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Editorial on the Research Topic 


Molecular pathology and computational image analyses in gynecologic malignancies


Gynecological malignancies represent an important public health problem due to high cancer-related mortality. Despite improvements in diagnosis and treatment, gynecological malignancies account for about 40% of all cancer incidence and more than 30% of all cancer-related mortality in women worldwide (1, 2). Recent advances in molecular pathology, digital pathology, and computational imaging are paving way for new approaches to the diagnosis and prediction of clinical outcomes in gynecological malignancies (Orsulic et al.; 3–7). The continuously increasing capacity to store and analyze digital data enables applications of new technologies, such as artificial intelligence- and deep learning-assisted image analyses to generate thousands of image features and other non-biased continuous quantifiable variables that can be readily integrated with other -omic platforms (8). Future clinical application of such features combined with improvements in molecular pathology may be an arrow in the quiver of pathologists in diagnosis and guiding patient treatment and management decisions.

In this Research Topic of Frontiers in Oncology, we attempt to address some major advances in molecular and computational pathology in gynecological malignancies.

Endometrial cancer is the most common gynecological cancer in developed countries. Ovarian preservation treatment (OPT) is an option for patients of child-bearing age and with early-stage endometrial cancer, however, the benefits need to be carefully assessed against the risk of cancer progression. In order to assist radiologists in assessing the depth of myometrial invasion and selecting eligible patients for OPT, Yan et al. developed and validated a radiomics nomogram based on multi-parametric magnetic resonance imaging and the least absolute shrinkage and selection operator algorithm. Molecular analyses are a useful tool in the characterization and classification of recently identified malignancies, such as mesonephric-like adenocarcinoma (MLA), a rare and aggressive neoplasm that mostly arises in the uterine corpus. Ma et al. analyzed molecular alterations in four MLA cases and identified several immunohistochemical markers as well as recurrent mutations in PIK3CA, KRAS, and PTEN, which not only support the classification of these malignancies as Müllerian in origin with mesonephric differentiation but also provides important leads for targeted therapies.

Cervical cancer is the leading cause of gynecological tumor-related mortality worldwide and the second most common malignancy in women. Human papilloma virus (HPV) infection and integration within the human genome is the primary cause of cervical cancer. Integration can disrupt the function of nearby genes, including oncogenes and tumor suppressor genes, and cause genomic rearrangements and instability (9). However, the potential intra-tumoral heterogeneity in integration sites has not been explored. Using an optimized dual-color fluorescence in situ hybridization (FISH) method to detect HPV integration sites in formalin-fixed, paraffin-embedded cervical cancer samples, Xiong et al. showed that cervical cancer may comprise subpopulations of cells with distinct integration sites that are otherwise indistinguishable by cell and nuclear morphology. Beyond diagnosis, molecular testing may be adopted for prognostic and predictive purposes in cervical cancer patients. Ma et al. showed that the upregulation of CD27, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 and the downregulation of EDA mRNA expression levels may serve as prognostic biomarkers of cervical cancer because they are associated with the immunotherapy response of these patients. In addition to molecular tools, cervical cancer patients may benefit, in particular in the field of screening and early diagnosis, from artificial intelligence-based medical tools. As summarized by Hou et al., clinical application of artificial intelligence may reduce turn-around time and the need for professional and technical personnel as well as eliminate human bias in evaluating subjective variables.

Ovarian cancer is a complex gynecological malignancy with a high mortality rate. To shed light on the molecular heterogeneity of this disease, Chen et al. explored a novel molecular phenotyping method for ovarian cancer subtypes based on metabolic genes through a comprehensive analysis of genomic data. The authors identified three different molecular subtypes (C1, C2, and C3) of ovarian carcinomas, which improved our understanding of the molecular characteristics of human ovarian cancer and uncovered new potential therapeutic targets. Wang et al. reviewed the role of the glyoxalase system as a marker for diagnosis and a novel target for antitumor therapy in breast, ovarian, endometrial, and cervical cancers. Although research in the past two decades has revealed that the fallopian tube is the likely precursor tissue for most epithelial ovarian cancers, the cell-intrinsic and microenvironmental conditions that lead to epithelial cell transformation into serous tubal intraepithelial carcinoma (STIC) are unknown. Wu et al. used computational image analyses to identify potential morphometric and topologic differences in fallopian tubes with and without STIC lesions. They showed that STIC lesions were accompanied by global stromal alterations and age-associated reorganization of tubal secretory and ciliated cells, which may provide a favorable microenvironment for cancer initiation. Another poorly understood aspect of ovarian cancer is metastasis outside of the peritoneal cavity. Brain metastases are rare in ovarian cancer, possibly because patients succumb to the peritoneal disease before the cancer has a chance to metastasize to other parts of the body. Using a spatially-oriented single-cell proteomics platform, Pejovic et al. identified cell populations that are shared between primary low-grade serous ovarian carcinomas and brain metastases, suggesting that cells predetermined for brain metastasis may exist in the early stages of cancer development. They also identified several brain metastasis-specific oncogenic and immunosuppressive pathways that could be used for targeted therapy.

Overall, this Research Topic has highlighted some major advances in molecular and computational pathology in gynecological malignancies. Ongoing research is warranted to improve the clinical outcome of these patients.
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Background

Ovarian preservation treatment (OPT) was recommended in young women with early-stage endometrial cancer [superficial myometrial invasion (MI) and grades (G) 1/2-endometrioid adenocarcinoma (EEC)]. A radiomics nomogram was developed to assist radiologists in assessing the depth of MI and in selecting eligible patients for OPT.



Methods

From February 2014 to May 2021, 209 G 1/2-EEC patients younger than 45 years (mean 39 ± 4.3 years) were included. Of them, 104 retrospective patients were enrolled in the primary group, and 105 prospective patients were enrolled in the validation group. The radiomics features were extracted based on multi-parametric magnetic resonance imaging, and the least absolute shrinkage and selection operator algorithm was applied to reduce the dimensionality of the data and select the radiomics features that correlated with the depth of MI in G 1/2-EEC patients. A radiomics nomogram for evaluating the depth of MI was developed by combing the selected radiomics features with the cancer antigen 125 and tumor size. Receiver operating characteristic (ROC) curves were used to evaluate the diagnostic performance of the radiomics nomogram and of radiologists without and with the aid of the radiomics nomogram. The net reclassification index (NRI) and total integrated discrimination index (IDI) based on the total included patients to assess the clinical benefit of radiologists with the radiomics nomogram were calculated.



Results

In the primary group, for evaluating the depth of MI, the AUCs were 0.96 for the radiomics nomogram; 0.80 and 0.86 for radiologists 1 and 2 without the aid of the nomogram, respectively; and 0.98 and 0.98 for radiologists 1 and 2 with the aid of the nomogram, respectively. In the validation group, the AUCs were 0.88 for the radiomics nomogram; 0.82 and 0.83 for radiologists 1 and 2 without the aid of the nomogram, respectively; and 0.94 and 0.94 for radiologists 1 and 2 with the aid of the nomogram, respectively. The yielded NRI and IDI values were 0.29 and 0.43 for radiologist 1 and 0.23 and 0.37 for radiologist 2, respectively.



Conclusions

The radiomics nomogram outperformed radiologists and could help radiologists in assessing the depth of MI and selecting eligible OPTs in G 1/2-EEC patients.





Keywords: radiomics, nomogram, endometrial cancer, myometrial invasion, ovarian preservation



Introduction

Endometrial cancer (EC) is the most common gynecological cancer in developed countries (1). Approximately 11% of EC patients are diagnosed before the age of 50, and 5% are diagnosed before the age of 40 (2). Staging surgery (including hysterectomy and bilateral salpingo-oophorectomy [BSO]) is the primary treatment for EC. Adequate preoperative staging and triage are essential for determining the surgical procedures and adjuvant therapy.

However, BSO results in the abrupt disruption of hormone levels, with short-term intense menopausal symptoms that can compromise one’s quality of life and lead to osteoporosis, metabolic syndrome, and cardiovascular disease (3, 4). Studies have suggested that BSO and ovarian preservation treatment (OPT) have similar mortality in young women with early-stage EC and that OPT does not decrease the overall survival of these patients (5–7). Furthermore, young patients with early-stage EC are more likely to die from cardiovascular diseases than from EC (5). Thus, the decision to preserve the ovaries in young EC patients is critical. More recently, studies recommended that OPT can be considered for patients younger than 45 years with early-stage EC [grade 1 and 2 (G 1/2) endometrioid adenocarcinoma (EEC), and myometrial invasion (MI) < 50%] and without ovarian mass (8–10).

Dilatation and curettage (D&C) and magnetic resonance imaging (MRI) are two recommended ways to preoperatively evaluate the tumor grade and EC staging (11, 12). Radiomics is an emerging technology that correlates image-based features with clinically relevant oncological outcomes. Studies suggest that quantitative radiomics or texture features may be useful for evaluating the deep myometrial invasion (DMI), with a similar accuracy of 84.8% compared with the subjective interpretation by experienced radiologists (13, 14). Moreover, tumor size or volume as determined on MRI is also useful for evaluating the depth of MI (11, 15). The radiomics nomogram includes a numerical probability of important clinical tumor diagnostic information and is considered a useful tool for quantifying tumor risk factors (16–18).

Therefore, in this study, we developed an MRI radiomics nomogram to assist radiologists in selecting eligible candidates for OPT by assessing DMI in G 1/2-EEC patients younger than 45 years.



Materials and Methods


Patients

The Institutional Review Board approved this study (approval number 2020-10). Informed consent was obtained. From February 2014 to September 2019, the electronic medical records of a total of 135 consecutive histopathologically proven EC patients under 45 years of age were reviewed.

Potential candidates for this study met the following criteria: 1) premenopausal patients younger than 45 years; 2) patients who underwent total hysterectomy with BSO and were histopathologically diagnosed with G1/2 and early-stage (International Federation of Gynecology and Obstetrics [FIGO] stages I–II) EEC; 3) patients without other or previous malignancies in the reproductive system, without family history of breast cancer, ovarian cancer, or Lynch syndrome; and 4) patients who underwent MRI scanning with sequences of T2-weighted imaging (T2WI), contrast-enhanced T1-weighted imaging (CE-T1WI), diffusion-weighted imaging (DWI), and apparent diffusion coefficient (ADC) maps. The exclusion criteria were as follows: 1) receiving anticancer treatment before surgery (n = 1); 2) absence of preoperative pelvic MRI (n = 9); 3) poor imaging quality due to artifacts or tumor invisible on MRI (n = 3); 4) no total hysterectomy performed (n = 5); 5) patients diagnosed with G3 EEC or non-EEC, or having a history of other cancer (n = 1); or 6) without serum cancer antigen 125 (CA125) information (n = 12). Furthermore, from September 2019 to May 2021, another 105 eligible EEC out of 109 patients were prospectively enrolled and formed the validation group. Figure 1 shows the workflow of this study.




Figure 1 | The workflow of this study. G 1/2, grade 1 and 2; DMI, deep myometrial invasion; EC, endometrial cancer; EEC, endometrioid adenocarcinoma; SMI, superficial myometrial invasion; MI, myometrial invasion; LASSO, least absolute shrinkage and selection operator.



General clinical information, including age and tumor size (tumor maximum diameter measured retrospectively on T2WI), and CA125 from preoperative information, ER (estrogen receptor), PR (progesterone receptor), Ki67, and CK7 from postoperative pathology were collected. The univariate and multivariate logistic regression analyses were performed to analyze the predictive factors for DMI in G 1/2-EECs for OPT. The tumor stage was determined according to the 2014 FIGO staging system based on the final pathologic reports.



Imaging

All enrolled patients received pelvic MRI within 30 days before surgery. The mean interval between MRI and surgery was 20 days (range, 5–26 days). MRI was performed using 1.5-T scanners (Avanto, Siemens, Erlangen, Germany) with an eight-channel pelvic phased-array coil. The patients lay supine and breathed freely during acquisition. The following sequences were obtained with a field of view (FOV) of 360 × 280 mm; axial T1WI (time of repetition [TR]/time of echo [TE] = 761/10 ms, matrix = 256 × 256, thickness = 4 mm); axial T2WI (TR/TE = 4,000/98, matrix = 256 × 256, thickness = 4 mm) with and without fat saturation (FS), coronal T2WI (FOV 400 mm, TR/TE = 3849/83 ms, matrix 320 × 256, thickness = 4 mm, slice gap = 1 mm), and sagittal T2WI (FOV 270 mm, TR/TE = 4,490/83 ms, matrix 320 × 256, thickness = 4 mm, slice gap = 1 mm); axial DWI (TR/TE = 4,000/100 ms, b = 0, 1,000 s/mm2, matrix = 128 × 128, thickness = 5 mm); and axial CE-T1WI with FS (TR/TE = 196/2.9 ms, matrix = 128 × 128, thickness = 4 mm) and sagittal CE-T1WI with FS (FOV 400 mm, TR/TE = 439/10 ms, thickness = 4 mm, matrix 320 × 256). CE-T1WI with FS was performed at the arterial phase (30–40 s), venous phase (75–90 s), and delayed phase (120–180 s) after the intravenous administration of gadopentetate dimeglumine (0.5 mmol/ml, GE Healthcare, Shanghai, China) at a dose of 0.2 mmol/kg of body weight and a rate of 2 to 3 ml/s. An ADC map was automatically generated based on DWI (b = 0 and b = 1000 s/mm2).



Radiomics Feature Extraction

The patients’ images were first imported into MITK Workbench software (http://mitk.org/wiki/The_Medical_Imaging_Interaction_Toolkit_ (MITK)). The multisequence images from axial DWI, ADC map, and CE-T1WI-FS (delay phase) were subsequently aligned to axial T2WI images. Regions of interest (ROIs) were manually drawn by radiologist 1 (with 5 years of MRI experience in gynecological imaging) along the tumor margin on each T2WI slice and automatically matched to T1WI, DWI (1,000 s/mm2), ADC map, and CE sequences. After tumor segmentation, a 3D volume of interest (VOI) was obtained by resampling the image with sitkBSpline interpolator. The radiomics features were extracted using Pyradiomics (https://pypi.org/project/pyradiomics/). Imaging preprocessing was performed to ensure comparability of MRI gray values, and a fixed bin width of 1 was used to compute textural features. All radiomics feature implementations followed the IBSI recommendation (https://arxiv.org/abs/1612.07003).



Feature Selection

One month later, 50 patients were randomly chosen, and tumors were drawn by radiologist 1 repeatedly and by radiologist 2 (with 10 years of MRI experience in gynecological imaging) independently. The interclass and intraclass correlation coefficients (ICCs) of the extracted features were calculated to assess the reproducibility of radiomics features. We devised a three-step procedure for dimensionality reduction and selection of robust features (19). Firstly, features with both interclass and intraclass ICCs larger than 0.75 were considered robust and reproducible (20). Secondly, Pearson’s correlation was used to identify redundant features and the feature was selected for subsequent investigation. If two features had a Pearson correlation coefficient > 0.9 (21), the feature with the larger mean absolute coefficient was removed. Thirdly, the least absolute shrinkage and selection operator (LASSO) was used to select nonzero coefficient features associated with DMI in G 1/2-EEC patients with 10-fold cross-validation by the penalty parameter to avoid overfitting. The process of feature selection using the LASSO algorithm is shown in Figure 2. A radiomics signature was generated via a linear combination of selected features weighted by their respective coefficients.




Figure 2 | The top 13 radiomics features associated with DMI in G 1/2-EEC patients younger than 45 years were identified using the least absolute shrinkage and selection operator (LASSO) method in the primary group. (A) The parameter lambda (λ) is chosen using 10-fold cross-validation. (B) LASSO coefficient profiles of the selected features. A vertical line is plotted at the optimal value, resulting in 13 features with nonzero coefficients. EEC, endometrioid adenocarcinoma; DMI, deep myometrial invasion.





Radiomics Nomogram Development, Validation, and Diagnostic Performance

Based on the data of the primary group, the radiomics nomogram was developed using multivariable logistic regression by combining the radscore with the clinical parameters (CA125 and tumor size) selected and referred to other studies (22–24). The nomogram was then validated in the validation group.

All the MRI sequences (axial, sagittal, and/or coronal) were reviewed independently by the two radiologists who were available for preoperative clinical information, but blind to the results of surgical histopathology. MI was evaluated as the absence or superficial myometrial invasion (SMI) (MI < 50%) and DMI (MI ≥ 50%). To investigate the clinical application of the radiomics nomogram, after a period of 60 days, all cases were repeatedly reviewed by the same radiologists referring to the nomogram’s prediction possibility for DMI of each patient, the diagnoses were made, and the radiologists were named with the aid of nomogram.

To evaluate DMI in G 1/2-EEC for OPT, the diagnostic performances of the radiomics nomogram and the radiologists without and with the aid of the nomogram were assessed using receiver operating characteristic (ROC) curves in the primary and validation groups. The net reclassification index (NRI) and total integrated discrimination index (IDI) based on the whole data set of the radiologists without and with the aid of the nomogram were compared. Calibration curves were plotted using the Hosmer–Lemeshow (H-L) test to evaluate the calibration performance, which measured how close the prediction value generated by the nomogram was to the observed outcome. A significant result indicated a disagreement between the prediction value and the observed outcome of the nomogram.



Statistical Analysis

The sample size for this study in the validation group was calculated as the following: if the study achieves 99% diagnostic performance (β = 0.01, α = 0.05) with mean nomogram scores of 0.6 and 0.1 in SMI and DMI patients, respectively, 115 samples are needed. If the study achieves 85%–95% diagnostic performance, 70 samples are needed. We included 105 patients finally.

All statistical analyses were performed using R software (Version 4.0.2; http://www.r-project.org). Student’s t-test was used to compare quantitative variables (age, tumor size, and CA125), and the Mann–Whitney U test, chi-squared test, or Fisher’s exact test was used to compare qualitative variables. The DeLong test was used to compare the diagnostic performance of the radiomics nomogram, the radiologists without and with the aid of the nomogram. The “rms” package, “pROC” package, “dca. R” package, and “PredictABEL” package were used for the analyses. The R code is supplied in the Supplement Material. A p value < 0.05 was considered statistically significant.




Results

Finally, 209 G 1/2-EEC patients (mean 39 ± 4.3 years; range 25–45 years) were retrospectively included in the primary group. The clinicopathological characteristics of the included G 1/2-EEC patients are summarized in Table 1. The 209 EEC patients included 155 G1 and 54 G2 patients. The multivariate logistic regression analysis showed that the predictive factors for DMI in G 1/2-EEC were ER (with 0.75 of OR), PR (with 1.26 of OR), and CA125 (with 1.01 of OR), which are shown in Table 2.


Table 1 | Clinicopathologic characteristics of the included grade 1/2 EEC patients.




Table 2 | The univariate and multivariate logistic regression analyses for independent predictive factors of DMI in patients for ovarian preservation.




Feature Selection and Model Building

A total of 358 radiomics features, including 14 shape features, 72 first-order features, and 272 texture features, were extracted from the T2WI, DWI, ADC, and CE-T1WI sequences. Features with either interobserver or intraobserver ICC < 0.75 were removed, leaving 191 features. Based on the primary group, features with Pearson correlation coefficients > 0.9 were removed, leaving 160 features. After LASSO analysis, 13 radiomics features were finally included to form the radiomics signature. The 13 radiomics features including ADC_firstorder_Minimum and other features for assessing the depth of MI are shown in Figure 3A. The radscore calculation is shown in the following:




Figure 3 | (A) The selected features for DMI in G 1/2-EEC patients for ovarian preservation. The chart shows that the features contribute to the radiomics signature with their coefficients obtained from linear regression. (B) The co-occurrence matrix plots the correlations of the patients for DMI (red spot), clinical parameters (CA125 and tumor size), and radiomics features. The blue line indicates a negative correlation, and the red line indicates a positive correlation (p < 0.05).



Radscore = 0.20192 + 0.05968×T2WI_firstorder_10P + -0.05049 × T2WI_firstorder_RobustMAD + 0.06464 × DWI_glcm_Id + -0.06397 × DWI_glszm_ZP + -0.0279 × CE_firstorder_Minimum + -0.02266 × CE_firstorder_Range + 0.16195 × CE_firstorder_Skewness + -0.12198 × CE_firstorder_TotalEnergy + 0.13675 × CE_glrlm_LRHGLE + -0.06215 × CE_glszm_LAE + 0.07236 × CE_glszm_SAHGLE + 0.00689 × ADC_firstorder_Minimum + 0.06399 × ADC_glcm_Contras

The co-occurrence network of the connection of each radiomics feature and clinical information are shown in Figure 3B. An MRI radiomics nomogram was further developed by incorporating the 13 radiomics features with CA125 and tumor size by linear regression to assess DMI in G 1/2-EEC in the primary group and is shown in Figure 4. Moreover, the calibration curves of the nomogram in the primary and validation groups are as shown in Figure 5.




Figure 4 | The radiomics nomogram incorporating the selected radiomics features with clinical parameters (CA125 and tumor size) in the primary group. To use the nomogram, locating the margin according to the patient information, drawing a line straight up to the point axis to obtain the score associated with the margin, and repeating for the radscore. By summing the scores of each point and locating it on the total points and drawing a line straight down to the bottom axis, the estimated probability of DMI in G 1/2-EEC patients for ovarian preservation can be determined.






Figure 5 | The calibration curve of the radiomics nomogram for predicting DMI in G 1/2-EEC patients, (A) in the primary group (p = 0.987) and (B) in the validation group (p = 0.437), which indicates the agreement between the prediction value and the observed outcome of the radiomics nomogram.





The Reason for Misjudgment

In the 209 EEC patients, 27 patients had adenomyosis, 70 patients had leiomyoma, and 22 patients had both adenomyosis and leiomyoma at the final pathological diagnosis. The misjudgment reasons and cases for the radiomics nomogram and radiologists are exhibited in Table 3. The radiomics nomogram misjudged the depth of MI mostly due to the small tumor size, which indicated that the drawing of ROI might influence the diagnostic performance (Figure 6).


Table 3 | The certain cases of misjudgment with the reason in the radiomics nomogram and radiologists.






Figure 6 | The EC patients misjudged by radiologists. A 45-year-old woman (images 1 to 4) and a 43-year-old woman (images 5 to 8) who were diagnosed as the DMI by radiologists (stars) and diagnosed as superficial myometrial invasion (SMI) by the radiomics nomogram and proven the SMI by pathology.





Diagnostic Performance Assessment

The AUC, sensitivity, specificity, accuracy, and negative and positive predictive values (NPV and PPV) for the radiologists without and with the aid of the nomogram in the primary and validation groups for identifying DMI in G 1/2-EEC patients for OPT are shown in Table 4 and Figure 7. For identifying DMI in G 1/2-EEC, ROC curve analyses showed that the AUCs were 0.92 and 0.70 for the radiomics signature; were 0.96 and 0.88 for the radiomics nomogram in the primary and validation groups, respectively; were 0.80, 0.86, 0.98, and 0.98 for radiologists 1 and 2 without and with the nomogram aid in the primary group; and were 0.82, 0.83, 0.94, and 0.94 in the validation group, respectively. The DeLong test showed that the AUCs of the radiomics nomogram were higher than that of radiologist 1 (p = 0.009), but not in the primary group of radiologist 2 (p = 0.061) and radiologists 1 and 2 in the validation group (p = 0.405 and 0.450, respectively). The AUC of the radiologists with the aid of the nomogram was higher than those of radiologists 1 and 2 alone in the primary (p < 0.001 and p = 0.009) and validation groups (p = 0.023 and 0.021). The AUCs of each selected clinical characteristic and radiomics feature are shown in the Supplementary Table.


Table 4 | The diagnostic performance of the radiologists without and with the aid of the nomogram in the primary and validation groups.






Figure 7 | Binary diagnosis of the two radiologists without and with the aid of a nomogram. (A, B) are for the primary group; (C, D) are for the validation group. PPV, positive predictive value; NPV, negative predictive value.



The reclassification measures of discrimination confirmed that the radiologists with the aid of the nomogram performed better than the radiologists alone based on the whole data, with an NRI of 0.29 (95% CI: 0.15–0.43) and an IDI of 0.43 (95% CI: 0.32–0.54) for radiologist 1 and with an NRI of 0.23 (95% CI: 0.10–0.36) and an IDI of 0.37 (95% CI: 0.26–0.47) for radiologist 2 (both p < 0.01) (Figure 8). These results indicated that 37–43 patients per 100 patients would have an accurate assessment of DMI using the MRI radiomics nomogram.




Figure 8 | The reclassification results are shown as circle plots. Reclassification of patients for different groups (A, B for radiologist 1, and C, D for radiologist 2). Groups were illustrated according to the molder of the radiologists with the aid of a nomogram. OP, ovarian preservation.






Discussion

In this study, a radiomics nomogram was developed by combining multiparametric MRI radiomics features and clinical information to assess the depth of MI in G1/2-EEC patients to select eligible OPT patients. The radiomics nomogram could aid radiologists in making decisions in selecting eligible OPT patients by assessing MI. NRI and IDI analyses showed a better clinical usefulness in the radiologists with the aid of the nomogram than in the radiologists alone for individually identifying MI in choosing eligible OPT patients.

In addition to the immediate consequences of hot flashes and vaginal atrophy, BSO causes surgical menopause in young women, which results in a number of long-term sequelae, including an increased risk of cardiovascular disease, osteoporosis, hip fracture, and cognitive dysfunction (25, 26). A meta-analysis showed that the relative risk of cardiovascular disease was 2.62 in women who underwent BSO (25). In young women, BSO alone tended to increase the risk of myocardial infarction with a relative risk of 1.6 (27). A prospective, population-based cohort study found that women who underwent prophylactic BSO before the age of 45 had a 67% increase in mortality, mainly in women who had not received estrogen treatment (28). Ovarian conservation had no effect on either cancer-specific or overall survival (6, 7). Therefore, to avoid the adverse consequences of BSO, there is a strong rationale for OPT in young early-stage EC patients.

Early-stage EC patients younger than 45 are recommended to receive OPT. The assessment of the depth of MI may be a challenge when 1) the tumor involves the uterine cornu; 2) the uterine anatomy is distorted by leiomyomas or adenomyosis; 3) a large endometrial tumor distends and thins the myometrium; and 4) the endometrial tumor is relatively isointense to the myometrium on T2WI. In these clinical scenarios, radiologists have difficulty assessing MI properly and should be aware of possible tumor overstaging (29). Under these circumstances, radiomics nomograms may be a particularly useful tool to improve the delineation of tumor margins and to avoid overestimation of tumor extent, as shown in this study.

Recently, a computerized deep-learning model was developed to automatically evaluate the depth of MI in EC patients, with a sensitivity of 66.6% and a specificity of 87.5%. The results showed a better and more time-efficient performance in the deep learning model than the radiologists (14). In contrast, our radiomics nomogram model combined MRI-based radiomics features and the clinical characteristics (tumor size and CA125) to yield a high accuracy in assessing the DMI of early-stage EC patients. The radiomics nomogram could generate a certain possibility of DMI for each patient to help radiologists assess the depth of MI.

Some studies have suggested that MRI-based texture analysis could be helpful in determining the depth of MI in EC patients (13, 30). Ytre-Hauge et al. obtained an accuracy of 78% for DMI detection, which was significantly higher than that of the radiologists reading (accuracy of 70%) in the same population (30). A recent study used MRI radiomics-powered machine learning to help radiologists evaluate the presence of DMI, yielding an accuracy of 86% and an AUC of 0.92 and increasing the radiologists’ performance from 82% to 100% (p = 0.48). However, this study included only 54 patients and extracted features only from T2WI (31).

In our study, the multiparametric MRI radiomics nomogram was generated, which contributed to good diagnostic performance by unraveling more comprehensive information about tumor heterogeneity. The difference between our study and previous studies was that our nomogram was used to offer the radiologists a certain possibility of DMI and gave them a hint of the depth of MI. When radiologists face specific perplexing clinical scenarios, this radiomics nomogram could help them obtain a more confident diagnosis. Furthermore, the reclassification framework was used to provide an outcome prediction analysis of clinical decision-making. The clinical benefits were significantly improved, with IDIs of 0.43 and 0.37 in radiologists 1 and 2, respectively, which indicated that 37–43 out of 100 patients would be reclassified correctly from the radiomics-aided radiologists’ prediction compared to the radiologists alone.

There were some limitations in our study. First, we did not include high-order wavelet features because previous studies suggested that wavelet features were not stable and lacked reasonable clinical interpretation (32). Second, this was a single-center scanner study; therefore, our results should be validated on data from multiple centers and from different scanners prior to clinical implementation. Third, the deep-learning based features were not investigated although some studies of other cancers showed a good performance (33–35). Last, the imbalance of the DMI and SMI datasets was not balanced by using any techniques such as the synthetic minority oversampling technique; however, we tried to select robust and reproducible features with a stable diagnostic performance.

In conclusion, the multiparametric MRI-based radiomics nomogram outperformed the radiologists in assessing the depth of MI in G 1/2-EEC patients younger than 45 years and for selecting eligible OPT patients. It could help radiologists significantly improve the predictive performance of MI status.
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Human papillomavirus (HPV) integration in the human genome is suggested to be an important cause of cervical cancer. With the development of sequencing technologies, an increasing number of integration “hotspots” have been identified. However, this HPV integration information was derived from analysis of whole cervical cancer tissue, and we know very little about the integration in different cancer cell subgroups or individual cancer cells. This study optimized the preparation of probes and provided a dual-color fluorescence in situ hybridization (FISH) method to detect HPV integration sites in paraffin-embedded cervical cancer samples. We used both HPV probes and site-specific probes: 3p14 (FHIT), 8q24 (MYC), 13q22 (KLF5/KLF12), 3q28 (TP63), and 5p15 (TERT). We detected HPV signals in 75 of the 96 cases of cervical cancer; 62 cases showed punctate signals, and 13 cases showed diffuse punctate signals. We identified 3p14 as a high-frequency HPV integration site in 4 cervical cancer cases. HPV integration at 8p14 occurred in 2 cases of cervical cancer. In the same cervical cancer tissue of sample No.1321, two distinct subgroups of cells were observed based on the HPV probe but showed no difference in cell and nucleus morphology. Our study provides a new method to investigate the frequent HPV integration sites in cervical cancer and reports the heterogeneity within cervical cancer from the perspective of HPV integration.




Keywords: human papillomavirus, HPV integration, FISH, cervical cancer, site-specific



Introduction

Cervical cancer remains the leading cause of gynecological tumor-related mortality worldwide and the second most common malignancy in women, with 570,000 women diagnosed with cervical cancer and 311,000 dying from the disease each year (1, 2).

Most HPV infections are cleared by the immune system, but in some cases, the infection persists. Persistent infection with high-risk HPV leads to cervical intraepithelial neoplasia (CIN), which occasionally develops into cervical cancer (3). High-risk HPV types include 16, 18, 31, 33, 58 and other subtypes. HPV16 and 18 infection is common and can be detected in approximately 70% of cervical cancer cases. After infection, the virus can remain in the episome or integrate into the human genome, and the two patterns may coexist (4).

Recent studies have suggested that the integration of HPV in the human genome is an important cause of cervical cancer. Integration can preserve the upstream regulatory region (URR) of the virus. This HPV replication initiation region in the human genome is not stable but activates the cell’s DNA replication and other systems, which is an important “trigger” for cancer (5). The integration of HPV DNA into the human genome causes various genetic changes, such as oncogene amplification, inactivation of tumor suppressor genes, chromosomal rearrangement, and genomic instability. Integration can occur near key genes, leading to increased instability near integration sites in the human cell genome, resulting in local chromatin structural and functional changes and even the formation of new virus-human gene fusion transcripts in response to URRs of the virus (6, 7). In 2015, whole-genome sequencing and high-throughput virus capture sequencing methods identified up to 3,667 HPV integration breakpoints in cervical neoplasms (8). Frequent integration has been reported in genes associated with tumor progression, such as the oncogene MYC. It has been reported that loss of function of the tumor suppressor gene RAD51B after HPV DNA insertion affects DNA repair pathways and genomic instability in tumors (9).

Increasing research on HPV integration has led to the recognition of HPV integration status as a potential biomarker for the prediction of diagnosis, progression, and survival and even as a biomarker for cancer screening (10). With the development of high-throughput sequencing technologies (e.g., whole-genome sequencing, transcriptome sequencing, HIVID, etc.), an increasing number of integration “hotspots” have been identified (8, 9). However, this HPV integration information was derived from analyses of the whole cervical cancer tissue, and we know very little about the integration in different cancer cell subgroups or individual cancer cells. To visually display the more refined HPV integration at the single tumor cell level, this study optimized the preparation of probes and provided a dual-color FISH method to verify the HPV integration sites in paraffin-embedded cervical cancer samples. By preserving the original morphology and spatial structure of tumor tissue, we provide a new method to investigate the relationship between HPV integration and cervical carcinogenesis.



Materials And Methods


Tissue Material

Formalin-fixed and paraffin wax-embedded cervical cancer samples were selected from the Department of Pathology, Tongji Hospital, Wuhan, China. All the samples were reviewed and confirmed independently by two pathologists, and cases with discrepancies were discussed until a consensus was reached. Samples with poor morphology or too many lymphocytes were excluded.

Clinical characteristics were obtained from patient charts. The TNM staging system, which is based on surgical and pathological reports, was used in this study to evaluate cervical cancer patients. We collected a total of 96 samples: 93 squamous cell carcinoma (SCC) samples, 3 adenocarcinoma (AD) samples. The study was approved by the hospital’s ethics committee.



Probe Selection and Labeling Procedures

Bacterial artificial chromosome (BAC) plasmids for 8q24 (RP11-1145O20), 3p14 (RP11-191B8), 3q28 (RP11-373I6), 5p15 (RP11-326E20) and 13q22 (RP11-179I20) were purchased from Life Technologies (California, America). The whole-genome plasmid of HPV types 16 and 18 was a gift from Haraud zur Hausen. The probes were labeled by standard nick translation with biotin- or digoxigenin-dUTPs. The biotin-labeled HPV probes and digoxigenin-labeled BAC probes were then coprecipitated with human Cot-1 DNA and salmon sperm DNA. Pelleted probes were then dissolved in a hybridization buffer composed of 50% formamide, 2×SSC, and 10% dextran sulfate. The detailed protocol and parameters of HPV-BAC dual-color probes are provided in the Supplementary Material.



Tissue Pretreatment

Four-micrometer thick paraffin wax tissue sections were dewaxed, dehydrated with 100% ethanol for 3 min twice before air drying, and pretreated with 3% H2O2 for 10 min at room temperature. The slides were incubated in 1 M NaSCN for 20 min at 80°C, followed by digestion with 4 mg/ml pepsin (1:3000, Sigma) in 0.02 M HCl for 12 min at 37°C. The slides were rinsed 2 times in 2× SSC, postfixed in 4% formaldehyde for 10 min at room temperature, and dehydrated in an ascending ethanol series.

Probes and target DNA were denatured simultaneously for 7 min at 90°C before hybridization overnight at 37°C. After hybridization, the preparations were washed stringently in 50% formamide (3 × 5 min) and 2× SSC at 43°C.



Probe Detection

The biotin- and digoxigenin-labeled probes were detected consecutively using the dual-color tyramide signal amplification (TSA) procedure. The biotin-labeled probe was detected by streptavidin-HRP (1:100, Perkin Elmer). Then, the first amplification reaction was carried out under a coverslip by applying 50 μl of Cy3-tyramide (1:50, Perkin Elmer) for 20 min at room temperature. Thereafter, the slides were soaked in blocking reagent (Perkin Elmer) for 15 min at room temperature to block the remaining peroxidase activity. Subsequently, the digoxigenin-labeled probe was detected by anti-digoxigenin-HRP (1:200, Roche), followed by TSA amplification using FITC-tyramide (1:50, Perkin Elmer). Finally, the slides were washed in 4× SSC, dehydrated in an ascending ethanol series, and mounted in Vectashield (Vector Laboratories).



Microscopic Imaging and Evaluation of FISH Results

Images were recorded with a fluorescence microscope (Olympus BX53) equipped with FITC, TRITC, and DAPI bandpass filters. A minimum of 100 nuclei in each sample were observed for HPV integration site evaluation. Among the cells containing HPV signals, the ratio of cells with colocalized HPV probe signals and BAC probe signals was calculated. Samples with a ratio greater than 60% were evaluated for HPV integration in a specific site.



Control

HPV and BAC probe hybridization on HPV-positive cell lines (SiHa, HeLa and CaSki) was used as a control for HPV integration site detection. On sample tissue sections, BAC probes were also used as a control for effective hybridization.




Results


HPV Integration in Cervical Cancer Cell Lines and Cervical Cancer Tissues Can Be Detected by Dual-Color Fluorescence In Situ Hybridization

HPV16/18 probes were hybridized in SiHa and CaSki cells, two smaller HPV signals were observed in SiHa cells with only two copies of HPV16 (Figure 1A), and 7 to 8 signals of different sizes were observed in dots and clumps in CaSki cells with 500 HPV16/18 copies (Figure 1D). We observed that with the increase in HPV integrated copy number in cells, the fluorescence intensity and area of the HPV signal also increased, but the relationship was not linear. The results of hybridization in SiHa cells prove that our HPV probe has sufficient sensitivity.




Figure 1 | HPV signal patterns in cervical cancer cell lines and cervical cancer paraffin sections detected by dual-color FISH. The fluorescence intensity and area of the HPV signal were observed to increase with increasing HPV integrated copy number in cells, but the relationship was not linear. HPV signals in SiHa and CaSki cells are illustrated in (A, D), respectively. (B) The specific chromosomal site (Bacterial artificial chromosome, BAC) probe targeting the 13q22 in SiHa. As shown in (C), the HPV signal and the specific chromosomal site probe targeting the 13q22 (RP11-315L12) signal were colocalized. There were two main types of HPV signals in paraffin specimens of cervical cancer: punctate signals and diffuse-punctate signals. The punctate signals indicate integrated HPV (E), while diffuse signals indicate the presence of episomal HPV at the same time (F).



In previous studies, only HPV probes were used to study the presence and amount of HPV integration. To further study the integration sites of HPV, we explored the simultaneous hybridization of HPV probes and BAC plasmid probes into cervical cancer cells. Since previous studies suggested that two HPV16 copies of SiHa were integrated near the KLF5 gene at 13q22, our experiment showed that the HPV signal and the BAC plasmid probe targeting the 13q22 (RP11-315L12) signal were colocalized, as expected (Figures 1A–C). Chromosomal site probes can be used to indicate whether HPV is integrated at the site and can be used as a control for whether hybridization is successful. The results from SiHa cells confirmed the credibility of our dual-color probe.

We further explored the application of dual-color probes in paraffin sections of cervical cancer to prepare for possible clinical application. The in situ hybridization methods (including experimental procedures and various parameters) in cultured cells and paraffin sections are completely different. Through a review of the literature and experiments (11–13), we confirmed that both the sodium bisulfite and sodium thiocyanide methods are feasible. We found that the sodium bisulfite method was milder and preserved the nucleus well, but it often failed in aged paraffin sections. The sodium thiocyanide method is not easy to use, but the treatment is more complete, and it also has a higher success rate of hybridization for aged paraffin sections. To study the integration sites of HPV, we used the sodium thiocyanide method in this study. There were two main types of HPV signals in cervical cancer paraffin sections: punctate signals and diffuse-punctate signals. The punctate signal suggests integrated HPV (Figure 1E), and the diffuse signal suggests the presence of episomal HPV at the same time (Figure 1F).



Integration of HPV at Human Chromosomal Loci in Cervical Cancer Tissues

We detected HPV signals in 75 cases of cervical cancer; 62 cases showed punctate signals, and 13 cases showed diffuse punctate signals (Table 1). We did not observe a simple diffuse signal in cervical cancer, which is consistent with the findings that HPV is generally integrated in cervical cancer in previous studies (12, 14).


Table 1 | Detailed information on HPV integration sites detected by FISH.



Our criteria for determining HPV integration were as follows: when the percentage was greater than 60% (cells showing colocalized HPV signals and chromosomal locus probe signals/cells containing HPV signals), we concluded that HPV was integrated at this site (Figures 2A–C); otherwise, there was no integration at this site (Figures 2D–F). Based on a review of the literature on HPV integration sites and genomic alterations in cervical cancer (8, 15), we prepared probes targeting five regions of the human chromosome: 3p14 containing FHIT, 8q24 containing MYC, 13q22 containing KLF5/KLF12, 3q28 containing TP63, and 5p15 containing TERT. We detected 3p14 as a high-frequency HPV integration site in 4 cervical cancers. HPV integration at 8p14 occurred in 2 cases of cervical cancer. We found HPV integration in one patient each at 5p15 and 13q22. We did not detect HPV integration at 3q28, although 3q28 shows the greatest copy number amplification in cervical cancer and is associated with CIN progression (16) (Table 1).




Figure 2 | Patterns of human specific chromosomal site probe signals and HPV signals in cervical cancer tissue. Among the cells containing HPV signals, the ratio of cells with colocalized HPV probe signals and specific chromosomal site probe signals was calculated. Samples with a ratio greater than 60% were evaluated for HPV integration in a specific site (A–C); otherwise, we evaluate that HPV was not integrated at this site (D–F).





HPV Signaling Suggests Clonality and Heterogeneity in Cervical Cancer Tissue

In contrast to PCR or high-throughput sequencing methods, the FISH method can detect HPV integration without destroying tissue morphology. Using an HPV probe as a guide, we observed major differences (both clonality and heterogeneity) in cancer cells within cervical cancer. For example, in sample No. 1321, two groups of cancer cells in the same cervical cancer tissue showed no difference in cell and nucleus morphology after HE staining and were pathologically identified as the same type of cells (Figures 3A–C). However, two distinct subgroups of cells were observed by the HPV probe. Every cell in the a group showed HPV integration, the HPV signal area was large, and the intensity was high, suggesting intense HPV integration. In the b group, some of the cells showed HPV integration, the HPV signal area was small, and the intensity was low, suggesting low integration (Figures 3D–F).




Figure 3 | HPV signaling suggests clonality and heterogeneity in cervical cancer tissue. In sample No. 1321, two groups of cancer cells in the same cervical cancer tissue showed no difference in cell and nuclear morphology after HE staining and were pathologically identified as the same type of cells (A–C), which were distinguished significantly by HPV probes (D). Every cell in the “a” group (E) showed HPV integration, the HPV signal area was large, and the intensity was high, suggesting intense HPV integration. In the “b” group (F), some of the cells showed HPV integration, the HPV signal area was small, and the intensity was low, suggesting a low integration.






Discussion

Currently, many studies have suggested that HPV integration plays an important role in the development of cervical cancer, but our knowledge of HPV integration is still insufficient. The reasons are as follows: First, HPV integration sites in the human genome are numerous and scattered, and different studies have reported different integration hotspots (6, 8, 17–20). Previous studies have detected high-frequency HPV integration sites and attempted to explain the relationship between HPV integration and the progression of cervical cancer by using high-frequency HPV integration sites. There is no conclusion yet regarding whether HPV integration is the driver of cervical cancer or the consequence of human cell genome instability during cervical cancer development (21). Second, the HPV sequence is not completely integrated into the human cell genome; only fragments are integrated (14). The integrated fragments are different in different samples and different at different sites in the same sample (8). Previous studies suggested that integrated HPV breaks in the E2 region and retains the viral oncogenes E6 and E7 (21), but the results of high-throughput sequencing suggest that this is not always the case (8). It is still unclear whether every integrated HPV fragment has a role. To elucidate the relationship between HPV integration and cervical cancer and the carcinogenic mechanism of HPV integration, we must be able to truly and accurately detect HPV integration.

Previous studies on HPV integration mainly include PCR, high-throughput sequencing, and in situ hybridization, each of which has advantages and disadvantages. PCR technology includes DIPS-PCR, APOT-PCR and others, which use specially designed primers to amplify HPV-human fusion fragments (22, 23). Considering the different specificities of primers, PCR can indeed detect some HPV-human fusion fragments, but some will be missed. High-throughput sequencing technologies, including WGS, RNA-seq, and HIVID, are more efficient and comprehensive in detecting HPV-human fusion fragments (8, 9). High-throughput sequencing technology provides an overall picture of HPV integration in a given tissue. There is a lack of information on differences in HPV integration in the tissue, and validation by other techniques (PCR, FISH) is required.

Previous studies on HPV integration using FISH techniques mainly investigated the association between HPV integration and CIN progression (12, 24). At present, there are few studies on the simultaneous detection of HPV integration and a specific chromosomal locus in cervical cancer paraffin specimens. The main obstacle is the preparation of FISH probes. The specific chromosomal site probe was nick translated from the BAC clones. The BAC was sufficiently long, and even if HPV integration led to the loss of some chromosomal fragments, the chromosomal site-specific probes still showed signals, such as at 3p14. Therefore, regardless of whether the DNA copy number at the integration site increases or decreases, we can effectively detect the HPV integration site with colocalization of two colors.

The advantage of paraffin specimens over primary cultured cancer cells is that paraffin specimens are easier to obtain and retrospectively analyzed, can preserve the morphology of cervical cancer tissue, and can be applied clinically. To simultaneously detect integrated HPV and a specific chromosomal site, our dual-color FISH technique needs to address the following two key points: probe nick translation and hybridization process. The formula of the dual-color probe, time of nick translation, and dose of human COT-1 DNA were optimized through repeated trials in this study. We provide the detailed protocol in the Supplementary Material to help more researchers use this method. In situ hybridization of paraffin sections is an improvement over previous research techniques (11, 12).

No HPV16/18 signal was detected in 21 cervical cancer specimens, the possible reasons for not detecting HPV16/18 signals in some samples are as follows: (1) There was no HPV integration in this sample. (2) As 80% of cervical cancers are infected by HPV16/18, we selected HPV16/18 probe. However, a few samples may not be HPV16/18 integrated but integrated by other subtypes. (3) Considering the intra-tumoral heterogeneity of cervical cancer tissues, some tumor cell clones in the same tissue have HPV integration but some clones do not. The tumor cell population at the paraffin sections we examined may happened to be with no HPV integration.

We used a threshold value for identifying an HPV integration site: in cells containing HPV signals, the ratio of cells with colocalized HPV signals and chromosomal site-specific signals is more than 60%, which is interpreted as HPV integration at a specific site. The application of FISH in fusion gene research could be used as a reference, since fusion gene and HPV integration have similarities. Tomlins used FISH to evaluate the TMPRSS2:ETV1 fusion gene in paraffin sections of prostate cancer and found that, fusion signals were observed in an average of 31% of the 100 cancer cells in the positive case (Supporting Online Material page 3) (25). Therefore, the cut-off value of 60% in this study is a relatively strict standard. Considering that we are the first to evaluate HPV integration using the ratio of cells with colocalization signals, the threshold of this ratio is worthy of further study.

Our selection of five candidate chromosomal sites is based on a review of HPV integration in cervical cancer research (8, 15). FHIT is a tumor suppressor at 3p14, which is significant copy number loss in cervical cancer, as loss of its activity results in replication stress and DNA damage. MYC is an oncogene, and it has been suggested that MYC activation is associated with HPV integration at 8q24. KLF5 is a transcriptional activator at 13q22 and may play a role in cell proliferation. Telomerase expression plays a role in cellular senescence, and deregulation of telomerase expression is found in somatic cells. 3q28 is significant copy number gain in cervical cancer, amplification and overexpression of TP63 at 3q28 is a biomarker of progression from CIN to cervical cancer. In our study, 3p14 and 8q24 were two high-frequency sites of HPV integration. Future studies may be able to reclassify cervical cancer at the molecular level from the perspective of HPV integration.

Moreover, the integrated HPV signal can be used as a guide for the discovery of cervical cancer cell subgroups with different integrated viral loads. These subgroups may reveal the origin, metastasis, and recurrence of cervical cancer. This finding suggests that previous PCR and high-throughput sequencing methods for detecting HPV integration sites in entire cervical cancer tissue cannot accurately reveal the characteristics of different subgroups of cancer cells. This limitation may be why previous studies often report many integration sites, but they cannot determine whether these integration sites are the initiating factors before carcinogenesis or the consequence of genome instability after carcinogenesis.

In clinical applications, high-throughput sequencing technologies such as WGS and HIVID can be combined with FISH to detect HPV integration after cervical cancer tissues are obtained by surgery. On the one hand, FISH can be used to verify sequencing results. Since the determination of HPV integration sites by sequencing is based on the similarity of base sequences, sequencing reads with low specificity or containing repetitive sequences will lead to sequence alignment errors, which can be verified by FISH. On the other hand, FISH can be used to detect whether the cancer cells containing a specific HPV integration site are the majority or the minority, which can be indirectly shown by the abundance of the human-virus fusion sequence in the sequencing results, while it can be intuitively observed by FISH. If cancer cells containing a specific HPV integration site are the majority in the tissue, HPV integration at this site may be the key factor promoting cervical cancer. If they are the minority, HPV integration at this site may be a consequence of genome instability in cancer cells.

In conclusion, our study provides a method for the detection of HPV integration sites in paraffin-embedded cervical cancer samples using dual-color FISH and reports the heterogeneity within cervical cancer from the perspective of HPV integration. Our study provides new methods and ideas for research on HPV integration in cervical carcinogenesis.
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Cervical cancer remains a leading cause of cancer death in women, seriously threatening their physical and mental health. It is an easily preventable cancer with early screening and diagnosis. Although technical advancements have significantly improved the early diagnosis of cervical cancer, accurate diagnosis remains difficult owing to various factors. In recent years, artificial intelligence (AI)-based medical diagnostic applications have been on the rise and have excellent applicability in the screening and diagnosis of cervical cancer. Their benefits include reduced time consumption, reduced need for professional and technical personnel, and no bias owing to subjective factors. We, thus, aimed to discuss how AI can be used in cervical cancer screening and diagnosis, particularly to improve the accuracy of early diagnosis. The application and challenges of using AI in the diagnosis and treatment of cervical cancer are also discussed.
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1 Introduction

Cervical cancer is one of the most common malignancies in women, with 604,000 new cases and 342,000 deaths in 2020 (1). It is the only cancer that can be eliminated via primary prevention strategies comprising a fully effective 9-valent human papillomavirus (HPV) vaccine, early detection, and timely treatment (2).

Almost all cases of cervical cancer are caused by persistent infection of the cervical epithelium with one of the 15 genotypes of the carcinogenic HPV. The four major steps in the development of cervical cancer are as follows: infection of the metaplastic epithelium at the cervical transformation zone, persistent HPV infection, progression of persistently infected epithelium to cervical precancer, and invasion through the basement membrane of the epithelium (3). The HPV vaccines can protect girls and young woman against infection with the HPV virus. But HPV vaccine coverage rate is very low at present (even in some developed countries) (2, 4) and the beneficiaries are limited to young women aged <26 in terms of 9-valent HPV vaccines. According to American Cancer Society, vaccinated women are also recommended that be screened the same as unvaccinated women because it is impossible to avoid risk completely (5). Hence, routine screening for cervical cancer is still important to women. Approximately 30% of cervical intraepithelial neoplasia (CIN) grade 3 lesions develop into invasive cancers within 30 years. Slow progression offers many opportunities for the detection and treatment of these lesions (6). Screening and treatment of precancerous lesions in women is a cost-effective way to prevent cervical cancer (7). Ideally, screening strategies should be able to detect early lesions that may develop into cervical cancer, while avoiding the detection of transient HPV infections and benign abnormalities that can lead to overtreatment and other hazards associated with screening (5). With the continuous improvement of screening techniques, there has been an increase in the detection rate of cervical cancer and a decrease in the mortality rate; however, most deaths occur in low- and middle-income countries (8). Despite new developments in effective screening programs, many of these cannot be implemented or maintained because of weak health infrastructure (9, 10). Moreover, the accuracy of manual screening is not always 100% (11), resulting in some related lesions that cannot be timely diagnosed. Thus, developing a more accurate and economical cervical cancer screening method is the main challenge for the early diagnosis of cervical cancer.

In recent years, AI has been increasingly applied in the diagnosis of various diseases, such as the classification of skin tumors (12, 13), diagnosis and classification of retinal diseases (14), and imaging diagnosis of tumors (15), and has shown promising application value. AI can automatically recognize images, extract features, learn classification, and process data using complex algorithms. The application of AI in the early screening and diagnosis of cervical cancer is conducive to addressing limited human resources and improving diagnostic accuracy.

This article aimed to introduce recent AI technologies and demonstrate their utility and potential for the screening and early diagnosis of cervical cancer. This review also discusses the current challenges and proposes future research directions.



2 Methods for Cervical Cancer Screening and Diagnosis

The latest World Health Organization guidelines recommend the following three screening methods for the early detection of cervical cancer: HPV testing, cytology (including traditional pap smear and liquid-based cytology smear), and visual inspection with acetic acid (VIA) (16). We focused on the first two methods because VIA is only used when the first two are not available. HPV testing and cytology uses brushed exfoliated cells from the cervix as test samples. HPV testing detects high-risk types of HPV infection in the cervix, whereas cytological examination uses a microscope to identify cells taken from the cervix for possible cervical cancer or precancerous lesions (17). Figure 1 shows the evolution of cervical cancer screening methods. However, colposcopy-guided biopsy remains as the gold standard for cervical cancer diagnosis, followed by staging according to the clinical examination and imaging results.




Figure 1 | Evolution of cervical cancer screening methods. The figure shows major milestones in the evolution of cervical cancer screening. The main screening methods for cervical cancer are HPV testing and TCT (cytology) nowadays.




2.1 Introduction to Cytology

A conventional Pap smear (CPS) is a manual screening procedure used to identify and classify exfoliated cervical cells under a microscope according to the color and characteristics of the nucleus and cytoplasm (18). Liquid-based cytology (LBC) can improve preparation techniques (19). The LBC specimen is better fixed in glass slides, easier to preserve and perform artificial removal, and has a more uniform sample distribution than CPS (20).

Cytology results are described according to the Bethesda system (TBS) (21). Cervical cells are grouped into specific categories according to their abnormal changes about nuclear size, degree of dyeing etc (22). Abnormal epithelial cells include atypical squamous cells and atypical glandular cells. The TBS nomenclature details are listed in Table 1.


Table 1 | The Bethesda system.





2.2 Introduction to Colposcopy

Colposcopy is defined as the use of a specific instrument to magnify the fully exposed cervix by 5 to 40 times for a real-time visual assessment of the cervix, especially the transformation area, for the detection of CIN or squamous intraepithelial lesion (SIL) and invasive cancer (23). A colposcopy-guided biopsy of the suspected site is performed to determine whether further treatment, such as conization or cryotherapy, is needed, which is important in patients with high-grade CIN or more severe disease (24).



2.3 Procedures for Early Screening and Diagnosis of Cervical Cancer

According to the latest recommendations of the American Cancer Society on cervical cancer screening, women with a cervix aged ≥25 years are recommended to undergo cervical cancer screening. For women between the ages of 25 and 65, primary HPV test should be performed every five years (5). If a primary HPV test is not available, co-testing (HPV testing in combination with cytology) or cytology evaluation can be performed every three years. Colposcopy or recommended screening methods can be performed based on the results (25), which are shown in the Figure 2.




Figure 2 | Cervical cancer screening procedures are recommended for women aged 25 to 65. The American Cancer Society recommends screening starting at age 25 Colposcopy is recommended for HPV16/18 +, ASC-US and high risk HPV+ cytology with cytological results above ASC-H. Re-screening is recommended after 1 year for other abnormalities, and after 3 years for normal ones.



Referral colposcopy further determines the presence of CIN and identifies or excludes invasive carcinoma (4). Patients with a high suspicion of invasive cancer should undergo colposcopy-guided biopsy, the gold standard for the diagnosis of cervical cancer and plays a key role in the early detection of cervical cancer (26).




3 Applications of AI in Early Screening of Cervical Cancer


3.1 HPV Typing and Detection

Continuous high-risk HPV infection can lead to cervical cancer (27). HPV testing can detect HPV infection and help screen high-risk populations. Genotyping of HPV will make it easier to assess the risk of women with positive cervical smear results and HPV DNA-positive results (28), thus making it more conducive for cervical cancer screening and management. AI learning technology uses research related to HPV testing to improve accuracy and diversify the use of HPV testing in cervical cancer screening. These studies are summarized in Table 2.


Table 2 | Application of AI in HPV testing.



Different types of HPV are associated with different types of lesions. For example, cervical adenocarcinomas are usually associated with HPV 18 type and tend to shed fewer cells; thus, they are difficult to detect by cytology (32). Having high-risk HPV types (e.g., 16, 18, and 31) contributes to a greater risk of developing cervical malignancies (11). Therefore, distinguishing among the specific types of HPV will make it easier to classify and manage HPV-infected women. Based on the additional genotyping information provided by Onclarity, Wong et al. derived a decision system with 94.32% specificity of the best classifier. The system highlighted the patients who are at high risk of developing CIN2/3+, demonstrated that some infections involving multiple HPV types carry additional risks, and identified the most important gene combinations (29). Pathania proposed the HPV AI surveillance, which uses a deep learning (DL) algorithm combined with digital micro-holography, and reported excellent sensitivity and specificity (100% coincidence) in detecting HPV 16 DNA and HPV 18 DNA in cell lines (30).

However, more studies are underway. The high sensitivity of HPV testing results in an increased rate of colposcopy referrals, which may lead to more potentially harmful treatments (33). Tian et al. analyzed HPV integration status, somatic mutation, and copy number variation through capture-based next-generation sequencing and obtained enriched biomarkers of CIN 2. They then used a machine learning algorithm (random forest) to build a risk stratification model for cervical precursor lesions, which successfully predicted CIN2+ with an average accuracy probability score of 0.814 (31). This method effectively stratified the risk of cervical lesions and provided valuable integrated triage strategies.

At present, HPV typing mostly depends on test kits; however, these have some disadvantages, such as false-negative rate and high cost. AI has shown great potential and application in the detection of HPV types and associated molecular markers that can aid in the diagnosis of cervical lesions.



3.2 Screening of Cervical Cytology

Cytology-based cervical cancer prevention programs have reduced the incidence of cervical cancer in many Western countries (34). Cytology screening for high-grade cervical precancerous lesions is highly specific but less sensitive (50–70%) (11) and requires careful microscopy observation by well-trained cytologists. Each process is cumbersome, labor-intensive, and error-prone (35). In addition, cytological reproducibility is low, resulting in low accuracy (36). Furthermore, changing the observer yields inconsistent and subjective results (37). So the researchers hope to develop automatic image analysis methods to relieve these pressures.

The first commercial automatic screening system was PAPNET (38) in 1992. The system was approved as a method of re-screening for slides that were judged negative by cytologists. In 2004, FAD approved the Thinprep imaging system as a commercial screening product. The system can select the 22 most concerned fields of view (FOV) according to the proprietary algorithm, and if abnormal cells are found, cytotechnologists need to manually screen the entire slide (39). The system improves the sensitivity and efficiency of screening. Later, the Focal point GS imaging system emerged in 2008. It identified 10 FOV of cervical cells most likely to be abnormal and stratified the risk to improve the efficiency (40). However, some reviews indicate that the cost-effectiveness of these automation systems is limited and is not suitable for use in low-and medium-developing countries (41). And its research technology still has weaknesses (42) and still depends on the final manual screening process. Therefore, some researchers continue to optimize the application of artificial intelligence technology in cervical cytology.


3.2.1 Segmentation of Cervical Cells

A typical automatic smear analysis system comprises the following five stages: image acquisition, preprocessing, segmentation, feature extraction, and classification (43). AI technology is applied in the segmentation and classification stages for the automatic analysis of a smear, which is helpful to improve screening efficiency.

The first step in cytological diagnosis is the accurate identification of cells and their respective structural components. As the diagnostic criteria for cervical cytology are mainly based on nuclear and cytoplasm abnormalities, accurate segmentation is a prerequisite for screening solutions (44–46). Studies on the application of AI in cell segmentation have been carried out continuously and have shown good results in the segmentation of hepatoma cells (47), human metaphase II oocytes (43), and pluripotent stem cells (48). It has also been introduced for the automatic segmentation of cervical cells, and good results have been reported (49). For example, Chankong et al. used fuzzy c-means clustering technology to segment single-cell images into the nucleus, cytoplasm, and background to realize whole-cell segmentation (41). Some researchers extracted adaptive shape from cytoplasmic contour fragments and shape statistics to segment the overlapped cytoplasm of cells in cervical smear images using supervised learning. Experimental results show that this method is efficient and always superior to the most advanced methods (50). Segmentation model on images from pap smear slide also was explored which has been achieved through using nucleus localization to classify normal and abnormal cells, combined with single cell classification algorithm. The accuracy and sensitivity are 91.7% respectively and the model consists of two stages as shown in Mask-RCNN architecture part in Figure 3 (51). Review of relevant literature results are provided in Table 3.




Figure 3 | A example segmentation model based on Mask-RCNN architecture. Reproduced with the permission of ref. (51), copyright@IEEE, 2019. In training phase, input was pap smear slide image and nucleus ground truth mask with class label was preprocessed and then trained in Mask R-CNN. In testing phase, pap smear slide image was preprocessed. Mask RCNN was used to specify bounding box, nucleus mask, and class of each cell.




Table 3 | Application of AI in cervical cell segmentation.



AI makes cervical cell automatic segmentation true, accurate, and unified. Thus, time-intensive manual segmentation process and subjective shortcomings can be overcome to realize accurate abnormal cell classification.



3.2.2 Classification of Cervical Cells

Accurate classification of cervical cells in smears is a crucial step in cervical cancer screening. The low accuracy of manual classification and the high requirement for professional degree of the observer limit the application of cytology (52), particularly in areas where trained cytopathologists are scarce. The use of AI has addressed these limitations (Table 4).


Table 4 | Application of AI in cervical cell classification.



In the past few decades, many classification methods have been proposed, most of which are based on segmentation or texture feature extraction. Chankong et al. segmented the cervical single-cell image into the nucleus, cytoplasm, and background, and obtained the morphological features to realize automatic multi-label classification. The results showed an accuracy rate of more than 93% (44). Mariarputham et al. extracted seven groups of texture features of cervical cells for classification. The support vector machine (SVM) classifier had the highest accuracy and the best performance (57). Three classifiers, i.e., least square support vector machine (LSSVM), multilayer perceptron (MLP) and random forest (RF), were used in the integrated classifier designed by Kden et al. The accuracy of these classifiers was 98.11% at the smear level and 99.01% at the cell level (53). Reducing the time of manual observation eliminates observer bias and improves efficiency.

Classification that does not rely on an accurate segmentation algorithm has also been proposed and accepted by an increasing number of scholars. Zhang et al. applied DL and transfer learning (58) to cervical cell classification for the first time. Automatic extraction of embedded deep-level features in cell images for classification is a superior method compared with previous algorithms in terms of classification accuracy (98.3%), AUC (0.99), and specificity (98.3%) (54). Six different convolutional neural networks (CNNs) were used for the first time for the diagnosis of cervical precancerous lesions. The accuracy, sensitivity, and specificity of the integrated classifier were 0.989, 0.978, and 0.979, respectively (43). Shi et al. proposed a method of cervical cell classification based on a graph convolution network to explore the potential relationship between cervical cell images and improvement of classification performance. Its accuracy (98.37%), sensitivity (99.80%), specificity (99.60%), and F-measure (99.80%) were all better than those of the existing method (55). In addition, hybrid deep feature fusion techniques were proposed, with high accuracy in the SIPAKMeD dataset (56).



3.2.3 AI Improves the Screening accuracy of Cervical Intraepithelial Lesions

After the establishment of a good automated cytological detection model based on the AI method, some studies have found that cytological examination assisted by AI can classify cervical cells to guide triage and improved the detection rate of CIN compared with that of standard pathological biopsy results (32, 59) (Table 5).


Table 5 | Application of AI in cytology to detect CIN.



A prospective cohort study of 700,000 women in a population-based cervical cancer screening program using a validated AI-assisted cytological diagnostic system was conducted by Bao et al. They reported a total coincidence rate of 94.7% and a 5.8% increase in sensitivity (3.0–8.6%) compared to manual reading (60). Another observational study was conducted to evaluate the ability of AI-assisted cytology to histologically detect CIN or cancer. Detection rates for CIN 2 and CIN 3+ of 92.6% and 96.1%, respectively, were obtained. These were significantly higher than those of manual reading (61). Furthermore, Wang et al. established a DL-based cervical disease diagnosis system that detects high squamous intraepithelial lesions (HSILs) or higher, and an accuracy of 0.93 was achieved (62). Zhu et al. developed an AI-assisted TBS (AIATBS) (21) diagnostic system, which showed higher sensitivity than the diagnosis by senior cytologists. The sensitivity of the AIATBS in detecting CIN was 94.74% in a clinical prospective validation (63).

The evidence above overall indicates that AI has been widely used for HPV testing and cytology and has achieved a good detection rate and accuracy. More studies and applications are underway in this regard. For example, Tang et al. developed an AI microscope with an augmented reality (AR) display for cervical cytology screening. They reported that it significantly improved detection sensitivity for low squamous intraepithelial lesion (LSIL) and HSIL and consistency in multiple classifications and atypical squamous cells of uncertain significance recognition. In addition to diagnostic applications, training novice cytopathologists could be another potential application for AI microscopes (64).





4 Applications of AI in Cervical Cancer Diagnosis

Cervical cancer and precancerous lesions are diagnosed by colposcopy-guided biopsy and staged according to the Federation International of Gynecology and Obstetrics (FIGO) staging standard (65). In 2018, the FIGO allowed the use of imaging and pathologic findings (if any) in staging (66). AI technology has been used in colposcopy and magnetic resonance imaging (MRI) to assist in the diagnosis and staging of cervical cancer and has shown satisfactory results. Figure 4 illustrates the workflow of the CNN model and transfer learning used in colposcopy image classification.




Figure 4 | Schematic representation of application of Convolutional Neural Network in colposcopy images. Schematic depicting that a CNN pre-trained on other large-scale image datasets can be adapted to significantly increase the accuracy and shorten the training duration of a network trained on a novel dataset of colposcopy images.




4.1 Coloscopy

At present, the consistency between colposcopy and pathology is poor, which may lead to misdiagnosis and missed diagnosis. Colposcopy performed by an unskilled clinician could result in potential harm (including bleeding, infection, vaginal discharge, pain, or discomfort) and therefore, requires adequate training and experience to achieve proficiency and ensure maintenance of operating procedures. However, the long training period of professional colposcopy doctors and the lack of qualified personnel create challenges for the use of colposcopy in the diagnosis of cervical cancer (67).


4.1.1 AI Boosts Image Classification Performance

Recently, DL has been widely used in medical imaging (15). The application of DL technology in the classification of colposcopy is helpful in solving the bottleneck of traditional colposcopy and improving its diagnostic performance (Table 6).


Table 6 | Application of AI in colposcopy.



Miyagi et al. developed and trained a CNN AI classifier for the LISIL/HSIL classification of colposcopy images. The accuracy, sensitivity, and specificity of the AI classifier and oncologist in diagnosing HSIL were 0.823 and 0.797, 0.800 and 0.831, and 0.882 and 0.773, respectively (24). Later, a classifier based on DL was developed, which uses HPV types and cervical SIL images to classify HSIL/LSIL. The accuracy of the classifier was 0.941 (73). Xue et al. developed an AI method (CAIADS) to grade the colposcopy impression and guide the biopsy. The consistency of CAIADS-graded colposcopy impression and pathological results (82.2%) was higher than that traditional colposcopy (65.9%) (74). The ResNet model based on DL was established by Yuan et al. Its sensitivity and specificity based on DL were 85.38% and 82.62%, respectively. The model helps in colposcopy diagnosis and guides biopsy (26). The C-RCNN algorithm was proposed by Yue et al. to classify cervical lesions, and the time and spatial features were extracted using long-term and short-term memory network. Models with better specificity (98.22%), sensitivity (95.09%), accuracy (96.13%), and area under the curve (0.94%) were obtained (75).



4.1.2 AI Helps Detect High-Grade Cervical Lesions and Guides Biopsy

Clinically, one of the most important goals of cervical cancer screening is to distinguish between normal/CIN 1 and CIN 2/3+. If the lesion is classified as CIN 2/3+, treatment is required. In contrast, mild dysplasia in CIN 1 is usually cleared following approximately a year of immune response and can therefore be observed or treated more conservatively. Kim et al. developed a data-driven computer interpretation algorithm for cervical images based on color and texture. They obtained a sensitivity of 74% and a specificity of 90% in differentiating high-grade cervical lesions (CIN 3+) from low-grade lesions and normal tissues (68). Hu et al. conducted a longitudinal cohort study on 9,406 women for 7 years. The cervical images obtained were used to validate the model based on the fast R-CNN method. The AUC of the model for diagnosing CIN 2+ was 0.91, which exceeded the interpretation of the same image by the colposcope evaluator and was superior to those of traditional Pap smears and alternative types of cytology (70). Cho et al. developed a binary decision model to determine the need to biopsy for a cervical lesion. The Need-To-Biopsy was defined as ‘not being normal’, referring to CIN+ and LSIL+. The performance of the best RESNET-152 model showed an average AUC of 0.947, a sensitivity of 85.2%, and a specificity of 88.2% (71); thus, the model helps an inexperienced clinician judge whether to perform a cervical biopsy or refer the patient to a specialist.

The powerful image analysis ability of AI has solved the problem of diagnosing cervical cancer using a large number of colposcopy images. With the assistance of AI technology, the accuracy of detecting lesions and performing biopsy under colposcopy becomes relatively high, thus reducing the misdiagnosis rate of colposcopy (69, 72, 76, 77).




4.2 Pelvic MRI

MRI has proven to be highly accurate in the preoperative staging of cervical cancer (78, 79). Therefore, MRI is the first choice for local staging, evaluation of treatment response, detection of tumor recurrence, and follow-up of patients with cervical cancer (80). The primary objective of MRI is to determine the presence of peritumoral infiltration and lymph node metastasis (LNM) (81) (Table 7).


Table 7 | Application of AI in MRI to diagnosis cervical cancer.




4.2.1 Segmentation of Cervical Cancer Lesions

MRI has a higher soft tissue resolution than CT. It can determine tumor size and adjacent pelvic structures and assess periuterine invasion and uterine and vaginal involvement (68). Lin et al. developed a U-Net CNN to accurately locate and segment cervical carcinoma in diffuse-weighted imaging (DWI). They reported the highest learning efficiency during image training, with a dice coefficient of 0.8, sensitivity of 0.89, and a positive predictive value of 0.92 (82). Liang et al. established a computational model of a DL algorithm based on wireless network, which can be used to segment cervical cancer MRI images with a 98% accuracy, which is evidently better than that of traditional depth-learning algorithms (<90%) (84). AI is more accurate, objective, and faster than manual segmentation. Wang et al. established a non-invasive radiologic model based on T2-weighted imaging (T2WI) and DWI, divided MRI images, and extracted features to predict periuterine invasion. The AUCs of T2WI and T2WI combined with DWI in the validation cohort were 0.780 and 0.921, respectively (83).



4.2.2 Diagnosis of Cervical Cancer LNM

AI also contributes to the early diagnosis of cervical cancer LNM. Although the accuracy of computed tomography and MRI in assessing lymph node involvement only ranged from 83% to 85%, their specificity was very high, ranging from 66% to 93% (74). In 2018, the cervical cancer staging system was revised to include lymph node status as a staging criterion for the first time. Cervical cancer with lymph node involvement on imaging or pathology was classified as stage IIIC (66). Wu et al. developed a DL model using preoperative MRI to predict LNM in patients with cervical cancer. The AUC using both intratumoral and peritumoral DL models in T1WI was 0.844, whereas that of the hybrid model, which combines the tumor image information from DL mining with the lymph node status reported by MRI, was 0.933 (89), thus improving the detection rate of LNM.

Over the past decade, radiology has evolved to bridge the gap between imaging and precision medicine. Radiology uses complex image analysis tools combined with statistical analysis to extract rich information hidden in medical images (90). Wu et al. used MRI radiomic analysis to improve the diagnostic level of LNM in patients with cervical cancer. The combination of T2WI and decision tree of lymph node status had the best diagnostic effect; in the training and validation cohorts, the AUC and sensitivity were 0.895% and 94.3% and 0.847% and 100%, respectively (89). Wang et al. showed that radiographic images based on T2WI and DWI showed a good predictive power for pelvic LNM in early cervical cancer (83). More values are listed in Table 7 (85–89).





5 Limitations and Future Directions

AI performs well in both computing and image analyses. These characteristics make it a rising star in the field of medical research, helping clinicians in decision-making, reducing the workload of doctors, and reducing the rate of misdiagnosis. Overall, AI can improve the specificity and accuracy of screening and diagnostic programs, overcome time constraints and limited professional and technical personnel, and avoid bias caused by subjective factors, which will enable cervical cancer screening to be implemented in resource-poor areas, thus markedly reducing the incidence of cervical cancer.

However, the application of AI involves some challenges. First is data; machine learning (ML) algorithms sometimes lack data in that they typically require millions of observations to achieve acceptable performance levels (86). However, current clinical data may be scarce, lack markers, and have uncertain quality. The management of medical data is another major obstacle for the development of automated clinical solutions (15). The establishment of not only multiple but also standardized and large databases is a future concern. Data security issues and overfitting should also be considered as they can give rise to exaggerated results that can lead to overdiagnosis (90). Second, models established using AI have not been applied and popularized in clinical practice; therefore, a series of prospective clinical studies are urgently needed to verify these results. Third, AI cannot replace clinicians as it is only an auxiliary diagnostic approach. AI may also cause system paralysis, requiring technical maintenance skills. Furthermore, maintenance systems need to be trained and established.

AI is promising in cervical cancer screening, especially its application in cervical cytology is relatively mature. But the segmentation technology is still faced with many challenges which is important for automatic classification. Such as the segmentation of overlapping nuclei, the processing of non-target cells, and fragments and the quality control of slide dyeing differences are still problem that needs to be optimized. We also mentioned that some classification methods do not rely on segmentation techniques in the previous. It will avoid many pre-processing steps and may be a direction for future development. In addition to the application of early screening and diagnosis mentioned in this paper, AI can be applied to the treatment, prognosis prediction, and prevention of cervical cancer. In the future, more research on treatment and prediction is needed for better treatment decision-making. This will facilitate cervical cancer eradication programs worldwide. Furthermore, as the incidence of cervical adenocarcinoma and other rare pathological types increases, AI should be applied for the early diagnosis of such diseases in the future. AI can also be used for noninvasive differentiation of cervical cancer from other diseases. Further development of AI technologies will greatly enhance the prediction of cervical cancer, maximize the improvements in cervical cancer screening and diagnosis, optimize staging systems, and improve patient prognosis.
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Objective

Serous tubal intra-epithelial carcinoma (STIC) lesions are thought to be precursors to high-grade serous ovarian cancer (HGSOC), but HGSOC is not always accompanied by STIC. Our study was designed to determine if there are global visual and subvisual microenvironmental differences between fallopian tubes with and without STIC lesions.



Methods

Computational image analyses were used to identify potential morphometric and topologic differences in stromal and epithelial cells in samples from three age-matched groups of fallopian tubes. The Benign group comprised normal fallopian tubes from women with benign conditions while the STIC and NoSTIC groups consisted of fallopian tubes from women with HGSOC, with and without STIC lesions, respectively. For the morphometric feature extraction and analysis of the stromal architecture, the image tiles in the STIC group were further divided into the stroma away from the STIC (AwaySTIC) and the stroma near the STIC (NearSTIC). QuPath software was used to identify and quantitate secretory and ciliated epithelial cells. A secretory cell expansion (SCE) or a ciliated cell expansion (CCE) was defined as a monolayered contiguous run of >10 secretory or ciliated cells uninterrupted by the other cell type.



Results

Image analyses of the tubal stroma revealed gradual architectural differences from the Benign to NoSTIC to AwaySTIC to NearSTIC groups. In the epithelial topology analysis, the relative number of SCE and the average number of cells within SCE were higher in the STIC group than in the Benign and NoSTIC groups. In addition, aging was associated with an increased relative number of SCE and a decreased relative number of CCE. ROC analysis determined that an average of 15 cells within SCE was the optimal cutoff value indicating the presence of a STIC lesion in the tubal epithelium.



Conclusions

Our findings suggest that global stromal alterations and age-associated reorganization of tubal secretory and ciliated cells are associated with STIC lesions. Further studies will need to determine if these alterations precede STIC lesions and provide permissible conditions for the formation of STIC.





Keywords: ovarian cancer, fallopian tube, secretory, ciliated, STIC, computational image analysis, computational pathology 



Introduction

HGSOC accounts for ~70% of epithelial ovarian cancers, frequently presents at an advanced stage, and is associated with poor prognosis (1). Epidemiologic studies showed that the incidence of HGSOC increased with age and that advanced stage disease was more common in elderly women (1). Postmenopausal status and BRCA mutations were additional independent predictive factors for ovarian cancer (1, 2). However, the etiology of HGSOC is still unclear and discrete rate-limiting steps in ovarian cancer initiation that could inform early detection and prevention of ovarian cancer have not yet been identified.

A significant breakthrough in the understanding of HGSOC initiation was made upon close inspection of ovaries and fallopian tubes from risk reducing salpingo-oopherectomies (RRSO) in women at high risk for developing HGSOC due to inherited mutations in the BRCA genes (3–9). Early cancer lesions were detected in 5-10% of these women (3–9). The majority of the early lesions were present in the fallopian tube epithelia, rather than the ovary, indicating that the fallopian tube epithelial cells were the most likely precursors of HGSOC (10, 11).

The fallopian tube epithelium is composed of two major morphologic cell types: secretory and ciliated. In women of reproductive age, secretory and ciliated cells occur in an alternating pattern of 1-5 cells of the same type. Most early morphologic and genetic alterations have been observed in secretory cells but not in ciliated cells; hence, secretory cells are considered a precursor cell type for HGSOC (6–8, 12, 13). The lesion that morphologically most resembles early stage HGSOC is STIC (6–8, 12, 13). Cytohistologic characteristics of STIC lesions include: 1) nuclear changes, such as enlargement, hyperchromasia, atypia, and nucleolar prominence, 2) disorganization and loss of polarity, 3) epithelial tufting, 4) pleomorphism, 5) increased number of mitotic figures, and 6) the absence of ciliated cells (14–17). Additionally, STIC lesions usually exhibit the p53 signature and Ki67 >10% (18). Initially, only STIC lesions were thought to be the true fallopian tube precursor to HGSOC as they have similar morphologic and molecular features (19–21). However, ovarian cancer risk has been associated with other potential early serous precursors (ESPs) that have a benign appearance and a low proliferative index and do not satisfy the criteria of a STIC diagnosis (3, 9, 22–24). These ESPs include: serous tubal intraepithelial lesions (STIL) (17), which are characterized by lower Ki67 positivity and less cytologic atypia than STIC (16, 18), p53 signatures defined as a single layer of >12 consecutive secretory cells with aberrant p53 expression (7, 25, 26), benign secretory cell outgrowth (SCOUT) defined as a continuous run of >30 secretory cells (3, 5, 9, 22, 23, 27), and secretory cell expansion (SCE) defined as a continuous run of >10 secretory cells with normal p53 expression (3, 22, 23). It is unclear if these secretory cell alterations are precursors to STIC or independent precursors to HGSOC (24, 28).

If STIC is an intermediate step in the transition between ESP and HGSOC, we hypothesized that ESPs and other aberrations in epithelial and stromal cell architecture would be more common in the fallopian tubes of HGSOC patients with STIC compared to the tubes of HGSOC patients without STIC. Because age as well as the presence/absence of HGSOC are expected to influence the tubal epithelial and stromal architecture, our analyses were controlled for these variables.



Materials and Methods


Case Collection

After approval by the Cedars-Sinai Medical Center (CSMC) and University of California Los Angeles (UCLA) institutional review boards, H&E slides of fallopian tubes from a total of 89 cases were retrieved from the pathology files at CSMC and UCLA. The fallopian tubes had been surgically removed due to: 1) benign conditions (endometriosis, fibroids, or uterine prolapse), 2) RRSO (i.e. women with heritable BRCA mutations or first-degree family history of ovarian cancer), and 3) diagnosis of HGSOC. The presence or absence of STIC lesions was confirmed by a pathologist (AEW) using standard diagnostic criteria for STIC in H&E-stained sections with the aid of p53- and Ki67-immunoreactivity analyses in ambiguous cases (14–17).



Digital Image Analysis

Glass slides were digitized at 20x magnification using the Aperio AT Turbo slide scanner (Leica Biosystems). The Aperio ImageScope v.12.4.3 digital slide viewer was used to extract stromal tiles (256 x 256 pixels). The tiles were positioned so that at least one side or corner of the tile was as close as possible to epithelial cells without the risk of including epithelial cells in the tile (Figure 1A). In the extracted tiles, stromal architecture was characterized using our previously developed panel of algorithms (29) which computes 45 segmentation-based fractal texture analysis features (SFTA) (30), 256 local phase quantization features (LPQ) (31), and 256 binarized statistical image features (BSIF) (32). When applied to H&E channels color-deconvoluted from a single H&E tile, the panel yielded 1114 features (557 eosin and 557 hematoxylin). Prior to feature extraction, the H&E tiles were color-normalized to reduce staining variability across cases (33). The tiles were divided into four groups: Benign, NoSTIC, AwaySTIC, and NearSTIC. NearSTIC was defined as a stromal tile subjacent to STIC (at least one side or corner of the image tile was adjacent to the epithelial cells in the STIC lesion) (Figure 1A). AwaySTIC was defined as a stromal tile subjacent to epithelial cells in a section of the tube that was >2 mm away from the STIC region demarcated by a pathologist. Within each case, the computed features were aggregated into vectors containing feature medians such that each case provided one vector per group. Feature vectors were z-scored and statistically analyzed using one-way ANOVA followed by the Tukey-Kramer test for multiple comparisons to identify differential morphologic features between the groups. The significance level α in the ANOVA was Bonferroni-corrected (α=0.05/1114). The topology of low dimensional representation of the feature vectors was visualized by the uniform manifold approximation and projection (UMAP) plot. The MATLAB implementation of UMAP was downloaded from https://www.mathworks.com/matlabcentral/fileexchange/71902-uniform-manifold-approximation-and-projection-umap.




Figure 1 | The fallopian tube stromal architecture changes both locally and globally in the presence of STIC lesions. (A) Yellow boxes illustrate stromal regions where tiles were extracted away from the STIC lesion (left panel) and black boxes illustrate stromal regions where tiles were extracted near the STIC lesion (right panel). (B) Low-dimensional UMAP representation of stromal morphometric features in regions and cases with benign fallopian tubes (Benign), uninvolved fallopian tubes from patients with HGSOC (NoSTIC), and fallopian tubes with STIC lesions and HGSOC. Image regions from fallopian tubes with STIC lesions were stratified based on proximity to the lesion (awaySTIC and nearSTIC). Expression in an individual case represents median expressions from regions in that case. The UMAP plots were generated using the run_umap.m function in MATLAB.



QuPath software (34) was used for H&E digital image analyses of the fallopian tube epithelium. Areas of the slide that contained a monolayer of visually recognizable secretory and epithelial cells were selected with a brush tool as regions of interest (ROIs). STIC lesions were excluded from the analysis. Cell segmentation algorithms, color deconvolution, and supervised classifiers were used as machine-learning methods. QuPath was used for cell identification and cell counting. We chose a random forest supervised classifier to recognize the cell types. The ciliated epithelial cells were identified by the presence of cilia on the apical surface while epithelial cells without cilia were considered to be secretory cells (Figure 2). After setting the appropriate cell segmentation and color deconvolution parameters in QuPath, we trained the object classifier to identify and count total epithelial cells, stromal cells, secretory cells, and ciliated cells. To account for differences in the number of epithelial cells available for examination on each slide, the relative number of SCE or CCE was defined as the number of monolayered contiguous runs of >10 secretory or ciliated cells divided by the total number of epithelial cells in all ROIs.




Figure 2 | QuPath analysis of epithelial cells in the fallopian tube. A representative image of an ampulla region with SCE and CCE, which are defined as a monolayer of >10 contiguous secretory or ciliated cells uninterrupted by the other cell type. The top panel shows the original H&E image while the bottom panel shows epithelial cell classification after ROI selection, cell segmentation, and classifier application.





Statistical Analysis of Epithelial Cell Topology

Continuous variables with a normal distribution were summarized using means and standard deviations (SD), otherwise they were summarized using medians and interquartile ranges. The categorical variables were summarized with rates using the Kruskal-Wallis test or the Fisher’s exact test. Two independent groups were analyzed by the Mann-Whitney test and two paired samples were analyzed by the Wilcoxon signed-rank test. Three or more independent groups were analyzed using the Kruskal-Wallis test. Variables with P< 0.05 by univariable analysis were included in the multivariable analysis using the log-transformed values. Multivariable linear regression was used to control for potential confounders, such as age, menopausal status, BRCA mutation status, and prior chemotherapy. The correlation between age and SCE, CCE, or cell number within the respective expansions was determined using the Spearman correlation method. The Receiver Operating Characteristic (ROC) curve was plotted to define the optimal cutoff values for the parameters of SCE and the cell number within SCE. All analyses were two-sided and the significance level was set at P< 0.05. The statistical analyses were conducted using SPSS 23.0 (SPSS Inc., Chicago, IL, USA).



Sample Groups

The number of patients and the number of samples analyzed in each group depended upon the availability of the tube specimen that fulfilled specific criteria for individual analyses. In the majority of patients, only one tube and/or one tube region (fimbria or ampulla) fulfilled the criteria for a specific analysis. The following groups were analyzed:

	Stromal morphometric feature analyses: 1) Benign, 2) NoSTIC, 3) AwaySTIC, and 4) NearSTIC. No distinction was made between the fimbria and ampulla regions. Since the morphometric feature analysis was independent of clinical variables, each fallopian tube was considered a separate case even if it came from the same patient.

	SCE and CCE analyses: 1) Benign, 2) NoSTIC, and 3) STIC. The fimbria and ampulla regions were analyzed separately.

	Age-related analyses: 1) Benign, 2) NoSTIC, and 3) STIC. Only the fimbria region was analyzed.

	Confounder analyses: 1) Benign, 2) NoSTIC, and 3) STIC. The fimbria and ampulla regions were analyzed separately.

	ROC curve analyses: 1) STIC and 2) Benign+NoSTIC. The fimbria and ampulla regions were analyzed separately.






Results


Compared to Benign Fallopian Tubes, Local and Global Stromal Alterations Are Present in Fallopian Tubes With STIC Lesions and, to a Lesser Extent, Fallopian Tubes Without STIC Lesions From Patients With HGSOC

To study the stromal architecture associated with fallopian tubes, we extracted digital image tiles depicting fallopian tube stroma from women with benign gynecologic conditions (Benign group, n=43; 490 extracted tiles), fallopian tube stroma from women with HGSOC without STIC lesions (NoSTIC group, n=38; 446 extracted tiles), and fallopian tube stroma from women with HGSOC that contain STIC lesions (STIC group, n=34) (Supplementary Figure 1A). During extraction, the tiles in the STIC group were divided into two groups based on their proximity to the STIC lesions: AwaySTIC group (n=34; 338 extracted tiles) and NearSTIC group (n=34; 322 extracted tiles) (Figure 1A and Supplementary Figure 1B). There were no “visible” differences appreciated in the stroma upon review of the H&E stained slides or the stroma tile images from the four groups. However, ANOVA analysis revealed 250/1114 features with different means (P<4.48e-5) among the four groups of stromal tiles. Through the multiple comparison tests that followed ANOVA, we found features that distinguished Benign from NoSTIC (5 features), Benign from AwaySTIC (17 features), Benign from NearSTIC (208 features), NoSTIC from AwaySTIC (1 feature), NoSTIC from NearSTIC (188 features), and AwaySTIC from NearSTIC (54 features) (P<2.0e-4) (Supplementary Figure 1C). The presence of differentially expressed features is displayed through clustering of the region types and cases represented by UMAP feature embeddings (Figure 1B). Thus, although stromal changes in the fallopian tubes were not appreciable to the human eye with regular light microscopy, computational morphometric analysis revealed gradual global differences in the fallopian tube stroma from Benign to NoSTIC to AwaySTIC to NearSTIC (Figure 1B). These data suggest that STIC lesions are associated with local (NearSTIC) as well as global (AwaySTIC) stromal changes. The data also suggest that uninvolved fallopian tubes from HGSOC patients (NoSTIC) acquire global stromal changes that are in-between those in normal fallopian tubes from women with benign conditions (Benign) and those in fallopian tubes with STIC lesions (AwaySTIC).



The Relative Number of SCE as Well as the Number of Cells Within SCE Are Higher in Fallopian Tubes With STIC Lesions

The distribution of secretory and ciliated cells in samples with or without STIC lesions was evaluated using the QuPath digital image analysis software (34). Epithelial cell types were classified and quantitated in H&E slides in which monolayers of secretory and ciliated cells were recognizable by light microscopy. Figure 2 shows a representative example of SCE and CCE (>10 contiguous cells of the same type). Areas of the fallopian tube that contained a STIC lesion were excluded from the analysis. The fimbria and ampulla regions were analyzed separately. For the analysis of the fimbria region, 77 cases (Supplementary Table 1) were divided into three groups: Benign (n=39), NoSTIC (n=13), and STIC (n=25). As shown in Supplementary Table 1, there was no significant age difference across the three groups. For the analysis of the ampulla region, 42 cases (Supplementary Table 2) were divided into three groups: Benign (n=16), NoSTIC (n=13), and STIC (n=13). As shown in Supplementary Table 2, there was no significant age difference across the three groups. In both the fimbria and ampulla regions, the relative number of SCE in the STIC group was higher compared to the Benign group and the NoSTIC group (Figure 3A) although statistical significance was only reached in the fimbria region. In both the fimbria and ampulla regions, the average number of cells within SCE was significantly higher in the STIC group compared to the Benign and NoSTIC groups (Figure 3B). Although the relative number of CCE and the average number of cells within CCE were higher in the STIC group compared to the Benign group (Supplementary Figure 2), these differences were not significant in subsequent multivariable analyses.




Figure 3 | Fallopian tubes with STIC lesions exhibit a higher relative number of SCE as well as a higher number of secretory cells within SCE. (A) The relative number of SCE (number of SCE divided by the total number of epithelial cells in all ROIs on the slide). (B) The average number of secretory cells within SCE. Statistically significant differences were determined using the Kruskal-Wallis test; *P < 0.05; **P < 0.01; ****P < 0.0001. Benign: fallopian tubes from women with benign gynecologic conditions. NoSTIC: fallopian tubes without STIC lesions from women with HGSOC. STIC: fallopian tubes with STIC lesions from women with HGSOC.





Age Is Associated With an Increased Relative Number of SCE and a Decreased Relative Number of CCE in the Fallopian Tube Fimbriae

Spearman correlation analyses were performed to determine whether the numbers of SCE and CCE in the fimbriae were associated with age. With increasing age, the relative number of SCE was increased (r = 0.5, P<0.0001) while the relative number of CCE was decreased (r = -0.58, P<0.0001) (Figure 4A). There was a weak positive correlation between age and the number of cells within SCE, while the correlation between age and the number of cells within CCE was not significant (Figure 4B).




Figure 4 | Age is correlated with an increased relative number of SCE and a decreased relative number of CCE in the fallopian tube fimbriae. (A) The relative number of SCE (left panel) and CCE (right panel) divided by the total number of epithelial cells in all ROIs on an individual slide. (B) The average number of secretory cells within SCE (left panel) and ciliated cells within CCE (right panel). The Spearman correlation (r) was used for the correlation analysis.





Potential Confounders

Given the differences in menopausal status, BRCA mutation status, and prior chemotherapy among the Benign, NoSTIC, and STIC groups (Supplementary Tables 1, 2), multivariable linear regression models were developed to control for these potential confounders. The results of the analyses showed that fallopian tube fimbria from postmenopausal women had an increased relative number of SCE (P<0.0001, Supplementary Figure 3A) and a decreased relative number of CCE (P<0.05, Supplementary Figure 3B). The fallopian tube fimbria from postmenopausal women also had an increased average number of cells within SCE (P<0.01, Supplementary Figure 3C) but no significant difference in the average number of cells within CCE (Supplementary Figure 3D). Similarly, BRCA mutation status and prior chemotherapy treatment had an effect on the distribution of the tubal epithelial cells (Supplementary Figure 3). Even after controlling for these potential confounders, the relative number of SCE and the number of secretory cells within the SCEs were higher in the fallopian tube fimbriae with STIC lesions compared to the Benign and NoSTIC groups (Supplementary Table 3). Also, after considering confounders, we found differences in the secretory cell number within SCEs in the fallopian tube ampullae with STIC lesions (Supplementary Table 4). Other potential confounders, such as parity, duration of breast feeding, history of oral contraceptive use, and history of hormone therapy, were not evaluated in this study due to limited data availability. Of note, these factors were not significantly associated with STIC lesions in prior studies of large cohorts of patients (9, 35).



Increased Number of Cells Within SCE Is a Potential Biomarker of STIC Lesions

Despite the development and validation of algorithms for STIC (14–17), the identification of STIC lesions remains challenging due to subjectivity and technical limitations. It has been shown that a review of slides by multiple pathologists increased the diagnosis of STICs by 50% while additional tissue sampling more than doubled the number of identified STICs (9). We conducted ROC curve analyses to evaluate whether the relative number of SCE or the number of cells within SCE could be used as biomarkers for easier identification of STIC lesions (STIC group compared to Benign+NoSTIC groups). The analyses showed that the number of cells within SCE can identify fallopian tube fimbriae with STIC lesions with an area under the ROC curve (AUC) of 0.885 (cutoff value=15, sensitivity=84%, specificity=75%; P< 0.0001; 95% CI: 0.806-0.965) in the fimbria region (Figure 5A) and 0.817 (cutoff value=15, sensitivity=69%, specificity=78%; P< 0.001; 95% CI: 0.619-0.861) in the ampulla region (Figure 5B). Additionally, we showed that in the fimbria region, the relative number of SCE can discriminate between the fallopian tubes with and without STIC lesions with an AUC of 0.740 (cutoff value=0.005, sensitivity=56%, specificity=86.5%; P< 0.001; 95% CI: 0.686-0.947) (Figure 5A).




Figure 5 | The number of secretory cells within a SCE is a potential biomarker of STIC lesions in the fallopian tube fimbria and ampulla. The ROC test was used to assess the diagnostic potential of global fallopian tube histopathology in identifying fallopian tubes with STIC lesions (STIC vs Benign+NoSTIC). (A) ROC curve analysis of the relative number of SCE and the number of secretory cells within SCE in the fimbria region. (B) ROC curve analysis of the number of secretory cells within SCE in the ampulla region.






Discussion

HGSOC is the most lethal gynecologic cancer, largely due to delayed symptom presentation and the lack of effective early detection strategies. A poor understanding of the initiating events in ovarian cancer has significantly hampered efforts toward early detection and prevention. In the past two decades, detection of various morphologic and molecular changes in fallopian tube secretory cells, classified as STICs, STILs, p53 signatures, SCOUTs, SCEs and other ESPs, led to the hypothesis that HGSOC originates in the fallopian tube (3–11). Until recently, only STIC lesions were considered to be bona fide early precursors to HGSOC because of the existence of matching STIC and HGSOC site-specific TP53 mutations which strongly suggested the same lineage identity (20). However, the recent discovery of matching site-specific TP53 mutations between other ESPs and HGSOC as well as associations between ESPs and the increased risk of HGSOC (3, 22, 23) led to the “precursor escape” theory in which ESPs undergo malignant transformation after shedding into the peritoneal cavity, thus bypassing the formation of STIC lesions in the fallopian tube as a required intermediate step to HGSOC (24). Genomic profiling did not reveal significant differences between HGSOC with and without STIC lesions (10).

We addressed a different question: Is the presence of a STIC lesion associated with global changes in the tubal stroma and epithelium? Our computational morphometric feature analyses of the fallopian tube stroma from HGSOC patients revealed distinguishing morphometric features between fallopian tubes with and without STIC lesions. We also found that fallopian tubes with STIC lesions had an increased relative number of SCE as well as an increased number of cells within SCE. Together, these data suggest that STIC lesions are associated with global changes in the fallopian tube. Although it is unclear if these changes precede, occur concomitantly with, or are a consequence of STIC lesions, it is more likely that global alterations in the fallopian tube provide a favorable microenvironment for STIC formation than focal STIC lesions inducing global changes in the tube. Future studies are needed to determine whether these STIC-associated global topologic alterations also exhibit molecular changes that initiate STIC formation and could serve as targets for prevention. Of note, although the morphology of fallopian tube epithelia from HGSOC patients without STIC lesions resembled that of benign fallopian tubes, our data suggest that subtle architectural changes in the stroma precede HGSOC in the peritoneal cavity or that HGSOC can exert a long-distance field effect on the otherwise uninvolved fallopian tube stroma.

After examining the distribution of secretory and ciliated cells in fallopian tubes with or without STIC lesions, we further explored the relationship between the presence of expansions of secretory and ciliated cells and age. Epidemiologic studies have shown that the risk of HGSOC increases with age and that HGSOC is predominantly a disease of postmenopausal women (31, 32). Consistent with previously published studies (3, 36), we found that the number of cells within SCE increases with age while the number of cells within CCE decreases with age. The increase in the prevalence of p53 signatures with age in fallopian tubes with STIC lesions has been previously demonstrated (37, 38). However, to our knowledge, there are no publications that have determined the distribution of SCE and CCE alterations associated with age in the presence or absence of a STIC lesion. Most of the specimens in our study were obtained from postmenopausal women in order to minimize the influence of the follicular phase, which has been shown to markedly influence the proliferation and morphology of fallopian tube epithelial cells (39). Importantly, we showed that after controlling for age and menopausal status, the relative number of SCE as well as the number of cells within SCE were higher in the fallopian tube fimbria with STIC lesions.

Computational image analysis has advantages as well as disadvantages. Two major advantages are the ability to identify features not appreciable by conventional light microscopy and the ability to conduct rapid quantitative analyses. A disadvantage, however, is that machine learning-assisted cell segmentation and phenotype determination may not be as precise as pathologic examination and depends on careful manual selection of ROIs comprising monolayer runs of epithelial cells devoid of out-of-focus areas and artefacts. Nevertheless, we obtained concordant results in cases where we manually counted the numbers of secretory and ciliated cells within SCE and CCE, respectively.

While most prior histopathologic characterizations of fallopian tubes from patients with HGSOC focused on precursor lesions and essentially ignored other portions of the fallopian tube epithelia, we explored global histopathologic changes in the epithelial and stromal compartments in fallopian tubes with and without STIC lesions. This holistic view of fallopian tubes could and assist in identifying STIC lesions and assessing cancer risk. Currently, precursor lesions in fallopian tubes removed from women with a genetic predisposition to ovarian cancer are identified by trained pathologists. Since visual morphologic changes in precursor lesions are subtle, interpretations by pathologists are unavoidably subjective (9, 40). Yet, it is important to establish the correct diagnosis because women with isolated premalignant lesions in the fallopian tube are at increased risk of developing carcinomatosis, presumably because cancer cells have spread from the precursor lesion to other organs in the peritoneal cavity prior to preventive surgery. We anticipate that the global alterations in the tubal epithelia and stroma that we report here will assist pathologists in correctly classifying ambiguous cases. Additionally, a careful consideration of the global changes in the fallopian tube with STIC lesions could simplify the current protocol for pathologic examination of fallopian tubes. Since early cancer lesions are typically microscopic, entire fallopian tubes are cut into thin sections using the SEE-FIM (sectioning and extensive examination of the fimbria) dissection protocol with the distal fimbriae cut sagittally at 1 mm intervals (21). This can yield a large number of slides that need to be reviewed by a pathologist to potentially identify one section with an early cancer lesion. Even this meticulous method of sectioning might miss early cancer lesions if they occur within the 1 mm region between sections (9). Since our results show that fallopian tubes containing a STIC lesion exhibit a greater number of cells within SCE even after controlling for potential confounders, such as menopausal status, chemotherapy, and age, we suggest that SCEs containing more than 15 secretory cells should prompt a review of available sections and further microscopic examination of deeper levels of the fallopian tube paraffin blocks for features of a microscopic STIC lesion. Future validation and clinical standardization of cutoff parameters could improve risk stratification and personalization of preventive strategies for women with a predisposition to HGSOC.

To our knowledge, this is the first study of morphometric changes in the fallopian tube stroma associated with a STIC lesion. To date, only two studies have addressed the stromal changes associated with precursor lesions in the fallopian tube. One study measured changes in sulfated chondroitin sulfate expression in the extracellular matrix (41) while the other study measured the degree of collagen alterations by second harmonic generation microscopy (42). Both techniques revealed computationally discernable gradual differences in the fallopian tube stroma proceeding from normal tissue to STIC lesions to HGSOC.

Our study does not suggest that STIC is a requisite intermediate step to HGSOC, as about half of HGSOC and primary peritoneal cancers develop without any evidence of STIC lesions in the fallopian tubes. Rather, we have shown that in patients with HGSOC, the presence of a STIC is associated with other global alterations in the fallopian tube. It is possible that such alterations provide a permissible microenvironment for the development of STIC lesions, however, the underlying molecular mechanism remains unknown. A higher proliferation rate in the fallopian tube mucosa could explain the increased numbers of SCE and cells within SCE in the presence of a STIC lesion. Another factor that could contribute to an increased chance of STIC formation is a defect in an apoptotic mechanism to purge transformed cells. Future investigations and the elucidation of cellular and molecular processes that promote and inhibit the formation of premalignant lesions in the fallopian tube will facilitate the development of markers for early detection as well as the identification of rate-limiting events in the early stages of cancer development.
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Background

Increasing evidence suggests that tumour necrosis factor (TNF) family genes play important roles in cervical cancer (CC). However, whether TNF family genes can be used as prognostic biomarkers of CC and the molecular mechanisms of TNF family genes remain unclear.



Methods

A total of 306 CC and 13 normal samples were obtained from The Cancer Genome Atlas (TCGA) and Genotype-Tissue Expression (GTEx) databases. We identified differentially expressed TNF family genes between CC and normal samples and subjected them to univariate Cox regression analysis for selecting prognostic TNF family genes. Least absolute shrinkage and selection operator (LASSO) regression and multivariate Cox regression analyses were performed to screen genes to establish a TNF family gene signature. Gene set enrichment analysis (GSEA) was performed to investigate the biological functions of the TNF family gene signature. Finally, methylation and copy number variation data of CC were used to analyse the potential molecular mechanisms of TNF family genes.



Results

A total of 26 differentially expressed TNF family genes were identified between the CC and normal samples. Next, a TNF family gene signature, including CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 was constructed based on univariate Cox, LASSO, and multivariate Cox regression analyses. The TNF family gene signature was related to age, pathological stages M and N, and could predict patient survival independently of clinical factors. Moreover, KEGG enrichment analysis suggested that the TNF family gene signature was mainly involved in the TGF-β signaling pathway, and the TNF family gene signature could affect the immunotherapy response. Finally, we confirmed that the mRNA expressions of CD27, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 were upregulated in CC, while that of EDA was downregulated. The mRNA expressions of CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 might be influenced by gene methylation and copy number variation.



Conclusion

Our study is the first to demonstrate that CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 might be used as prognostic biomarkers of CC and are associated with the immunotherapy response of CC.
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Background

Cervical cancer (CC) is a common gynaecological malignancy. Approximately 570,000 new cases of CC and 311,365 deaths were reported worldwide in 2018, making CC the third most common cancer among women (1). Although improved screening and health literacy have decreased the incidence rates of CC in recent years, CC remains the leading cause of cancer-related deaths among women in developing countries (2). Many risk factors can affect the development of CC, such as high-risk HPV infection, smoking, health status, and economic status (3, 4). CC rates dropped by 1.3% in 2015 compared to that in 2012, given the production of HPV vaccines, improvements in living conditions, and early screening (5). However, although 80% of early CC cases can be treated with surgery, radiotherapy, or chemotherapy, the number of patients in advanced CC stages is high and where the prognosis remains poor (6). Additionally, some patients relapse easily despite undergoing appropriate surgery and chemotherapy (7). Therefore, it is important to screen new biomarkers suitable for CC prognosis to improve the effectiveness of treatment and also develop precise treatment strategies.

The tumour necrosis factor (TNF) and TNF receptor (TNFR) superfamilies (TNFSF/TNFRSF) include 19 ligands and 29 receptors (8). A previous study has shown that communication pathways mediated by TNFSF/TNFRSF members can regulate inflammation and control cell death, proliferation, and differentiation (8). TNFSF/TNFRSF members exert proinflammatory effects by activating the nuclear factor NF-κB pathway, which is majorly involved in protection against pathogens and cancer (9). Inflammation can also be conducive to tumour proliferation, metastasis, and angiogenesis in many types of cancer (10). In addition, TNF-induced apoptosis has high potential in anticancer therapy. For example, the TNF-related apoptosis-inducing ligand (TRAIL), a member of the TNF family (11), can selectively induce cancer cell apoptosis by binding or trimerising their functional receptors (12). In CC, all TRAIL receptors are expressed in both normal cervical epithelial cells and tumour cells. Moreover, the TRAIL receptors TRAIL-R1 and -R2 are highly expressed in tumour cells than in normal epithelial cells, and their expression is associated with CC cell apoptosis (13). Another study showed that melatonin enhances TNF-α-induced mitochondrial apoptosis in HeLa cells by inactivating the CaMKII/Parkin/mitophagy axis. TNF-α-induced lncRNA LOC105374902 may act as a ceRNA of miR-1285-3p to promote the expression of RPL14 as well as the migration, invasion, and epithelial-mesenchymal transition (EMT) of CC cells (14). TNF family genes have a significant impact on the occurrence and development of tumours (15); these can be used as prognostic markers of tumours and can affect the immunotherapy response of tumours (16). However, the role of TNF family genes in CC remains unclear, and their potential functional role in the prognosis of cancer should be studied further.

In this study, we downloaded transcriptomic data of CC and matched normal samples from The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/). The transcriptomic data of normal cervical samples were downloaded from Genotype-Tissue Expression (GTEx) database (https://commonfund.nih.gov/gtex). First, we sought to identify differentially expressed TNF family genes in cervical tumours versus normal cervical tissues. The TNF family gene signal was established based on univariate and multivariate Cox and LASSO regression analyses assess CC prognosis. In addition, we further analysed the molecular mechanism by which TNF family gene signaling affects immunotherapy and gene alterations in patients. Finally, we analysed the mRNA expression levels of risk model genes using qRT-PCR. This study can help facilitate the prognosis of CC and the development of phasic immunotherapy strategies.



Methods


Data Selection

RNA-seq data [fragments per kilobase of exon model per million mapped fragments (FPKM)] of 306 CC and three matched normal cervical samples, copy number variation data of 297 CC samples, DNA methylation data of 312 CC samples, and clinical information (including overall survival information) data of 306 patients with CC in TCGA database were acquired from the Cancer Genomics Browser of the University of California Santa Cruz (UCSC) Xena database (https://xenabrowser.net). After excluding samples without survival information, 293 samples with survival information were used for survival analysis, and their detailed clinical information was shown in Table 1. Moreover, the RNA-seq of 10 normal cervical samples were acquired from the GTEx database (17). Furthermore, the GSE44001 dataset, including 300 CC patients with survival information, was downloaded from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/) and acted as a testing set. The 47 TNF family genes were obtained from Zhang et al. (16). Finally, the RNA-seq data of 1,082 breast cancer (BRCA), 378 ovarian cancer (OV), 544 uterine corpus endometrial carcinoma (UCEC), and 54 uterine carcinosarcoma (UCS) samples with overall survival information were analysed to further investigate the role of TNF family genes in gynaecologic tumours as well as in BRCA.


Table 1 | The clinical information of these 293 CC patients with survival information in the TCGA databse.





Identification of Differentially Expressed TNF Family Genes

The limma package in R was used to eliminate batch benefits between CC and three matched normal cervical samples from TCGA and 10 normal cervical samples from the GTEx database and to identify the differentially expressed genes (DEGs) between CC and normal samples (18). Differentially expressed TNF family genes were identified by overlapping DEGs and TNF family genes. Box plots and heatmaps were plotted to present the expression levels of differentially expressed TNF family genes using the ggplot2 and pheatmap packages in R, respectively.



Construction and Validation of TNF Family Gene Signature

After excluding patients with CC for whom overall survival information was not available, 293 patients with CC were selected to construct a TNF family gene signature to predict the overall survival of patients with CC. To ensure the validity of the TNF family gene signature, the entire set of 293 patients with CC was randomly divided into a training set (205 patients with CC) and a validation set (88 patients with CC) according to a 7:3 ratio. First, univariate Cox regression analysis was used to identify genes related to the overall survival of patients with CC from differentially expressed TNF family genes in the training set (P < 0.05). Next, least absolute shrinkage and selection operator (LASSO) regression analysis based on the glmnet package in R were conducted to determine the best combination of genes for constructing a TNF family gene signature in the training set (19). Then, the “step” function in R was used to perform a multivariate Cox regression analysis to construct the optimal TNF family gene signature. In addition, the TNF family gene signature was established using gene expression values and the corresponding Cox coefficient. The algorithm of the risk score value for one patient with CC was as follows: (gene 1 expression × gene 1 coefficient) + (gene 2 expression × gene 2 coefficient) + … + (gene n expression × gene n coefficient) (20). The risk scores of patients with CC in the training set, validation set, and entire set were calculated using the aforementioned algorithm. patients with CC in the training, validation, and entire sets were divided into high- and low-risk groups based on the optimal threshold of risk scores. Finally, the Kaplan-Meier (KM) and time-dependent receiver operating characteristic (ROC) curves were used to assess the validity of the TNF family gene signature.



Association Between TNF Family Gene Signature and Clinical Characteristics

The association between the TNF family gene signature and clinical characteristics of patients with CC in the entire set, including radiation therapy, race, pathological grade, pathological M, N, and T stages, age, and histologic grade, were investigated using either one-way ANOVA or the Wilcoxon test.



Construction and Evaluation of a TNF Family Gene Signature-Related Nomogram

The TNF family gene signature and clinical characteristics, including radiation therapy, race, pathological grade, pathological M, N, and T stages, age, and histologic grade, were used to screen independent prognostic factors by performing univariate and multivariate Cox regression analyses in the entire set. Next, a nomogram based on independent prognostic factors identified using multivariate Cox regression analysis was established using the rms package in R (21). Calibration curves were used to observe the predictive power of the nomogram.



Functional Analysis of TNF Family Gene Signature

Gene set enrichment analysis (GSEA) was used to investigate the dysregulated Kyoto encyclopedia of genes and genomes (KEGG) signaling pathways between the high- and low-risk groups based on all of their gene expression matrices using the clusterProfiler package in R (22). The gene sets c2.cp.kegg.v7.4.symbols.gmt and c5.go.v7.4.symbols.gmt were selected as reference gene sets, and NOM P < 0.05 was considered significant.



Correlation Between TNF Family Gene Signature and Immunotherapy Response

To explore whether the TNF family gene signature could predict immunotherapy response, Cell-type Identification By Estimating Relative Subsets Of RNA Transcripts (CIBERSORT) algorithm was firstly used to characterize 22 immune cell composition of the patients with CC in the high- and low-risk groups (23). Next, the expression levels of immune checkpoint molecules were compared between the high- and low-risk groups using the Wilcoxon test. Tumour immune dysfunction and exclusion (TIDE) scores of the high- and low-risk groups were calculated and compared to explore whether the gene signature predicts the immunotherapy response (24). Subclass mapping was used to determine the immunotherapy response (25).



Potential Regulatory Mechanisms of Genes in TNF Family Gene Signature

To explore the potential regulatory mechanisms of genes in the TNF family gene signature, the methylation levels of genes in the TNF family gene signature were first investigated using the ChAMP package in R. The copy number variations of genes in the TNF family gene signature were analysed, and the potential miRNAs of genes in this signature were predicted using the miRDB and miRwalk databases.



Prognostic Significance of the TNF Family Gene Signature in Gynaecologic Tumours and BRCA

To investigate whether genes in the TNF family gene signature could affect the prognosis of other gynaecologic tumours and BRCA, univariate Cox regression analysis based on the overall survival information and expression of genes in the TNF family gene signature was performed.



Quantitative Real-Time PCR

To investigate the mRNA expression of genes in the TNF family gene signature, seven patients with CC were underwent treatment at Suzhou Municipal Hospital were included in this study, and carcinoma and paracancerous tissue samples were collected from each patient to perform quantitative real-time PCR. Informed consent was obtained from all participating individuals, and all steps involving human subjects were approved by the ethics committee of Suzhou Municipal Hospital.

Total RNA of 14 matched tissues from the seven patients with CC was extracted using the traditional TRIzol-based method. The extracted RNA was reverse-transcribed into complementary DNA (cDNA) using a SureScript First-Strand cDNA Synthesis Kit (Xavier Corporation, Guangzhou, China), according to the manufacturer’s instructions. Quantitative real-time PCR was performed using a 2720 Thermal Cycler General PCR instrument (Applied Biosystems, Inc., Carlsbad, CA, USA) and a CFX96 real-time quantitative fluorescence thermal cycler (Bio-Rad, Hercules, CA, USA). The 2-11ΔΔCt method was used to calculate the relative expression of genes with internal reference GAPDH. The primer sequences are listed in Table S1.



Statistical Analysis

Data analyses were performed based on the R version 4.1.1. The log-rank test was used to test the difference in overall survival between the high- and low-risk groups. Unless otherwise stated, statistical significance was set at P < 0.05.




Results


Identification of Differentially Expressed TNF Family Genes

Considering the heterogeneity of TCGA and GTEx samples, we first performed a batch effect treatment. The 306 CC and 13 normal samples that were processed met the criteria for further analysis (Figures 1A, B). With a cut-off value of P < 0.05 and |log2FC| > 0.5, 8,050 DEGs were screened between CC and normal samples, including 4,416 upregulated and 3,634 downregulated ones (Figure 1C). After overlapping with 47 TNF family genes, 26 differentially expressed TNF family genes were identified (Figure 1D); their expression levels are shown in Figure 1E.




Figure 1 | Molecular characteristics and expression profile of tumour necrosis factor (TNF) family members in cervical cancer. Principal component analysis (PCA) before (A) and after (B) batch effect treatment of TCGA and GTEx samples. (C) Volcano plots showing the number of differentially expressed genes. Red dots represent upregulated genes, and green dots represent downregulated genes. (D) Venn diagram showing the intersections of genes between TCGA data and TNF family genes. (E) Boxplots show differences in the expression levels of TNF family members. *means p < 0.05; **means p < 0.01; ***means  p < 0.001; ****means p < 0.0001.





Construction and Validation of a TNF Family Gene Signature

Based on univariate Cox regression analysis of the training set, the 10 differentially expressed TNF family genes CD27, EDA, FASLG, TNF, TNFRSF10B, TNFRSF12A, TNFRSF13C, TNFRSF14, TNFRSF9, and TNFSF13B were found to be associated with CC prognosis (P < 0.05, Table 2). Subsequently, CD27, EDA, TNF, TNFRSF10B, TNFRSF12A, TNFRSF13C, TNFRSF9, and TNFSF13B were preserved by LASSO regression analysis and used for multivariate Cox regression analysis (Figure 2A). In addition, the expression levels and regression coefficients of CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 were used to construct a TNF family gene signature through multivariate Cox regression analysis (Table 3). CD27, TNFRSF13C, and TNFRSF9 were found protective factors (hazard ratio [HR] < 1), while EDA, TNF, and TNFRSF12A as risk factors (HR > 1) (Table 3). The risk score of each patient was calculated as follows: risk score = (−0.370) × CD27 expression + 0.579 × EDA expression + 0.400 × TNF expression +(0.403) × TNFRSF12A expression + (−0.582) × TNFRSF13C expression + (−0.682) × TNFRSF9 expression (Table 3).


Table 2 | Identification of 10 TNF family genes by univariate Cox regression analysis.






Figure 2 | Construction and validation of a TNF family gene signature. (A) The most proper log (lambda) value in the LASSO model. (B) The Kaplan-Meier curve of the OS for patients with CC based on the risk score for the training set. (C) The Kaplan-Meier curve of the OS for patients with CC based on the risk score for the testing set. (D) The Kaplan-Meier curve of the OS for patients with CC based on the risk score for the entire set. (E) Time-dependent ROC curves of the risk score for the 1-, 3-, and 5-year OS rate prediction for the training set. (F) Time-dependent ROC curves of the risk score for the 1-, 3-, and 5-year OS rate prediction for the testing set. (G) Time-dependent ROC curves of the risk score for the 1-, 3-, and 5-year OS rate prediction for the entire set. (H) Distribution of the risk score, survival status, and gene expression panel for the training set. (I) Distribution of the risk score, survival status, and gene expression panel for the testing set. (J) Distribution of the risk score, survival status, and gene expression panel for the entire set.




Table 3 | TNF family gene signature constructed with six TNF family genes using multivariate Cox regression analysis.



Thus, we stratified patients with CC in the training set into low- and high-risk groups based on the optimum threshold of the risk score. Interestingly, we found that the overall survival of patients in the low-risk group was clearly better than that of patients in the high-risk group (Figure 2B), and patients in the low-risk group had longer survival times than those in the high-risk group (Figure 2H). ROC analysis revealed that the areas under curves (AUCs) used to predict the 1-, 3-, and 5-year survival rates of patients with CC were 0.816, 0.851, and 0.808, respectively (Figure 2E). CD27, TNFRSF13C, and TNFRSF9 showed higher expression in the low-risk group than in the high-risk group. However, the other three genes exhibited lower expression in the low-risk group than in the high-risk group (Figure 2H), which was consistent with the results of multivariate Cox regression analysis (Table 3). Finally, we assessed the predictive capabilities of the TNF family gene signature in the validation, testing, and entire sets. The KM analyses in the validation and entire sets yielded results consistent with those of the training set; namely, the low-risk patients were associated with better prognosis (Figures 2C, D). The ROC curves of both the validation and entire sets also suggested that the TNF family gene signature is a good prognostic factor of CC (Figures 2F, G). Similarly, CD27, TNFRSF13C, and TNFRSF9 also showed higher expression in the low-risk group than in the high-risk group. However, the other three genes exhibited lower expression in the low-risk group than in the high-risk group (Figures 2I, J). Notably, the KM curve of the testing set revealed that the high-risk patients were related to poor prognosis, the ROC curve of the testing set showed that the TNF family gene signature did not have good predictive power (Figure S1).



Relationship Between TNF Family Gene Signature and Clinical Characteristics

To investigate the relationship between the TNF family gene signature and clinical characteristics, we compared the risk scores between different clinical characteristics across the entire set. As illustrated in Figure 3A, patients younger than 50 years had higher risk scores. Moreover, M1 patients showed higher risk scores than M0 patients (Figure 3D), and T3/T4 patients exhibited higher risk scores than T1/T2 patients (Figure 3E). However, the TNF family gene signature was not related to any other clinical characteristic (Figure 3).




Figure 3 | Relationship of risk score and clinicopathological characteristics of CC patients. Distribution of the risk scores in different cohorts stratified by the subtype of age (A), clinical stage (B), neoplasm histologic grade (C), pathological M stage (D), pathological N stage (E), pathological T stage (F), race (G) and radition therapy (H). *means p < 0.05;  ns represents no significance.





Construction of a TNF Family Gene Signature-Related Nomogram

To better use the TNF family gene signature, we aimed to construct a nomogram by integrating all TNF family gene signatures and clinical characteristics in the entire set. Based on univariate Cox regression analysis, pathological M and T stages and risk score were found to be associated with CC prognosis (Figure 4A), which were the only independent factors for patients with CC (Figure 4B). A nomogram integrating pathological T stage and risk score was constructed to predict the 1-, 3-, and 5-year overall survival of patients with CC (Figure 4C). The calibration curves suggested that the nomogram could predict CC onset owing to good agreement between the predictions and observations (Figure 4D).




Figure 4 | Independent prognostic analysis of risk scores. (A) Four factors were included in the univariate Cox analysis, and three of them were significant. HR is the risk ratio, and the lower/upper 95% CI is the 95% confidence interval of the risk value. (B) Multivariate analysis results show that T staging and risk score are significant. (C) The nomogram shows that T staging and risk score have significant influence on the prognostic survival time of CC patients. (D) Calibration curve suggesting that the nomogram holds implications in the prognosis of CC.





Functional Enrichment of the TNF Family Gene Signature

To further explore the potential functions of the TNF family gene signature, GSEA was performed to observe the potential KEGG signaling pathway related to the TNF family gene signature in the entire set. As is shown in Table 4, genes in the high-risk group were mainly involved in the galactose metabolism, N glycan biosynthesis, O glycan biosynthesis, purine metabolism, and TGF-β signaling pathways. Moreover, we found that genes in the low-risk group were mainly involved in the immune-related pathways, such as B cell receptor signaling pathway, primary immunodeficiency pathway, intestinal immune network for IgA production, T cell receptor signaling pathway, and chemokine signaling pathway (Table 5). Thus, the TNF family gene signature might affect prognosis of CC mainly through regulating of immune, metabolic and tumor-related pathways.


Table 4 | The significantly enriched KEGG pathways based on GSEA results (P < 0.01, FDR < 0.25).




Table 5 | The top10 KEGG pathway significantly enriched in the low-risk group.





Correlation Between the TNF Family Gene Signature and Immunotherapy Response

To further explore whether the TNF family gene signature affected the immunotherapy response of patients with CC, we first calculated and compared the 22 human immune cell subpopulations between the high- and low-risk groups. Notably, we found dendritic cells resting, macrophage M1, mast cells resting, plasma cells, T cells CD8, T cells follicular helper, and T cells regulatory were obviously up-regulated in the low-risk group compared with the high-risk group, while macrophage M0, mast cells activated, NK cells resting were significantly down-regulated in the low-risk group (Figure 5A), which were consistent with the results of functional enrichment analysis. Moreover, we also compared the expression levels of immune checkpoint molecules, including CD274 (PD-L1), CTLA4, LAG3, and PDCD1 (PD-1), between the high- and low-risk groups (Figure 5B). Interestingly, we found that these genes were upregulated in the low-risk group. Moreover, the low-risk group had a lower TIDE score than the high-risk group and was potentially more sensitive to anti-PD1 therapy (Figures 5C, D).




Figure 5 | Analysis of immune checkpoint differences in high- and low-risk groups. (A) The differences in immune cell infiltration between high and low risk groups. (B) Expression levels of immune checkpoint molecules between the high-risk and low-risk groups. (C) TIDE scores significantly differ between the high- and low-risk groups, suggesting a higher probability of immune escape in the high-risk group. (D) The low-risk group is more likely to be more sensitive to anti-PD1 therapy. *FDR < 0.05; **means p < 0.01; ***means p < 0.001; ****means p < 0.0001. ns represents no significance.





Potential Regulatory Mechanisms of Genes in the TNF Family Gene Signature

To further understand the reasons for the altered expression of these genes in the TNF family gene signature, we further observed the methylation levels and copy number variation of CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9. For methylation analysis, we only found data for CD27, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9. Most methylation sites were differentially expressed in normal and patients with CC, and most differential methylation levels were negatively correlated with expression levels (Figures 6A, B). Copy number variants occurred in CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 in patients with CC, where the copy number variation possibly affected their expression levels (Figures 6C, D). Finally, we predicted 291 target miRNAs of CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 and constructed a miRNA-mRNA network (Figure 6E). We speculated that CD27 might be regulated by hsa-miR-214-3p and hsa-miR-8052 and that TNFRSF13C might be regulated by hsa-miR-4710, hsa-miR-3135b, and hsa-miR6848-5p (Figure 6F).




Figure 6 | Potential regulatory mechanisms of genes in the TNF family gene signature. (A) Different biomarker methylation sites in normal and tumour tissues. The figure shows a total of five biomarkers and 49 different methylation sites. (B) Fifty-six genes are correlated with the mRNA expression levels of corresponding methylation sites, of which 29 pairs were significant. (C) Copy number variation of the six biomarkers. (D) Correlation between copy number variation and gene expression. (E) Venn diagrams for the EmiRwalk and miRDB databases. (F) Construction of miRNA-mRNA regulatory networks: the green arrow indicates the interaction, and the darker the colour, the stronger the interaction. Blue ellipses represent miRNAs and yellow rectangles represent target genes.





Prognostic Significance of Genes in the TNF Family Gene Signature in Gynaecologic Tumours As Well As BRCA

To investigate whether CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 expression affects the prognosis of other gynaecologic tumours and BRCA, we performed univariate Cox regression analysis based on the overall survival information and expression of the aforementioned genes. CD27 expression was associated with the overall survival of patients with BRCA, OV, UCEC, and UCS, while EDA was associated with UCEC prognosis and TNFRSF13C with BRCA prognosis (Figure 7).




Figure 7 | CD27, EDA, and TNFRSF13C are significantly correlated with BRCA. CD27 is significantly correlated with OV. CD27 and EDA are significantly correlated with UCEC.





Validation of mRNA Expression of the TNF Family Gene Signature

To validate the mRNA expression of CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9, we performed quantitative real-time PCR using clinical samples. The expression levels of CD27, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 were upregulated in the tissues from CC compared with those in paraneoplastic tissues; however, EDA expression was downregulated (Figure 8), which was consistent with the results of TCGA (Figure 1C).




Figure 8 | CD27, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 expression is upregulated in CC tissues compared to paraneoplastic tissues, but EDA was downregulated in clinical samples.*means p < 0.05; **means p < 0.01.






Discussion

Despite increasing human papilloma virus (HPV) vaccination and CC screening, the latter remains the fourth most common cancer worldwide (26). Although early-stage CC has an excellent prognosis, the 5-year overall survival rate for patients diagnosed as having stage III CC remains <40% (27). Currently, the first-line treatment for patients with early CC is radical hysterectomy and lymph node dissection, whereas radiotherapy and cisplatin-based chemotherapy are the optimal treatments for patients with advanced CC (28). Unfortunately, many patients with CC develop resistance to these drugs owing to the occurrence of adaptive chemotherapy resistance. The median overall survival of patients with advanced CC is 16.8 months, while the 5-year survival rate for all cases is only 68%, indicating that treatment is still not ideal (29). Therefore, elucidating the mechanisms leading to CC progression and identifying new prognostic markers are urgently needed.

In this study, using transcriptomic data of 306 patients with CC and 13 normal control samples, we screened 26 differentially expressed TNF family genes. A TNF family gene signature comprising CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 was constructed based on univariate Cox, LASSO, and multivariate Cox regression analyses. Moreover, the KM and ROC curve analyses showed that the TNF family gene signature is a good prognostic marker for CC. Interestingly, we found that our gene signature was superior to other signatures. For example, the AUC of ROC curves for autophagy-related gene risk model predicting 1-, 3-, and 5-year overall survival was 0.678, 0.648, and 0.674, separately (30). The AUC of ROC curves for m6A RNA methylation regulator-related signature predicting 3- and 5-year overall survival was 0.67 and 0.72, separately (31). The AUC of ROC curves for hypoxia-related gene signature predicting 1-, 3-, and 5-year overall survival was 0.685, 0.683, and 0.683, separately (32). More importantly, univariate and multivariate Cox analyses showed that the TNF family gene signature was a useful prognostic factor independent of any other clinical factors in patients with CC. CD27, expressed by CD4, CD8 T lymphocytes, and NK cells, plays an important role in cancer immunotherapy (33). CD27 affects the prognosis of CC, and the higher its expression level, the better the prognosis (34). Likewise, CD27 is also particularly important for prognosis in multiple myeloma and clear cell renal cell carcinoma (35). EDA, a type II transmembrane protein whose receptor acts as a component of the Wnt/β-catenin signaling pathway, can affect the occurrence of colorectal cancer (36). Knockdown of the EDA receptor-associated adaptor protein has a tumour-suppressive effect on tongue squamous cell carcinoma (37). EDA receptors act as dependent receptors to control the progression of melanoma (38). However, the role of EDA in CC has not yet been reported. TNF is a proinflammatory and pro-apoptotic cytokine. TNF single-nucleotide variants (SNVs) have been found to be risk factors for the development of CC (39). The encoding protein tumour necrosis factor-α (TNF-α) of TNF can inhibit the survival of cancer cells and ultimately improve the prognosis of CC (40). TNFRSF12A, a member of the TNF receptor superfamily 12A, also known as FN14, CD266, and TWEAK, is the smallest member of the TNF superfamily receptor and contains a short cytoplasmic extinction domain (41). TNFRSF12A can be used as a prognostic marker for thyroid cancer (42) as it is associated with the progression of CC (43). TNFRSF13C (BAFFR or CD268), the receptor of BAFF, is an important regulator of B cell proliferation, development, and maturation (44). TNFRSF13C is associated with drug-resistant B cell malignancies and affects the prognosis and immunotherapy response of lung adenocarcinoma (45). TNFRSF9, also known as CD137, is found on activated T cells and plays an important role in tumour immunotherapy (46). CD137 is an important recognition factor for poor prognosis in patients with non-small cell lung cancer (47). In this study, we found that CD27 was associated with the overall survival of BRCA, OV, UCEC, and UCS patients, EDA was associated with the prognosis of UCEC, and TNFRSF13C was associated with BRCA prognosis. Therefore, we speculate that CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 expression may play important roles in CC and may be good prognostic markers of CC.

To further study the mechanism by which the TNF family gene signature affects the prognosis of CC, we investigated the possible involvement of the TNF family gene signature in KEGG signaling pathways through GSEA. Notably, we found that the TGF-β signaling pathway was activated in the high-risk group. Therefore, we hypothesised that CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 may affect tumour prognosis mainly by regulating the TGF-β signaling pathway. The TGF-β signaling pathway is critical for the progression of CC (48, 49). For example, NSD2 can affect the metastasis of CC by regulating the TGF-β/TGF-βRI/SMAD signaling pathway (48). RHCG inhibits the development of CC by suppressing migration and inducing TGF-β 1-mediated apoptosis. On the other hand, genes in the high-risk group were mainly associated with immune-related pathways, and immune cells infiltrated more in the low-risk group compared with the high-risk group. It has been suggested that CD27 plays a key role in T-cell activation by providing a costimulatory signal (50). Moreover, CD27 improves expansion and differentiation of activated B cells into plasma cells in T cell-dependent B cell responses (51). Moreover, increasing evidence has revealed that TNF can promote tumor growth by recruiting neutrophils and macrophages, which benefit from inflammatory cytokines and chemokines (52). Furthermore, accumulation of preclinical data has suggested that TNF receptor family genes may neutralize tumor immunity by directly activating tumor-specific T cells or inhibiting dominant inhibitory mechanisms (53). TNFR family genes play a role in the intervention of CD28 to increase activation, survival and differentiation of effector and memory cells (54). Therefore, we speculated that better prognosis in the low-risk group might be related to immune activation. In addition, we analyzed the immunotherapy response differences between the high- and low-risk groups. The low-risk group exhibited significantly higher immune checkpoint molecular expression and lower TIDE score than the high-risk group. Additionally, subclass mapping analysis showed that the low-risk group was indeed more suitable for immunotherapy, which was consistent with the results of Wang et al. (55). Therefore, the TNF family gene signature not only affects the prognosis of CC but also affects the effect of immunotherapy on patients with CC. In other words, CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 expression may also affect the immunotherapy effect on tumours by regulating the expression of immune checkpoint molecules in the tumour microenvironment.

Finally, we found that the alterations in the mRNA expression of CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 are caused by changes in gene methylation or copy number. Therefore, we not only propose a prognostic marker for CC but also provide a new reference for the molecular basis of CC occurrence and development. Notably, TCGA and GTEx differential analyses results are consistent. The qRT-PCR results of the clinical samples also showed that the mRNA expression of CD27, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 is upregulated in cancer tissues, except EDA whose mRNA expression is downregulated in cancer tissues. The qRT-PCR results further emphasise the significance of CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9 expression in CC. However, a higher expression of CD27, TNFRSF13C, and TNFRSF9 and a lower expression of EDA in tumours indicated better prognosis. This may be due to the dual role of genes in tumour progression and prognosis. For example, Wu et al. found that INPP4B is an oncogene as well as a tumour suppressor gene in different tissue grades and clinical stages (56). Cao et al. also found that CXCL11 is highly expressed in colon cancer tissues, and the higher the expression level in cancer tissues, the better the prognosis (57). Generally speaking, our study firstly found that the TNF family gene signature could predict the prognosis of patients with CC, and had stronger predictive power than other gene signatures. Meanwhile, we found that the TNF family gene signature might affect the immunotherapy of patients with CC, thus providing a basis for guiding the immunotherapy of CC. However, this study had some limitations. Even though bioinformatics tools are helpful to identify the interactions of hub genes, wet-lab experiments using actual tissue samples are warranted to validate the molecular mechanisms underlying CC progression. Therefore, in future, we will further investigate the involvement as well as the mechanism underlying the actions of these genes in CC.



Conclusions

We established a TNF family gene signature for patients with CC based on CD27, EDA, TNF, TNFRSF12A, TNFRSF13C, and TNFRSF9, which could predict the prognosis and immunotherapy of patients with CC. Collectively, in this study, we present a potential and novel prognostic biomarker for CC.
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Ovarian cancer (OV) is a complex gynecological disease, and its molecular characteristics are not clear. In this study, the molecular characteristics of OV subtypes based on metabolic genes were explored through the comprehensive analysis of genomic data. A set of transcriptome data of 2752 known metabolic genes was used as a seed for performing non negative matrix factorization (NMF) clustering. Three subtypes of OV (C1, C2 and C3) were found in analysis. The proportion of various immune cells in C1 was higher than that in C2 and C3 subtypes. The expression level of immune checkpoint genes TNFRSF9 in C1 was higher than that of other subtypes. The activation scores of cell cycle, RTK-RAS, Wnt and angiogenesis pathway and ESTIMATE immune scores in C1 group were higher than those in C2 and C3 groups. In the validation set, grade was significantly correlated with OV subtype C1. Functional analysis showed that the extracellular matrix related items in C1 subtype were significantly different from other subtypes. Drug sensitivity analysis showed that C2 subtype was more sensitive to immunotherapy. Survival analysis of differential genes showed that the expression of PXDN and CXCL11 was significantly correlated with survival. The results of tissue microarray immunohistochemistry showed that the expression of PXDN was significantly correlated with tumor size and pathological grade. Based on the genomics of metabolic genes, a new OV typing method was developed, which improved our understanding of the molecular characteristics of human OV.
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1 Introduction

Ovarian cancer (OV) is a heterogenous gynecological disease with high mortality rate in the women (1–3). The treatment of OV is based on surgical debulking or chemotherapy with carboplatin and paclitaxel (4, 5). The unelucidated genetic heterogeneity of OV complicates its diagnosis and the development of appropriate therapeutics approaches. Thus, it is vital to stratify OV patients based on molecular characteristics.

In recent years, the accumulation of genomic data has incited researchers to classify diseases according to the distinct profiles of their molecular characteristics and their correlation with clinical features (6–10). In the past, different classification systems were proposed for OV. The basic classification is the classification based on morphological characteristics, but this classification approach does not provide substantial information for the prognosis and treatment of OV patients. For this reason, researchers have endeavored to identify the different molecular subtypes of OV (11). Studies based on RNA-seq data have allowed the classification of patients with serous OV into nine molecular subtypes differing in immunologic activity, MAPK signaling pathway, mesenchymal development, and hormonal metabolism (12). Other investigators have classified high-grade serous OV into 4 subtypes including C1 (mesenchymal), C2 (immunoreactive), C4 (differentiated) and C5 (proliferative) (13–15). Other classifications of high-grade OV based on hormone receptor expression have provided a clinically applicable molecular subtype classification (16). OV classification based on gene expression profiles, gene methylation, and metabolic profile have also been developed (17–19). Nevertheless, all these efforts have not yet been able to definitively overcome the challenge imposed by the pathological severity of OV.

Metabolic genes have been reported as key players in human cancers. Especially, studies have shown that metabolic genes play a major role in the tumorigenesis and progression of cancers as it was reviewed previously (20). Different studies have indicated that the classification of diseases based on metabolic genes can help understand the genetic diversity of human diseases such as hepatocellular carcinoma (21) and colorectal cancer (22) and their clinical implications. However, only one study has proposed the classification of OV patients based on 594 energy-metabolism related genes (23). A classification based on a large set of metabolic genes and an integrative characterization of the identified subtypes is needed, which may be advantageous for diagnosis and therapeutic purposes.

For this reason, our present study attempted to establish a classification based on the expression of a large set of metabolic genes. Our results showed that these genes have a considerable influence on the status of patients with OV. We were able to classify and highlight the immunological, mutational and transcriptomic profiles of patients with a favorable prognosis and those with a severe prognosis. In addition, the sensitivity of each of the identified subtypes to anticancer therapy was established. Therefore, we believe that the results of our study may lead to new approaches in the effective management of OV patients.



2 Materials and Methods


2.1 Data Acquisition

We downloaded the processed mRNA expression data of ovarian serous cystadenocarcinoma (OV) cohort from the TCGA database (https://portal.gdc.cancer.gov/). A total of 377 specimens with complete survival information were collected. The mutation data was obtained by downloading the SNP data of OV cohort while the GISTIC2 copy number data of this cohort was acquired from GDAC FireBrowse (http://firebrowse.org/). Predicted neoantigens for the OV cohort were retrieved from a previous analysis of the TCGA dataset (24). The GSE63885 (n=75 samples) and GSE17260 (n=110 samples) datasets were downloaded from the GEO database for gene expression profile and survival analyses of the corresponding patients in external validation. The combat function in the R SVA library was used for batch effect correction of merged datasets.



2.2 Classification of OV Subtypes

The flowchart of the study design is as indicated in Additional Figure S1. The previously published metabolism-related genes (25) were retrieved and used for subsequent NMF clustering. Then, the R library “survival” was used for performing Cox regression analysis to evaluate the correlation between all candidate genes and overall survival (OS) of OV patients. Subsequently, the NMF package was used to perform an unsupervised NMF clustering method. The same candidate genes were used to apply the NMF clustering method to the two GEO external validation datasets. The k value at which the correlation coefficient begins to decrease was selected as the optimal number of clusters. SubMap analysis (Gene Pattern) is a method for evaluating the similarity of classification between patient cohorts based on expression profiles; this method was used to determine whether the subcategories identified in the above datasets were relevant. Then, based on the t-SNE method, the mRNA expression data of the above-mentioned metabolic genes were used to verify the subtype assignment.



2.3 Immune Cell Infiltration

The MCP algorithm was used to evaluate eight immune (immune cell populations: T cells, CD8+T cells, natural killer cells, cytotoxic lymphocytes, B cell lines, monocyte cell lines, and marrow cells, dendritic cells and neutrophils) and two non-immune stromal cell populations (endothelial cells and fibroblasts). In addition, the ssGSEA analysis, which calculates an enrichment score indicating the degree to which genes in a specific gene set are coordinated in a single sample, was also used to estimate immune infiltration. The GSVA-R software package was used to estimate six other immune cell populations, including regulatory T cells (Treg), helper T cells 1 (Th1), helper T cells 2 (Th2), and helper T cells 17 (Th17), central memory T cells and effective memory T cells (Tem), helper T cell (TFH), gamma delta T cells (Tgd). In addition, the ESTIMATE algorithm was used to calculate the immune score and matrix score, which can reflect the richness of the genetic characteristics of the matrix and immune cells.



2.4 Generation and Performance Verification of Ovarian Cancer Classifier

The LIMMA library in R was used to analyze differentially expressed genes (DEGs) among OV subtypes; the selection was based on the condition of corrected P<0.05 and log2FC greater or equal to 2. Only genes whose expression were significantly different in all three possible comparisons were considered subtype-specific genes. The top 30 genes with the largest log2FC value in each subcategory were further selected to build a prediction model, and a 90-gene classifier was generated. Then, NTP algorithm was used to predict the sample subtypes based on the expression of the 90 genes in validation GEO datasets, followed by comparison of the classification results based on the NMF algorithm.



2.5 Prediction of Immunotherapy and Targeted Therapy Responses of Subtypes

By measuring the similarity of gene expression profiles between the subtypes obtained in the present study and previously published SubMap analysis (gene pattern) of gene profiles in patients with melanoma immunotherapy, we indirectly predicted the efficacy of immunotherapy on the predicted subtypes. In addition, based on the largest pharmacogenomics database (GDSC Cancer Drug Sensitivity Genomics Database, https://www.cancerrxgene.org/), we used the R library “pRRophetic” to predict the chemotherapy sensitivity of each tumor sample. The regression method was used to obtain the IC50 estimated value of each specific chemotherapy drug treatment, and the GDSC training set was used to perform 10 cross-validation tests to test the regression and prediction accuracy.



2.6 Tissue Microarray and Immunohistochemistry

Tissue chips were purchased from Shanghai Outdo Biotech Co.,Ltd. The chip number is HOvaC070PT01 include 69 cases. Immunohistochemical assay used the CXCL11(Affinity, Cat#DF9917) and PXDN (Cloud-Clone Corp, Cat#PAM070Hu01).The dilution of CXCL11 antibody is 1:200 and that of PXDN antibody is 1:100. The total score is the product of “staining intensity score” and “staining positive rate score” which represents CXCL11 and PXDN expression. According to the total score > 5 or < 5, they were divided into high expression group or low expression group. Use of all human samples was approved by the committee for ethical review of research involving human subjects at Shantou University and Jinan University.



2.7 Analytical Method of Immunohistochemistry

Use the tissue slice digital scanner or imaging system to collect the scanned documents or images on the immunohistochemical section, automatically read the tissue measurement area by using the Seville image analysis system, and analyze and calculate the number of weak, medium and strong positive cells in the measurement area (negative without coloring, 0 point; weak positive light yellow, 1 point; medium positive brownish yellow, 2 points; strong positive brownish brown, 3 points), the total number of cells and the positive cumulative optical density IOD value, Positive pixel area, tissue area mm². The following results were calculated to reflect the degree of positivity. The following indexes can be selected according to the section to evaluate the intensity of positive cells.


2.7.1 Positive Rate

Number of positive cells/total number of cells. Reflect the number of positive cells.



2.7.2 Positive Cell Density

Number of positive cells/area of tissue to be tested. It reflects the number of positive cells per unit area and is mostly used to evaluate the distribution and quantity of certain types of cells, such as the distribution and quantity of lymphocytes (CD3, CD4, CD8, etc.) in tumor tissue.



2.7.3 Average Optical Density

Positive cumulative optical density IOD value/positive area. Reflect the average depth of positive signals.



2.7.4 H-Score

The abbreviation of histochemistry score. It is a histological scoring method to deal with immunohistochemistry. It converts the positive number and staining intensity in each section into corresponding values to achieve the purpose of semi quantitative staining of tissues. H-Score(H-SCORE=∑(pi × i)=(percentage of weak intensity cells × 1)+(percentage of moderate intensity cells × 2)+(percentage of strong intensity cells × 3) In the formula, I represents the grade of positive cells: negative without coloring, 0 point; Weak positive light yellow, 1 point; Medium positive brownish yellow, 2 points; 3 points for strong positive tan. PI is the percentage of positive cells). H-score is a value between 0 and 300. The larger the value, the stronger the comprehensive positive intensity.



2.7.5 Positive Score

The average positive intensity of the measurement area is 0,1,2,3 points: negative without coloring, 0 point; Weak positive light yellow, 1 point; Medium positive brownish yellow, 2 points; 3 points for strong positive tan. Score the positive rate of cells: 0-5% is 0, 6% ~ 25% is 1, 26% ~ 50% is 2, 51% ~ 75% is 3, and > 75% is 4. The positive comprehensive score is the staining intensity value × Positive cell ratio score. The larger the data, the stronger the comprehensive positive intensity.




2.8 Statistical Analysis

All statistical analyses were performed using the R language software (version 4.0). Survival analysis was performed by Kaplan-Meier method, and the log-rank test was used for comparison. Univariate Cox proportional hazards regression model was used to estimate the hazard ratio of univariate analysis. All statistical tests were two-sided, and p<0.05 was retained as statistical significance treshold.




3 Results


3.1 Identification of Novel OV Subtypes Based on Metablism-Related Genes

A list of 2752 previously published metabolism-related genes (these genes encode all known human metabolic enzymes and transport proteins) were used as input in the NMF analysis. After merging of TCGA and 2752 metabolism-related genes and correction of the batch effects using the Combat PCA algorithm (Figure 1A), Cox regression analysis was applied and a total of 177 prognostic-related candidate genes were identified (Additional File S1). Next, the NMF consensus clustering method was used for OV classification based on the expression profiles of the above 177 candidate genes. The clustering was performed on the TCGA dataset, and after a comprehensive consideration, k=3 was selected as the optimal number of clusters based on the cophenitic coefficient (Figure 1B). For k=3, we performed dimensionality reduction analysis by t-SNE and found that the distribution of the subtypes was largely consistent with the two-dimensional t-SNE distribution pattern (Figure 1C). We observed significant prognostic differences among the three subtypes in the TCGA data set (Figure 1D). Compared with C2 and C3, C1 had a shorter median survival time (Figure 1D). Subsequently, the OV samples from the GEO datasets were used in independent verification, using the aforementioned k=3 classification, which also revealed three different molecular subtypes. Obvious differences between the three subtypes were observed in the GSE63885 (Figure 1E) and GSE17260 (Figure 1F) datasets, and the overall survival (OS) of the C1 subtype was significantly shorter than that of C2 and C3 subtypes.




Figure 1 | Identification of OV subtypes based on metabolic genes. (A) Combat principal component analysis (PCA) was performed to identify the distribution of the expression profiles of genes in the dataset merged TCGA and 2752 metabolism-related genes. (B) Cophenetic plot indicating the cophenetic coefficient in function of the number of cluster components. (C) Two-dimensional t-SNE distribution pattern distribution in the identified subtypes. (D) Differences in the survival probabilities of patients in the identified subtypes based on the TCGA dataset. (E) Differences in the survival probabilities of patients in the identified subtypes based on the GSE63885 dataset. (F) Differences in the survival probabilities of patients in the identified subtypes based on the GSE17260 dataset.





Metabolic and Immune Characteristics Among OV Subtypes

Considering that the subtyping of OV samples was based on metabolism-related genes, we used the ssGSEA algorithm to quantitatively analyze the metabolic process. We uncovered multiple metabolic pathways that were significantly different among the three subtypes. Such as, the pathways predominant in the C1 subtype were the inositol phosphate metabolism (some specific metabolic genes: ALDH6A1, CDIPT, IMPA1, IMPA2), reactome inositol phosphate metabolism (some specific metabolic genes: CALM1, IMPA1, IMPA2, INPP1), wp melatonin metabolism and their effects (some specific metabolic genes: AANAT, ACHE, ADRB1, APOE) were significantly higher than the other two subtypes. Also, there were some pathways, certain differences between the C2 and C3 subtypes, such as kegg glyoxylate and dicarboxylate metabolism (some specific metabolic genes: ACO1, ACO2, AFMID, CS), kegg pyrimidine metabolism (some specific metabolic genes: AK3, CAD, CANT1, CDA) and wp pyrimidine metabolism (some specific metabolic genes: CAD, CDA, CMPK1, CMPK2) (Figure 2A). We further explored the immune characteristics between different subtypes. First, the immune process was quantified using the ssGSEA algorithm and differential analysis was performed to discover subtype-specific immune characteristics. The results showed that the immune characteristics of the three subtypes were clearly classifiable, and differences in the enrichment scores of B cells, Th1 cells, Th2 cells, TFH, Tgd, NK CD56dim cells, macrophages, mast cells, normal mucosa, blood vessels, lymph vessels were significant between C1 and other subtypes (Figure 2B). In addition, C1 had higher cell cycle, RTK RAS, WNT, and angiogenesis pathway activation scores than C2 and C3 (Figure 2C). Moreover, the ESTIMATE algorithm was used to calculate the immune scores and significant differences in the immune scores were observed between the three groups with the immune score of C3 being significantly lower than that of C1 and C2 (Figure 2D). The immune score of C1 was the highest (Figure 2D). Meanwhile, the stromal scores showed a tendency similar to that of the immune score (Figure 2E).




Figure 2 | Metabolic and immune characteristics of OV subtypes. (A) Heatmap showing that the ssGSEA algorithm quantitatively identified differential metabolic pathways among the identified subtypes. (B) Heatmap (upper pane) and boxplot (lower pane) indicating the differences in immune characteristics of the identified subtypes. (C) Boxplot showing the differences in pathway enrichment scores among the three identified subtypes. (D) Immune score differences among the identified subtypes. (E) Stromal score differences among the identified subtypes. The statistical difference was compared through the Kruskal–Wallis test, and the P values are labeled above each boxplot with asterisks ( *P < 0.05, **P < 0.01, ***P < 0.001).





3.3 Immune Checkpoints in OV Subtypes

Due to the significant differences in the immune scores between the subtypes, the MCP and ssGSEA algorithms were further used to conduct in-depth research on immune infiltration. The abundance of 16 immune-related cell types was calculated using MCP counter and ssGSEA algorithm and displayed in the heatmap (Figure 3A). The results showed that there were significant differences in the level of immune infiltration between the three subtypes (Figure 3A), suggesting that the immune characteristics of the three subtypes are reproducible. In addition, the enrichment score of T cells, B lineage, monocytic lineage, myeloid dendritic cells, neutrophils, endothelial cells, fibroblasts, Tcm, Tem and TReg in C1 were higher than in C2 and C3 subtypes.(Figure 3B). We further studied the association between the subtypes and the expression of 12 potentially targetable immune checkpoint genes, which were selected based on current inhibitor drugs in clinical trials or drugs approved for specific cancer types, and the results indicated remarkable differences in the expression of these genes between the three subtypes, except for FGL1, CTAG1B and MAGEA4 (Figure 3C). The immune checkpoint genes TNFRSF9 showed higher expression in C1 compared to the other two subtypes (Figure 3C).




Figure 3 | Immune checkpoints in OV subtypes. (A) Heatmap showing the level of immune infiltration in the different subtypes. (B) Differences in the enrichment score of infiltrated immune cells among the three subtypes. (C) Expression of immune checkpoint genes among the three subtypes. The statistical difference was compared through the Kruskal–Wallis test, and the P values are labeled above each boxplot with asterisks ( *P < 0.05, **P < 0.01, ***P < 0.001).





3.4 Correlation Between Clinical Symptoms and Signaling Pathways With OV Subtypes

We further explored the relationship between different subtypes and clinical symptoms in order to reveal their clinicopathological characteristics. Based on the TCGA dataset, the results of the chi-square test showed that the correlation between clinicopathol ogical characteristics and OV subtypes in the TCGA cohort was not obvious (Figure 4A). However, in validation set 1 (Figure 4B), the proportion of chemotherapy and residuals in the three groups was consistent with the results of KM analysis in Figures 1E–G whereas in validation set 2, the grade was higher in C1 (Figure 4C). In addition, we used GSEA to analyze the differences in signaling pathways between the subtypes. GO analysis results showed that the C1 subtype was mainly enriched in the extracellular matrix structural constituent and collagen binding signaling pathways while the C2 subtype was mainly enriched in the structural constituent of ribosome and ribosomal subunit signaling pathways (Figure 4D). The C3 subtype was mainly enriched in microtubule bundle formation, plasma membrane and cell projection cytoplasm signaling pathway (Figure 4D). KEGG analysis results showed that the C1 subtype was mainly enriched in the ECM-receptor interaction and focal adhesion signaling pathways (Figure 4E). The C2 subtype was mainly enriched in the ribosome and oxidative phosphorylation signaling pathways while the C3 subtype was mainly enriched in basal cell carcinoma and hedgehog signaling pathway signal pathway (Figure 4E).




Figure 4 | Correlation between clinical symptoms and signaling pathways with OV subtypes. (A) Correlation of OV subtypes with age, pathological stage, grade and survival of OV patients in TCGA dataset. (B) Correlation of OV subtypes with age, pathological stage, grade and survival of OV patients in GSE63885 dataset. (C) Correlation of OV subtypes with age, pathological stage, grade, tumor recurrence and survival of OV patient in GSE17260 dataset. (D) Differences in gene ontology enrichment functional terms among the three subtypes. (E) Differences in KEGG enrichment functional pathways among the three subtypes.





3.5 Mutation Landscape of OV Subtypes

The instability of the genome promotes the accumulation of mutations in cancer cells and leads to the rapid evolution of the cancer genome in response to the tumor microenvironment and treatment-induced related stresses during evolution (26). Detecting and characterizing these tumor somatic mutations has become an important means to analyze the occurrence and development of tumors. In order to study the differences in the frequency of somatic mutations among OV subtypes, and to observe different mutation patterns among OV subtypes, the somatic mutation data from the TCGA database was analyzed. The mutation characteristics among the three subtypes were shown in Figure 5A. Most of the mutations in the three subtypes were nonsense mutation, but C2 has fewer mutated genes than C1 and C3 (Figure 5A). On the other hand, in a multi-group comparison, the results showed that the C2 subtype had a higher number of neoantigens than the C1 and C3 subtypes but not significant (Figure 5B, P>0.05). Moreover, the tumor mutation burden in the C2 subtype was slightly higher than that of the C1 and C3 subtypes but not significant (Figure 5C, P>0.05).




Figure 5 | Mutation landscape of OV subtypes. (A) Oncoplot showing the distribution of mutated genes in the identified OV subtypes. (B) Proportion of neoantigens in the different subtypes. (C) Proportion of tumor mutation burden in the different subtypes.





3.6 Performance Verification of Immune Classifiers

After comprehensively considering accuracy and clinical application potential, the top 30 genes with the largest log2FC values in each subtype were selected for the development of subtype classification. Therefore, a 90-gene classifier was generated and visualized (Figure 6A). Subsequently, the 90-gene classifier was used to repeat the subtype prediction in the GEO dataset. The results showed a consitency between the NMF and the NTP predicted clusters, confirming that the subtypes were predictable based on the 90-gene classifier (Figure 6B). In addition, based on the pRRophetic oftware package, we predicted the sensitivity of each OV subtypes to anticancer drugs. The results showed that the C2 subtype had a lower IC50 for BMS.708163 than C1 and C3, while the C1 subtype had a lower IC50 for AZD6482 than other two subtypes (Figure 6C). Moreover, we further based on the data set of melanoma immunotherapy to predict the sensitivity of the three subtypes to anti-tumor immunotherapy. The results showed that the C2 subtype was more sensitive to immunotherapy (Figure 6D).




Figure 6 | Performance verification of immune classifiers. (A) Heatmap showing the classification of the 90-gene classifier for OV subtypes. (B) Correlation between NTP classification and NMF classification. (C) Drug sensitivity analysis of OV subtypes. (D) Prediction of the sensitivity of the three subtypes to anti-tumor immunotherapy.





3.7 Significant Difference Gene Analysis

Through the previous subtype analysis, we divided the samples into three subgroups: C1, C2 and C3. We performed difference analysis among subgroups (C1_vs_C2(Figure 7A), C3_vs_C1(Figure 7B) and C3_vs_C2(Figure 7C) respectively) (|log2FC| > 0.585 and. p value < 0.01). According to the Wayne analysis (Figure 7D), 1111 genes were differentially expressed between C2 and C1 groups; 1064 genes were differentially expressed between C3 and C1 groups; 1127 genes were differentially expressed between C3 and C2 groups. In the three differential analysis, 67 genes were differentially expressed at the same time. Finally, we analyzed the survival of these 67 genes and found that the expression of two genes was very significant in the survival analysis (p value < 0.01). The sequence is CXCL11(Figure 7E) and PXDN (Figure 7F).




Figure 7 | Significant difference gene analysis. (A) Different expression analysis among subgroups C1 vs C2. (B) Different expression analysis among subgroups C3 vs C1. (C) Different expression analysis among subgroups C3 vs C2.(|log2FC| > 0.585 and. p value < 0.01). (D) Wayne analysis shows mount of different expression gene in three subgroups. (E) The survival curve of the different expression of CXCL11. (F) The survival curve of the different expression of PXDN.





3.8 Association Between the Expression of CXCL11 and PXDN and the Progression of OV

We used immunohistochemistry to stain the tissue chip, and then scored according to the staining intensity and staining area. Figure 8A shows the staining corresponding to different scores. After comparing the score with the patient information, we found that the expression of PXDN was inversely proportional to the tumor size (Figure 8B) and H-score increases with the increase of pathological grade positively correlated with the pathological grade (Figure 8D). The expression of CXCL11 was inversely proportional to the tumor size (Figure 8C), while the H-score was no correlation with the pathological grade (Figure 8E). Furthermore, it was found that there was an inverse correlation between tumor size and pathological grade (Figure 8F).




Figure 8 | Association between the expression of CXCL11 and PXDN and the progression of OV. (A) We divided two subgroups in each gene: PXDN high group(n=51); PXDN low group(n=14); CXCL11 high group(n=54); CXCL11 low group(n=11). Results shows the staining corresponding to different scores. (B) The relationship between tumor size and the expression of PXDN. (C) The relationship between tumor size and the expression of CXCL11. (D) The correlation between H-score and Pathological grade of PXDN. (E) The correlation between H-score and Pathological grade of CXCL11. (F) There was an inverse correlation between tumor size and pathological grade. Error bars, SD. *P < 0.05, **P < 0.01, ****P < 0.0001.






4 Discussion

The present study was devoted to the discovery of novel OV subtypes and their clinical value based on metabolic features. A list of 2752 metabolism-related genes, previously reported in the literature, were used as a seed for NMF clustering. We identified three OV subtypes based on our clustering approach and on the expression of 177 prognostic-related metabolic genes identified by cox regression analysis. C1 had a shorter median survival time, higher cell cycle, RTK, RAS, WNT, and angiogenesis pathway activation scores and the pathway predominantly affected in this subtype was the inositol phosphate metabolism pathway, and the inositol phosphate metabolism pathway involved in cell proliferation, migration and phosphatidylinositol-3-kinase (PI3K)/Akt signaling, play a crucial in cancer and are frequently dysregulated in cancer (27). According to KEGG pathway map analysis, we found that the inositol phosphate metabolism pathway which C1 enriched in, aldehyde dehydrogenase 6 family member A1 (ALDH6A1) overexpressed the Acetyl coenzyme A (CoA). Researcher found that in highly proliferating cancer cells, the intermediate of the TCA cycle is rapidly consumed (28). In the inositol phosphate metabolism pathway, the CoA participates in the next pathway TCA cycle which increases the synthesis of the intermediate of the TCA cycle and accelerates cell proliferation. While the Glyoxylate and dicarboxylate metabolism pathway which C2 enriched in, acyl-CoA synthetase short chain family member 2(ACSS2) was involved in the activation of Acetyl coenzyme A and the fatty acid degradation pathway can indirectly promote the process and researchers have found that ACSS2 activates the CoA under metabolic stress to encourage the tumor cells to use acetic acid as an additional nutrient source that allows the tumor cells to adapt to the harsh metabolic environment and keep the tumor cells alive (29). These processes maybe work together to promote OV occurrence. Significant differences in the enrichment scores of B cells, Th1 cells, Th2 cells, TFH, Tgd, NK CD56dim cells, macrophages, mast cells, normal mucosa, blood vessels and lymph vessels were observed between C1 and the other subtypes which was reflected by higher immune and stromal scores associated with C1. Differences in the expression of immune checkpoint genes were recorded between the three subtypes, with TNFRSF9 being significantly and highly expressed in C1 compared to the other subtypes. The pathways mostly in play were ECM-receptor interaction and focal adhesion signaling pathways in the C1 subtype, ribosome and oxidative phosphorylation signaling pathways in the C2 subtype and basal cell carcinoma and hedgehog signaling pathway signal pathway in C3 subtype. Differences in gene mutations were observed among the three subtypes. Moreover, the C1 subtype was more sensitive to drugs AZD6482, and C2 subtype was more sensitive to drugs BMS.708163, this evidence may provide a hint for future treatment.

Immune score has been reported as an important prognostic and indicator of chemosensitivity for OV (30, 31). Here, the three subtypes identified showed significant differences in immune score, and the highest immune score was recorded in C1. We anticipated that C1 was the highest risk score subtype, which was in corroboration with previous findings indicating that higher risk score subtypes are correlated with higher immune score (32–34). This observation was further supported by the increase of immune cells in C1 subtype compared to C2 and C3. Indeed, the increased proportions of B cells, CD8+ T cells, NK cells, cytotoxic lymphocytes, Neutrophils, monocytic lineage, Th2 cells, Tem and Treg cells in the C1 subtype indicated increased recruitment of immune cells to counteract the pathological status in OV patients. Moreover, obviously higher levels of fibroblasts and endothelial cells were observed in the C1 subtype of OV. Studies have conveyed that the stromal compartment is also associated with the prognostic outcome (35–37), which supports the increased stromal score observed in the present study. As important elements of the stromal compartment, the cancer-associated fibroblasts (CAFs) constitute a determinant repertoire in the regulation of the cancer cell proliferation, invasion and metastasis and are associated with poor prognostication of tumors, especially after treatment (37–42). In addition, endothelial cells are known for their involvement in cancer angiogenesis. The increased levels of endothelial cells in the C1 subtype further confirmed the high-risk score status of this subtype. The other C2 and C3 groups could be classified in the medium and low risk score subtypes, but the heterogeneity of cell enrichment scores in these subtypes renders this conclusion somehow difficult.

TNFRSF9 is an important check point in cancer immunotherapy. However, as stated in previous studies, the significance of TNFRSF9 in cancer is not clear, but it was suggested to be immunosuppressive (43–46). Increased expression of TNFRSF9 was observed in platinum resistant ovarian tumors (27, 47, 48), which implies that this gene may promote tumor progression. In this study, we found that the expression level of TNFRSF9 was the highest in the C1 subtype, which make us suspected the high expression of TNFRSF9 may have something to do with the low survival of C1 subtype.

The mechanism OV in C1 subtype patients chiefly involved inositol phosphate metabolism pathway, indicating poor prognosis when contrasted with C2 and C3. Indeed, genes participating in the inositol phosphate metabolism pathway have been incriminated in cancer risk and known to be regulators of cell cycle, metastasis and PI3K/Akt signaling (49).

The enrichment in metabolic signatures showed significant enrichment of a large number of pathways in C1 patients, indicating that this subtype may be more sensitive to metabolic therapies, which have been proven efficient in cancer chemotherapy (50). However, due to the huge number of enriched pathways, additional experimental works are needed to confirm the most important pathways. Up to now, several metabolism-targeting drugs for OV have been developed and evaluated in clinical trials. These drugs include those targeting the hexokinases in glycolysis pathway (2-deoxy glucose, 3-bromopyruvate, lonidamine, methyl jasmonate), PDK1 in Krebs cycle (dichloroacetate), LDH and Bcl-xL in the Bcl-xL pathway (Gossypol) and mitochondria complex I in the mitochondrial respiration pathway (metformin) (51). However, the efficacy of these drugs is questionable due to their side effects or broad range of targets. Here, the classification of OV in different subtypes may potentiate metabolic therapies due to the accurate knowledge of metabolic profiles of OV patients. Especially, we found that drugs targeting genes in pathways such as energy metabolism, inositol phosphate metabolism, metabolism of carbohydrates, melatonin metabolism, glycosaminoglycan metabolism, keratan sulfate/keratin metabolism, eicosanoid metabolism via cyclo-oxygenases cox, PGC1a pathway, aldosterone regulated sodium reabsorption, phospholipid metabolism and PAR1 pathway may be efficient for the treatment of patients classified in the C1 OV subtype identified in this study. For the C2 OV subtype, drugs targeting the selenoamino acid metabolism, metabolism of amino acids and derivatives, metabolism of polyamines, phenylalanine and tyrosine metabolism, pathways of nucleic acid metabolism and innate immune sensing and metabolism of cofactors may be potential metabolic drugs. In tissue microarray staining, we found that the relationship between PXDN and tumor size and pathological grade showed an opposite trend, but the literature described that PXDN was positively correlated with tumor proliferation (52). This contradictory phenomenon may be due to the limited sample size of this study and need for more in-depth research on the influence of PXDN on tumor size and pathological grade in the future. CXCL11 shows no difference in the chip, possibly because the sample size is too small and needs to be increased to continue the analysis.

In pathway enrichment analysis, we found that ECM-receptor interaction pathway was mainly enriched in patients classified in the C1 subtype. This pathway is an integral part of malignant microenvironments and regulates homeostasis. Studies have implicated the dysregulation of ECM components in OV tumorigenesis and progression and suggested that the elucidation of ECM function in OV is important for developing effective biomarkers and novel drugs (53–57). Studies have also shown that the potential biomarkers of OV metastasis are enriched in ECM-receptor interaction pathway (57) among other pathways including PI3K/Akt signaling pathway which was also found implicated in the inositol phosphate metabolism as described above. ECM-receptor interaction pathway was also incriminated in the survival and prognosis of high-grade serous OV patients (58–60). ECM-Receptor pathway was similarly reported to be enriched in C1 in a previous classification of OV patients based on energy-metabolism related genes (51).

In conclusion, this proposed a metabolism-related molecular classification of OV patients and identified three subtypes characterized by active, medium, or low metabolic activities, respectively. C1 showed low survival probability while C2 showed high sensitivity to immune blockade and chemotherapy. C3 had high heterogeneity and may be further investigated. Our classification system may display predictive value for the prognosis of OV patients and discovery of novel therapies.
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Between 2% and 6% of epithelial ovarian cancer (EOC) patients develop brain metastases (brain mets), which are incurable and invariably result in death. This poor outcome is associated with a lack of established guidelines for the detection and treatment of brain mets in EOC patients. In this study, we characterize an unusual case of low-grade serous ovarian carcinoma (LGSOC) that metastasized to the brain. Using a spatially oriented single-cell proteomics platform, we compared sequential biopsies of a primary tumor with a peritoneal recurrence and brain mets. We identified several targetable oncogenic pathways and immunosuppressive mechanisms that are amplified in the brain mets and could be involved in the progression of LGSOC to the brain. Furthermore, we were able to identify cell populations that are shared between the primary tumor and the brain mets, suggesting that cells that have a propensity for metastasis to the brain could be identified early during the course of disease. Taken together, our findings further a path for personalized therapeutic decisions in LGSOC.
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Introduction

The incidence of brain metastases (brain mets) in epithelial ovarian cancer (EOC) patients is about 2%–6% and invariably results in death (1). This represents a clinical challenge, since there are currently no established guidelines for the detection and treatment of this severe and irreversible condition (2–7). Previous studies in EOC have shown that brain mets display a unique phenotype and do not respond to systemic therapy in the same way as extracranial tumors (1, 8, 9). This can be explained in part by the inability of some drugs to reach therapeutically relevant concentrations in the brain due to the blood–brain barrier (BBB) and by the brain microenvironment that selectively exerts an evolutionary pressure on the invading cancer cells, thus modifying their phenotype (10–12). The brain tumor microenvironment (TME) is profoundly different from the TME of other organs due to its distinct cell type repertoire, immune cell colonization, a specialized anatomic BBB, and its highly specialized metabolic milieu. Consequently, the brain TME imposes distinct selective pressure on EOC cells and shapes their response to treatment (10–12). Most importantly, studies have clearly shown that brain mets represent a condition for which a specific therapeutic armamentarium is essential.

Low-grade serous ovarian carcinoma (LGSOC) accounts for approximately 3.6% of all ovarian tumor and is characterized by a unique molecular profile and clinical course (13). Abnormalities in Mitogen-activated protein kinase (MAPK) pathway genes are commonly found in LGSOC and include activating mutations in KRAS and BRAF that act via constitutive activation of the MAPK/Extracellular signal-regulated kinase (ERK) pathway (14). The AACR GENIE Cohort of clinical-grade genomic sequencing data generated in eight Clinical Laboratory Improvement Amendments / International Organization for Standardization (CLIA-/ISO)-certified laboratories in the USA revealed the frequency of KRAS mutations in LGSOC to be similar to the combined frequencies in cohorts of LGSOC published over the last two decades and represent 27% of the cases (14). The majority of these mutations are in codon 12 of exon 2, and the most frequent variants are KRAS G12V and KRAS G12D. Other mutations with increased frequency are in BRAF and NRAS genes (14).

Although LGSOC contained to the ovary is associated with a favorable progression-free and overall survival, most LGSOCs are diagnosed at an advanced stage due to lack of specific symptoms and are relatively chemoresistant, leading to a poor outcome (13, 15). Extraperitoneal metastases are very rare, and brain mets are uniquely uncommon. Advanced disease is treated with aggressive surgery that is a cornerstone of treatment, and adjuvant treatment that until recent years included chemotherapy, or anti-estrogen hormonal therapy (13, 15). Most recently, trametinib, an Mitogen-activated protein kinase kinase (MEK) inhibitor, has shown efficacy over chemotherapy and endocrine therapy and has been suggested as the first-line adjuvant treatment for advanced disease (16). To increase response rates, ongoing strategies include combining hormonal treatment with cyclin-dependent kinase 4 and 6 (CDK4/6) inhibitors and exploring the role of Vascular endothelial growth factor (VEGF) inhibitors and immune therapy.

Here, we studied the evolution of an unusual case of LGSOC that metastasized to the brain by performing a detailed spatially oriented single-cell proteomics analysis of brain mets and comparing them with peritoneal disease from the same patient. Importantly, our analyses highlight important pathways that could be involved in the brain metastasis process and reveal several clinically relevant therapeutic vulnerabilities that could inform personalized medicine for LGSOC patients with concomitant brain mets.



Methods

All tumor samples were obtained in accordance with IRB 3485 protocol at Oregon Health & Science University. All specimens have been evaluated by a board-certified pathologist. A somatic KRAS p.G12D mutation was identified using clinical next-generation sequencing test (GeneTrails® Solid Tumor Panel).


Histology and Immunofluorescence

LGSOC tissues were fixed in neutral buffered formalin and processed for paraffin embedding. Tissue sections of 5 μm were used for this study. H&E staining was performed by the Histopathology Shared Resource at the Knight Cancer Institute, and whole-slide images were acquired with an Axioscan Z1 (Zeiss) slide scanner.

Cyclic immunofluorescence (Cyc-IF) was performed as previously described by our group (17). Briefly, Cyc-IF allows the detection and spatial single-cell analysis of more than 40 proteins on a single Formalin-Fixed Paraffin-Embedded (FFPE) slide. Multiple sequential rounds of immunofluorescence staining, imaging, and quenching were performed on each sample. The samples were processed as follows: 5-µm FFPE slides were deparaffinized, and antigen retrieval was performed in a Cuisinart pressure cooker (model CPC-600), using pH 6 citrate buffer for 20 min, followed by a quick rinse in distilled water and incubation into pH 9 Tris/Ethylenediamine tetraacetic acid (EDTA) buffer for 15 min. Slides were then blocked in a solution of Phosphate-buffered saline (PBS) with 10% normal goat serum and 1% Bovine Serum Albumin (BSA). The autofluorescence level of each tissue was acquired using an Axioscan fluorescence slide scanner (Zeiss). We then proceeded to sequential staining, imaging, and quenching of each antibody set (a list of primary antibodies used in this study is presented in Supplementary Table S1. Briefly, in each cycle, 4 primary antibodies conjugated with Alexa-Fluor 488, 555, 647, or 750 were incubated on the tissue sections for 2 h at room temperature. After washing, each slide was scanned and then quenched in a solution of 3% peroxide and 20 mM NaOH in PBS. After confirming the quenching of the immunofluorescence signal, a new set of antibodies was applied to the slides until all antibodies were sequentially probed.



Cyclic Immunofluorescence Image Processing and Data Analysis

After all of the images were acquired, registration was performed based on the 4′,6-diamidino-2-phenylindole (DAPI) signal using MATLAB (18). The visualization of the multiplex image, cell segmentation, and feature extraction were performed using QI Tissue Image analysis software. The mean intensities of each marker were extracted from each cell in the appropriate cell compartments. Cells with abnormal features were first filtered based on the nucleus size, and the autofluorescence level acquired in the Alexa-Fluor 555 channel. For each marker, the autofluorescence level acquired at the same wavelength was subtracted on a single-cell basis, and the protein expression values were normalized by a z-score calculation. All heatmaps and clustering analysis were performed using python (github: https://github.com/biodev/cycIF-workflow/tree/v1.0). The spatial analysis of immune cells was performed as follows. Each tumor sample was reconstructed digitally based on the x and y coordinates of the cells. A grid analysis was performed by superposing 150 × 150 pixel squares over the tissue image. In each square, the percentage of each cell type (endothelial, stromal, epithelial, and immune) was calculated. The percentage of each immune cell type was also calculated. To remove areas with no tissue or low cell densities, squares containing 5 cells or less were removed from the analysis. Squares that contained a minimum of 50% epithelial cells were considered as tumor regions. The rest was classified as stroma regions. Furthermore, squares with a minimum of 30% immune cells were considered as immune hot spots.




Results


Patient Characteristics

A 26-year-old woman was diagnosed with a borderline serous tumor of the ovary with micropapillary features after she underwent right salpingo-oophorectomy (RSO). A year later, she underwent additional surgery that included partial removal of the left ovary, and the diagnosis was confirmed. Five years after diagnosis, the patient underwent removal of a 13-cm recurrent pelvic tumor, and pathology confirmed borderline serous tumor with micropapillary features and no invasive implants. A somatic KRASG12D mutation was identified by next-generation sequencing of tumor from the pelvis. KRAS gene mutations are commonly found in LGSOC but not in high-grade serous ovarian carcinoma (HGSOC). A year later, she was diagnosed with multiple brain masses (Figure 1A), for which the largest in the left cerebellum was resected. Pathologic analysis revealed an invasive LGSOC. The specimens analyzed in this study included the left ovary (primary) 1 year post diagnosis, recurrent pelvic tumor (recurrence) 5 years post diagnosis, and brain mets 6 years post diagnosis (Figure 1). No adjuvant treatment was given prior to emergence of brain mets, per patient’s choice.




Figure 1 | Tumor architecture and composition. (A) Brain mets magnetic resonance imaging (MRI). Axial T1 post contrast (left panel) showing two peripherally enhancing masses in the cerebellum. Axial T2* (center panel) demonstrates hypointensity within these masses, indicative of mineralization, and confirmed by hyperdensity on MRI. Axial FLAIR (right panel) with mild hyperintense edema surrounding these masses, particularly the large left cerebellar mass, with mild mass effect on the fourth ventricle. (B) H&E staining of the primary ovarian tumor, a pelvic recurrence, and brain mets. (C) Cyc-IF framework. For each sample, sequential cycles of staining, imaging, and quenching are performed on a single tissue slide. The images are then aligned through registration, and the segmentation is performed. After extracting the mean intensities of each marker in each cell, a spatially oriented single-cell analysis is performed. (D) Immunostaining of epithelial (E-cadherin, cytokeratins), endothelial (CD31), stromal (vimentin), and proliferative (Ki67) markers of the primary ovarian tumor, a pelvic recurrence, and brain mets. (E) Tumor composition. The Cyc-IF analysis allows the classification of all cells within epithelial, immune, stromal, and endothelial compartments. The histogram represents the percentage of epithelial, immune, stromal, and endothelial cells in each tumor sample. (F) Example of a region enriched in immune cells with the presence of immune “hot spots”. (G) Grid analysis. Each tissue analyzed by Cyc-IF was reconstructed using the x and y coordinates of the nucleus. A grid was used to analyze the proportion of each cell type in discrete regions of the tumors. (H) For each tumor, the immune cell distribution within the epithelial and stromal compartments was calculated based on the grid analysis. Cells found in aggregates were considered as part of an immune “hot spot”. (I) UMAP analysis performed on a subset of 200,000 cells randomly selected across each tumor. Colors represent the samples and the cell type. The full name of each protein can be found in Supplementary Table S1.





Tumoral Architecture and Composition

The histology of LGSOC, characterized by glandular cells with a low mitotic index [less than 12 mitoses per 10 high-power fields (HPF)] and positive Immunohistochemistry (IHC) staining for WT1 and PAX8, was confirmed by a board-certified pathologist. As LGSOC can present with various architectural patterns, including compact cell nests, cribriform, and micropapillary and glandular structures (13), we assessed changes in the tumor’s architecture patterns during progression. An H&E coloration of the samples (Figure 1B) revealed the pelvic recurrence, and brain mets harbored a more invasive phenotype compared to the primary tumor. The primary tumor presented as a serous borderline tumor of low malignant potential with micropapillary architecture but no invasion of surrounding tissue. The pelvic recurrence was a serous borderline tumor of low malignant potential with transformation into LGSOC. Immune microinvasion was characterized by the presence of eosinophilic cell clusters with a fibrous core on large papillae (foci of <5 mm). Additional complex proliferation of variably sized papillae with mild nuclear atypia and occasional mitoses was also observed. Characteristics of invasive low-grade ovarian carcinoma were observed, including inverted micropapillae, micropapillae with no stroma, and compact cell nests that consisted of small clusters of well-differentiated cells in fibrous stroma that was surrounded by clear spaces. Stromal and capsular invasion was also present. The brain mets showed similar histopathological features to the recurrent tumor. These tumor cells retained low-grade nuclear features with frequently ciliated apical borders, and the number of mitoses remained low at 4/10 HPF. At the interface with cerebellar tissue, small clusters of cells showed invasion into the brain tissue.

To characterize the evolution in the tumor composition during progression from a localized tumor to brain metastasis, single-cell proteomics analysis was performed using multiplex Cyc-IF, as previously described (17). By performing sequential cycles of staining, imaging, and quenching, Cyc-IF allowed the visualization and spatially oriented analysis of 42 proteins at the single-cell level in a single tissue slide of each sample (19) (Figure 1C). First, markers that are specific to epithelial, immune, endothelial, and stromal cells were used to determine the cell composition of each tumor sample (Figure 1D; Supplementary Table S1). As shown in Figure 1E, immune and stromal cell populations were slightly decreased in the brain mets (immune: 29.7%, stromal: 7.8%) compared to the primary tumor (immune: 32.9%, stromal: 12.5%) and the recurrence (immune: 39.5%, stromal: 10.9%). In all samples, immune cells were located mostly in the stroma rather than in contact with tumor cells. Some of them were also found clustered together, forming immune hot spots in the tumor stroma (Figure 1F). These immune hot spots were composed of CD4+ lymphocytes and CD68+ macrophages. In the brain mets however, these clusters also included CD8+ T cells and CD20+ B cells, consistent with changes in the tumor immune landscape. In order to investigate the spatial organization of the immune cells and the presence of immune hot spots, a grid analysis was performed (Figure 1G). Counting the number of cells in tumor and stromal regions of the grid indicated that in the tumor masses analyzed, ~95% of the immune cells found in the stroma were aggregated together in hot spots. While the primary and recurrent tumor had similar proportions of immune cells infiltrating the tumor cell areas (30%–35%), a larger proportion of the brain metastasis immune cells were found in association with the tumor cells (48%). Furthermore, immune cells in the brain mets tended to be more dispersed throughout the specimen, rather than forming immune cell aggregates. Although the role of immune hot spots in the antitumor response in ovarian cancer has yet to be explored, non-uniform distribution of immune cells in the tumor has previously been associated with a differential selective pressure in tumor regions, which can lead to increased tumor heterogeneity (20).

To assess tumoral heterogeneity, a Uniform Manifold Approximation and Projection (UMAP) clustering analysis was performed. As shown in Figure 1H, most of the cells clustered by sample, indicating distinct features that are tumor lesion dependent. The brain metastasis tumor cells were concentrated into one main cluster (region #6), while the primary and pelvic recurrence tumor cells clustered in two main populations each (Primary: #1–#2; Recurrence: #4–#5) and one smaller shared region (region #3). Immune endothelial and stromal cells clustered in many populations, which could be attributed to the different cell types targeted by our antibody panel and cell localization (stroma, stroma–epithelial transition, and epithelial compartments). Of note, brain mets and the recurrent tumor cell populations clustered closer together than with the primary tumor, suggesting similarities in the composition of the metastatic TME.



Tumor Cell Heterogeneity Is Decreased in Brain Metastases

To characterize the difference between cell populations across samples (cancer cells, immune, and stromal), we compared protein expression profiles using Cyc-IF. For cancer cells (Figures 2A, B), we found that the primary disease expressed higher levels of the transcriptional repressor H3K27me3 and antiapoptotic protein BCL-xL, which could be attributed to a stress response (21). Cancer cells in the recurrence displayed a phenotype of epithelial–mesenchymal transition (EMT), as evidenced by increased expression of mesenchymal proteins CD44 and vimentin (22, 23). GATA3, which has been associated with tumor progression in ovarian cancer, was also increased (24). In the brain mets, we observed an increased expression of Sting, a potent inducer of interferon, and its downstream effector Human Leukocyte Antigen – DR isotype (HLA-DR). Importantly, both are known to be involved in the antitumor immune response (25, 26). The brain mets also harbor increased B7-H4 expression, a mediator of T-cell suppression that is thought to behave as an immune checkpoint inducer. This member of the B7 superfamily has been previously associated with tumor immune escape (27) and T-cell suppression (28). Finally, the brain mets had higher expression of Estrogen receptor alpha (ERα and phosphorylation of the MAPK signaling intermediate ERK1/2. Interestingly, GATA3 that is a target of Estrogen receptor alpha (ERα) remained low, indicating that ERα might target genes through a non-canonical pathway (29). Importantly, non-canonical estrogen signaling has been previously associated with resistance to endocrine therapy, which is an important management option for LGSOC (30). Taken together, the overall protein expression pattern in epithelial cells suggested an increased invasive phenotype of the recurrent tumor and increased oncogenic signaling and altered immunogenic phenotype of the brain mets compared to the primary tumor.




Figure 2 | Epithelial cell phenotype. (A) Density plot showing the distribution of expression of specific markers across epithelial cells from each sample. (B) Representative immunostaining of markers that are differentially expressed across samples. (C) A K-Mean clustering was performed on epithelial cells. The heat maps represent the median expression of each marker within each cluster (CL), and the phenotype of each cluster is annotated. The histogram represents the frequency of each cluster within the samples, and the cluster phenotypes are described below the histogram. The full name of each protein can be found in Supplementary Table S1.



To delineate tumor epithelial cell heterogeneity, we performed a K-mean clustering using the single-cell data from the epithelial compartment of each tumor (Figure 2C). A total of 8 clusters representing different cell phenotypes were characterized and quantified across the tumor samples. CL1, CL3, and CL4 were almost exclusively found in the primary tumor and represented populations with active stress responses and transcriptional arrest (CL1: high H3K27me3, BCL-xL, p16, pATM, low Ki67), low ERα expression, and elevated phosphorylation of the DNA damage response protein ATR (31) (CL3), as well as a population of mesothelial cells [CL4: Cytokeratins (CKs) and vimentin-high, E-cadherin-low]. CL2, which was absent from the brain mets, was only detected in the primary (7.9% of total epithelial cells) and recurrence (7.3% of total epithelial cells) and was characterized by increased expression of the progesterone receptor (PRg). CL5 and CL6 were found mostly in the recurrence and represented the population of cells with G1 arrest and high GATA3 expression (CL5) and cells with an EMT phenotype (CL6: low CKs and E-cadherin and high vimentin and fibronectin). CL7, which represented cells with an active cell cycle (CCND1, CCNB1, CCNE, and/or Ki67 expression), oncogenic signaling pathways (increased pERK, pS6, and pAKT), and high GATA3 and B4-H7 were found in each sample, but with a predominance in the brain mets (primary 0.6%, recurrence 5.6%, and brain mets 9.7% of total epithelial cells). Finally, CL8 was mostly found in the brain mets and was its main cell population (73.3% compared to 2.5% in the primary and 7.33% in the recurrence). This cluster was enriched in cells that expressed cell cycle proteins (CCND1, CCNB1, Ki67, CCNE) and a high level of ERα and phosphorylation of ERK1/2. The expression of GATA3 remained low, confirming our previous observation of a low canonical signaling pathway activity downstream of ERα. Taken together, this clustering analysis demonstrated that although most cell populations were shared across all samples, the frequency of these populations was markedly altered in brain mets. These mets displayed a more homogeneous pattern, with the predominance of cluster CL8, that could be a result of selective pressure from the brain microenvironment.



Increased Heterogeneity and Oncogenic Signaling Pathway Activity in the Stromal Compartment of Brain Metastases

The protein expression analysis demonstrated that stromal cells displayed different protein expression profiles across tumors. In the brain mets, a decreased expression of fibronectin and vimentin was observed in the stromal compartment compared to the peritoneal tumors, indicating a different composition of the TME (Figures 3A, B). Furthermore, this sample expressed a higher level of immunostimulatory proteins HLA-DR and Sting, as well as an increased phosphorylation of ribosomal protein S6, suggesting enhanced Mammalian target of rapamycin complex (mTORC) activity (32). Conversely, stromal cells from the primary tumor displayed a higher level of the transcriptional repressor H3K27me3. In fibroblasts, H3K27me3 has been reported as a negative regulator of fibroblastic activation and transformation into cancer-associated fibroblasts (CAFs) (33, 34).




Figure 3 | Stromal cell phenotype. (A) Density plot showing the distribution of expression of specific markers across stromal cells from each sample. (B) Representative immunostaining of markers that are differentially expressed across samples. (C) A K-Mean clustering was performed on stromal cells. The heat maps represent the median expression of each marker within each cluster (CL), and the phenotype of each cluster is annotated. The histogram represents the frequency of each cluster within the samples, and the cluster phenotypes are described below the histogram. The full name of each protein can be found in Supplementary Table S1.



To identify changes in stromal cell heterogeneity, K-mean clustering analysis (Figure 3C) was performed. Among the 6 clusters identified, CL2 and CL5 were the main clusters found in the primary tumor. CL2 represented resting and 53BP1-low cells, while CL5 was enriched in H3K27me3 and fibronectin-high cells. The recurrence was mostly composed of CL2, CL3, and CL4. CL3 was enriched in cells with active DNA damage response (DDR) and signaling pathways (p-ERK1/2, p-AKT moderate, p-S6) and high expression of B7-H4 and p75-nerve growth factor receptor (p75-NGFR). Of note, p75-NGFR has been previously associated with local recurrence and tumor metastasis (35). CL4 was enriched in resting 53BP1-high cells. The brain mets had a markedly different stromal composition compared to the peritoneal disease, with an enrichment in cells from CL1 (fibronectin-low), CL2, CL3, and CL6 (pERK and pS6-high). Aside from CL2 that was shared with similar proportions in each tumor and CL3 that was present in both the recurrent pelvic tumor and the brain mets, the clustering analysis demonstrated that the stromal composition was tumor location dependent. Furthermore, as expected, the brain metastasis stromal composition was vastly different from that of peritoneal disease, indicating a unique TME.



Altered Immune Landscape in Brain Metastases

To determine the immune composition of each sample, the immune cells were classified and quantified using Cyc-IF and classic lineage-defining markers (Figures 4A, B). We first determined the density of each immune cell population by measuring the number of cells per mm2 of tissue. Notably, while B cells were underrepresented, the immune cell density increased in the recurrence and the brain mets, with a decrease in the density of CD4+ T cells and increase in CD68+ macrophages. Additionally, the CD8+ T cell population increased slightly in the recurrence (109 cells/mm2) and more drastically in the brain mets, reaching a density of 277 cells/mm2, which is considered a “hot” tumor (36). Furthermore, a large proportion of other CD45+ cells were found in the recurrence (369 cells/mm2) and the brain mets (290 cells/mm2). In terms of immune spatial organization, grid analysis (Figure 4C) showed little difference between the stromal and epithelial distribution of immune cells in the primary and recurrence tumor, except for B cells that tended to be more stroma-localized in the recurrence compared to the primary tumor. In the brain mets, an increased proportion of B cells, CD4 T cells, and macrophages were observed in the epithelial compartment when compared to the primary tumor. The CD8 T cells, which are the main effector of the antitumor immune response, remained unchanged, indicating the possible activation of immunosuppressive mechanisms in the TME. By further characterizing these immune cell populations (Table 1), we found that Programmed cell death protein 1 (PD-1) immune checkpoint protein expression was increased in the recurrence and the brain mets on both B cells (primary: 0%, recurrence: 1.9%, brain mets: 4.9%), indicating an immunosuppressive phenotype (37), and CD8+ T cells (primary: 0.8%, recurrence: 1.9%, brain mets: 3.6%), in line with an exhausted T-cell phenotype (38). Regulatory T cells (Tregs) (CD4+ FOXP3+) were also more abundant in the recurrence and the brain mets (primary: 0.2%, recurrence: 0.4%, brain mets: 0.5%), which could also contribute to immune evasion. CD44, which is a marker of T-cell activation and memory T cells, was massively decreased in the pelvic recurrence and the brain mets compared to the primary tumor in both CD4+ (primary: 84.3%, recurrence: 40.7%, brain mets: 32.5%) and CD8+ (primary: 63.4%, recurrence: 44.7%, brain mets: 27.5%) T cells. On the other hand, Ki67 staining indicated a higher proliferation rate of B cells (primary: 3.5%, recurrence: 2%, brain mets: 6.7%) and CD8+ T cells in the brain mets (primary: 2.1%, recurrence: 3.1%, brain mets: 6.2%). The interferon pathways encompassing Sting and HLA-DR immunostimulatory molecules were also increased in brain mets. Taken together, this analysis demonstrates that the immune landscape has been profoundly altered during tumor progression. Although a higher immune infiltration has been observed in the brain mets, several immunosuppressive molecules were increased concomitantly, which could contribute to tumor immune escape.




Figure 4 | Immune phenotype. (A) Histogram and pie chart showing the density and the proportion of different immune cell populations across all samples. (B) Representative immunostaining of specific markers within each sample. (C) Proportion of each immune cell subtype in the epithelial and the stromal compartments. The percentages were calculated based on the grid analysis. The full name of each protein can be found in Supplementary Table S1.




Table 1 | Immune cell phenotypes.






Discussion

The main objective of this study was to characterize the histopathologic progression of an unusual case of LGSOC from local disease to pelvic recurrence and subsequent metastasis to the brain, with the goal of uncovering therapeutic vulnerabilities that could be exploited in the treatment of patients with EOC and brain mets. This represents the first spatially oriented single-cell proteomics analysis of the progression of an LGSOC tumor using sequential biopsies acquired from the same patient. Our spatially oriented single-cell proteomics analysis showed a major remodeling of the epithelial, stromal, and immune compartments in the brain mets compared to the peritoneal tumors. This remodeling is accompanied by activation of oncogenic prosurvival signaling pathways and increased estrogen receptor expression. Additionally, we observed a profound alteration of the immune landscape and dysregulation of the balance between protumoral and antitumoral immune pathways.

The brain microenvironment can exert selective pressure on cancer cells and shape their response to therapy (10–12), but there is a gap in knowledge about the functional programs used by ovarian cancer cells to thrive in that environment. Furthermore, there is little understanding about the EOC brain metastatic niche itself and how it supports metastasis survival and growth. Since proteins are the functional unit of the cell, single-cell proteomics analysis represents a unique (both high-grade and low-grade serous) opportunity to characterize tumor composition and architecture and define the activity of targetable oncogenic pathways. Because of the high resolution that can be achieved with Cyc-IF, we were able to demonstrate a major remodeling of the epithelial, stromal, and immune compartments. Interestingly, the phenotype of the brain mets was less heterogeneous than in the recurrent peritoneal disease. It could be a result of the selective pressure from the brain microenvironment on the invading cells and highlighting the phenotypic features required for the survival of ovarian cancer cells in that environment. We saw a complete absence of cells that express PR, but concomitantly, all cells expressed a high level of ERα in the brain mets. It is unclear if this change in hormonal receptor profile is due to a change in tumor cell phenotypes or if it is an indication that only certain clones from the peritoneal disease were able to disseminate to the brain. In all cases, cancer cells from the brain mets adopted a prosurvival phenotype, showed by increased MAPK and Phosphoinositide 3-kinase (PI3K) pathway activity. While the frequency of each cancer cell population varied from one tumor to another, some cell phenotypes were shared across the three tumors, suggesting that cells with a propensity for brain invasion and colonization are already detectable in the primary tumor at the time of diagnosis. This supports the hypothesis that brain mets can be established early during the course of disease but may take a long period of time to adapt to the brain microenvironment and progress to cause symptoms. This hypothesis is also supported by the clinical impression that brain mets have become slightly more frequent with the improvement in the systemic treatment of EOC (2–7) and the increase in overall survival. Thus, confirming this hypothesis in a larger cohort of patients with EOC brain mets will be critical to identify and implement effective prevention and therapeutic strategies against EOC brain mets.

In regard to the microenvironment in brain mets, we observed reduced stromal content with major changes in immune cell populations. In contrast with the cancer cells, the stromal cell populations remained as heterogeneous in the brain mets as in the peritoneal tumors but harbored a more “active” phenotype, with increased MAPK and mTORC signaling pathway activity. This was accompanied by reduced expression of vimentin and fibronectin, which are both known to affect cell motility and metastasis in many cancer models (39, 40). As the peritoneal tumors displayed high levels of fibronectin and vimentin in the stromal space, it is possible that the stroma composition facilitated the dissemination of cancer cells to the brain, but once established, high levels of vimentin and fibronectin were not essential for survival of the brain mets. Importantly, the immune landscape was also greatly altered in the brain mets compared to the peritoneal tumors. Indeed, we observed many signs of an antitumor immune contexture such as increased Sting pathway activity and increased CD8+ T cells. However, immunosuppressive cells populations also increased concurrently. Indeed, macrophage density doubled compared to the primary tumor, a larger proportion of B cells and C8+ T cells expressed the immune checkpoint protein PD-1, and the Treg population increased. This change in balance in protumor and antitumor immune response is consistent with ongoing immune activation within the brain mets triggering immunomodulation that can eventually lead to exhaustion/dysfunction of the T cells. Importantly, several studies have tested the efficacy of immune checkpoint blockade (ICB) for the treatment of patients with brain mets. In melanoma and non-small cell lung cancer, for example, ICB is associated with clinical benefit against brain mets (41). Thus, this could also be true for EOC patients with brain mets and could represent a therapeutic opportunity.

In conclusion, our results suggest that brain mets of LGSOC have a unique phenotype compared to that of the peritoneal tumors, which support the premise that standard of care might not be appropriate for the treatment of brain mets. The unique milieu in which brain mets grow can exert selective pressure on the cancer cells, leading to the induction of prosurvival oncogenic pathways and immunosuppressive mechanisms. Thus, it will be important in future studies to obtain a better understanding of the targetable pathways that the cancer cells use for their invasion and survival in the brain microenvironment. Furthermore, as the BBB restricts the ability of certain drugs to reach therapeutically significant concentrations in the brain, it is crucial that we develop novel personalized therapeutic approaches for the treatment of patients with ovarian cancer while considering the ability of the drugs to reach therapeutic concentrations in the brain microenvironment. Although in this case ovarian cancer displayed molecular and clinical features of LGSOC, the wealth of information obtained from single-cell spatial proteomics analyses of primary tumor and brain mets proves that the analyses are likely to be of importance when applied to high-grade serous EOC and is likely to contribute to discerning the mechanisms of brain mets in all EOCs.
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Background

Mesonephric-like adenocarcinoma (MLA) is a recently characterized, rare, and aggressive neoplasm that mostly arises in the uterine corpus and ovary. MLA shows characteristic pathological features similar to mesonephric adenocarcinoma of the cervix. The origin of MLA is still controversial and recognition of it remains challenging for pathologists. The aim of this study was to enrich the clinicopathological features of MLA in the uterine corpus and explore its molecular alterations by targeted next-generation sequencing (NGS).



Methods

Four cases of MLA were identified among a total of 398 endometrial carcinomas diagnosed in our institution between January 2014 and December 2021. Immunohistochemistry and targeted NGS spanning 437 cancer-relevant genes were performed.



Results

The most common symptom was abnormal vaginal bleeding, and the average age was 68 years. Histologically, the tumors showed a mixture of varied growth patterns including papillary, glandular, tubular, cribriform, solid, and slit-like architectures, which were lined by columnar to cuboidal cells with overlapping vesicular nuclei and sometimes nuclear grooves. Intraluminal eosinophilic colloid-like secretions were focally evident in three of the four cases. Immunohistochemically, the MLAs were positive for GATA3 (4/4), TTF-1 (3/3), luminal CD10 (3/3), calretinin (2/3), and patchy P16 (3/3) and were negative for ER (0/4) and PR (0/4). The expression of P53 was “wild type” (4/4). By targeted NGS, 3/4 (75%), 2/4 (50%), and 1/4 (25%) cases harbored PIK3CA, KRAS, and PTEN mutations, respectively. None of the tumors had mutations in DNA mismatch repair genes, ARID1A/B, POLE, CTNNB1, SMARCA4, or TP53. At the time of diagnosis, three were presented with FIGO IB stage and one with IIIC stage. Two patients received postoperative chemotherapy and radiotherapy and they were alive without evidence of disease at 8 and 56 months follow-up, respectively. One patient developed pulmonary metastasis 13 months after surgery and chemotherapy, and one was dead of the disease 24 months after the operation without adjuvant therapy.



Conclusions

MLA is a rare and aggressive malignancy, representing approximately 1% of all endometrial carcinomas. It exhibits mixed architectures associated with distinctive immunophenotype and recurrent KRAS and PIK3CA mutations, supporting classified as of Müllerian origin with mesonephric differentiation.
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Introduction

Mesonephric adenocarcinoma (MA), originating from normal or hyperplastic mesonephric remnants, is an unusual and aggressive tumor most commonly occurring in the lateral walls of the cervix (1–3). Mesonephric-like adenocarcinoma (MLA) is a recently characterized, rare subtype of gynecologic carcinoma that has been included in the 5th edition World Health Organization (WHO) Classification of Female Genital Tumours (4–6). MLA frequently arises in the uterine corpus and ovary and shares overlapping features with MA in morphology, immunophenotype, and molecular changes without the presence of mesonephric remnants (7–11). It is important to recognize MLA in the uterine corpus due to its well-established aggressive behavior (12–15). Patients frequently present at an advanced International Federation of Gynecology and Obstetrics (FIGO) stage (II to IV) with a tendency toward early recurrence and distant metastasis (12–15).

Histologically, akin to MA, MLA is characterized by a variety of growth patterns including tubular, glandular, papillary, retiform, glomeruloid, sex-cord like, and solid. Tubular and glandular patterns often predominate, and a frequent finding is the presence of small tubules containing luminal eosinophilic colloid-like materials (4, 9, 10, 13, 16). Squamous and mucinous differentiation are generally absent (9, 13, 16). The immunophenotype of MLA is also similar to MA with the expression of PAX8, GATA3, TTF1, calretinin, luminal CD10, patchy P16, and “wild type” P53, and negative staining for estrogen and progesterone receptors (4, 8, 13, 15, 16). Molecular genetic findings show both MLA and MA are characterized by recurrent KRAS mutations, gain of chromosome 1q, microsatellite stability, as well as alterations in chromatin remodeling genes (ARID1A/B and SMARCA4) (7, 9, 10). However, accumulated evidence disclose MLAs do not infrequently harbor PIK3CA and PTEN alterations which are commonly seen in endometrial endometrioid carcinomas (EECs) but are very rare in MAs (11, 13, 16). Furthermore, extra-uterine MLAs are often associated with Müllerian lesions such as endometriosis and serous tumors (17–20). This evidence has led some pathologists to suggest that MLA may represent mesonephric-like transdifferentiation of a Müllerian tumor rather than a true mesonephric tumor (9, 11, 13, 16). Nevertheless, the definite relationship between MLA and MA has not been firmly established.

The purpose of this study was to add cases of uterine corpus MLA diagnosed at our institution with morphologic and immunohistochemical as well as detailed molecular analyses to the existing literature and to provide further evidence to support its Müllerian origination.



Materials and Methods


Case Selection

Among a total of 398 endometrial carcinomas (ECs) of the uterine corpus diagnosed in Zhejiang Provincial People’s Hospital between January 2014 and December 2021, four cases of MLA were identified, which accounts for approximately 1% of all ECs. The clinical details and follow-up data were obtained from a review of the electronic medical records. For all four cases, the hematoxylin-eosin (HE) stained and immunohistochemical slides were reviewed by two of the authors (TM and MZ) and the diagnosis of MLA was further confirmed according to the diagnostic criteria proposed by the recently published 5th edition WHO Classification of Female Genital Tumours (6). This study was approved by the institutional ethics committee of Zhejiang Provincial People’s Hospital.



Immunohistochemistry

All specimens were formalin-fixed and paraffin-embedded. Tissues were sliced into 3-μm sections. Immunohistochemistry (IHC) was performed on a Ventana Benchmark autostainer (Ventana Medical Systems, Tucson, AZ, USA). All the used primary antibodies were purchased from Beijing Zhong Shan Gold Bridge Biological Technology Co., Ltd (Beijing, China), including PAX8 (Clone EP298), GATA3 (Clone EP368), TTF1 (Clone 8G7G3/1), P53 (Clone DO-7), estrogen receptor (ER, Clone OTI1B1), progesterone receptor (PR, Clone OTI2E2), P16 (Clone 1C1), calretinin (polyclonal), and CD10 (Clone SP67). The staining process was performed in accordance with the instructions and established positive and negative controls. Stains were considered positive if there was nuclear staining for PAX8, GATA3, TTF1, P53, ER, and PR, nuclear & cytoplasmic staining for calretinin and P16, and luminal staining for CD10. Positive staining in less than 50% of tumor cells or glands was considered focally positive, and positive staining in ≥50% of tumor cells or glands was considered diffusely positive.



Targeted Next-Generation Sequencing

Targeted NGS was performed by Nanjing Geneseeq Technology Inc. (Nanjing, China) on Illumina HiSeq4000 platform. All procedures were conducted according to the manufacturer’s protocols. This detection covers a total of about 1.53Mb nucleotide sites of exons, fusion-related introns, alternative splicing regions, and specific microsatellite sites of 437 cancer-specific genes. The sequencing results include point mutations, small indel mutations, gene fusions, copy number variations, microsatellite analysis results, and tumor mutational burden.




Results


Clinical Details

The clinical details of the four patients are summarized in Table 1. The age at diagnosis ranged from 56 to 80 years, with an average of 68 years. Three patients were admitted to the hospital for postmenopausal bleeding with a duration from 2 months to 3 years and one presented with abdominal pain for 1 year. Radical hysterectomy and bilateral salpingo-oophorectomy were performed on all four patients and additional pelvic or para-aortic lymph node dissection was performed for three patients (cases 2-4). Grossly, all the tumors involved the uterine corpus and presented as intrauterine mass with invasion to more than one half of the myometrium. The neoplasms ranged in maximum dimension from 2 to 6 cm, with an average of 3.7 cm. Specimen sections revealed solid and soft masses that were white to gray in color (Figure 1). The original diagnoses included EEC (case 1), mixed carcinoma (case 2), and MLA (cases 3 and 4). At the time of presentation, three of four (75%) patients were FIGO stage IB with tumor invasion into the outer half of the myometrium and one (25%) was stage IIIC with multiple pelvic nodal metastases. After the surgery, patients 2 and 4 received both chemotherapy and radiotherapy and they were alive without evidence of disease at 56 and 8 months follow-up, respectively. Patient 3 was treated with chemotherapy and she developed pulmonary metastasis 13 months postoperatively; she subsequently underwent resection of the metastatic lesion and was disease-free after 5 months of follow-up. Patient 1 was dead of the disease (due to extensive pelvic spread) 24 months after the operation without adjuvant therapy.


Table 1 | Clinical features of uterine corpus mesonephric-like adenocarcinomas.






Figure 1 | Gross findings of uterine corpus MLA. The tumor presents as a solid and soft mass with white to gray coloring (white arrow), protruding into the endometrial cavity (case 4).





Morphological Characteristics

The morphological features are illustrated in Table 2. Histologically, at lower magnification, the tumors showed combinations of various growth patterns, including papillary, glandular, tubular, cribriform, solid, and slit-like architectures, in a fibrous and hyalinized matrix. In the present case series, papillary (Figure 2A) and glandular (Figure 2B) patterns represented the two most seen patterns, and both were presented in all four tumors. Two cases (cases 3 and 4) exhibited small tubular (Figure 2C), back-to-back cribriform (Figure 2D), and solid (Figure 2E) patterns. Case 2 showed foci of polycystic pattern with dilated tubules and intracystic micropapillae, similar to those seen in low-grade serous carcinoma (SC) of the ovary (Figure 2F). Case 4 displayed focal slit-like architectures (Figure 2G). Dense, eosinophilic colloid-like materials (Figure 2H) were focally evident in the tubules in three cases. No cases had intracytoplasmic mucin or unequivocal squamous differentiation although intracystic extracellular mucinous depositions (Figure 2A) were noted in one case (case 1). Lung metastasis of case 3 exhibited a 0.8-cm, well-defined nodular lesion composed of tubules and glands (Figures 3A, B) closely mimicking a primary invasive lung adenocarcinoma except for lacking of an in situ component.


Table 2 | Histomorphological characteristics of uterine corpus mesonephric-like adenocarcinomas.






Figure 2 | Histopathologic findings of uterine corpus MLA. (A) Papillary pattern with extracellular mucinous depositions (case1, HE×20). (B) Glandular pattern (case 4, HE×100). (C) Tubular pattern(case 3, HE×100). (D) Cribriform pattern (case 4, HE×100). (E) Solid pattern with spindle-shaped cells (case 3, HE×100). (F) Intracystic micropapillary pattern (case 2, HE×100). (G) Slit-like architecture (case 3, HE×100). (H) Dense, eosinophilic colloid-like materials (arrows, case 4, HE×100).






Figure 3 | Histopathologic findings of metastatic MLA to the lung in case 3. (A) Well-demarcated nodular lesion (HE×20). (B) The lesion consists of dense tubules and glands, mimicking a primary invasive lung adenocarcinoma (HE×100).



Cytologically, the tumor cells were mainly columnar to cuboidal, and occasionally hobnail (Figures 4A–C), had scant palely eosinophilic cytoplasm, and exhibited in general moderate nuclear atypia. The nuclei were vesicular, overlapping, and sometimes angulated with nuclear grooves, resembling those seen in papillary thyroid carcinoma (Figures 4D, E). Spindle cells were noted in the solid areas in two cases (Figure 2E). Mitotic activity was conspicuous, and intraluminal comedo-like necrosis was identified in three cases (Figure 4F). Lymphovascular invasion was noted in three out of the four cases. For all four cases, the tumor arose in the endometrium and invaded the outer half of the myometrium with a destructively infiltrating pattern. No evidence of endometrial hyperplasia or mesonephric remnants was found, and the cervix was not involved. Twenty-three of 59 pelvic lymph nodes were positive for metastatic lesions in case 2, and no nodal metastatic lesions were identified for cases 3 or 4.




Figure 4 | Histopathologic findings of uterine corpus MLA. (A) Columnar tumor cells (case1, HE×400). (B) Cuboidal tumor cells (case 4, HE×400). (C) Hobnail tumor cells (arrows, case 2, HE×300). (D, E) Vesicular, overlapping nuclei with nuclear grooves (D), case 3, HE×300; (E), case 2, HE×400). (F) Intraluminal comedo-like necrosis (arrows, case 4, HE×100).





Immunohistochemical Features

The immunohistochemical results are shown in Table 3. Not every case was stained for all markers. In all cases tested, the tumor cells were positive for PAX8 (2/2, diffusely in both) (Figure 5A), GATA3 (4/4, diffusely in two and focally in two) (Figures 5B, C), and TTF1 (3/3, focally in two and diffusely in one) (Figures 5D, E), and the one (case 3) which was diffusely positive for TTF1 also diffusely expressed GATA3. Three of three tumors showed focal luminal expression of CD10 (Figure 5F), and two out of three exhibited focal calretinin positivity (Figure 5G). Patchy P16 expression was noted in three cases analyzed. All cases exhibited a wild-type pattern of P53 expression, and all tumors were negative for both ER (Figure 5H) and PR (Figure 5I). For the metastatic MLA in the lung in case 3, the tumor cells were positive for PAX8, GATA3, and TTF1 (Figures 6A–C), in accordance with the immunoprofile of the primary tumor of the uterine corpus.


Table 3 | Immunohistochemical characteristics of uterine corpus mesonephric-like adenocarcinomas.






Figure 5 | Immunohistochemical features of uterine corpus MLA. (A) Diffuse PAX8 positivity (case 3, ×100). (B) Diffuse GATA3 positivity (case 4, ×40). (C) Focal GATA3 positivity (case 1, ×100). (D) Diffuse TTF1 positivity (case 3, ×40). (E) Focal TTF1 positivity (case 4, ×100). (F) Luminal CD10 positivity (case 3, ×100). (G) Focal calretinin positivity (case 2, ×40). (H) ER negativity (case 3, ×40). (I) PR negativity (case 4, ×40).






Figure 6 | Immunohistochemical findings of metastatic MLA to the lung in case 3. The tumor cells are positive for (A) PAX8 (×40), (B) GATA3 (×40), and (C) TTF1 (×40).





Molecular Genetic Findings

The molecular genetic findings are listed in Table 4. Genetic testing using targeted NGS spanning 437 cancer-relevant genes was performed on all four cases. The tumor mutational burdens were overall low and varied from 2.1 to 7.4 mutations per megabase. A total of 14 genes with 18 mutations were identified across all cases and contained 14 missense, one nonsense, one frameshift, one nonframeshift deletion mutation, and one splice site mutation. Five genes (KRAS, PIK3CA, PTEN, ATM, MYCN) of the mutations have been previously reported in MLA. KRAS activating mutations were found in two of four (50%) cases harboring G12A (case 1) and G12V (case 2) (Figures 7A, B), and PIK3CA mutations (all missense mutations) were identified in three of four cases (75%) harboring alterations including R93W (case 2), Q546R (case 3), and G1049R (case 4) (Figures 7C–E). Case 2 had concurrent mutations of KRAS and PIK3CA. PTEN missense mutation (L325R) (Figure 7F) was identified in case 1 which was accompanied by KRAS mutation. Both the two KRAS-nonmutated tumors harbored PIK3CA mutations (cases 3 and 4). Copy number variation was only identified in case 3, which exhibited a gain of NKX2-1 (TTF1, copy number, CN: 4.2). None of the tumors had mutations in DNA mismatch repair genes, ARID1A/B, POLE, CTNNB1, SMARCA4, or TP53.


Table 4 | Molecular genetic findings of uterine corpus mesonephric-like adenocarcinomas.






Figure 7 | Molecular genetic findings of uterine corpus MLA detected by targeted next-generation sequencing, as shown by the Integrative Genomics Viewer screenshot. (A) KRAS exon2: c.35G>C (p.G12A) (case 1). (B) KRAS exon2: c.35G>T (p.G12V) (case 2). (C) PIK3CA exon1: c.277C>T (p.R93W) (case 2). (D) PIK3CA exon9: c.1637A>G (p.Q546R) (case 3). (E) PIK3CA exon20: c.3145G>C (p.G1049R) (case 4). (F) PTEN exon8: c.974T>G (p.L325R) (case 1).






Discussion

In this study, we used previously characterized knowledge of the morphologic and immunohistochemical features of MLAs to retrospectively identify these tumors in the archives of our institution. Among a total of 398 ECs diagnosed in our institution between January 2014 and December 2021, four cases of MLA were retrieved, accounting for approximately 1% of all ECs, in accordance with the recently reported prevalence of 0.7% (4/570) by Kolin et al. in 2019 (16), and 0.7% (2/300) by Mills et al. in 2022 (21). Despite being very rare, uterine corpus MLA may be under-recognized due to its diverse morphology and close resemblance to other commonly encountered endometrial cancers such as EEC, clear cell carcinoma (CCC), SC, and carcinosarcoma. In fact, for the four cases presented here, only two had been correctly diagnosed as MLA originally, with the other two diagnosed as EEC and mixed carcinoma, respectively. Similarly, in the retrospective case series study by Euscher et al. (13), of the 23 cases of uterine corpus MLA analyzed (most were referral cases), 18 were initially classified as carcinomas other than MLA, including EEC in 13 cases, adenocarcinoma not otherwise specified in four cases, and SC in one case.

The four cases of uterine corpus MLA presented here showed morphologic, immunohistochemical, and molecular features consistent with those in previously described cases (Table 5). In general, the most useful morphological clues for diagnosing MLA include: a variety of growth patterns seen in combination and within the same tumor; the presence of distinctive nuclear features that resemble those seen in papillary thyroid carcinoma, such as nuclear grooves, nuclear overlap, and open chromatin; the presence, at least focally, of densely eosinophilic intraluminal secretions in the tubules; and the lack of marked nuclear atypia and pleomorphism, and unequivocal squamous differentiation (4, 9, 10, 13, 16). Foci of solid architecture composed of spindle cells can be noted in MLAs, which should not be regarded as a sign of sarcomatoid differentiation, given the lack of heterologous differentiation in these areas and the consistent absence of TP53 mutations in these tumors (16). MLAs typically have no intracytoplasmic mucin frequently seen in EECs but they can contain mucin-like material within the luminal spaces 13). Rare features that have been documented in MLAs include sex cord-like/trabecular pattern reminiscent of the corded and hyalinized variant of EEC (22), papillary pattern covered by hobnail-type cells or cytoplasmic clearing cells mimicking CCC (13), and dedifferentiation to sheets of anaplastic discohesive cells (23). In addition, EC with architectural and cytologic features suggesting low-grade SC of the ovary (such as polycystic pattern with dilated tubules and intracystic micropapillae, as two of our cases have illustrated), should also prompt consideration of MLA. In three out of the four MLAs, intraluminal comedo-like necrosis resembling that seen in intraductal carcinoma of the breast was noted; this morphology has previously been documented in a subset of MLAs (13). While careful attention to histology can help flag tumors for potential mesonephric-like classification, ultimately ancillary studies are often required for confident classification as MLA. In this study, for all cases tested, the tumor cells are positive for PAX8, GATA3, TTF1, and luminal CD10, and are negative for ER and PR, consistent with the immunohistochemical results previously reported. Pors et al. (8) compared the sensitivity and specificity of GATA3, TTF1, CD10, and calretinin in the diagnosis of MLAs and reported GATA3 to be the best overall marker, but staining can be weak to moderate in intensity and positive in only a minority of cells (<10%). In their study, TTF1 had high sensitivity and specificity comparable to GATA3 for MLAs, however, it was expressed in only 12.5% of MAs, suggesting MLA and MA may be biologically different entities. TTF1 and GATA3 can show an inverse staining pattern in a minority of MLAs (8). It is worth noting that both GATA3 and TTF1 can be seen in 6% and 1% of non-MLA ECs, respectively (8). Previous studies have found that both TTF1 and GATA3 expression are poor prognostic factors for ECs, and some of these TTF1 or GATA3-positive cases may in fact represent MLAs (24, 25). Euscher and colleagues (13) investigated the immunophenotypic features in 23 cases of MLA of the endometrium and found similar results. In their study, 15/16 (94%) and 11/16 (69%) of cases expressed GATA3 and TTF1, respectively, and the intensity and number of cell staining of GATA3 were greater than that of TTF-1 in most cases. These authors suggested that a panel of immunohistochemical stains should be employed to facilitate a diagnosis of MLA and included first-line markers GATA3, TTF1, ER, and PR, with CD10 and calretinin serving as supplemental immunohistochemical stains. Most recently, Kim et al. (15) found that in 25 cases of endometrial MLA, 68% showed at least moderate nuclear GATA3 immunoreactivity in more than 25% of tumor cells, and 81% of examined cases expressed TTF1 often in a heterogeneous pattern. In that study, all cases expressed at least one of the two markers, with an inverse staining pattern of GATA3 and TTF1 noted in 30% of cases (15). Loss of ER is typically observed in MLAs, however, this is not a universal finding among reported cases. In the study by Euscher et al. (13), focal positivity of ER (usually in less than 10% of tumor cells) can be seen in up to 30% of MLAs. Hence some positivity of ER does not necessarily preclude the diagnosis of MLA. PR was negative in almost all reported cases; thus, it can be concluded that PR is a more reliable negative marker for MLA (5).


Table 5 | The most useful histopathologic and molecular genetic features for the diagnosis of uterine corpus mesonephric-like adenocarcinomas.



Increasing use of mutational analysis techniques in an effort to improve understanding of tumor biology and identify potential therapeutic targets has led to the identification of recurrent KRAS mutations in MLAs. Although results from smaller series suggest that KRAS mutation is a consistent finding among MLAs, several previously reported larger series reported KRAS mutation in 76 to 89% of cases (10, 11, 13). All the cases lacking KRAS mutation had histologic and immunohistochemical features diagnostic of MLA. In this study, KRAS activating mutations were only found in two of four (50%) cases harboring G12A (case 1) and G12V (case 2), respectively. In our study, the lower proportion of KRAS mutation may be related to the small number of samples included. Our two cases without a KRAS mutation both had histologic features of MLA as well as diagnostic immunohistochemical support including expression of GATA3 and TTF1. In most of the reported cases in the literature, MLAs have only had mutations in KRAS, typically affecting the hotspot codon 12 including G12D, G12V, G12C, and G12A (9–13, 15). A small number of cases have been noted in the literature with concurrent genetic alterations, including mutations in PIK3CA, PTEN, and CTNNB1 (9, 10, 13, 16), which are characteristic molecular alternations of EECs (26). Among the small number of endometrial MLAs without a KRAS mutation reported, one harbored a mutation involving BRAF, another gene in the RAS/MAPK pathway (11), and one had mutations in PIK3CA, PTEN, and CTNNB1 (13). Our findings reflect the literature experience. Of the two cases with a KRAS mutation, both had additional mutations, including PIK3CA and PTEN in each case. For the two cases lacking KRAS mutation, both had mutations in PIK3CA, and one of which had a gain of NKX2-1 (TTF1, copy number, CN: 4.2), which had previously been reported in MLAs (9). The presence of concomitant PIK3CA and/or PTEN mutations in some cases of endometrial MLA has led to the hypothesis that these tumors are Müllerian or endometrioid derived but differentiating along mesonephric lines, representing a distinctive variant of EC (9, 11, 13, 16). The findings of our study lend further support to this assertion.

Although KRAS mutations had been identified in the vast majority of reported MLAs, a KRAS mutation is usually not required for the diagnosis of MLA. Furthermore, KRAS mutation is not unique to MLA in endometrial cancer. In their evaluation of 570 ECs which had undergone molecular profiling, Kolin et al. (16) have identified KRAS mutation in up to17% (98/570) of ECs, in which most were endometrioid histotype, followed by carcinosarcoma (nine cases), and SC and MLA (both were four cases). Thus, the diagnosis of the MLA variant of EC remains based primarily on histologic and immunohistochemical grounds. The main differential diagnosis of MLA is EEC, and many of the previously reported endometrial MLA were initially mistaken for EEC (13, 14). This is not surprising given that the various architectural patterns characteristic of MLAs may also occur in EECs. Features in favor of MLA include a lack of endometrioid intraepithelial neoplasia in the background, absence of unequivocal squamous differentiation and intracytoplasmic mucin, and identification of cytological features of nuclei with vesicular chromatin and nuclear grooves. Positive immunoreactivity for GATA3 and TTF1 and negativity for ER and PR support the diagnosis of MLA. When a micropapillary architectural pattern in association with high-grade nuclear atypia is observed, SC should be considered in the differential diagnosis. SC is characterized by mutation-type p53 immunostaining pattern and p16 block-staining, features that are never seen in MLA. ER and PR are not helpful in differentiating because both MLA and SC share negative hormone receptor expression. The occurrence of admixtures of architectural patterns and, rarely, a papillary pattern covered by hobnail-type cells or cytoplasmic clearing cells sometimes renders it difficult to differentiate MLA from endometrial CCC. Although expression of HNF1β in carcinomas of mesonephric origin suggests this marker could be of limited use in distinguishing MLA from CCC, the combination of napsin A and Alpha methyacyl CoA racemase can be helpful for their distinction, as both markers are usually diffusely expressed in CCCs and only focally expressed in a minority of MLAs (27). Lastly, as mentioned above, the lack of heterologous differentiation and the consistent absence of TP53 mutations can distinguish MLAs containing solid areas with spindle cells from Müllerian carcinosarcomas. For metastatic MLA to the lung, the positive TTF1 staining and negative hormone receptors staining can be confused with a primary lung adenocarcinoma. In patients with a history of gynecological malignancy, one should always keep in mind to perform PAX8 staining. The presence of small tubules with eosinophilic secretions and lack of an in situ component provide morphological clues to metastatic MLA. Additional staining for GATA3, luminal CD10, and calretinin can further help support the diagnosis. Furthermore, metastatic MLA in the lung may closely resemble a metastatic thyroid carcinoma (28), given their shared histologic and immunophenotypic features (e.g., nuclear grooves, eosinophilic secretions within tubules, positive staining of PAX8 and TTF1, and negative staining of hormone receptors). In this setting, adding IHC for GATA3 and thyroglobulin may help distinguish the two lesions, however, comprehensive clinicopathologic correlation is critical for the distinction.

Although MLAs are difficult to diagnose, their accurate identification is important due to their relatively poor prognosis. According to the previous reports, MLA displays an aggressive biological behavior with more than half of the published cases presenting with advanced stage (FIGO≥II stage) at diagnosis (12). It is associated with a considerable risk of recurrent disease with a tendency to metastasize beyond the pelvis; especially to the lungs. Euscher et al. (13) have disclosed several frequent adverse prognostic indicators in uterine corpus MLAs, including large tumor size, deep myometrial invasion, cervical stromal invasion, and lymphovascular invasion, as compared with other histologic variants of EC, such as EEC and SC. In that study, the authors also documented that MLA was an independent risk factor for adverse patient outcomes and showed shorter progression-free survival and overall survival compared to low-grade EEC as well as SC (13). The aggressive biology of MLA has further been confirmed by two recently published large series of studies. In the first study that included 44 MLAs of the uterine corpus and 25 MLAs of the ovary, 59% of the former and 42% of the latter developed recurrences, most commonly distant. The 5-year disease-specific survival (DFS) for MLA of the uterine corpus and ovary was 72% and 71%, respectively (14). In the second study including 25 MLAs of the uterine corpus, among the 23 cases with follow-up periods of more than 3 months, 72% showed local or metastatic recurrences, with a mean DFS of 22.6 months (15). In our study, three of the four patients presented with advanced-stage disease, developed tumor metastasis, or died of the disease. On the basis of integrated genomic characterization, endometrial cancers are classified into four molecular groups indicating stratified prognosis (26). Since MLAs have an absence of POLE mutation, TP53 mutation, and mismatch repair-deficient, they belong to the group with no specific molecular profile and are probably responsible for the proportion of poor prognosis in this group.

Given their marked propensity for aggressive behaviors, and given that patients who receive surgery for early-stage disease have a tendency to suffer a recurrence and metastasis, previous studies have recommended that uterine MLAs should not be graded by the FIGO grading system but should all be automatically regarded as high-grade and therefore treated by algorithms utilized for high-grade ECs (13, 14). Because of its rarity, there are not yet clear clinical guidelines for the management of MLA, and the efficacity of adjuvant radiation and/or chemotherapy remains largely unknown (12). However, a recently published report showed sustained response to a combination of lenvatinib and pembrolizumab in two patients with recurrent KRAS-mutated MLAs (29), providing evidence that uterine corpus MLAs may merit a specialized therapeutic approach. There may be a role for targeted inhibitors of the RAS/MAPK pathway in MLAs, given their underlying KRAS mutations and a clinical study had shown that thyroid carcinomas with KRAS mutations were very sensitive to lenvatinib (30). Furthermore, because the current standard of surveillance strategies for EC patients usually does not include chest imaging, some authors have proposed chest imaging could be prospectively incorporated into the surveillance strategies for patients with MLAs, given the reported high risk for pulmonary metastases, whether at diagnosis or during disease progression (21).



Conclusions

In summary, our study confirms that MLA is a rare and aggressive malignancy, representing approximately 1% of all ECs. It exhibits mixed architectures associated with distinctive immunophenotype and recurrent KRAS and PIK3CA mutations. Our findings provide further evidence to support the concept that uterine corpus MLA is derived from a Müllerian substrate with differentiation along mesonephric lines. Increasing prospective and retrospective recognition of this unusual variant of EC is critical to better understanding the clinical and therapeutic implications of this diagnosis.
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Methyglyoxal (MGO), an essential endogenous dicarbonyl metabolite, can lead to multiple physiological problems including hyperglycemia, kidney diseases, malignant tumors, beyond its normal concentration range. The glyoxalase system, making MGO maintained at a low level, links glycation to carcinogenesis, growth, metastasis, and cancer chemotherapy. The glyoxalase system comprises glyoxalase 1 (Glo1) and glyoxalase 2 (Glo2), which is often overexpressed in various tumor tissues. However, very little is known about the glyoxalase system in breast cancer and gynecological cancer. In this review, we introduce the role of the glyoxalase system in breast cancer, endometrial cancer, ovarian cancer and cervical cancer, and highlight the potential of the glyoxalase system to be both as a marker for diagnosis and a novel target for antitumor therapy. However, the intrinsic molecular biology and mechanisms of the glyoxalase system in breast cancer and gynecological cancer need further exploration.
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1. Introduction

Tumor cells are characterized by uncontrolled growth and proliferation, with an oncometabolic hallmark of favored use of glycolysis for lactate production even under oxygen-rich conditions, referred to as “the Warburg effect” (1–3). This effect is seen as part of metabolic reprogramming in tumors to provide conditions for their proliferation, migration, survival, and drug resistance (3). In fact, the imbalance of energy metabolism is an important driving factor of oncogenesis, with a significant metabolic result being intracellular accumulation of methyglyoxal (MGO). This tends toward causing toxic effects on cells, inhibiting growth and promotion of apoptosis. Increased glyoxalase expression and activity compensate for the accumulation of cytotoxic metabolites in tumor cells. Glyoxalase system, mainly consisting of Glyoxalase 1 (Glo1) and Glyoxalase 2 (Glo2), is a defensive pathway against dicarbonyl stress produced by MGO (4). The formation of MGO increases under conditions of high glycolytic flux, encountered by all cancer cells. When this happens, this detoxification system works and endows tumor cells with adaptive advantage.

Thus, the glyoxalase system is particularly abundant in cancerous cells and this fact has been confirmed by some studies. However, very little is known about the glyoxalase system in gynecological cancer and most work has been done on breast cancer considering female cancers. Thus, the purpose of this review is to introduce the role of the glyoxalase system in breast cancer and gynecological cancer systematically including endometrial cancer, ovarian cancer and cervical cancer, and highlight the potential to be both as a marker for diagnosis and a novel target for antitumor therapy.



2. Methyglyoxal (MGO)

MGO which contains two carbonyl groups and is active in nature, together with glyoxal (GO) and 3-deoxyglucosone (3-DG), are referred to as highly reactive dicarbonyl metabolites (5). Among them, MGO is an important endogenous dicarbonyl metabolite that exists in various tissues and organs in the human body, and will cause multiple physiological problems, including hyperglycemia, kidney diseases and malignant tumors, when it exceeds its normal concentration range (6–9). Dicarbonyl stress, which is abnormal increase in the amount of dicarbonyl metabolites, leads to the increase of protein and DNA modification (10). Dicarbonyl stress can be caused by two mechanisms, including out-of-balance of dicarbonyl metabolites and increased exposure of exogenous dicarbonyls (11).

MGO is produced largely by the degradation of glyceraldehyde-3-phosphate (G3P) and dihydroxyacetone phosphate (DHAP) during glycolysis non-enzymatically (4, 12). It can also be produced during hydrolysis and dephosphorylation of DHAP and G3P (13), lipid peroxidation (14, 15), catabolism of threonine (16), oxidation of acetone catalyzed by cytochrome P4502E1 (17), and autoxidation of glucose and degradation of glycated proteins (18, 19). The likelihood of G3P degrading into MGO is eight times than that of DHAP. However, in cells in situ, the concentration of DHAP is about nine times that of G3P (20). Therefore, both forms of triosephosphates are necessary for the formation of MGO (4). MGO is attained not only during cell metabolism, but also through exogenous dietary intake; its primary sources are coffee and other types of beverages (21, 22). However, ingested MGO is metabolized and exerts dicarbonyl stress pre-systemically before absorption (23).

MGO is mostly eliminated by the glyoxalase system, with minority being metabolized by aldoketo reductases (AKRs) and aldehyde dehydrogenases (ADHs), which convert it into hydroxyacetone and pyruvate, respectively; thus, forming an enzymatic defense to prevent MGO glycation (24–28). In various human tissues, the capacity of the Glo system to metabolize MGO is 30 times that of AKRs; one exception is the renal medulla, where the expression of AKRs is particularly high (29, 30). In general, MGO is produced during glycolysis and metabolized through the glyoxalase system, at low level in vivo. However, when glycolysis is abnormal or food containing high MGO is consumed for a long time, the load of the scavenging system in the body becomes too heavy. This results in the over-accumulation of MGO in the body. The serious cytotoxicity and tissue damage in MGO-related metabolic disorders are likely caused by the modification of nucleic acids, free amino groups in proteins and lipids induced by a large family of MGO-derived adducts, called advanced glycation end-products (AGEs) (31). MGO interacts with deoxyguanosine, leading mainly to form the imidazopurinone adduct, MGdG (26, 32). MGdG, comprising the majority of MGO nucleotide adducts physiologically, are mutagenic and possibly related to malignant transformation (25). A small amount of 2-(1, R/S-carboxyethyl)-deoxyguanosine (CEdG) is also formed (33). The irreversible interaction of MGO with arginine results in the formation of MG-derived hydroimidazolones (MG-H1, MG-H2, and MG-H3) (34–36), argpyrimidine (37) and tetrahydropyrimidine (THP) (38). MGO can also modify lysine residues to form Nϵ-(1-carboxyethyl) lysine (CEL) and 1,3-di(Nϵ-lysino)-4-methyl-imidazolium (MOLD), although to a much lesser extent than arginine (39). MGO can also react with one lysine and one arginine, leading to the formation of an adduct called MODIC (40). MGO also induces stable lipid modifications (Figure 1) .




Figure 1 | The formation and metabolism of MGO.



Additionally, AGEs can bind to the receptor for AGEs (RAGE), mediating signal transduction and stimulating intracellular reactive oxygen species (ROS) generation. Activation of RAGE signaling is related to various cellular changes, including inflammation and oxidative stress, which play a role in carcinogenesis, and increased cell death by apoptosis and anoikis (26, 41–44). Decreased expression of RAGE is associated with the inhibition of tumor development and metastasis (45).



3. Gyoxal (GO)

In addition to MGO, GO is also an endogenous highly reactive dicarbonyl metabolites. The formation of GO seems to be inevitable in organism, since they are closely connected with several physiological processes, such as lipid peroxidation and degradation of monosaccharides, saccharide derivatives and glycated proteins (46, 47). Since GO is a potent glycating agent, modification of proteins and nucleotides has been found. GO can react with proteins to form AGE residues directly, with arginine residues being the most reactive protein (48). DNA is also susceptible to glycation by GO, with deoxyguanosine (dG) being the most common modified nucleotide AGEs. GO was responsible for increased mutations and decreased DNA replication. Nearly half of mutations were single-base substitutions with more than 80% occurring at C:G sites. Furthermore, GO was in relation to non-random or hotspot mutation sites (49). Similar to MGO, elevation in GO also leads to dicarbonyl stress, which is associated with various health problems and the modification by GO is regarded as damage to physiological systems. However, this can be suppressed by detoxification of GO, catalysed mainly by the glyoxalase system (47, 50). In most cases, GSH was utilized to convert GO to S-2-hydroxyethylglutathione, mediated by GSH-dependent Glyoxalases, Glo1 and Glo2. In some cases, GO can also be the substrate of Glyoxalase 3 (Glo3), but without any cofactors (51, 52).



4. Glyoxalase System

The glyoxalase system is one of the well-defined associations between glycation and carcinogenesis and progression. It was first introduced by Dakin, Dudley in 1913 (32). This system, existing in the cytoplasm of all human cells, mainly consists of two cooperating enzymes, namely, Glo1 and Glo2. The main duty of the system is to metabolize MGO and other reactive acyclic a-oxoaldehyde metabolites, to maintain them at a low level, thus preventing cell and tissue dysfunction. MGO and glutathione (GSH) produce hemithioacetal through a non-enzymatic reaction. Then hemithioacetal is converted into S-D-lactoylglutathione, under the catalysis of Glo1. Glo2 catalyzes the hydrolysis of S-D-lactoylglutathione to D-lactate, thereby reforming GSH, to achieve detoxification of MGO (53). In this series of reactions, Glo1, as a rate-limiting enzyme, is of vital importance in the detoxification of MGO (Figure 2). There also exists the GSH-independent system involving Glo3 to protect cells from MGO toxicity, besides the GSH-dependent system consisting of Glo1 and Glo2. Glo3 was first identified in the Hsp31 protein from Escherichia coli, which can directly convert MGO into D-lactate in the absence of GSH (54). In recent literature, the DJ-1 proteins from Arabidopsis thaliana and metazoans have also been confirmed to have Glo3 activity like the Hsp31 protein, but they belong to two different subfamilies of the DJ-1 superfamily proteins. In animals, DJ-1 proteins appear to show Glo3 activity and the dysfunction of DJ-1 proteins can make cells sensitive to oxidative stress and cause mitochondrial disorders (54, 55). To date, however, Glo3 remains unidentified in human system. Furthermore, the regulatory mechanisms of Glo3 merit continued study. It is noteworthy that DJ-1 proteins are now considered a deglycase, rather than an alternative glyoxalase (56).




Figure 2 | The detoxification of MGO.




4.1 Glo1

Glo1 is a zinc-dependent metalloenzyme encircled by two identical subunits. It has a molecular mass of 43-48 kDa and is comprised of noncovalent bonds (57, 58). It exists in almost all prokaryotic and eukaryotic organisms, including animals, plants, yeast, bacteria, and protozoa. Furthermore, its widespread distribution reflects its important physiological functions in biological life. Moreover, it has been found that Glo1 has high homology among different species through comparison of amino acid sequences. This implies an evolutionarily conserved function for Glo1. Human Glo1 is located on chromosome 6 at locus 6p21.2, with five introns and six exons. It is often overexpressed in tumor tissues (59–61).

The mechanism by which Glo1 expression is regulated is complex. It is controlled by various regulatory elements and that can be altered by the changes in gene expression and post-translational enzymatic modifications (62, 63). Transcriptional regulators of Glo1 include activator protein-2α (AP-2α), early gene 2 factor isoform 4 (E2F4), nuclear transcription factor-κB (NF-κB), activator protein-1 (AP-1), antioxidant response (ARE), metal response (MRE), and insulin response (IRE) elements. Post-translational modifications are achieved through phosphorylation, nitrosylation, and glutathionylation. Among these, Glo1 expression is positively regulated by AP-2α, E2F4, NF-κB and nuclear factor erythroid 2-related factor 2 (Nrf2) by enhancing the Glo1 promoter. For instance, expression is controlled by Nrf2 during stress by binding with AREs (64, 65). In tumor cells, the enhanced expression of Nrf2 leads to increased activity of the enzyme, thereby preventing dicarbonyl stress. Therefore, Nrf2 is often over-activated in hepatocellular carcinoma and thus contributes to increased mortality (66). It has been demonstrated that Nrf2 activators, including sulforaphane and resveratrol, act as Glo1 inducers (67). Nuclear translocation of Nrf2, which is of vital importance in the activation of Glo1, can be disrupted by the combination of MGOs to Kelch-like ECH-associated protein 1 (Keap1). Based on this principle, MGO inhibitors can help detoxification in cells via the Nrf2/Keap1 pathway by elevating GSH levels and accelerating MGO metabolism (68). In contrast, the expression of Glo1 is also negatively mediated by hypoxia-inducible factor-1α(HIF1α), the receptor for advanced glycation end products (RAGE). Its levels are also impacted by conflict between the NF-κB system activated in inflammation and Nrf2 (69, 70).

Copy number variation (CNV) of the Glo1 gene in the human genome will also allow for increased expression of Glo1 with low-level duplication in the healthy population (71). The Glo1 DNA segment copy number increase was larger among illness affected groups than that in the healthy population with low-level duplication (72). In a study of 225 different types of human tumors, increased Glo1 copy number was discovered in 8% of tumors, with the highest prevalence of Glo1 amplification in breast cancer (22%), followed by sarcomas (17%) and non-small cell lung cancer (11%) (73). The correlation between Glo1 copy number increase assessed by qPCR and poor survival in gastric cancers has been ameliorated (74).



4.2 Glo2

Human Glo2 is another enzyme in the glyoxalase system. It is encoded by the hydroxyacylglutathione gene (HAGH1). Genetic polymorphisms of Glo2 are rare, with HAGH2 being the only the second phenotype expressed (75). It is a binuclear metalloenzyme with a Zn(II) site as the catalytically active site metal ion. By contrast, the Fe(II) site has no influence on the catalytic activity (70). However, the molecular structures of Glo2 share the same overall fold as Zn(II)-dependent metallo-β-lactamases (76). There are two isoforms of Glo2 depending on their localization in cellular compartments. This includes the mitochondrial form with a molecular mass of 33.8 kDa and a cytosolic form with a molecular mass of 29.2 kDa (77). Despite their differences, the two isoforms have identical isoelectric points of 8.3 (78).

Emerging evidence pointed out the novel independent role of this ancient enzyme from that of Glo1 in a possibly nonenzymatic manner in some malignant cells. In Cinzia et al.’s study, Glo2 was involved in the proapoptotic effects of Oleuropein in non-small-cell lung cancer A549 cells (79). Oleuropein led to an increase in mitochondrial Glo2 protein expression levels without enhancing the enzyme’s activity. Conversely, Oleuropein did not affect expression or function of cytosolic Glo2. Through upregulation of mitochondrial Glo2, Oleuropein is able to induce apoptosis in A549 cells which is mediated by the superoxide anion and Akt signaling pathway. In addition, the proapoptotic effect of mGlo2 is related to the interaction with the Bax protein. Even though there is no distinction between the mitochondrial or cytosolic isoforms, this emerging independent role turns out to be opposite in prostate cancer cells, where an antiapoptotic nonenzymatic role of Glo2 was identified (80). In prostate cancer cells, this ancient enzyme is able to stimulate cell proliferation and elude apoptosis in a mechanism dependent on androgen receptor and involving the p53-p21 axis (81).




5. Breast Cancer

Breast cancer is the most common cancer in women worldwide with an estimated 2.09 million cases and 0.6 million deaths annually (82). It is a heterologous disease and categorized corresponding to the so-called intrinsic breast cancer subtypes employing the expression of estrogen receptor (ER), progesterone (PR) and human epidermal growth factor receptor 2 (HER2), together with the frequency of ki-67 (83, 84). Moreover, treatment strategy is designed based on the expression of receptors and ki-67 (5). The use of anti-endocrine therapy to downregulate ER signaling is the primary systemic therapy for ER-positive or PR-positive cases by receptor mediators such as tamoxifen. Patients with HER2-positve benefit from monoclonal antibodies directed against this EGF-receptor, such as trastuzumab and pertuzumab. For triple negative cases, there is no targeted therapy in routine clinical use, thus, most patients are treated with chemotherapy (6). However, this immunohistochemistry-based clinical classification is only a substitute for gene expression analysis and cannot identify all internal molecular characteristics (84).

To our knowledge, the first study giving a comprehensive picture of the role of Glo1 in breast cancer dates back to the 2001, when A Rulli et al. measured Glo1 specific activity in breast carcinoma and normal mammary gland tissue (85). Samples were drawn in the period from 1999 to 2000 of 20 women and Glo1 was significantly upregulated in human breast cancer cells and tissues, as shown by both spectrophotometrical assay and electrophoretic pattern compared with normal counterparts. A consistent enhanced of Glo1 expression was observed either at mRNA or protein level in human breast cancer tissues parallel with pair-matched normal tissue, providing evidence for a potential role of this enzyme in breast cancer (86–89). In addition, Glo1 promoted cell proliferation, invasion and migration and suppressed cell apoptosis. Hence, Glo1 overexpression correlated with aggressive clinicopathological features including lymph node metastasis, lymphovascular invasion, tumor grade and TNM stage and was an independent prognostic factor for clinical outcome of breast cancer patients. Specifically, patients with Glo1 overexpression had a shorter overall survival and recurrence-free survival than those with low Glo1 expression (88, 90). Moreover, knockdown of Glo1 suppressed invasion and migration and promoted apoptosis of breast cancer cells in vitro (88). These results suggest that Glo1 is significantly associated with tumorigenesis, metastasis, and poor prognosis, providing new impetus to the exploring the expression of Glo1. Additionally, gene expression data demonstrated that Glo-1 mRNA was regulated through a mechanism involving inflammation (NF-kB) and oxidative stress (NFE2L2) in malignant breast cells (91). In Guo et al. study, Glo1 restraint treatment can hinder occurrence and development of breast cancer cells, adjusted by actuation of the MAPK signaling pathway and downregulation of Bcl-2 and MMP-9 (92). However, the intrinsic molecular biology and mechanisms of breast carcinogenesis remain to be further elucidated.

Therefore, Glo1 is involved in the regulation of tumorigenesis, proliferation, migration and survival in breast cancer (93). These data has supported the role of Glo1 as a potential target for anticancer drug development, which were indeed confirmed by some studies. Clinically, a major obstacle in the process of treating tumor lies in drug resistance. It has been reported in previous literature that chemotherapeutic resistance, including doxorubicin, was associated with upregulation of Glo1 (94). Recent studies on the mechanism of drug resistance of breast cancer have found that Glo1 inhibitors can reserve drug resistance of tumor cells. Davies et al. showed that the thiazolidinedione troglitazone downregulated Glo1 expression, leading to a regained sensitivity to doxorubicin. Furthermore, it is also reported that Glo1 abundance could predict the outcome of radiotherapy and overexpression of Glo1 was associated with a shorter relapse free survival after receiving radiotherapy (91). It is reported that more than 50% of all drugs used in tumor treatment contain either natural origin active principles or semisynthetic derivatives, thus, there is an urgent need to find new drugs from bioactive compounds (95). In a recent study, the influence of resveratrol, curcumin and piperine on Glo1 activity and expression was assessed in MCF-7 cell. The dose-dependent inhibitory effects of resveratrol, curcumin and piperine on Glo1 activity were observed after 24 hours of treatment. However, the expression of Glo1 could be reduced only by curcumin, due to the possible fact that resveratrol and piperine affect the activity of Glo1 in a posttranslational manner (96). Similar conclusions were also obtained to confirm the effect of curcumin on Glo1 (97, 98).

Moreover, distant metastasis would be present in 15% of patients with breast cancer, and contribute to approximately 90% of cancer-associated mortality (99). Thus, determining potential key regulators in the process of cancer metastasis seems to be increasingly important. According to a recent report, in patients with stage III−IV breast cancer, Glo1 and PKCλ may be cooperatively involved in cancer progression and patients with high Glo1 and PKCλ expression had worse prognosis (87). In addition, the Glo1 inhibitor, TLSC702, and the PKCλ inhibitor, aurothiomalate, may serve as novel pharmacological approaches to manage late−stage breast cancer through suppressing both cell viability and tumor−sphere formation in MDA−MB−157 and MDA−MB−468 human basal−like breast cancer cells. However, there is absence of in vivo studies using TLSC702 or aurothiomalate, further investigation of the inhibitors is needed in future.

It is worth noting that in the study of Marie-Julie Nokin et al., a tumor-suppressing role of Glo1 in breast cancer cells was identified for the first time (100, 101). Silencing of Glo1, bearing a higher level of MGO, promoted tumor growth and metastasis in vivo and Glo1-depleted breast cancer cells induced a significant increase in pulmonary tumor burden. A similar role of Glo1 has also been validated in hepatocellular carcinoma and downregulation of Glo1 enhanced tumor growth (102). The mechanism was further revealed that metastasis was associated with the activation of MEK/ERK/SMAD1 cascade in breast cancer cells (101). Moreover, this study investigates therapeutic potential of MG scavengers, including carnosine and aminoguanidine, as promising target in the management of metastatic breast cancer.

In fact, these seemingly contradictory data might be explained by the effect exerted by MGO on cancer cells that is defined by low-dose stimulation and high-dose inhibition of tumor metastasis (103). Thus, it is necessary to determine the MGO concentrations when Glo1 inhibitor applied.



6. Endometrial Cancer

Endometrial cancer is the most common gynecological malignancy in the United States, and its related mortality is on the rise (104). Surgical staging system including laparoscopic total hysterectomy, bilateral salpingo-oophorectomy, and sentinel lymph-node mapping, has been adopted. Most cases are diagnosed in the early stage of the disease, presenting with vaginal bleeding. Hence, the prognosis is good, with the overall five year survival rate being 90.88% for patients staged as IA using the FIGO 1988 surgical classification (105). However, challenges still remain, including increasing radical disparities in mortality (106).

6.5% of the patients suffered from endometrial cancer are younger than 45 years of age (107). Women of childbearing age prefer to preserve their fertility for future opportunities to give birth, rather than receive the standard surgical treatment of total hysterectomy with bilateral salpingo-oophorectomy, sentinel lymph node mapping and pelvic/para-aortic lymphadenectomy when necessary. Fertility preservation is suitable for young women with stage I, grade I adenocarcinoma. Thus, alternative treatments involving synthetic progestins, including medroxyprogesterone acetate (MPA), are the mainstays of such management. Unfortunately, about 30% of said alternatively treated cases, fail to respond to progestins initially. Although the response rate is approximately 70%, 57% of patients relapse and develop drug resistance (108). In brief, progestin resistance restricts the validity of progestin treatment. Zhang et al. reported that the expression of Glo1 in progestin-resistant Ishikawa cells was increased 2.4-fold higher than that in parental cells. This suggests that Glo1 is related to progestin resistance in endometrial cancer. Further, metformin, an insulin sensitizer, can downregulate Glo1 expression to enhance the response to MPA treatment by blocking PI3K-mTOR activation (109). In another study, metformin sensitizes progestin in endometrial cancer through downregulation of Ten-eleven translocation 1 (TET1), a dioxygenase responsible for transferring 5-methylcytosine into 5-hydroxymethylation and CpG islands enriched in the promoter region of Glo1 are possible target of TET1. Therefore, metformin enhances progestin sensitivity underlying the potential mechanism of TET1/5hmC/GLOI signaling pathway (110). Therefore, the combination of metformin and MPA is likely an effective strategy for conservative treatments of endometrial cancer and accumulating evidence suggests that Glo1 is a potential target gene of metformin.

Traditionally, chemotherapy has been extensively used an adjuvant treatment for endometrial cancer. However, in this case, the initial reaction of malignant endometrial tumor cells to chemotherapy turns refractory over time, resulting in high rates of chemoresistance (111). There is an urgent need to address this issue. Considering that obesity and diabetes are risk factors for the incidence of endometrial cancer, it may be partly caused by metabolic disorders (112). Metformin, a well-tolerated biguanide drug, has been implicated in the treatment of various tumors, including endometrial cancer. According to research, compared with cisplatin and paclitaxel alone, as the first-line chemotherapeutics for endometrial cancer therapy, the administration of metformin strongly inhibits the proliferative activity of tumor cells (113). Further investigation of the possible molecular mechanism by which metformin enhances, chemotherapeutic drug-mediated cytotoxicity, revealed that increasing the dose of metformin reduces the expression of Glo1 protein. This indicates that metformin can enhance sensitivity to chemotherapeutic drugs in endometrial cancer by downregulating Glo1 expression. In fact, since overexpression is present in various cancers, aberrant expression of Glo1 is involved in drug resistance (85, 114). Thus, the expression pattern of Glo1 may play an important role in cancer proliferation.

Previous research has shown that the expression of Glo1 is upregulated in a variety of human malignancies, including melanoma, gastric cancer, pancreatic cancer, breast cancer, renal cancer, prostate cancer (5, 74, 80, 88, 115, 116). This result is similar to that of Sakamoto, who determined that Glo1 enzyme activity was elevated in all 38 human cancer cell lines compared to normal tissue samples (117). High expression of Glo1 is permissive for the survival of tumors with a relatively high flux of MGO formation. Furthermore, elevated Glo1 expression is associated with multidrug resistance in cancer chemotherapy (59). Davies et al. treated doxorubicin-resistant K562 leukemia cells with troglitazone, an insulin sensitizer, and drug resistance was reversed by downregulating the expression of Glo1 (114). The key to inhibiting Glo1 expression to reverse drug resistance lies in promoting cell apoptosis, and there are several potential mechanisms, as described below, although the exact mechanisms are not clear yet. Inhibiting Glo1 expression can result in MGO accumulation to cytotoxic levels that then cause cell death by apoptosis. Therefore, this mechanism is likely caused by increased intracellular MGO, as induced by antitumor agents. On the one hand, MGO has been proven to simulate the release of cytochrome C from mitochondria and subsequently induce apoptosis by modifying the mitochondrial permeability transition pore (118). In addition, nucleic acids and free amino groups in anti-apoptotic proteins can be modified by MGO, thus potentially leading to apoptosis. For example, MGO may enhance the anti-apoptotic activity of Hsp27 by inhibiting the activation of caspase-3 and caspase-9 mediated by cytochrome c to protect cancer tumors from cell deaths (119–121). In this way, compared to cells with low endogenous MGO-modified Hsp27, lung cancer cells with high expression of MGO-modified Hsp27 are resistant to cisplatin-induced apoptosis (119). Similarly, MGO-modified Hsp27 has been found in melanoma, lung, and gastrointestinal tumors (119, 120). Accordingly, Glo1 inhibitors can induce the activation of p38 and JNK stress-activated kinases; which activates downstream caspases in Glo1-overexpressing tumor cells to induce apoptosis (117, 122). Godbout et al. found that the cisplatin-induced apoptosis of myeloma cells was promoted by MGO through activation of protein kinase Cσ (118). Although these results suggest that MGO plays an important role in inhibiting the expression of Glo1, the exact mechanism requires further exploration. According to the literature in the field of endometrial cancer, we found that metformin was an effective inhibitor of Glo1 that had antitumor activity, although the intrinsic mechanism needs to be explored further.



7. Ovarian Cancer

Although the incidence of ovarian cancer is not as high as that of other cancers, such as endometrial cancer, it is the most lethal of the female reproductive tract malignancies in the United States (123). Owing to a lack of suitable screening methods, diagnosis is possible only at an advanced stage for most patients; however, at this stage, the tumor has usually spread to the peritoneal cavity and upper abdominal organs, leading to poor prognosis (124). The standard treatment for ovarian cancer focuses on cytoreductive surgery followed by postoperative adjuvant chemotherapy (125). At present, the five-year survival rate is approximately 47% even in countries with advanced medical technology such as the United States and Canada, mainly due to late diagnosis, recurrence, and chemoresistance (126).

Currently, the gold standard for diagnosis relies on pathological biopsy, and early screening methods are limited. Some existing biomarkers such as carbohydrate antigen 125, human epididymis protein 4, may be helpful in screening, but the wide application is hampered by their poor sensitivity or specificity. Thus, it is very necessary to identify novel biomarkers for early detection of ovarian cancer. Considering the fact that blockade of the RAGE-ligand pathway represents a novel target for some cancer therapy (127–130), the researchers have further investigated the role of RAGE in ovarian cancer development. Data showed that RAGE expression was upregulated in ovarian cancer tissue compared with matched normal tissue (131). Moreover, a significant relation between high RAGE expression levels and poor clinicopathological features, such as tumor size, depth of stromal invasion, lymphovascular invasion and stage of tumor was observed, suggesting an important role of RAGE in ovarian cancer progression. In the present study, the area under the curve value was 0.86 for RAGE, implying a relatively high sensitivity and specificity for the RAGE mRNA level to differentiate between malignant and non-malignant tissues. Thus, the overexpression of RAGE may be a potential biomarker for diagnosis of ovarian cancer. Consistent with our results, Poljicanin et al. also came to a similar conclusion (132).

In addition, most ovarian cancers originate from a single layer of surface epithelial cells (OSE), accounting for only a small proportion of the total ovarian mass (133). Apparently, normal OSE cells from women with a family history of ovarian cancer and breast cancer are different from women without phenotypic and/or genotypic family history. Smith Beckerman examined the proteomes of both SV-40-transformed FH-OSE cell lines and control OSE lines. Expression of several proteins appeared to be elevated in the FH-OSE cells, including Glo1, suggesting that high expression of Glo1 is related to the occurrence and progression of ovarian cancer (134). Although ovarian tumors at an early stage are highly curable (135), more than 70% of cases are not diagnosed until the tumor has progressed to advanced stages (136), reflecting the potential high morbidity and mortality caused by presentation with advanced-stage disease. Monica Brown Jones revealed a high degree of overexpression of Glo1 in invasive ovarian cancers compared with the low malignant potential ovarian tumors. Her work combined the technique of laser capture microdissection of epithelial tumor cells in human tissue specimens with two-dimensional gel electrophoresis (137). Results suggest that Glo1 may be a potential marker for early detection and therapeutic targets unique to the invasive phenotype.

The exact mechanisms of Glo1 in the ovarian cancer remain unknown and Glo1 may be used as a therapeutic target in the future. Thus, more investigations are encouraged to provide more reliable data.



8. Cervical Cancer

The cause of cervical cancer is clear, being mostly associated with the sexually transmitted persistent human papilloma virus infection. The key to intervention lies in primary and secondary prevention (138). Standard treatment after diagnosis consists of surgical resection and concurrent chemoradiation according to the stage of the tumor and clinicopathologic risk factors. Although the number of cervical cancer cases has decreased in developed countries in the past decade, its incidence has continued to rise rapidly in developing countries (139). According to the latest cancer statistics, cervical cancer is ranked fourth in terms of morbidity and is one of the main causes of death for women with malignant tumors, with approximately 604,000 new confirmed cases as well as 342,000 death cases worldwide in 2020 (140). Thus, cervical cancer still represents a major public health problem globally and there is an urgent need for improved therapeutic options to reduce the burden.

In recent years, more and more researchers have paid attention to phyto chemicals present in various plants, with properties being time tested usage and low toxicity. Hence, Raj Kumar et al. assessed pharmacological action of the inhibitor of Nrf-2, Galangin, an active component of galangal, present in many traditional medicines. Previous reports have confirmed that Galangin contributes to health ranging from antioxidant effect to synergestics anticancer effects with other medicine (141, 142). In the present study, Galangin can modulate Nrf-2 levels to induce cell death and inhibit metastatic potential in human cervical cancer cell line (HeLa) cells in vitro. This occurs by downregulating the expression of Glo1 in concentration dependent manner and increasing the damage caused by MGO and oxidative stress (143). In fact, the cytotoxicity of Galangin has been proven in other cancer cell lines, such as human colon cancer cells, melanoma cells, and renal carcinoma cells (144–146). However, little research has been conducted on the role of glyoxalases in cervical cancer. More research is needed along these lines to inform future applications.



9. Concluding Remarks

Glyoxalases are often overexpressed in various tumor tissues and they play an important role in tumor proliferation, migration, survival, and drug resistance. In this review, we introduce the role of the glyoxalase system in breast cancer and gynecological cancer, including endometrial cancer, ovarian cancer and cervical cancer. The main function of the glyoxalase system is to metabolize MGO and other reactive acyclic a-oxoaldehyde metabolites, to maintain them at a low level to prevent cell and tissue dysfunction. In most cases, Glo1 overexpression correlated with aggressive clinicopathological features and poor prognosis. However, a tumor-suppressing role of Glo1 has also been identified in breast cancer cells. Due to the possible effect exerted by MGO on cancer cells that is defined by low-dose stimulation and high-dose inhibition of tumor metastasis, it is necessary to determine the MGO concentrations when Glo1 inhibitor applied. These data demonstrated the potential of the glyoxalase system to be as a target for diagnosis and suggested that agents designed to regulate Glo1 may provide a promising method to cancer prevention and therapy. However, the intrinsic molecular biology and mechanisms of the glyoxalase system in breast cancer and gynecological cancer remain to be further elucidated. Therefore, further research is needed in this area.
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Sample ID Pathology Stage HPV16/18 HPV integration Chromosomal site

Punctate Diffuse 8g24 3pi14 3qg28 5p15 3g22

1005 scc I A 2% 2%
1007 scc Il A 9% 17% 5%

1009 scc | A 19% 17% 47% 1% 10%
1011 SCC 1 A 7% 6% 2% 10%
1013 SCC | A 3p14 3% 88% 7% 24% 4%

1015 scc 1 A 5p15 6% 99% 9%

1017 scc 1 A 2% 5%

1023 scc 1 A 9%

1025 scc Il A 4% 3% 28% 26% 8%

1053 scc 1 A 3% 13% 6% 5%

1055 scc | A 2% 1% 7%

1071 scc | A 5% 2%

1073 scc | A A 7% 3% 13%
1075 SCC 1 A A 10% 1% 1% 2% 5%

1083 scc 1 A A 19% 22% 6% 15% 6%

1087 scc 1 A 10% 6%

1095 scc | A 4%

1097 SCE 1 A 3% 7% 4%

1101 SCC Il A 4% 5%

1103 scc | A A 10% 1% 8% 24%

111 scc | A A 1% 6% 10% 8% 3%

117 SCC 1 A 6%

1123 SCC | A 14% 4%

1135 AD | A

1141 scc | A 8% 3%

1142 scc | A 8% 27% 6%

1143 scc Il A 7%

1151 scc 1 A 3p14 67% 16% 16%

1162 scc 1 A 3% 4% 2%

1166 scc Il A 4% 13% 1%
1168 SCC I A 13%

1169 SCC | A A 12% 9%

1173 scc Il A 13q22 10% 13% 83%
1174 scc 1 A 7% 14% 8%

1175 scc Il A 8%

1293 scc in A 8024 100% 8% 14% 18%
1295 sce | A A 6% 6% 21% 8% 18%
1297 SCC | A 13% 12%

1299 scc | A A 2% 5% 6% 9%

1301 SCC 1 A 2% 4% 14% 10%
1303 scc 1] A A 2% 1% 12% 5% 26%
1305 scc 1 A 15% 3% 13%

1307 scc | A 5%

1309 scc | A A 3% 14% 7%

1311 scc | A 9% 6% 23%
1313 AD 1 A 10% 35% 12%
1317 scc 1 A 7% 5% 7%

1319 scc | A 4% 10% 6%

1321 SCC | A 5% 20% 27% 5%

1325 scc Il A 3p14 1% 14% 1% 9%

1329 scc | A 6% 26% 1% 3% 5%

1331 scc Il A 3% 26% 8% 5%

1335 scc | A 5% 15% 5% 4%

1339 scc Il A 4% 13% 2% 20%
1342 SCC | A 8q24 67% 3% 16%

1343 scc 1 A 20% 13% 29% 14% 8%

1344 SCC 1 A 4% 2% 3% 9%

1345 SCC 1 A 8% 3% 5%

1346 scc 1] A A 12% 16% 5% 20% 17%
1347 scc | A A 27% 7% 6% 24%
1348 scc | A 2% 9% 16%
1351 scc | A 4% 19% 2%

1352 sce | A 7%

1353 sce [ A 5%

1356 sSCC % A 6% 12% 1%
1357 scc [ A 3% 5% 18% 7%
1360 scc | A 6% 1% 7% 17%
1361 scc I A 6% 7% 2% 2% 10%
1362 scc I A 3% 17%

1363 scc I A 4% 7% 9% 15% 17%
1364 scc I A 9% 5% 3%
1365 scc | A 14%

1366 sce [ A 5% 6%
1367 scc | A 3p14 82% 3% 9% 4%
1368 scc | A 2% 23% 2%

SCC, squamous cell carcinoma; AD, adenocarcinoma. The bold values indicate ratio more than 60%.
A HPV16 positive and/or HPV18 positive.
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Model

Primary group
Radiomics
nomogram
Radiologist 1
Radiologist 1

+ nomogram
Radiologist 2
Radiologist 2

+ nomogram
Validation group
Radiomics
nomogram
Radiologist 1
Radiologist 1

+ nomogram
Radiologist 2
Radiologist 2

+ nomogram

AUuC
(95% CI)
0.96 (0.92-0.99)

0.80 (0.70-0.91)
0.98 (0.93-1.00)

0.86 (0.76-0.95)
0.98 (0.93-1.00)
0.88 (0.80-0.96)

0.82 (0.71-0.93)
0.94 (0.86-1.00)

0.83 (0.72-0.94)
0.94 (0.87-1.00)

p value®

0.009
0.061°

<0.001°
0.009°
0.405°
0.450°

0.023°

0.021°

SEN

100%

66.7%
95.2%

76.2%

95.2%

72.2%

66.7%
88.9%

66.7%
88.9%

SPE

83.15%

94.0%
100%

95.2%

100%

89.6%

97.7%
98.8%

98.8%
100%

ACC

86.5%

88.5%
99.0%

91.3%

99.0%

86.7%

92.4%
97.1%

93.3%
98.1%

NPV

1.00

0.92
0.99

0.94

0.99

0.94

0.93
0.98

0.93
0.98

PPV

0.60

0.74
1.00

0.80

1.00

0.59

0.86
0.94

0.92
1.00

ACC, accuracy; AUC, area under the curve; Cl, confidence interval; SEN, sensitivity; SPE, specificity; NPV, negative predictive value; PPV, positive predictive value.

%s. radiologist 1.
bs. radiologist 2.

“Without vs. with the aid of the nomogram.
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Primary group

SMmi

DMI

P value

Validation group

SsMmi DMI p value
(n=83) (n=21) (n=87) (n=18)
Age (year) 39.9+46 M4227 0.051 38.0+42 423:28 <0.001
CA125 (U/ml) 250+20.3 47.9+187 <0.001 16.4 +9.1 40.0+29.3 0.003
Tumor size (mm) 449 + 16.5 418+ 164 0.437 46.5 £ 171 426 +10.7 0.220
Radscore 0.12+0.2 0.52 £0.2 <0.001 017 £0.2 0.35 £ 0.2 0.006
ER (+/-) 53/30 6/15 0.008 59/28 71 0.041
CK7 (+/-) 50/33 10/11 0.685 76/11 12/6 0.069
PR (+/-) 41/42 15/6 0.118 63/24 9/9 0.113
Ki67 (+/-) 5/78 417 0.144 17/70 414 1.000
P53 (+/-) 40/43 12/9 0.625 63/24 8/10 0.042
Radiologist 1 <0.001 <0.001
sMmi 78 (94.0%) 7 (33.3%) 85 (97.7%) 6(33.3%)
DMI 5 (6.0%) 14 (66.7%) 2 (2.3%) 12 (66.7%)
Rad 1 + nomogram <0.001 <0.001
SMI 83 (94.0%) 7 (33.3%) 86 (98.9%) 2(11.1%)
DMI 5 (6.0%) 14 (66.7%) 1(1.1%) 16 (88.9%)
Radiologist 2 <0.001 <0.001
SMI 79 (95.2%) 5(23.8%) 86 (98.9%) 6(33.3%)
DMI 4.(4.8%) 16 (76.2%) 1 (1.1%) 12 (66.7%)
Rad 2 + nomogram <0.001 <0.001
SMI 83 (100%) 1(4.8%) 87 (100%) 2(11.1%)
DMI 0 (0%) 0 (95.2%) 0 (0.0%) 16 (88.9%)
Tumor grade 0.017 0.141
Grade 1 64 (77.1%) 10 (47.6%) 70 (80.5%) 11 (61.1%)
Grade 2 19 (22.9%) 11 (62.4%) 7 (19.5%) 7 (38.9%)

Continuous variables are presented as the mean + standard deviation.

+/-, positive/negative; CA125, cancer antigen 125; DMI, deep myometrial invasion; EEC, endometrioid adenocarcinoma; FIGO, International Federation of Obstetrics and Gynecology; SD,
standard deviation; SMI, superficial myometrial invasion; Rad, radiologist.
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Variables

Age

CA125

Tumor size (mm)
ER

PR

CK7

Kie7

P53

CA125, cancer antigen 125; ER, estrogen receptor; PR, progesterone receptor.

Univariate analysis

0Odds ratio

1.01
1.01
1.00
0.79
1.15
0.95
1.30
1.06

95% CI

1.00-1.03
1.00-1.01
0.99-1.00
0.68-0.92
0.99-1.35
0.81-1.11
0.99-1.71
0.91-1.24

p-value

0.141
<0.001
0.435
0.003
0.072
0.518
0.059
0.469

Multivariate analysis

0Odds ratio

1.01
1.01
1.00
0.75
1.26
1.06
1.25
1.04

95% Cl

0.99-1.02
1.00-1.01
1.00-1.00
0.62-0.90
1.06-1.50
0.86-1.30
0.97-1.59
0.88-1.25

p-value

0.274
<0.001
0.706
0.002
0.011
0.586
0.082
0.629
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Morphological features (1) In combination of a variety of growth patterns including tubular, glandular, papillary, retiform, glomeruloid, sex-cord like, spindle cells, and
solid;
(2) Columnar to cuboidal cells with distinctive nuclear features resembling those seen in papillary thyroid carcinoma, such as nuclear grooves,
nuclear overlap, and open chromatin;

3) The presence, at least focally, of densely eosinophilic intraluminal secretions in the tubules;

4) The lack of marked nuclear atypia and pleomorphism, and unequivocal squamous differentiation.

1) Mostly positive for GATA3 and TTF1, and less commonly for calretinin and luminal CD10;

(2) Patchy P16 and “wild type” P53 expression;

(3) Negative for estrogen receptor (can be focally positive) and progesterone receptor.

Molecular genetic Somatic KRAS mutations (in up to 90% cases), with or without mutations in PIK3CA, PTEN, and CTNNBT.

features

(
(
Immunohistochemical ~ (
features (¢
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Patient No. Age Symptoms Size (cm) FIGO stage Treatments Follow-up (mo)

1 80ys Postmenopausal bleeding for 3ys 6 B HYS+BSO Dead of disease (24)

2 63ys Postmenopausal bleeding for 1ys 3.3 nc HYS+BSO+PL+RT+CT(carboplatin+doxorubicin)  NED (56)

3 56ys  Abdominal pain for 1ys 2 B HYS+BSO+PL+CT(carboplatin+taxol) Lung metastasis (13), NED (18)
4 73ys Postmenopausal bleeding for2 mo 3.5 B HYS+BSO+PL+CT(carboplatin+doxorubicin) NED (8)

BSO, bilateral salpingo-oophorectomy; CT, chemotherapy; HYS, hysterectomy; NED; no evidence of disease; PL, pelvic lymphadenectomy: RT, radiotherapy.
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Case Architectural patterns Cytologic features Intraluminal Intraluminal LvI

No. - eosinophilic comedo-like
Papillary Glandular Tubular Cribriform Solid Slit- Columnar to cuboidal  Hobnail Spindle secretions necrosis
like cells with nuclear
grooves
1 80% 20% YES NO NO NO. Extracellular YES NO
mucus
2 90% 10% YES YES NO YES NO YES
3 10% 10% 40% 30% 5% 5% YES NO YES YES YES YES
4 15% 30% 30% 20% 5% YES NO YES YES YES YES

L VI, lymphovascular invasion.
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Case No. ER/PR PAX8 GATA3 TTF-1 CD10 (luminal) P53 P16 Calretinin
1 -/ ND focally + ND ND WT ND ND

2 -/- ND focally + focally + focally + WT patchy+ focally +
3 -/- diffusely + diffusely + diffusely+ focally + WT patchy+ focally +
4 -/- diffusely + diffusely + focally + focally + WT patchy+ focally +

negative.
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Case No. Case 1 Case 2 Case 3 Case 4
Mutations PTEN: exon 8 DUSP2:exon2 PIK3CA:exon9 PIK3CA:exon20
¢.974T>G(p.L325R). VAF:78.85% ¢.504C>G(p.Y168"). VAF:77.55% ¢.1637A>G(p.Q546R). VAF:52.6% ¢.3145G>C(p.G1049R).
Uncertain significance Uncertain significance Likely pathogenic VAF:45.9%
Likely pathogenic
KRAS: exon2 KRAS: exon2 SMARCB1:exon8 CHD4:exon25
©.35G>C(p.G12A). VAF:72.29%  ¢.35G>T(p.G12V). VAF:69.45%  ¢.1091_1093del ¢.3740T>C(p.11247T).
Likely pathogenic Likely pathogenic (p.K364del).VAF:14.87% VAF:2.08%
Uncertain significance Uncertain significance
ATM:exon50 SMAD4:exon8 MYCN:exon2
C.7466C>T(p.S2489F). ©.913C>A(p.H305N).VAF:31.61% ¢.131C>T(p.P44L). VAF:11.52%
VAF:35.14% Uncertain significance Uncertain significance
Uncertain significance
ATM:exon10 PIK3CA:exon1
©.1372_1382dup (p.E461Dfs*16).  ¢.277C>T(p.RI3W). VAF:29.91%
VAF:21.69% Uncertain significance
Uncertain significance
KMT2C:intron7 DPYD:exon21
¢.1012+1G>A. VAF:8.67% ¢.2737A>G(p.1913V).
Uncertain significance VAF:23.62%
Likely benign
TMPRSS2:exon3 PTCH1:exon23
¢.230A>C(p.H77P). VAF:8.11% C.4282G>A
Uncertain significance (p.E1428K).VAF:22.68%
Uncertain significance
TACC3:exon9
¢.1787G>A(p.R596Q).
VAF:20.33%
Uncertain significance
CNV NKX2-1 (CN:4.2)
TMB (per 7.4 mutations 7.4 mutations 3.2 mutations 2.1 mutations
megabase)
Microsatellite No mutations in DNA mismatch repair genes were detected
analysis

CN, copy number; CNV, copy number variation; TMB, tumor mutational burden; VAF, variant allele frequency.
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Characteristics No.

Total Cases 293
Age (<50) 176
Age (>=50) 1
clinical_stage (Stage I 159
clinical_stage (Stage Il 64
clinical_stage (Stage Ill) 81
clinical_stage (Stage IV) 22
neoplasm_histologic_grade (G1) 19
neoplasm_histologic_grade (G2) 129
neoplasm_histologic_grade (G3) 118
neoplasm_histologic_grade (G4) 1
neoplasm_histologic_grade (GX) 24
new_tumor_event_after_initial_treatment (NO) 15
new_tumor_event_after_initial_treatment (YES) 12
pathologic_M (M0) 107
pathologic_M (M1) 11
pathologic_M (MX) 127
pathologic_N (NO) 129
pathologic_N (N1) 56
pathologic_N (NO) 65
pathologic_T (T1) 137
pathologic_T (T2) 68
pathologic_T (T3) 16
pathologic_T (T4) 11

pathologic_T (TX) 18
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Gene

cb27

EDA

FASLG

TNF
TNFRSF10B
TNFRSF12A
TNFRSF13C
TNFRSF14
TNFRSF9
TNFSF13B

HR. hazard ratio: Cl, Confidence interval.

HR

0.58

2.016
0.638
1.489
1.63

1.541
0.317
0.675
0.449
0.619

Lower 95% CI

0.421
1.222
0.423
1.118
1.064
1.159
0.1563
0.479
0.233
0.438

Upper 95% CI

0.798
3.327
0.96

1.982
2.498
2.05

0.656
0.95

0.863
0.874

p value

0.000838
0.00606

0.031296
0.00646

0.024742
0.002971
0.001956
0.024258
0.016397
0.00642
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Gene HR HR.95L HR.95H P value Cox Coefficient
cD27 0.690594 0.448524 1.06331 0.092726 -0.370
EDA 1.784758 1.058791 3.008489 0.029675 0.579
TNF 1.491831 1.13535 1.960239 0.00409 0.400
TNFRSF12A 1.496109 1.112881 2.011306 0.007623 0.408
TNFRSF13C 0.5658982 0.283221 1.103241 0.093596 -0.582
TNFRSF9 0.505494 0.211322 1.20917 0.125244 -0.682
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CD27 EDA TNF TNFRSF12A  TNFRSF13C  TNFRSF9

HR(95%CI) p-value HR(95%CI) p-value  HR(95%CI) p-value HR(95%CI) p-value  HR(95%CI) p-value HR(95%CI) p-value

BRCA 0.80(0.69-0.96) 0.0037 1.51(0.97-2.36) 0.04 # 0.95(0.78-1.56) 0.62 ! 0.93(0.81-1.08) 0.37 0.80(0.57-1.10) 0.15

oV 0.80(0.66-0.94) 0.0093  0.85(0.67-1.08) 0.17 0.98(0.88-1.08) 0.69 0.73(0.49-1.08) 0.1
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NAME

KEGG_GALACTOSE_METABOLISM

KEGG_N_GLYCAN_BIOSYNTHESIS
KEGG_GLYCOSAMINOGLYCAN_BIOSYNTHESIS_CHONDROITIN_SULFATE
KEGG_O_GLYCAN_BIOSYNTHESIS
KEGG_HYPERTROPHIC_CARDIOMYOPATHY_HCM
KEGG_PURINE_METABOLISM

KEGG_FOCAL_ADHESION

KEGG_TGF_BETA_SIGNALING_PATHWAY

KEGG_AXON_GUIDANCE

SIZE

25
46
22
30
83
159
199
86
129

ES

0.570
0.535
0.655
0.580
0.459
0.315
0.496
0.456
0.393

NES

1.751
1.786
1.716
1.644
1.567
1441
1.662
1.565
1.476

NOM p-val

0.011
0.016
0.020
0.021
0.030
0.031
0.034
0.040
0.042
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NAME SIZE ES NES NOM p-val
KEGG_B_CELL_RECEPTOR_SIGNALING_PATHWAY 75.00 -0.64 2,09 0.00
KEGG_PRIMARY_IMMUNODEFICIENCY 35.00 -0.88 -2.00 0.00
KEGG_INTESTINAL_IMMUNE_NETWORK_FOR_IGA_PRODUCTION 46.00 -0.80 -1.91 0.00
KEGG_T_CELL_RECEPTOR_SIGNALING_PATHWAY 108.00 -0.60 -1.94 0.00
KEGG_ARACHIDONIC_ACID_METABOLISM 58.00 -0.55 AT7 0.00
KEGG_CHEMOKINE_SIGNALING_PATHWAY 188.00 -0.55 -1.89 0.00
KEGG_ALDOSTERONE_REGULATED_SODIUM_REABSORPTION 42,00 -0.54 171 0.01
KEGG_FC_GAMMA_R_MEDIATED_PHAGOCYTOSIS 96.00 -0.48 -1.78 0.01
KEGG_FC_EPSILON_RI_SIGNALING_PATHWAY 79.00 -0.46 -1.69 0.01
KEGG_AUTOIMMUNE_THYROID_DISEASE 50.00 -0.72 -1.82 0.01






OPS/images/fonc.2022.877369/crossmark.jpg
©

2

i

|





OPS/images/fonc.2022.851367/table4.jpg
Reference Year Methods Datasets (Num. of images) Classes Results
Chankong et al. (41) 2014 Bayesian classifier KNN ANN ERUDIT (552) 4-class Accuracy 96.20%
2-class Accuracy 97.83%
Herlev (917) 7-class Accuracy 93.78%
2-class Accuracy 99.27%
LCH (300) 4-class Accuracy 95.00%
2-class Accuracy 97.00%
Borakden et al. (53) 2017 Ensemble classifier: LSSVM MLP RF Cell level (1610) 2-class Accuracy 99.07%
Specificity 98.90%
Smear level (1320) 3-class Accuracy 98.11%
Specificity 99.35%
Hervel (917) 2-class Accuracy 96.51%
Specificity 89.67%
Zhang et al. (54) 2017 CNN; Transfer learning Herlev (917) 7-class Accuracy 98.30%
Specificity 98.30%
HEMLBC (2370) 2-class Accuracy 98.60%
Specificity 99.00%
sensitivity 98.30%
Hussain et al. (52) 2020 CNN; Transfer learning LBC (own) (1670), Conventional(own) (1320) 4-class Accuracy 98.90%
Sensitivity 79.80%
Specificity 97.90%
Shi J et al. (55) 2020 CGN SIPAKMeD (4049) 5-class Accuracy 98.37%
Sensitivity 99.80%
MOTIC (25378) 7-class Accuracy 94.93%
Sensitivity 92.98%
Rahaman et al. (56) 2021 HDFF Herlev (917) 2-class Accuracy 98.32%
7-class Accuracy 90.32%
SIPAKMeD (4049) 2-class Accuracy 90.32%
5-class Accuracy 99.14%

KNN, K- Nearest Neighbor; ANN, Artificial Neural Network; LSSVM, Least Squares Support Vector Machine.
CNN, convolutional neural network; CGN, graph convolution network: HDFF, hybrid deep feature fusion techniques.
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Reference Year N Methods Databases Results

Yu et al. (32) 2018 1839 Risk score algorithm Cytological image HPV testing CIN2+ AUC 0.710
CIN3+ AUC 0.740

Bao et al. (60) 2020 703103 DL Cytological image CIN1+ Sensitivity 88.9%
Specificity 95.8%
CIN2+ Sensitivity 90.10%
Specificity 94.80%

CIN3+Sensitivity 90.90%
Specificity 94.40%
Bao et al. (61) 2020 2145 ResNet Cytological image CIN2+ AUC 0.762
CIN3+ AUC 0.755
Wang et al. (62) 2020 143 DL whole slide images (WSls) precision 93.00%
recall 90.00%,
F-measure 88.00%
Holmstrém O et al. (59) 2021 740 DL Cytological image HSIL+ AUC
0.9708Sensitivity 85.7%
Specificity 98.5%
Zhu et al. (63) 2021 980 AIATBS Cytological imageBiopsy
diagnosis results Sensitivity 94.74%

DL, deep learning; CNIN, convolutional neural network; AIATBS, artificial intelligence-assisted TBS; CIN, cervical intraepithelial neoplasia; AUC, area under the curve; HSIL, high squamous
intraepithelial fesion.
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Cell types Classification

Normal
Atypical squamous cells (ASC) (1) atypical squamous cells of uncertain significance (ASC-US)
(2) Highly squamous intraepithelial disease (ASC-H) cannot be ruled out;
(3) Low-grade squamous intraepithelial lesions (LSILs, equivalent to CIN1);
(4) Highly squamous intraepithelial lesions (HSILs), including CIN2 CIN3 and carcinoma in situ (CIS);
(5) Squamous cell carcinoma (SCC)
Atypical glandular cells (AGC) (1) Atypical glandular cells, not otherwise specified (AGC-NOS); (specify endocervical, endometrial, or not otherwise specified)
(2) Atypical glandular cells, favor neoplastic; (specify endocervical or endometrial)
(3) Endocervical adenocarcinoma in situ (AlS);
(4) adenocarcinoma (specify endocervical, endometrial, extrauterine, or not otherwise specified).
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Reference Year Aim of study

Number of subjects

Methods

Results

Wong etal. 2019 Identifying high-grade lesions and in
(29) triaging equivocal smears

Pathania D 2019 Point-of-care HPV screening

et al. (30)

TianRetal. 2019 Predicting cervical lesion grades
(31)

605 cervical cytology samples

Training sets: 13000 images
Validation: 35 cervical specimens
10 HPV+ cases

10 CIN1 cases

14 CIN2+cases

Decision tree, random forest
SVM-linear SVM-nonlinear
CNN

Random forest unsupervised
clustering

Specificity: 94.32%
Specificity: 90.91%
Specificity: 90.91%
Specificity: 90.91%
Sensitivity: down to a single
cell specificity: 100%
Accuracy 0.814

HPV. human papillomavirus; CIN, cervical intraepithelial neoplasia; SVM, support vector machine; CNN, convolutional neural network.
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Reference Year

Wang et al. (44) 2014
Song et al. (50) 2019
Zhao et al. (45) 2016
Gautam et al. (46) 2018

Number of subjects

362 cervical cellimages
(3722 cells)

8 cervical cell images
22 cervical images

917 single-cell images

917 single-cell images

Methods
Mean-Shift clustering algorithm
CNN
Superpixel-based

Markov random field

Patch-based CNN

CNN, convolutional neural network; DSC, dice similarity coefficient: ZSI, ziidenbos similarity index.

Datasets

Private

ISBI2015

Private

Herlev

The real-word Datasets

Herlev

Results

Sensitivity: 94.25%
Specificity: 93.45%
DSC: 0.84

DSC: 0.83

Herlev

Z8I of nuclei: 0.93
ZSI of cytoplasm:
0.82

DSC: 0.90
Precision: 89%
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Reference Year Aim of study Number of cases Methods Results

Lin et al. 2020 Cervical Cancer MRI Image 169 patients (training set DL Radiomics A dice coefficient: 0.82; Sensitivity: 0.89, PPV:0.92

(82) segmentation and location 144; validation set 25)

Wang et al. 2020 Segmentation: Prediction of 137 patients (training set ~ Radiomics Training set AUC T2WI: 0.797 T2WI and DWI0.780 (95% Cl)

(83) parametrial invasion 91; validation set 46) Validation set T2WI 0.946 (95% Cl) T2WI and DWI 0.921 (95% Cl)
Peng etal. 2019 Enhancing Cervical Cancer Not mention Wireless AUC 0.980

(84) MRI Image Segmentation network; DL

Yu et al. 2019 Assisting diagnosis of lymph 153 patients (training set Radiomics Training set AUC: 0.870Validation set AUC 0.864

(85) node metastasis 102; validation set 51)

Wu et al. 2019 Assisting diagnosis of lymph 189 patients (training set ~ Radiomics Training set AUC 0.895 Sensitivity 94.3%Validation set AUC 0.847
(86) node metastasis 126; validation set 63) Sensitivity 100%

Wang et al. 2019 Assisting diagnosis of lymph 96 patients (training set RadiomicsSVM  Training set C-index 0.893(P=4.311*10"%)Validation set C-index 0.922
(87) node metastasis 96; validation set 96) (P=3.412*10?)

Xiao etal. 2020 Assisting diagnosis of lymph 233 patients (training set Radiomics Training set C-index 0.856 (95% Cl)Validation set C-index 0.883
(88) node metastasis 155; validation set 78) (95% CI)

Wu et al. 2020 Assisting diagnosis of lymph 479 patients (training set DL AUC 0.933 (95% Cl)

(89)

node metastasis

338; validation set 141)
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Reference

Kim E et al. (68)

Song et al. (69)

Hu et al. (70)

Chao et al. (71)

Asiedu et al. (72)

Yuan et al. (26)
Miyagi et al. (73)

Miyagi et al. (23)

Xue et al. (74)

Yue et al. (75)

Venkatesan et al.

(76)
Peng et al. (77)

Year

2013

2015

2019

2020

2019

2020

2019

2019

2020

2020

2021

2021

Aim of the study

Detection of CIN2+

Detection of CIN2+

Detection of CIN2+

Detection lesions need to biopsy and
classification

Classification of cervical lesions

Classsification of cervical lesions
Classification of cervical lesions

Classification of cervical lesions

Classification of cervical lesions

Classification of cervical lesions

Classification of cervical lesions

Classification of cervical lesions

CAIADS, Colposcopic Artificial Intelligence Auxiliary Diagnostic System.

Number of
subjects

2000images

7669patients

9406patients

791 patients

134 patients

22330images
253patients

310images

19435patients

4753images

5679images

300images

Methods

SWM

MCNN

Faster-
CNN
CNN

SWm

CNN

CNN

CNN

CAIADS

CNN,

CNN

VGG16

Images

Cervicography

Cervicography

Cervicography

Optical colposcopy image

Digital colposcopy images

Digital colposcopy images
Traditional colposcopy
images

Traditional colposcopy
images

Digital colposcopy images

cervigram images

colposcopy photographs

colposcopy images

Results

Sensitivity 75.00%
Specificity 75.00%
Accuracy 80.00%
Sensitivity 83.21%
Specificity 94.79%
AUC 0.91

Sensitivity 85.20%
Specificity 88.20%
AUC 0.947
Accuracy 80.00%
Sensitivity 81.30%
Specificity 78.60%
Sensitivity 85.38%
Specificity 82.62%
Accuracy 83.30%
Sensitivity 95.60%
Accuracy 82.30%
Sensitivity 80.00%
Specificity 88.20%
LSIL Sensitivity 90.50%
Specificity 51.80%
HSIL Sensitivity
71.90%
Specificity 93.90%
Accuracy 96.13%
Sensitivity 95.09%
Specificity 98.22%
AUC 0.94
Accuracy 83.30%
Sensitivity 95.60%
Accuracy 86.30%
Sensitivity 84.10%
Specificity 89.80%





