receptor interactions and is also shown to play a crucial role in small cell lung cancer and melanoma (Figure 3). From literature studies, we found that miR-29b directly binds to MMP -2 3’UTR and regulates their expression in OC (12). Prudent manipulation of these miRNAs can therefore regulate MMP production in cancer cells and can act as antitumor agents.




Figure 3 | Heat map depicts differential expression of miRNAs in various biological processes. Rows represent enrichment results for the target miRNAs whereas columns show biochemical pathways. Each highlighted miRNA is correlated to the adjacent biological process in the black color gradient. The color of individual fields represents P-value of the enrichment results. The dark shade shows a strong correlation between miRNA and the target pathways, the light shades correspond to weaker ones, whereas transparent area explains no role of miRNA in that process.





miRNA-Based Anti-Cancer Therapeutic Strategies

miRNA-based therapeutic protocols for regulating gene expression can be divided into two main strategies: miRNA anti-sense therapy and miRNA replacement therapy. Inhibition of oncomiRs synthesis can be achieved by using miRNA inhibitors or oligomers and, on the other hand, enhancement of miRNA activity can be achieved by replacement of oncomiRs with the viral vector-mediated introduction of tumor suppressor miRNAs in a cell-specific manner for reprogramming target cells. Strategies to inhibit oncomiRs biogenesis by small-molecule inhibitors, antagomiRs, miRNA sponges, miRNA masking and approaches for replacement of miRNAs, including lentiviral vectors, tumor-suppressor miRNA mimics, CRISPR/Cas-like genome editing tools, are currently being investigated as potential cancer therapeutics.

Locked nucleic acid (LNA), a class of high‐affinity bicyclic RNA analogs, can detect miRNA in tissues and inhibit their function in vitro and in vivo studies. Miravirsen, a short locked nucleic acid complementary to miR-122 (Roche/Santaris) is the world’s first miRNA drug candidate in phase II clinical trials for hepatitis C virus treatment, along with RG-101, an N-acetylgalactosamine-conjugated anti-miR targeting miR-122 (139, 140). Furthermore, tumor suppressor miRNA replacement has been explored utilizing miRNA mimics/lentiviral vectors producing miRNA, which may influence endogenous miRNA expression (141–144). As an alternative to lentiviral vectors that show off-target effects, nonviral miRNA delivery techniques like polyethyleneimine (PEI)-based nanoparticles, liposomes, polymeric micelles, and dendrimers have been proposed. MRX34 was the first miRNA replacement therapy in modified liposomes to enter clinical trials, restoring a tumor suppressor miRNA, miR-34, with promising outcomes in stage I trials (139).

Several potential small molecule drugs targeting enzymes involved in miRNA biogenesis have been identified using comprehensive compound library screening. miR-21 is upregulated in most cancers and suppression of PTEN by miR-21 can contribute to chemoresistance via activating the Akt/ERK pathways (145). Screening for small molecules modulating miR-21 activity resulted in the discovery of a novel etheramide backbone which led to a reduction in CC cell proliferation and tumor growth, as well as the activation of apoptosis by activating caspase-3/7 (145).

miRNA sponges are artificial transcripts containing several complementary binding sites for one or more miRNA of interest and can block the activity of multiple miRNAs sharing the same seed sequence. miR-9 reduced the expression of KLF17, CDH1, and LASS2 (tumor suppressor genes). A DNA sponge with four miR-9 binding sites was demonstrated to effectively inhibit miR-9 activity, restoring natural expression of KLF17, CDH1, and LASS2 (146). Researchers are also focusing on utilizing CRISPR/Cas9 gene-editing system for miRNAs inhibition. In human colon cancer cell lines targeting of miR‐17/miR‐200c/miR‐141 loci was done using CRISPR/Cas9 resulting in decreased levels of mature miRNA and low off‐target effects (147).

Combination strategies based on the co-administration of miRNA targeting agents along with antitumor drugs have been observed to eradicate drug-resistant tumor cells to treatment and have greater anticancer effects. Nano-liposome-based delivery of miR-205 mimic was shown to sensitize the tumor to radiation therapy in breast cancer xenograft model (148). In another example, PDL1 expression in tumor cells was decreased when mir-34a mimics (MRX34) were combined with radiation (149). Therefore, combining miRNA replacement therapies with conventional anticancer drugs reveal excellent results and presents a novel possibility of chemotherapeutic treatment regimens.

The capacity to target several genes in a particular pathway and efficiently build novel therapeutic components are two advantages of miRNA-based treatment. Given that a single miRNA may regulate multiple MMPs and their downstream signaling pathways amplifies the scope of utilizing miRNAs to act as an attractive candidate for anticancer treatments. However, this also invites additional problems of non-specific target inhibition by miRNAs. Targeting MMPs has been clinically challenging due to the non-specificity and musculoskeletal toxicity of the inhibitors (150). Therefore, precision medicine designed to target the MMPs increased in a particular tumor in a patient might show a potential resolution for this issue.

Even though there are no FDA-approved miRNA therapy candidates for medical intervention to date, potential candidate drugs are in clinical development or are in phase I and II clinical studies (151). Nanoparticle-based, tissue-specific miRNA-drug delivery to a particular lesion in a patient, can improve solubility and efficacy of the medicine while avoiding contact with healthy tissues. Intratumoral injections of miRNA-based therapeutics directly into the pathogenic site can improve bioavailability, target specificity, effectiveness, and reduce adverse effects in cancer-related diseases (152, 153). Computational deep-learning-based approaches for accurately predicting human miRNA targets at the site level in patients have enabled the use of huge multi-omics data and increased the robustness of prediction models. It is critical to design a good delivery mechanism with high specificity for targeting cells to execute miRNA replacement therapy. As a result, miRNA replacement therapy may be a unique and appealing treatment option for a variety of cancers, and it is vital to research how to carry the appropriate miRNA based on the kind of cancer.



Conclusion and Future Prospects

MMPs are powerful regulators of cellular proliferation, differentiation, angiogenesis, migration, and apoptosis. MMPs are appealing targets for the creation of selective inhibitors with high therapeutic potential. However, all of the clinical trials in advanced cancer patients with MMP inhibitors were unsuccessful. Numerous MMP inhibitors, including small molecules and blocking antibodies, have been produced as drug candidates to attenuate MMP production but most of their effects tend to be majorly nonspecific. Since MMPs contain similar active sites and play multiple crucial roles in important biological processes, making it is challenging to construct highly selective MMP inhibitors with low toxicities. Therefore, to increase the clinical utility of MMPs for tumor therapy, new MMP inhibitors should be able to individually regulate individual MMPs as well as manage a network of interlinked molecules. The ability of miRNAs to regulate potentially hundreds of genes in a cell-specific manner makes it a powerful target for anticancer treatment (Figure 4). Since miRNAs may target MMPs more selectively without interfering with the structural similarities of MMP catalytic domains, miRNA-mediated MMP regulation may lead to the creation of MMP inhibitors. Furthermore, miRNAs may target several molecules, often in the context of a network, making them particularly effective at controlling various biological processes essential to malignant tumors. Comprehensive inter-atomic analyses of miRNAs involved in regulating signaling pathways associated with cancer development and progression might aid in establishing druggable targets for antitumor treatment. Therefore, targeting such miRNA will not only help in understanding their functions but also the underlying cause of several gynecological disorders arising today. For probing miRNA-MMP as an anticancer treatment, proper validation and optimization of miRNA functional role are required in the clinical system, xenograft and orthotopic models to elucidate a detailed understanding of their efficacy in carcinogenesis and for their journey from bench to clinic. Pharmaceutical companies are constantly developing new miRNA-MMP therapies of low cytotoxicity and limited side effects. Whether new technologies targeting miRNAs that regulate MMPs can successfully be employed to delay or stop cancer progression remains to be seen.




Figure 4 | Diagrammatic representation showing the regulation of different MMPs through different miRNAs in various forms of gynecological cancer. It is showing how the upregulation or downregulation of certain miRNAs is promoting the expression of certain MMPs in a specific type of gynecological cancer. Highlighted miRNAs are highly correlated to major signaling pathways and target MMP-9/2 activities. MMP, Matrix Metalloprotease; miR, MicroRNA.
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Gynecological cancer management remains challenging and a better understanding of molecular mechanisms that lead to carcinogenesis and development of these diseases is needed to improve the therapeutic approaches. The Na+/H+ exchanger regulatory factor 1 (NHERF1) is a scaffold protein that contains modular protein-interaction domains able to interact with molecules with an impact on carcinogenesis and cancer progression. During recent years, its involvement in gynecological cancers has been explored, suggesting that NHERF1 could be a potential biomarker for the development of new targeted therapies suitable to the management of these tumors. This comprehensive review provides an update on the recent study on NHERF1 activity and its pathological role in cervical and ovarian cancer, as well as on its probable involvement in the therapeutic landscape of these cancer types.
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Gynecological Cancers: Emerging Molecular Aspects

Gynecological cancers include a diverse group of neoplasms that originate in a woman’s reproductive system. This includes tumors that originate from these distinct anatomical sites including vulva, vagina, corpus uteri, fallopian tube and ovary (1). These tumor types represent an important cause of cancer morbidity and mortality worldwide.

Recent findings have defined the molecular profile of gynecological tumors at a systemic level. In this scenario, a work published in 2019 comprehensively defined the mutational, gene and protein expression profile of a cohort (Pan-Gynecologic from the The Cancer Genome Atlas) of over 2000 cases of four gynecological types plus breast (2). Results of this study demonstrated that pan-gyn tumors are unique compared to other tumor types and result from the interplay of different factors including multiple genomic and epigenomic features and somatic copy-number alterations. Among the pan-gyn tumors, studies of expression profiles suggest that at least nine and five clusters with distinct clinicopathologic characteristics can be observed at the mRNA and protein level, respectively.

The results of a subsequent study conducted on a cohort of 209 patients diagnosed with cervical, endometrial and ovarian cancer further defines the molecular differences and similarities between these different cancer types and assessed whether molecular heterogeneity is observed in an early or late stage of tumorigenesis (3). The results of this study led to two important conclusion: i) the identification of a common reprogramming process emerging at the early stages of tumorigenesis which involves the activation of phosphatidylinositol 3-kinase (PI3K) protein, defects in mismatch repair program and cilium organization, as well as disruption in interferon signaling and immune recognition; ii) a cell-type specific program that is activated at a late-stage tumor development.

Although gynecological tumors emerge from a common precursor (coelomic epithelium, also known as mesothelium), data from these studies demonstrate the presence of molecular pathways relevant to sustain this tumor heterogeneity useful for diagnostic and therapeutic purposes. Central nodes include PI3K, AKT, and Wnt-β-catenin pathways among the others, that are involved in the regulation of biological processes such as cell cycle, motility, metabolism, and differentiation. In pan-gyn tumors, the mutational landscape and expression levels of these kinases is well described but less is known about other regulatory mechanisms. For instance, their biological activity is regulated through the dynamic interactions with scaffold proteins that bind and direct the cellular localization of their interaction partners. One of these scaffold proteins with a well-established role in the regulation of cell signaling is the protein sodium/hydrogen exchanger regulatory factor 1 (NHERF1). In this review article, we describe the functional significance of NHERF1 in gynecological tumors. As it is upregulated in tumor tissues compared to normal samples (Figure 1), NHERF1 could represent a potential target for clinical applications.




Figure 1 | The expression of NHERF1 protein in different gynecological tissues. Boxplot results of the expression levels of NHERF1 in cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), ovarian cancer (OV), uterine corpus endometrial carcinoma (UCEC) and uterine carcinosarcoma (UCS) analyzed using GEPIA database. Red box, tumor samples; green box, normal samples. T, tumor; N, normal. P-value was set up at 0.01. (* = p < 0.01).





Structural and Functional Aspects of Na(+)/H(+) Exchange Regulatory Cofactor NHERF1 Protein

The sodium/hydrogen exchanger regulatory factor 1 (NHERF1), known also as the 50-kDa ezrin-binding protein (EBP50) comes into sight in the scientific landscape in the late 1990s as a co-regulator of the exchanger of the sodium–hydrogen antiporter 3 (NHE3) in rabbit kidney epithelia. In detail, NHERF1 is an adaptive protein, encoded by the SLC9A31R1 gene, physiologically expressed in the sub-plasma membranous region of human tissues including, lung, gastrointestinal tract, liver and gallbladder, kidney and urinary bladder, male and female tissues (data from https://www.proteinatlas.org/ENSG00000109062-SLC9A3R1/tissue).

NHERF1 belongs to the NHERF family of protein–protein interaction modules (PDZ)-scaffold proteins. The PDZ family of proteins is one of the largest in the human proteome including membrane-associated guanylate kinases (MAGUKs), involved in different molecular signal networks (4); nitric oxide synthase 1 (neuronal) (NOS1), engaged in neurotoxicity associated with neurodegenerative diseases (5); segment polarity protein dishevelled homolog DVL1-2-3 (DVL1-2-3), implicated in cell proliferation and molecular transducer for different human diseases (6). Scaffolding proteins play a critical role in coordinating cellular response by the assembly of multiple complexes that make faster and more effective the molecular signals. Thanks to this ability, they can improve the efficiency and selectivity of intracellular signaling and have a pivotal role in oncogenic development.

In specific, NHERF family consists of four members including NHERF1/SLC9A31R1, NHERF2/SLC9A3R2, NHERF3/PDZK1, and NHERF4/PDZD3. Each member presents a unique molecular organization and tissue distribution. In detail, the N-terminal domain of NHERF1 is characterized by two post-synaptic density 95/disc-large/zona occludens (PDZ) repeated domains. A hallmark of these domains is the ability to target specific proteins. In fact, most NHERF1 associated proteins bind to the first PDZ domain and only a few proteins, such as NHE3 (7), β-catenin (8) and Yap 65 (9), specifically interact with the second PDZ domain. The C-terminal region is identified as an EZRIN binding domain (EB) that mediates the connection with the family of EZRIN-Radixin-Moesin (ERM) proteins (10). The EB domain ends in a PDZ motif similar to the (S/TXL) PDZ motif present in other NHERF1 ligands (11). The binding of EB to the PDZ2 domain of NHERF1 creates an intra-molecular interaction that induces a self-inhibited conformation status. This prevents both PDZ domains from binding their specific ligands. After the binding of ERM proteins to the EB region, the intramolecular head-to-tail conformation is lost, allowing the association among NHERF1 binding partners and PDZ domains (Figures 2A, B).




Figure 2 | NHERF1 molecular structure and functions. (A) NHERF1/EBP50 presents a closed conformation in which the PDZ2 domain binds to the C-terminal EB region in a “head to tail” interaction masking the PDZ domains. Binding of the ERM proteins to the EB region switches NHERF1 to an open conformation in which the PDZ domains are unmasked and able to bind their interactive partners. (B) NHERF1 protein-protein interaction network, according to STRING software. (C) NHERF1 functions are influenced by its subcellular localization, phosphorylation and expression. NHERF1 is normally located at the plasma membrane where it has a protective role. Phosphorylation on ser 339/340 on the EB domain or on Thr 156 in PDZ2 domain increases NHERF1 binding affinity to its targets promoting its translocation in the cytoplasm where NHERF1 can have a pro-neoplastic and metastatic role and can alter integrity of actin cytoskeleton. Phosphorylation on Thr 156 causes NHERF1 nuclear localization where it is involved in regulation of oncogenes expression and cancer progression. Possible interactors of NHERF1 are also indicated.



It has been demonstrated the ability of the two PDZ domains to regulate differently the metastatic properties of cancer cells. Indeed, the selective inactivation of one of the two domains in a model of breast cancer supports the activation of a visceral or bone metastatic dissemination route. This highlights the substantial molecular differences in the phenotypic programs regulated by the two PDZ domains (12).

NHERF1 functions as molecular scaffolds to coordinate different signaling processes. However, recent works have demonstrated that NHERF1 is more than a mere scaffold or anchor in the cell. Indeed, in a variety of diseases and tissues, NHERF1 has been shown to contribute to:

	•   Cell polarity and regulation of actin cytoskeleton dynamics, through the interaction with ERM proteins and β-catenin;

	•  Metabolite transport at the cell membrane, through the interaction with the type 2a sodium-phosphate cotransporter (NPT2a) and the cystic fibrosis transmembrane conductance regulator (CFTR);

	•   Signal transduction, through the interaction with the protein phosphatase and tensin homolog (PTEN), the platelet-derived growth factor receptor (PDGFR) and the epidermal growth factor receptor (EGFR);

	•   Gene transcription, through the interaction with β-catenin.



These different functions can be altered by NHERF1 localization, phosphorylation and expression (Figure 2C) (13).

When NHERF1 is localized at the plasma membrane, the protein preserves the epithelial polarity through the formation of tight junctions (14), targets several proteins to the apical or basolateral membrane (15, 16) and cooperates in the formation and assembly of protein complexes at the microvillus (17). Instead, when located within the cell NHERF1 reduces the integrity of the actin cytoskeleton, by increasing α-actinin IV ubiquitination and degradation (18).

The localization and oligomerization, as well as the assembly and disassembly from protein complexes of NHERF1 are regulated through phosphorylation. In detail, phosphorylation on human serine 339/340 (serine 337/338 in rat) favors NHERF1 oligomerization by increasing PDZ2 accessibility and NHERF1 binding affinity to its targets (19), while phosphorylation on other sites influences NHERF1 subcellular localization. Indeed, it has been observed that NHERF1 phosphorylation on human serine 339/340 by protein kinase C (PKC) induces NHERF1 relocalization from cell periphery to the cytosol (20). Phosphorylation at serine 77 the PDZ I domain impairs NHERF1 affinity for plasma membrane proteins thus influencing its subcellular localization (21). Although NHERF1 does not present a nuclear localization signal, it has been found in the nucleus of proliferative cells. However, at present little is known on the traffic between the cytosol and the nucleus. Recently, it has been shown that NHERF1 phosphorylation is involved in its cytoplasm nuclear trafficking (22). In contrast, NHERF1 dephosphorylation by the phosphatase of regenerating liver 3 (PRL-3) causes the nucleus export of NHERF1 to the cytoplasm (23).

NHERF1 can be also regulated at the transcriptional level. NHERF1 gene overexpression is associated with: i) the development of acute inflammatory response (24), ii) a protective role against acute injury (25) and iii) the promotion of metastatic tumor behavior (12). The transcription of NHERF1 is regulated by β-catenin. Indeed, Saponaro and colleagues demonstrated that mRNA and protein levels of NHERF1 expression are negatively regulated by oncogenic β-catenin signalling in colorectal cell lines harboring different Wnt/β-catenin mutations. In particular, nuclear activated β-catenin can regulate NHERF1 directly through the transcriptional factor TCF4 (26).



NHERF1 and Cervical Cancer

In the last decade, NHERF1 acquired a key role as a prognostic biomarker in cervical cancer (CC) progression (Figure 3). The bioinformatics analysis of two GEO datasets and the analysis of validation performed in 31 tissue specimens, demonstrated a down-regulation of NHERF1 expression in cervical cancer samples compared to adjacent normal tissues. Moreover, the down-regulation of NHERF1 was significantly associated with both Wnt signaling and cell proliferation thus suggesting a potential tumor-suppressive role (27). It is likely that NHERF1 inhibits cervical cancer cell proliferation through the downregulation of the actin cross-linking protein α-Actinin-4 (ACTN4). In fact, ACTN4 is functionally implicated in the regulation of β-catenin expression by NHERF1 (27).




Figure 3 | NHERF1 expression in cervical wart. (A) Representative image of immunohistochemical staining of high membranous NHERF1 expression in cervical wart; (B) Representative image of loss of membranous NHERF1 expression in Cervical squamous cell carcinoma. Original magnification of images ×200. Images were obtained on an Axion Image 2 upright microscope (Zeiss, Oberkochen, Germany) with an Axiocam 512 color camera.



One of the mechanisms proposed to explain the down-regulation of NHERF1 in CC is through the interaction of high-risk human papillomavirus (HPV) E6 protein. At COOH terminus, the high-risk HPV-derived E6 oncoprotein presents a PBM domain (PDZ-binding motif) that can bind PDZ proteins, including NHERF1. Importantly, a main functional consequence of E6-induced NHERF-1 degradation is the activation of the PI3K signaling pathway (28). NHERF-1 degradation by E6 appears to be mediated by the protein ubiquitin cell ligase E6-Associated Protein (E6AP). The high-risk HPV E6 proteins bind E6AP and recruit p53 and some PDZ cellular proteins for ubiquitination and degradation by the proteasome. In particular, papillomavirus E6 proteins bind the LQELL sequence of E6AP and stimulate its ubiquitin ligase activity (28). Recently, Drews and colleagues reported NHERF1 degradation by both high and low-risk E6 proteins in association with E6AP, leading to the activation of the Wnt/β-catenin pathway (29). Overall, this supports the E6 oncoprotein role in the activation of the canonical Wnt/β-catenin pathway through NHERF1 degradation in CC.

The contribution of NHERF1 in the regulation of cell motility and invasion in CC has also emerged and several targets identified. For instance, NHERF1 could regulate actin remodeling through ACTN4. In detail, the interaction between NHERF1 and ACTN4 increased ACTN4 ubiquitination and degradation by the proteasome, impacting actin cytoskeleton organization and tumor cell migration and invasion (18). In addition, in vitro studies have demonstrated that NHERF1 knockdown is associated with enhanced metalloproteinase 2 (MMP-2) activity, thus further supporting a role for NHERF1 in cancer invasion (30).

In CC samples, NHERF1 has been associated with drug resistance through the regulation of Wnt signaling. A study conducted on patients following cisplatin treatment and patients without cisplatin-treatment, shows a better outcome in patients cisplatin-treated with high NHERF1 expression levels. Similarly, low levels of NHERF1 expression in HeLa cells showed significant cisplatin resistance. These findings indicate that NHERF1 can regulate sensitivity of cervical cancer cells to cisplatin, suggesting the importance to further investigate the molecular mechanisms responsible for cisplatin resistance (31). Previously, other authors described a role for NHERF1 in the multidrug resistance (MDR) process. They reported a closed relationship of NHERF1 with multidrug resistance protein 4 (MPR4), an ATP-binding cassette (ABC)-transporter, in which NHERF1 supported the internalization of this protein. In fact, the down-regulation of NHERF1 in HeLa cells increased the MRP4 expression at the plasma membrane, supposing an inhibition of MRP4 internalization, with consequent growth of drug efflux by this transporter (32).

Ex vivo and in vitro studies reported a negative correlation of NHERF1 with cell proliferation and epidermal growth factor receptor (EGFR) signaling in CC. Indeed, NHERF1 enacts its tumor suppressive program through the binding of EGFR and inhibition of EGFR-mediated signaling. In CC models, NHERF1 knockdown abolished the inhibition of EGF-induced ERK activation. This highlights the importance of NHERF1 in the regulation of cell proliferation signaling pathways in CC (33).



NHERF1 and Ovarian Cancer

The biological relevance of NHERF1 in ovarian cancer (OC) pathology has been investigated in several studies. Main findings derive from ex vivo and in vitro studies that investigated the expression levels of NHERF1 in human samples and defined possible signaling pathways that modulate NHERF1 localization.

Ex vivo studies demonstrated an upregulation of NHERF1 in mucinous ovarian carcinomas and ovarian clear cell carcinoma (OCCC). In detail, Tabrizi and colleagues demonstrated an unfavorable prognosis in mucinous ovarian carcinomas with NHERF1 expression (34). In the study of Matsumoto and colleagues, NHERF1 up-regulation has been linked to OCCC recurrence and chemoresistance. The cytoplasmic/nuclear, but not membrane, high expression was significantly observed in recurrent OCCC with respect to primary tumors. Its cytoplasmic overexpression in OCCC cells was associated with a lower susceptibility to cisplatin. Further, the authors demonstrated that NHERF1 was also associated with an increase of poly (ADP-ribose) polymerase 1 (PARP1) expression that is stabilized through the PDZ1 domain of NHERF1. The over-expression of cytoplasmic/nuclear NHERF1 and PARP1 affected patients’ prognosis, being associated with a worse overall and progression-free survival (35).

Kreimann and colleagues investigated the sequence of exons 2 and 3 together with flanking intronic sequences of the SLC9A3R1 gene that encodes the PDZ2 domain of the NHERF1 protein. In detail, the authors observed the presence of two intronic mutations in the donor splicing site of exon 2 in 8/31 epithelial OC samples analyzed. As this domain is implicated in the binding between NHERF1/β-catenin and NHERF1/E-cadherin, these splicing alterations could potentially modify the localization of these partners (36).

The localization of NHERF1 is regulated by lysophosphatidic acid (LPA). In vitro, the treatment of ovarian cancer cells with LPA induces a mobilization of NHERF1 from cytosol to plasma membrane and then into migratory pseudopodia. The translocation is dependent on NHERF1/ERM interaction and the mechanism that underlies this binding is through the ERM phosphorylation (37). In fact, LPA-treatment of OVCAR-3 cells induces a rapid phosphorylation of ERM (cpERM) and the subsequent binding of NHERF1 through its C-terminal ERM-binding domain. Accordingly, the phosphorylation-defective ezrin mutant (Ezrin-T567A) blocked LPA-induced migration of OVCAR-3 cells (37). Overall, the LPA/NHERF1/cpERM axis represents an ideal pathway for molecules able to prevent OC migration and metastasis.



Conclusions

It has long been clear that NHERF1 exerts an important role in the regulation of signal transduction pathways acting as a scaffold protein. In human tumors, NHERF1 has been found overexpressed in breast cancer, schwannoma, hepatocellular carcinoma and other human tumors. As part of different multiprotein signaling complexes, NHERF1 plays an important role in the propagation of information within the cells. In the last few years, several works have described a double role for NHERF1 in tumorigenesis, according to its subcellular localization. Indeed, NHERF1 displays anti-tumor properties when it is located underneath the plasma membrane; on the contrary, it acts as an oncogene when localized in the cytoplasm or in the nucleus. As multiple levels of regulation exist, translating these data into the clinic is not without complexity.

As the examples in this review highlight, NHERF1 exerts direct biological influences in gynecological tumors. For instance, the overexpression of NHERF1 seems to be required to drive the early phases of cancer onset in different tumor types (Figure 1). Moreover, in CC and OC its membrane down-regulation and cytoplasmic over-expression, respectively, trigger signaling pathways linked to cancer progression and drug resistance, among these, the role in the regulation of β-catenin is well described. Overall, these findings suggest possible diagnostic and prognostic clinical implications. In practice, this can be performed in the clinic by immunohistochemistry.

There is also a specific challenge to therapeutically targeting NHERF1. Preliminary findings obtained in vitro support the potential therapeutic value of targeted approaches aiming at modulating NHERF1 activity in combination with antagonists of β-catenin (38). Further studies using gynecological models should be designed to demonstrate a defined clinical effect of NHERF1 anti-cancer agents.
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Histopathologic evaluations of tissue sections are key to diagnosing and managing ovarian cancer. Pathologists empirically assess and integrate visual information, such as cellular density, nuclear atypia, mitotic figures, architectural growth patterns, and higher-order patterns, to determine the tumor type and grade, which guides oncologists in selecting appropriate treatment options. Latent data embedded in pathology slides can be extracted using computational imaging. Computers can analyze digital slide images to simultaneously quantify thousands of features, some of which are visible with a manual microscope, such as nuclear size and shape, while others, such as entropy, eccentricity, and fractal dimensions, are quantitatively beyond the grasp of the human mind. Applications of artificial intelligence and machine learning tools to interpret digital image data provide new opportunities to explore and quantify the spatial organization of tissues, cells, and subcellular structures. In comparison to genomic, epigenomic, transcriptomic, and proteomic patterns, morphologic and spatial patterns are expected to be more informative as quantitative biomarkers of complex and dynamic tumor biology. As computational pathology is not limited to visual data, nuanced subvisual alterations that occur in the seemingly “normal” pre-cancer microenvironment could facilitate research in early cancer detection and prevention. Currently, efforts to maximize the utility of computational pathology are focused on integrating image data with other -omics platforms that lack spatial information, thereby providing a new way to relate the molecular, spatial, and microenvironmental characteristics of cancer. Despite a dire need for improvements in ovarian cancer prevention, early detection, and treatment, the ovarian cancer field has lagged behind other cancers in the application of computational pathology. The intent of this review is to encourage ovarian cancer research teams to apply existing and/or develop additional tools in computational pathology for ovarian cancer and actively contribute to advancing this important field.
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Computational imaging as a tool to study cancer from a novel perspective

Opinions about the role of computational imaging in the future of pathology range from the belief that computers will entirely replace pathologists to the conviction that computers will never achieve the competency of a well-trained pathologist. Similar to advanced chess-playing software, which is now practically unbeatable by humans, it is likely that computers will be faster and more accurate than pathologists in performing specific tasks, but the main purpose of computational pathology is not to outperform pathologists in routine analyses but to provide them with a completely new and complementary set of tools, some of which are highlighted below:


Large-scale searchable integrative quantitation

Ovarian cancer is the fifth most deadly cancer in women, accounting for more than 200,000 deaths per year worldwide (1). Pathologic diagnosis is primarily confirmed by histopathologic evaluation and interpretation of H&E stained sections of tumor obtained during surgical debulking and/or biopsies obtained during treatment. Years of training with meticulous attention to histopathologic details in numerous examples of normal, altered but benign, and cancerous tissues enable pathologists to extract and empirically integrate an array of visual information from H&E slides into discrete features, such as tumor type, grade, mitotic count, and lymphovascular invasion. Using these features and additional pathological parameters allows the pathologist to categorize each tumor within a universally accepted classification, such as the World Health Organization (WHO) classification of tumors, which ultimately guides clinicians in patient management. Whereas each pathologist is variably limited by a composite of experience, memory, ability to recall visual detail, and case-correlated clinical outcome information locally available, computer algorithms take advantage of a searchable database with quantitative image features linked to clinical outcomes from thousands of patients. By applying computational image analyses, a new patient’s tumor can be compared to tumors in the database to find similar tumor phenotypes and help predict the most likely clinical outcome for the new patient.



Subvisual features

The invention of microscopes enabled the visualization of subcellular details, including nuclear enlargement, atypia, nucleolar prominence, hyperchromatism, and mitotic activity, which are usually important in establishing cancer diagnoses. However, a computer can extract and quantify hundreds, if not thousands, of additional visual and subvisual features (Figure 1), which can be configured into an algorithm to predict specific tumor behavior (i.e. likelihood of sensitivity to immunotherapy) or assess the efficacy of chemotherapy in tumor biopsies obtained at different time points during treatment. Extracting and analyzing information that is beyond human visual perception might also help identify new tissue, cellular, or subcellular structures, features, and/or spatial relationships that are difficult to characterize in H&E slides, such as liquid flow and vacuolarity, and intratumoral areas with increased tension, pH, metabolic activity, and/or genotoxic stress.




Figure 1 | Artistic rendering of how a computer may “see” quantifiable nuclear features.





Complex spatial information

In most solid malignancies, including ovarian cancer, cancer cells exist within a complex microenvironment that supports tumor growth. In general, the presence of immune cells is associated with better prognosis while the presence of cancer-associated fibroblasts (CAFs) is associated with worse prognosis. In addition to phenotypic diversity, it is becoming apparent that spatial relationships between cancer cells, immune cells, and CAFs play key roles in tumor aggressiveness and response to therapy. However, our knowledge and understanding about the composition of, and the spatial organization within, the tumor microenvironment is still in its infancy. Higher-order spatial patterns, such as cell-cell interactions, tissue interfaces, collagen alignment, and extent of tumor heterogeneity (Figure 2), are important readouts of the complexities of tumor pathophysiology and response to treatment yet remain largely unexplored. While the quantitation of individual cell types and the algorithms that are currently applied to summarize the extent and intensity of tumor staining in a biomarker panel are sufficient for patient stratification into broad groups, i.e. responders and non-responders, comprehensive spatial and morphometric readouts will be necessary to effectively tailor medical treatment to the individual characteristics of each patient (2, 3).




Figure 2 | 
Examples of spatial characteristics within the tumor microenvironment that can be quantified using different types of computational image software. Created with BioRender.com.





Unbiased discovery

Knowing where and what to look for when examining a specimen or a histologic slide is crucial. Information that is not considered clinically relevant is more likely to be only cursorily examined or implicitly overlooked. For example, precursor lesions in the fallopian tube became obvious to pathologists only at the beginning of the 21st century after decades of searching for these lesions in the ovary, which at the time seemed to be the most logical place for ovarian cancer initiation. Computers can record information extracted from hundreds of scanned slide images in a matter of hours. Using unbiased systematic processing of the recorded data, new and/or non-intuitive patterns can emerge (4). For example, although precursor lesions, such as serous tubal intraepithelial carcinoma (STIC) are identifiable in serially sectioned fallopian tubes processed with standard histopathology methods (5), the morphologic events that precede STIC formation are still unknown. Indeed, it is likely that STIC lesions are preceded by subtle morphologic changes that are either not visible to the human eye or are too nuanced to detect without prior knowledge of where and what to look for. A recent analysis of global stromal features in fallopian tubes from postmenopausal women showed that fallopian tubes with STIC lesions exhibit subvisual global changes in the stroma that might precede STIC formation and/or provide a permissible microenvironment for the neoplastic transformation of tubal epithelial cells (6). The ability to detect and understand what constitutes a “permissible” microenvironment for cancerous transformation provides new opportunities for the early detection of cancer and for the identification of rate-limiting events in the early stages of cancer development.




Artificial intelligence, machine learning, and neural networks

Artificial Intelligence (AI) comprises a set of algorithms that mimic human intelligence, enabling machines to perform complex tasks, such as cognitive perception, decision-making, and communication. Machine learning is a subcategory of AI in which a machine is initially provided with large amounts of training data needed to build models to accurately analyze and interpret new data (7, 8). Machine learning models can automatically learn, improve their performance, and solve problems. Support vector machines, clustering algorithms, k-nearest neighbor classifiers, and logistic regression models (7, 8) are examples of commonly used models. However, because they can learn only a handful of features, they are being replaced by models that use deep learning. Deep learning is a type of machine learning that uses a neural network consisting of three or more functional layers, which include an input layer, multiple hidden layers, and an output layer (9, 10). The hidden layers promote learning and refinement of information “seen” by the input layers to increase the accuracy of predictions of the model’s output. The layers are connected to each other, and the strengths of these connections (termed “weights”) are learned from the training data.

A convolutional neural network (CNN) is a type of a deep learning model used to build advanced decision-making workflows in digital image analysis, ranging from image processing, classification and segmentation of tissue images to the prediction of patient outcomes. CNN often employs more than three convolutional sets of learnable filters (kernels) to extract features from the images. Kernel filters provide low, high and selective filtering (smoothing and sharpening, respectively). The filters distill various basic features such as edges, shapes, color, intensity and location of objects in the image. By flattening an image, removing or reducing the dimensions, convolutional kernels conduct pre-processing steps that enable selection and organization of the most informative learned features and recognition of these features in previously unseen images. In deeper layers of the CNN, the features are transformed into feature maps that summarize the presence of detected features in the input image (11). Another model that could prove useful in pathology is the fully convolutional network (FCN), characterized by a hierarchy of convolutional layers that are not fully connected. Unlike CNN, which learns from repetitive features that occur throughout the entire image, FCN learns from every pixel thereby allowing detection of objects or features that might be only sporadically present in an entire image (12), for example cancer stem cells which comprise a minute fraction of the tumor. CNN and FCN models are well suited for tumor/object detection, classification, and segmentation tasks (13–16). A recurrent neural network (RNN) model is characterized by dynamic behavior, meaning that it can memorize inputs over different time points or time intervals and learn from them in a sequential manner. RNN could be useful to analyze serial biopsies from a patient who is under surveillance for disease development, progression, or emergence of therapy resistance (17). Machine learning can be applied in a supervised or unsupervised manner. Supervised machine learning uses labeled data sets to train algorithms that classify data or predict outcomes. As input data are fed into the model, the significance of the individual data is adjusted until the model has been appropriately fitted to infer a function that maps input images to a designated outcome label or an object. In contrast, unsupervised machine learning uses unlabeled images to infer a function and detect patterns in the data, clustering them by any distinguishing characteristic(s). Both supervised and unsupervised learning can be useful to reveal new non-intuitive patterns that correlate with specific clinical outcomes.



Computational pathology as a window into the molecular composition of cancer

Oncologists in consultation with pathologists increasingly rely on molecular assays to guide patient-tailored cancer therapy. Such assays can be costly and time-consuming in comparison to routine H&E slides, which can be digitized and analyzed on site. If the application of AI to H&E stained slides could provide molecular information, i.e. predict mutation status or expression levels of actionable cancer drivers in a patient’s tumor, several of the currently used technologies, such as immunohistochemistry, in situ hybridization, and next generation sequencing, might become superfluous. Recent efforts to integrate digitized H&E image data with molecular data indicate that determining molecular information from digitized H&E slides is not only feasible (18–21) but might achieve greater accuracy than other techniques that are subject to human error-prone steps, such as specialized specimen preparation and complex laboratory tasks.

Since tissue and cellular morphologies are known to reflect their physiological and pathological conditions, it would be reasonable to expect that higher-order features extracted from histopathology slides are associated with distinct molecular profiles, such as specific gene and protein expression, metabolism, and sensitivity to specific drugs. For example, a higher-order chromatin structure was shown to be the main determinant of genomic instability and mutation frequency in cancer cells (22–24) as well as a strong prognostic indicator in a pan-cancer study (25). Relying only on tumor histomorphology in H&E slides, recent reports indicate that it was possible to predict microsatellite instability in gastrointestinal cancers (26–28), determine molecular expression of ER, PR, and HER2 in breast cancer (29), and detect mutations in prognostically and therapeutically relevant driver genes in different cancer types, including BRAF in melanoma (30), APC, KRAS, PIK3CA, SMAD4, and TP53 in colorectal cancer (31), EGFR, KRAS, TP53, STK11, FAT1, and SETBP1 in lung cancer (32), TP53, CTNNB, FMN2, and ZFX4 in hepatocellular carcinoma (33), FGFR3 in bladder cancer (34), and IDH1 in glioma (35).



Biomarker discovery

With an increasing number of available cancer therapies, it is crucial to develop companion diagnostic tests that identify and stratify subpopulations of patients by their likelihood to benefit from specific therapies. For example, in ovarian cancer, immunotherapy can be associated with serious side effects but only shows efficacy in about 10% of ovarian cancer patients (36). Another example is the need to identify patients who could benefit from PARP inhibitors. In the absence of better biomarkers, detection of a gene mutation (i.e. BRCA1 mutation) or elevated protein expression (i.e. PD-1 and PD-L1) of the intended therapeutic target are frequently used as proxies for treatment response. However, most of the current treatment response biomarkers perform poorly. While it is logical to expect that BRCA mutation carriers would be more sensitive to PARP inhibitors, clinical trials have shown that many non-carriers are responsive to PARP inhibitors although the rationale for this response is still unclear (37). Similarly, immunohistochemical detection of tumor-infiltrating lymphocytes and PD-L1 is a poor proxy for sensitivity to immunotherapy in most cancer types, including ovarian cancer (38). In fact, microsatellite instability, a less specific biomarker, seems to be a better predictor of sensitivity to immunotherapy in various solid cancers (39), possibly because microsatellite instability encompasses multiple proteins and pathways that are involved in the immune response. Using the same reasoning, it is likely that morphometric tumor features that reflect complex pathophysiological states will prove to be more clinically useful biomarkers even if they are initially non-intuitive or currently non-explainable.

Finding a biomarker in an unexpected place is exemplified in the tumor microenvironment. While cancer research has mostly focused on cancer cells, the unbiased application of deep imaging to digitized H&E slides combined with software that identifies areas of the image that influence algorithm-based classification has frequently revealed stromal features as better biomarkers of clinical outcomes than features of cancer cells (40). In ovarian cancer, a high ratio of stromal CAFs to cancer cells is an independent biomarker of poor survival and chemotherapy resistance (41–44). Indeed, stromal features were identified as the most effective biomarkers in colon cancer (45–47), mesothelioma (48), breast cancer (49, 50), lung adenocarcinoma (51) and early-stage non-small cell lung cancer (52). The discovery of stromal features as the most relevant predictors of clinical outcomes is not surprising as multiple molecular studies of expression profiles and proteomic signatures have also shown that an increased stroma/cancer ratio and increased expression of gene signatures associated with stromal remodeling were the strongest predictors of clinical outcomes (53–62). Studies in several cancer types have also shown that the signature of TGFβ-mediated extracellular matrix remodeling is the best predictor of therapy failure (63). The tumor stroma could contribute to poor survival and therapeutic resistance through multiple mechanisms, including promotion of tumor growth, angiogenesis, invasion and metastasis, provision of protective niches for cancer stem cells, creation of an immunosuppressive microenvironment that excludes immune cells from proximity to cancer cells, and/or generation of physical barriers that block access of chemotherapies and immunotherapies to cancer cells (64–68). Thus, it is unlikely that a single molecular pathway will be sufficient as a biomarker of the complex biology that dictates clinical outcomes. A recent computational image analysis of H&E slides of non-small cell lung and gynecologic cancers has shown that the spatial architecture and the interaction of cancer cells and tumor-infiltrating lymphocytes can predict clinical benefit in patients receiving immune checkpoint inhibitors. Importantly, the computational image classifier was associated with clinical outcome independent of clinical factors and PD-L1 expression levels (69). In addition to identifying new biomarkers by highlighting specific structures and regions, computational tissue imaging could assist with the identification of new therapeutic targets. For example, targeting CAFs with various TGFβ inhibitors was effective in improving immunotherapeutic efficacy in several preclinical cancer models (66–68).



Future implementation of computational pathology in clinical practice

Potential applications of computational pathology in cancer include diagnosis, phenotyping, subtype classification, early detection, prognostication, assessment of sensitivity to chemotherapy and immunotherapy, and identification of suitable targeted therapies (20). For example, open-source software, QuPath (70), was capable of classifying serous borderline ovarian tumors and high-grade serous ovarian cancer with >90% accuracy by examining only a small number of tiles extracted from whole H&E slide images (71). While this approach does not reach the accuracy achieved by pathologists who examine multiple sections from different areas of each tumor and have access to surgical records and other clinical information, this example suggests that improvements in the software recognition pattern and computational capacity to analyze pathology slides could achieve clinical-grade tumor classification (72).

Several examples report the utility of computational imaging to automate cancer diagnoses without compromising accuracy. For example, a CNN trained to classify images as malignant melanoma or benign nevi demonstrated superior performance compared to manual scoring by histopathologists (73, 74). Another study that assessed the ability of deep learning algorithms to accurately detect breast cancer metastases in H&E slides of lymph node sections reported that the algorithms were superior in detecting micrometastases and equivalent to the best performing pathologists when under time constraints in detecting macrometastases (75). Similarly, an AI system has reached a clinically acceptable level of cancer detection accuracy in prostate needle biopsies (76). A study of deep CNN in Gleason scoring of prostatectomy specimens reported that the deep learning-based Gleason classification achieved higher sensitivity and specificity than 9 out of 10 pathologists (77). Computational analyses of H&E images have been applied for the prediction of patient survival and recurrence. Deep learning-based algorithms have also been reported to predict prostate cancer recurrence comparably to a genomic companion diagnostic test (78). Other studies utilizing deep learning-based classification involve determining histologic subtype in ovarian cancer (79), predicting platinum resistance in ovarian cancer (41, 80), predicting survival outcome in patients with mesothelioma (48), predicting metastatic recurrence and death in patients with primary melanoma (81) and colon cancer (46), predicting lung cancer recurrence after surgical resection to identify patients who should receive additional adjuvant therapy (52, 82), and predicting response to ipilimumab immunotherapy in patients with malignant melanoma (83). A computational quantitative characterization of the architecture of tumor-infiltrating lymphocytes and their interplay with cancer cells from H&E slides of three different gynecologic cancer types (ovarian, cervical, and endometrial) and across three different treatment approaches (platinum, radiation and immunotherapy) showed that the geospatial profile was prognostic of disease progression and survival irrespective of the treatment modality (84). This computationally-derived profile even outperformed the stage variable, which is the current standard for gynecologic oncology (84). Upon closer inspection, features related to the increased density of lymphocytes in the epithelium and invasive tumor front were associated with better survival compared with features related to the increased density of lymphocytes in the stromal compartment (84). Although these patterns can be observed by conventional pathology examination, the value of the computational geospatial profile is in the inherently quantitative output rather than the descriptive output from conventional pathology.

Computational pathology has already become an integral component of cancer research and is increasingly being used in anatomic pathology to automate tasks, reduce subjectivity, and improve accuracy and reproducibility (17, 85, 86). The development of high-resolution whole slide image scanners, which are specialized microscopes fitted with high resolution cameras, high magnification objectives, and software for the identification and automated correction of out-of-focus points, constitutes a major advance in computational pathology. Two of these high-quality scanners, the Leica Aperio AT2 DX System and the Philips IntelliSite Pathology Solution, now have FDA approval for clinical review and expert interpretation of pathology slides in routine diagnoses (87). To facilitate the adoption and implementation of this technology into pathology workflows, the Digital Pathology Association has published several practical guides to whole slide imaging (88–91). Digitization of pathology slides enables simultaneous review of slides by multiple pathologists at different institutions and the creation and growth of centralized cloud-based image repositories and databases that are accessible for remote high-throughput studies and/or the development of multiple freely-available machine learning-based tools that can recognize and quantify positive immunostaining or basic structures, such as epithelial-lined ducts, blood vessels, and mitotic figures in H&E slides. Proof-of-concept studies show that automated analyses of simple morphologic patterns can assist pathologists and researchers, allowing them to focus on more complex tasks (2, 92).

Academic pathology departments are increasingly interested in adopting AI in routine practice to optimize operations, reduce costs, and improve patient care. A survey of physician perspectives on the integration of AI into diagnostic pathology revealed that 75% of pathologists across more than fifty countries are interested in using AI as a diagnostic tool in cancer care (93). With the continuous increase in the aged population and the growing number of available tests for persionalized medicine, pathologists are overburdened by tasks, such as counting mitotic figures or scoring Ki67 staining, that could be easily performed by machines. Hence, automated computational imaging platforms for the detection and quantitation of stained markers in defined cell subpopulations are the first candidates to be integrated into pathology workflows as these analyses could provide accurate, unbiased, reproducible, and standardized results that can be viewed and verified (72, 89, 94–96). In contrast, results of artificial neural network analyses that cannot be verified visually are more likely to be met with mistrust by the pathology community because the pathologist needs to be confident in the result before signing out a report (97). This problem might be solved by the further development of tools that introduce transparency for non-linear machine learning methods, such as gradient-weighted class activation mapping (grad-CAM) that overlays images and heatmaps to better visualize the cell type or region in which the informative features were expressed (98).

Although research results utilizing computational imaging in pathology are promising, significant improvements need to be made to achieve the safety and reliability required for endorsement by medical specialty societies, legal approvals, and implementation of this technology into daily clinical pathological diagnostics (99–101). One of the first steps will involve the standardization of slide scanners, display devices, image formats, platforms for image processing and analysis as well as the standardization of the interfaces with clinical information systems and reimbursement mechanisms. Among the technical challenges that must be overcome are normalization methods for histological data preparation at different institutions. This is a pressing issue given that histologic slides are stained either manually or with auto-stainers using site-specific protocols and then digitized on scanners from various manufacturers. Tissue handling and processing can also introduce artefacts, such as air bubbles, fingerprints, excessive glue, blurry/out of focus tissue image, unstained or overstained tissue, and folded or cauterized tissue and digitization (102). While the human eye might not be sensitive to slight differences in tissue fixation, sectioning, staining, and coverslip mounting, all of these factors indiscriminately impact machine learning, and each can have drastic implications on the final results (102). For these reasons, the computational pathology community strongly promotes rigorous algorithm development and testing schemes. First, innovative methods must be used to address pixel data normalization, color standardization, and recognition of the areas on the slide that are out of focus, blurred or contain folded or damaged tissue (103–109). Second, algorithm generalizability on unseen digitized specimens collected at different institutions or deposited in public repositories, such as The Cancer Genome Atlas (TCGA) (110) and The Cancer Imaging Archive (TCIA) (111), will need to be tested and standardized (7, 112, 113).

Many commercial and freely available viewers and image analysis software packages support different whole slide image formats for Windows, Linux, and MacOS. Commercial slide viewers include ImageScope (Aperio/Leica), CaseViewer (3DHistech), and ObjectiveView. The development of web-based viewing interfaces and custom computational pathology pipelines is supported by OpenSlide and SlideIO software libraries. For users with little to no programming skills, the most popular free software packages for general tissue image analysis include ImageJ (114), Fiji (115), Icy (116), Orbit (117), ilastik (118), Cell Profiler (119), QuPath (70), SlicerScope (120), and PathML (121). These platforms have been embraced in the research arena because they can be easily adapted to different types of image analyses by introducing new codes or incorporating plugins from other programs. They are also flexible in processing different types of image files. Additionally, a plethora of fit-for-purpose packages with custom-made computational pathology pipelines can be found on GitHub (https://github.com/). Commercial digital pathology solutions, such as PerkinElmer (USA), Tissue Gnostics (Austria), Halo (United States), Visophram (Denmark) and Definiens (Germany), are often preferred by pathology departments because these platforms offer built-in databases of analytical engines and available technical support. Recognizing the importance of standardization in clinical practice, the freely-accessible Pathology Analytic Imaging Standards (PAIS) was created to support the standardization of image analysis algorithms and image features (122, 123). Resources of web-based interfaces and online tools, such as The Cancer Digital Slide Archive (CDSA, http://cancer.digitalslidearchive.net/), for visualization and analysis of pathology image data are also becoming more readily available (124).



Conclusion

Computational image analysis holds great promise in advancing ovarian cancer research, including a better understanding of the events that provide a permissible microenvironment for early cancerous transformation in the fallopian tube, the role of the stroma in therapeutic resistance, and biomarkers for the selection of patients most likely to benefit from different therapeutic approaches. Although computational pathology in the ovarian cancer research field is still too rudimentary to use in a clinical setting, we anticipate that it will become one of the main tools for cancer research and precision medicine in the next decade, surpassing current methods for the selection of patient-tailored therapy, such as immunostaining, mutation sequencing, and expression profiling. Among the key factors that will propel computational pathology to the forefront of medical research are the accessibility of histopathology slides, the low-cost of image analysis and storage, seamless integration with other computational imaging platforms, and the potential for rapid, accurate, and reliable prediction of patient outcomes.
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Patient 1 Patient 2 Patient 3 Patient 4 Patient 5
Sex Female Female Female Female Female
Age 52 49 45 39 46
Chemotherapy before No No No No No
sampling
Chemotherapy drug PTX + CBP No No PTX + CBP PTX + CBP
Clinical AJCC Squamous-cell carcinoma Adenocarcinoma  Cervicitis Squamous-cell carcinoma Squamous-cell carcinoma
(1A2) (1A2) (I1A2)
Drug tolerance Primary resistance Non- Non- Primary resistance Non-resistance
chemotherapy chemotherapy
Other information i / / / /
HPV infection 31 (+) 18 (+) Negative Negative 18 (+)

PTX paclitaxel: CBP, carboplatin; HPV, human papillomavirus.
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Characteristics Training cohort (n = 74) Validation cohort (n = 32) p-value
Age (years) 59.0 8.3 60.3 + 9.7 0.495
FIGO stage 0.427
B 1(1.4) 2(6.3)
I 41 (55.4) 20 (62.5)
i 28 (37.8) 9(28.1)
Va 4(5.4) 1(3.1)
Histological type 0.866
Squamous 68 (91.9) 30(93.8)
Adenocarcinoma 4 (5.4) 131
Adenosquamous carcinoma 2(2.7) 1(3.1
Lymph node involvement on CT 0.206
Uninvolved 29 (39.2) 17 (63.1)
Involved 45 (60.8) 15 (46.9)
Differentiation 0.999
Poor 3(4.1) 1(3.1)
Poor-moderate 12 (16.2) 5(15.6)
Moderate 41 (55.4) 18 (56.3)
Well-moderate 4 (5.4) 2(6.3)
Unknown 14 (18.9) 6(18.8)
Concurrent chemotherapy 0.602
With 60 (81.1) 24(75.0)
Without 14 (18.9) 8(25.0)
Median OS (months) 27.0 28.0 0.756

Data were expressed as number (percentage) or mean (standard deviation). FIGO, International Federation of Gynecology and Obstetrics; OS, overall survival.
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Models AIC

FIGO stage 132.9
Radscore 121.4
Combined model 120.5

C-index (95% Cl)
Training cohort

0.708 (0.572-0.834)
0.794 (0.707-0.880)
0.830 (0.738-0.922)

FIGO, International Federation of Gynecology and Obstetrics; AIC, Akaike information criterion; Cl, confidence interval; OS, overall survival.

Validation cohort

0.700 (0.526-0.874)
0.754 (0.623-0.885)
0.772 (0.615-0.929)
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Disease microRNA ExpressionLevel MMPs Binding Function(s) References

Involved
Cervical Cancer miR-1246  Upregulated 2/9 Indirect  Induces proliferation, tumor growth, cell migration, invasion, metastasis (69-72)
miR-106a  Upregulated Indirect  and EMT.
miR-183 Downregulated Direct
miR200b  Downregulated Indirect
Cervical Cancer miR-21 Upregulated 2/9 Indirect  Increased STAT3 decreased TIMP-3 and PTEN expression leading to (73)
cell invasion.
Cervical Cancer miR-195-  Downregulated 14 Direct Promotes proliferation and invasion by directly binding of miR-195-5p to (74)
5p 3'UTR of MMP-14 and modulating TNF-a. pathway
Endometrial Cancer miR-183 Upregulated 2/9 Direct Promotes cell proliferation and invasion. (75-77)
miR-130b  Upregulated Indirect
Uterine Endometrial miR-21 Upregulated 2 Indirect  Induces cell invasion and wound healing. (78)
Stromal Carcinoma miR-31 Downregulated Indirect
miR-145 Upregulated Indirect
miR-195 Upregulated Indirect
Ovarian Cancer miR-92 Upregulated 2/9 Indirect  Promotes migration and angiogenesis by inhibiting VHL and upregulating (79, 80)
miR-210  Upregulated Indirect  HIF1o pathway genes.
Ovarian Cancer miR-205 Upregulated 2/10 Indirect  Promotes invasion via inhibiting TCF-21. 81)
Endometrial miR-410 Downregulated 14 Direct Promotes tumor formation. (13, 82)
Adenocarcinoma
Endometrial Cancer miR-195 Downregulated 2/9 Indirect  Promotes EMT by targeting GPER/PISK/AKT. (83)
Endometrial mir-22 Downregulated 2/9 Indirect  Induces cell proliferation and invasion. (84)
Endometroid
Carcinoma
Endometrial Cancer miR-320a  Downregulated 3/9 Indirect  Inhibits TGFB-induced EMT. (85)
miR-340-  Downregulated Indirect
Sp
Ovarian Cancer miR-574-  Downregulated 9 Indirect  Promotes migration and invasion, inhibiting AKT, FAK and c-Src by (86)
3p targeting EGFR.
Ovarian Cancer miR-29b Downregulated 2 Direct Induces cell migration by regulating crosstalk between OC cells and (12, 87)
fibroblast.
Ovarian Cancer miR-1236- Downregulated 2 Indirect  Promotes proliferation and invasion and EMT via VEGF. 88)
3p
Ovarian Cancer miR-16 Downregulated 2/9 Indirect  Promotes migration and invasion via Wnt/B-catenin signaling pathway. (89)
Ovarian Cancer miR let-7d-  Downregulated 2/9 Indirect  Promotes proliferation by regulating p53 signaling pathway via HMGA1. (90)
Sp
Ovarian Cancer miR- Downregulated 2/9 Indirect  Regulation of TNF-o. and COL1AT. 91)
1273g-3p
Ovarian Cancer miR-199a- Downregulated 2/9 Indirect  Promotes cellular growth, proliferation and invasion via NF-xB pathway. (92, 93)
Sp
miR-9 Downregulated Indirect
Ovarian Cancer miR-122 Downregulated 2114 Indirect  Promotes EMT by targeting P4HA1. 94)
Ovarian Cancer miR-130b-  Downregulated 2/9 Indirect  Promotes EMT, cellular attachment and proliferation (50, 95)
3p
miR-200 Downregulated Indirect  through TGF-B signaling pathway.
Ovarian Cancer miR-17 Downregulated 2 Indirect  Promotes metastasis by regulating integrin a5 and B1. (96)
Ovarian Cancer miR-340 Downregulated 2/9 Indirect  Promotes metastasis and inhibits apoptosis via NF-x03BA;B1 activation. 97)

Ovarian Cancer miR-543 Downregulated 7 Direct Promotes invasion by direct binding of miR-543 to 3'-UTR of MMP-7. 98)
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Genes

HIST1H3G
TNF

SIX1

IL8

FN1
DKK1
DUSP4
PLA2G4A
LEF1
FGF19
SMAD9
BMP4

Fold Change

-26
-241
=24
-25
3.0
5.3
23
23
21
3.7
21
3.0

Sensitivity'

0.7575
0.7272
0.7272
0.6363
0.8125
0.6875
0.75
0.6875
0.8125
0.75
0.6875
0.75

Specificity’

0.8125
0.6875
0.76
0.6875
0.8181
0.7575
0.6969
0.8484
0.7272
0.7272
0.8181
0.6363

AuUC?

0.8219
0.7613
0.7575
0.7045
0.8532
0.7821
0.7784
0.7575
0.7547
0.7537
0.7348
0.7121

’Sensit/‘vfty and specificity were determined by the Youden index.
2AUC, area under the curve.
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1 (29.5%)
23 (65.71%)

2 (34.28%)
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P-value
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0.001
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LN negative

3(65%)
7 (35%)
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P-value

0.14
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0.045

0.023

0.050
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*IHC, Immunohistochemistry; NAT, normal adjacent tissue; LN, lymph node.
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Recurrence (n=17) Nonrecurrence (n=34) p value

Age (mean)® 62.4 (46-77) 62 8 (51-88) 0.779

FIGO staging (%)° A 11 (64.7) 2 (64.7) 1.00
1B 6(35.3) 2(35.3)

ECOG Performance Status (%)° 0-1 16 (94.1) 33 (97.0) 1.00

2 1(6.9 1.0

Ethnicity (%) White 16 (94.1) 24 (70.6) 0.075
Nonwhite 1(5.9) 10 (29.4)

BMI (mean)® 31.42 (19.78-43.29) 33.03 (18.67-52.71) 0.873

Smoking history® Yes 3(17.6) 4(11.8) 0.673
No 14 (82.4) 30(88.2)

Surgery With lymphadenectomy 6 (35.3) 16 (47.1) 0.424
Without lymphadenectomy 11 (64.7) 18 (52.9)

Surgical route Laparotomic 8 (47.1) 10 (29.4) 0.233
Laparoscopic 9 (52.9) 24 (70.6)

Tumor differentiation grade® Grade 1 9 (52.9) 22 (64.7) 0.417
Grade 2 8 (47.1) 12 (35.3)

Histological subtype (%)° Endometrioid 13 (76.5) 34 (100) 0.010

Endometrioid with squamous differentiation 4(23.5) 0(0.0)

Tumor size (mean — cm)® 5 (2.2-11.5) 3.8(1.0-7.0) 0.219

Endocervical invasion (%)° Yes 4 (23.5) 7 (20.6) 1.00
No 13(76.5) 27 (79.4)

LVSI (%)° Yes 3(17.6) 388 0.387
No 14 (82.4) 31(91.2)

BMI, body mass index; ECOG, Eastern Cooperative Oncology Group; FIGO, Intemational Federation of Gynecology and Obstetrics; LVSI, lymphovascular space invasion.

*Mann-Whitney test.
PFisher's exact test.
Bold, significant values.
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