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Abstract

:

Simple Summary


The soaring demand for endometrial cancer screening has exposed a huge shortage of cytopathologists worldwide. Deep learning algorithms, based on convolutional neural networks, have been successfully applied to the classification and segmentation of medical images. The aim was to establish an artificial intelligence system that automatically recognizes and diagnoses pathological images of endometrial cell clumps (ECCs). Total 39,000 ECCs (26,880 for training, 11,520 for testing and 600 malignant for verification) patches were obtained by the segmentation network. The training set reached 100% accuracy, the testing set gained 93.5% accuracy, 92.2% specificity, and 92.0% sensitivity. Therefore, an artificial intelligence system was successfully built to classify malignant and benign ECCs for reducing pathologists’ workload, providing decision-making assistance and promoting the development of endometrial cancer screening.




Abstract


Objectives: The soaring demand for endometrial cancer screening has exposed a huge shortage of cytopathologists worldwide. To address this problem, our study set out to establish an artificial intelligence system that automatically recognizes and diagnoses pathological images of endometrial cell clumps (ECCs). Methods: We used Li Brush to acquire endometrial cells from patients. Liquid-based cytology technology was used to provide slides. The slides were scanned and divided into malignant and benign groups. We proposed two (a U-net segmentation and a DenseNet classification) networks to identify images. Another four classification networks were used for comparison tests. Results: A total of 113 (42 malignant and 71 benign) endometrial samples were collected, and a dataset containing 15,913 images was constructed. A total of 39,000 ECCs patches were obtained by the segmentation network. Then, 26,880 and 11,520 patches were used for training and testing, respectively. On the premise that the training set reached 100%, the testing set gained 93.5% accuracy, 92.2% specificity, and 92.0% sensitivity. The remaining 600 malignant patches were used for verification. Conclusions: An artificial intelligence system was successfully built to classify malignant and benign ECCs.
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1. Introduction


Endometrial cancer (EC) has become the second most common malignant tumor in the female reproductive system, with about 378,400 new cases in 2018 worldwide [1]. With increasing life expectancy and altered living habits, the incidence of EC is on the rise, and patients tend to be younger [2,3]. The 5-year survival rate with appropriate treatment is more than 85% for localized, 49% to 71% for regional, and less than 17% for distant stages of EC [4]. Women exposed to high risks have been recommended to be screened. Screening for EC and precancerous changes has been strongly suggested for early diagnosis and to reduce morbidity and mortality [5].



Researchers on the early detection of EC focus on minimally invasive histopathologic and cytopathologic procedures [6]. An endometrial cytologic test (ECT) has been carried out in many countries, including Italy, the United States, and Japan. ECT was added into Japanese Law on health care for the elderly in 1987. The mortality from EC among Japanese high-risk women fell from 20% in 1950 to 8% in 1999 [7]. In the past 20 years, academics from different regions have put forward the invention and improvement of endometrial samplers and have recommended diagnosis systems for endometrial cytopathology [8,9,10]. Confirmed by diagnostic curettage, the sensitivity, specificity, and coincidence rate of a well-designed endometrial sampling device, Li Brush, were 92.73%, 98.15%, and 92.73%, respectively [11]. On the other hand, a large number of endometrial cytopathological slides need to be identified, which exposes the lack of pathologists.



With the development of artificial intelligence (AI) technology and the improvement of hardware computing power in recent years, deep learning (DL) in medical analysis is considered as a third eye for doctors [12]. DL algorithms, based on deep convolutional neural networks (CNNs), have been proven to strongly boost the development of biomedical image analysis [13,14]. CNNs are becoming a reference tool for pathologists and have been successfully applied to the classification and segmentation of medical images, reducing the workload of pathologists and providing decision-making assistance [15,16,17].



AI has been successfully used in recognizing pathologic images and identifying malignant and benign tumors. However, there are relatively few studies on EC recognition. In one study, a computer-aided morphology program was established to distinguish benign and malignant cells. Geometric and densitometric nuclear features were measured for analysis. However, the typical three-dimensional shape (crowded and overlapping nuclei) of the endometrium increased miscalculation [18]. In another experiment, an endometrial histopathological AI recognition system was built, though it had a relatively high false-negative rate because a few subtle features were undetectable at the cellular level [19]. Inspired by these studies, we developed a recognition system based on CNNs to automatically identify benign and malignant endometrial cell clumps (ECCs). The shortcomings of the two above studies will be overcome by analyzing the cellular clump’s structure and cytological characteristics.




2. Materials and Methods


2.1. Ethics Statement and Patients


The patients, who underwent curettage or hysterectomy, were recruited in the First Affiliated Hospital of Xi’an Jiaotong University from July 2015 to July 2020. This study was approved by the Ethics Committee of the First Affiliated Hospital of Xi’an Jiaotong University (XJTU1AHCR2014-007), and all patients signed written informed consent. The protocols were in compliance with the ethical principles for research that involves human subjects of the Helsinki Declaration for medical research [20].



Patients were excluded who had been diagnosed with suspected pregnancy or pregnancy, acute inflammation of the reproductive system, cervical cancer, or dysfunctional clotting diseases. Women with body temperature at or more than 37.5 °C were also excluded after being measured twice a day.




2.2. Preparation of Pathological Slides


We chose Li Brush (20152660054, Xi’an Meijiajia Medical Technology Co., Ltd., China) for endometrial cytological sampling (Figure 1a). Liquid-based cytology combined with Hematoxylin and Eosin staining was used for pathological slides of endometrial cells. The sampling, pathological slide, and staining procedures were described by Lu Han et al. [11]. Based on the endometrial cytological diagnostic criteria proposed by Chinese Expert Consensus [21], two experienced pathological professors (H.H. and G.S., with over 20 years of endometrial cytopathology experience) labeled all cytopathological slides and divided them into two classes: malignant (atypical cells of undetermined significance, suspected malignant tumor cells, and malignant tumor cells), and benign (non-malignant tumor cells). Slides with fewer than 10 or 5 ECCs were judged to be “unsatisfactory for evaluation” for premenopausal or postmenopausal women, respectively. Only a few isolated atypical or cancerous cells present were considered as satisfactory [22]. Histopathological diagnosis, acquired from the endometrium by curettage or hysterectomy, was regarded as the gold standard. Normal endometrium and endometrial hyperplasia without atypia were considered as benign; endometrial atypical hyperplasia and endometrial cancer were malignant. Only when consistent classification was reached between histology and the two pathologists’ cytology on a sample was the sample considered for the study. Otherwise, it was suspended [22].




2.3. Cytopathological Image Acquisition


We used a MOTIC digital biopsy scanner (EasyScan 60, 20192220065, Motic, Xiamen, China) to scan cytopathological slides (Figure 1b), using a lens with 200 times magnification (20×) to obtain whole slide images. A counterclockwise spiral scan was performed with a camera exposure time of 0.65 s per slide and automatic focal adjustment. Each scanned slide image was segmented into 1360 small images (1816 × 1519 pixels) (Figure 1b).




2.4. ECCs Image Annotation


Adobe Photoshop CC (2019 v20.0.2.30, Adobe Inc., San Jose, CA, USA) was engaged to sketch the edge of the ECCs. There is no doubt that ECCs from negative slides were all negative, but some ECCs were negative in positive slides. Thus, the two pathologists voted on the labels of each ECC again; when discordant voting results happened, they would have a discussion. If the discussion failed to conclude with an accurate diagnosis, the ECC was discarded. A benign diagnosis was defined as cell clumps with neat edges, nuclei with oval or spindle shape, and evenly distributed, finely granular chromatin [23,24]. Malignant diagnosis referred to a three-dimensional appearance, irregular (including dilated, branched, protruding, and papillotubular) edge, with the nucleus poloidal disordering or disappearing (including megakaryocyte appearance, nuclear membrane thickness, and coarse granular or coarse block chromatin) [23,25].




2.5. Segmentation Networks


The U-Net with jumping connection structure was selected to eliminate the interference of neutrophils and single cells, facilitating ECC extraction from each image. Figure 2 shows the U-Net architecture based on full convolutional networks. The U-Net architecture combined a down-sampling path to capture context and an up-sampling path to achieve precise localization. We calculated the probability that each pixel belonged to the cell clumps and normalized it. The collection of a detected cell clumps image was automatically marked as a region of interest (ROI) area. A total of 1000 images and their corresponding masks marked by pathologists were randomly selected for training. In order to describe the effect of the U-Net, we selected the Dice coefficient (a verification index of image segmentation accuracy) for evaluation.


  Dice =   2  | A    ∩  B |    A + B    











The Dice coefficient is at the pixel level; A represents the area where the real target appears, and B signifies the target area that showed the predicted result (Figure 3a).



The segmented mask often has small holes and residues (Figure 3b). We used morphological operations (first corrosion and then expansion) to eliminate small holes. The ROI set was input into a subsequent neural network for endometrial cytopathological screening.




2.6. Data Preprocessing


We input the cytopathologic images into a trained U-Net to obtain the patch set of cell clumps. The segmentation results were first obtained by the U-Net, and background images (free single cells and white cells) were removed. Then, we extracted all the cell clumps using the minimum outer rectangle. The size of all cell clusters was uniformly resized to 256 × 256 by filling the surrounding area with pixels of value 0.




2.7. Classification Network


The CNNs were used to capture the characteristics of ECCs: nuclear heterogeneity, nuclear size, ratio between nucleus and plasma, chromatin homogeneity, cell polarity, isolation and aggregation of cell clumps, regularity of cell clump’s edge, etc. We constructed a DL model with DenseNet201 being the backbone to classify malignant and benign cell communities. The training set was annotated by two cytopathologists. The final fully connected layer of DenseNet201 was replaced by a global average pooling layer, then a single fully connected layer. The specific architecture is shown in Figure 4, and the output results were classified into two categories (Figure 1c). Then, the classification network was pre-trained on ImageNet. Several groups were carried out for comparative experiments to find the best patch input size and iteration time. The iteration was set to be 50, 100, 150, and 500 epochs in the training process. The results showed that the network converged at 100 epochs, and a longer training time was not necessary (Figure 5a). We changed the size of the input patch to 32 × 32, 64 × 64, 128 × 128, and 256 × 256, respectively (Figure 5b). When the input patch size was 256 × 256, the best result was achieved.




2.8. Network Evaluation


We conducted comparative experiments on four CNNs (VGG16, InceptionV3, ResNet, and DenseNet) and one Support Vector Machine (SVM). The hyperparameters, all kept consistent, were as follows: Loss function (Binary Cross-Entropy), Initial learning rate (0.0001), Learning rate delay (0.5), Batch-size (8), and Adam optimizer. In addition, the SVM classifier used a radial basic function kernel with parameters of 0.0078 and 2. DenseNet gained the best result due to its advantage of featured graph jump connection (Figure 5c–e).



All experiments were performed on a personal computer equipped with a GeForce GTX2080 super (NVIDIA) graphics processing unit. Python programming language 3.6.12 (Python Software Foundation, Wilmington, DE, USA) with keras 2.4.3 (Google Brain, Mountain View, CA, USA) and Tensor Flow 2.2.0 (Google Brain, Mountain View, CA, USA) for neural networks was used for the training.




2.9. Statistical Analysis


The following indexes were calculated by the four-lattice paired hypothesis test for statistical analysis: accuracy (Acc), sensitivity (Se), and specificity (Sp). The confusion matrix and receiver operating characteristic (ROC) curve were used to visualize the classification effect. The definition criteria were as follows:


  Acc =        TP    +    TN           TP    +    FP    +    TN    +    FN       










  Se =   TP        TP    +    FN       










  Sp =   TN        TN    +    FP       












2.10. Plots and Charts


All the drawings were performed using the matplotlib package in Python and Matlab. The ROC curve of model performance was shown with specificity being the X axis and sensitivity being the Y axis. We used a bar chart to show the predictions from different CNNs and SVM. Line graphs were drawn to illustrate the results and compare performance between different groups.





3. Results


3.1. Baseline Characteristics


A total of 113 patients who met the criteria were enrolled for final analysis, among which 42 were malignant and 71 were benign. Table 1 lists the demographic data of these patients.




3.2. Dataset


A total of 15,913 annotated cell clump images were segmented on ×20 magnification digital slides. The average image size was 1816 × 1519 pixels by width and height. We used a trained U-Net to extract ECC patches from the 15,913 images and obtained 39,000 ECC patches. Divided in 7:3, 26,880 and 11,520 patches were used for training and testing. The remaining 300 benign patches and 300 malignant patches were included in a verification set.




3.3. Verification Set and Test Set


The prediction results of ECC patches were completely in accordance with the labels given by the pathologists. We randomly exhibit the results of eight (three malignant and five benign) validation patches (Figure 6A).



In the test set, the accuracy and specificity of the classifier were 93.5% and 92.2%, respectively. The DenseNet achieved a 95.1% area under the curve score (AUC). In addition, we compared the results with four other common classification models (Figure 5c–e).




3.4. False Results


DenseNet obtained a 5% false-positive rate and an 8% false-negative rate in the test set (Figure 5c). We randomly listed eight common failure patches in the test set. The six false-negative (missed diagnosis) patches included one well-differentiated endometrial adenocarcinoma, three endometrial atypical hyperplasia, and two poorly differentiated endometrial adenocarcinomas. In addition, two over-diagnoses occurred (Figure 6B).




3.5. Data Supporting


The results of this study are available from the corresponding authors (Qiling Li and Dexing Zhong). Because of hospital policy, the data cannot be made public.





4. Discussion


Principal Findings


For the first time, we introduced two neural networks based on deep convolution, namely U-Net and DenseNet, to segment ECC images and recognize patches, respectively. The DenseNet achieved 93.5% accuracy and 92.2% specificity. At the same time, this system was developed for screening, and the sensitivity of our algorithm was better than that of all the comparison ones, reaching 92.0%. The results indicated that the neural network has great feasibility and potentiality in endometrial pathological image recognition.





5. Results


It is well-known that a large amount of labeled data is often required to train a high-quality machine learning classifier through DL to complete a specific cancer classification task [26]. Due to the high amount of time and effort required for image annotation work, as well as the protection of patients’ privacy, there are currently few endometrial image datasets available to the public. Despite the limited dataset, our classifier performed well in the 10-fold cross-validation and in the external validation of 15,913 images.



5.1. Clinical Implications


At the beginning of the experiment, we considered that DL was able to automatically learn cancer’s information from pathological images [27]. We put the unlabeled benign and malignant images into the network for recognition and obtained 40–70% specificity (data not shown) from multiple networks, proving the method to be a failure. ECCs are quite different from non-cellular clumps in ecological appearance, cell morphological structure, and other pathological characteristics. U-net combines low-resolution information (to provide the basis for object category recognition) and high-resolution information (to provide the basis for precise segmentation and positioning), which is perfectly suitable for medical image segmentation. Combined with the pathological features in patients with ECCs, we chose the U-Net as the segmentation network to analyze and calculate the probability that each pixel belonged to the cell clumps. The detected cell clump images were automatically marked as ROI areas. The obtained ROI set was processed by a traditional image-processing algorithm to eliminate small holes. The ROI set was input into a subsequent neural network for cytopathological screening of the endometrium. We built a DL model with DenseNet201 as the backbone. The DL model was trained by the dataset annotated by cytopathologists, and the model was built to classify malignant and benign cell clumps. It turned out that our model alleviated the vanishing gradient problem, strengthened feature propagation, encouraged feature reuse, and outperformed ResNet50 with the same number of parameters. In order to compare the prediction performance of various DL algorithms on an experimental dataset, four commonly used CNNs were used to train different classifiers, namely VGG16, Inception-v3, ResNet, and DenseNet. The SVM classifier, which used features extracted by the CNN as input, had a better performance than the end-to-end CNN classifier [28,29]. Therefore, on the basis of previous experiments, the DenseNet had the best performance in extracting sample features to train the SVM classifier. In addition, a group of comparative experiments were also performed with traditional PCA + SVM machine learning method.



The results of the test set showed that the false-negative rate was twice as high as the false-positive rate. We analyzed all the missed and over-diagnosis images and randomly selected eight patches to illustrate the common error that occurred. There were two false positives: one patch of secretory phase endometrium and one patch of complex hyperplasia. One reason for this was that the endometrial cells were clustered and seriously overlapped. It was difficult to distinguish well-differentiated EC from the proliferative endometrium, and it was difficult to distinguish complex hyperplasia from atypical hyperplasia. Another reason was that the dysplasia coincidence rate between the cytological and histological pathological diagnosis was relatively low, which was 56% in some studies [30]. This was the main reason for their miscalculation.




5.2. Research Implications


Due to the development of liquid-based cytology and endometrial cell sampling in recent years, ECT has been gradually accepted as a simple, rapid, and economical endometrial screening method [31]. Moreover, AI can be applied to the pathological recognition of endometrial cells to promote screening. AI works steadily and indefatigably, and can quickly screen out suspicious malignant results, allowing pathologists to focus on the malignant results and improve the accuracy and efficiency of diagnosis [32].




5.3. Strengths and Limitations


This study had some limitations. First, although our images were labeled in a randomized and blind way, and histological diagnosis was used as control, and the two pathologists’ diagnoses were still somehow subjective. We hope that more recommendations from pathologists in different treatment centers will be included in follow-up studies regarding the proposed diagnostic system. Second, liquid endometrial cytological smear was used in our diagnostic system. At present, cell block technology can prepare slides with cell clumps and micro tissues, which is expected to further refine the diagnostic results and provide better diagnosis and treatment suggestions for clinical work [33]. We will focus on improving the performance of the classifier by training it with more samples, aiming at subdividing endometrial pathological types in future research.





6. Conclusions


This study confirmed that the recognition of DL has similar specificity and sensitivity to manual diagnosis. At the same time, the DL saves time and manpower. Therefore, the use of endometrial liquid-based cytology in combination with AI to identify ECC is reliable for EC screening and is able to reduce pathologists’ workload. By carrying out this form of screening work, cross-population, big data will be rapidly established, and the participation of scholars from different regions will greatly promote the development of precision medicine.







Author Contributions


Conceptualization, D.Z. and Q.L. (Qiling Li); Data curation, R.W. and Z.X.; Funding acquisition, Q.L. (Qiling Li); Methodology, Y.L., H.H., C.L., G.Z. and G.S.; Resources, Y.W., C.S. and L.H.; Writing—original draft, Q.L. (Qing Li) and R.W.; Writing—review & editing, L.Z. All authors have read and agreed to the published version of the manuscript.




Funding


This study was supported by the Clinical Research Award of the First Affiliated Hospital of Xi’an Jiaotong University, China (No. XJTU1AF-CRF-2019-002); the Natural Science Basic Research Program of Shaanxi (2017ZDJC-11, 2018JM7073); the Clinical Research Award of the First Affiliated Hospital of Xi’an Jiaotong University, China (XJTU1AF-2018-017); the Key Research and Development Program of Shaanxi (2017ZDXM-SF-068, 2019QYPY-138); the Innovation Capability Support Program of Shaanxi (2017XT-026, 2018XT-002); and the Medical Research Project of Xi’an Social Development Guidance Plan (2017117SF/YX011-3). The sponsors had no involvement in the study’s design, data collection, analysis, and interpretation, or in writing of the manuscript.




Institutional Review Board Statement


This study was approved by the Ethics Committee of the First Affiliated Hospital of Xi’an Jiaotong University (XJTU1AHCR2014-007), and informed written consent of all subjects was obtained prior to this study.




Informed Consent Statement


The participants provided their written informed consent to participate in this study.




Data Availability Statement


The raw data supporting the conclusions of this manuscript will be made available by the authors without undue reservation to any qualified researcher. All data generated or analyzed during this study are included either in this article or available from the correspondence authors.




Acknowledgments


We thank the staff in the Department of Obstetrics and Gynecology, the First Affiliated Hospital of Xi’an Jiaotong University for supporting with data collection.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Ferlay, J.; Colombet, M.; Soerjomataram, I. Estimating the global cancer incidence and mortality in 2018: GLOBOCAN sources and methods. Int. J. Cancer 2019, 144, 1941–1953. [Google Scholar] [CrossRef]

	



Feng, R.M.; Zong, Y.N.; Cao, S.M.; Xu, R.H. Current cancer situation in China: Good or bad news from the 2018 Global Cancer Statistics? Cancer Commun. 2019, 39, 22. [Google Scholar] [CrossRef]

	



Ganz, P.A. Current US Cancer Statistics: Alarming Trends in Young Adults? J. Natl. Cancer Inst. 2019, 111, 1241–1242. [Google Scholar] [CrossRef]

	



Siegel, R.L.; Miller, K.D.; Fuchs, H.E.; Jemal, A. Cancer Statistics, 2021. CA A Cancer J. Clin. 2021, 71, 7–33. [Google Scholar] [CrossRef]

	



Amant, F.; Mirza, M.R.; Koskas, M.; Creutzberg, C.L. Cancer of the corpus uteri. Int. J. Gynecol. Obstet. 2018, 143, 37–50. [Google Scholar] [CrossRef]

	



Nishida, N.; Murakami, F.; Kuroda, A. Clinical Utility of Endometrial Cell Block Cytology in Postmenopausal Women. Acta Cytol. 2017, 61, 441–446. [Google Scholar] [CrossRef]

	



Takeda, T.; Wong, T.F.; Adachi, T. Guidelines for office gynecology in Japan: Japan Society of Obstetrics and Gynecology and Japan Association of Obstetricians and Gynecologists 2011 edition. J. Obstet. Gynaecol. Res. 2012, 38, 615–631. [Google Scholar] [CrossRef] [PubMed]

	



Nakagawa-Okamura, C.; Sato, S.; Tsuji, I. Effectiveness of mass screening for endometrial cancer. Acta Cytol. 2002, 46, 277–283. [Google Scholar] [CrossRef]

	



Kipp, B.R.; Medeiros, F.; Campion, M.B. Direct uterine sampling with the Tao brush sampler using a liquid-based preparation method for the detection of endometrial cancer and atypical hyperplasia: A feasibility study. Cancer 2008, 114, 228–235. [Google Scholar] [CrossRef]

	



Remondi, C.; Sesti, F.; Bonanno, E.; Pietropolli, A.; Piccione, E. Diagnostic accuracy of liquid-based endometrial cytology in the evaluation of endometrial pathology in postmenopausal women. Cytopathology 2013, 24, 365–371. [Google Scholar] [CrossRef]

	



Han, L.; Du, J.; Zhao, L. An Efficacious Endometrial Sampler for Screening Endometrial Cancer. Front. Oncol. 2019, 9, 67. [Google Scholar] [CrossRef] [PubMed]

	



Fourcade, A.; Khonsari, R.H. Deep learning in medical image analysis: A third eye for doctors. J. Stomatol. Oral Maxillofac. Surg. 2019, 120, 279–288. [Google Scholar] [CrossRef] [PubMed]

	



Soenksen, L.R.; Kassis, T.; Conover, S.T. Using deep learning for dermatologist-level detection of suspicious pigmented skin lesions from wide-field images. Sci. Transl. Med. 2021, 13, eabb3652. [Google Scholar] [CrossRef] [PubMed]

	



Gulshan, V.; Peng, L.; Coram, M. Development and Validation of a Deep Learning Algorithm for Detection of Diabetic Retinopathy in Retinal Fundus Photographs. JAMA 2016, 316, 2402–2410. [Google Scholar] [CrossRef]

	



Colling, R.; Pitman, H.; Oien, K. Artificial intelligence in digital pathology: A roadmap to routine use in clinical practice. J. Pathol. 2019, 249, 143–150. [Google Scholar] [CrossRef] [PubMed]

	



Jha, S.; Topol, E.J. Adapting to Artificial Intelligence: Radiologists and Pathologists as Information Specialists. JAMA 2016, 316, 2353–2354. [Google Scholar] [CrossRef]

	



Bera, K.; Schalper, K.A.; Rimm, D.L.; Velcheti, V.; Madabhushi, A. Artificial intelligence in digital pathology—new tools for diagnosis and precision oncology. Nat. Rev. Clin. Oncol. 2019, 16, 703–715. [Google Scholar] [CrossRef]

	



Makris, G.M.; Pouliakis, A.; Siristatidis, C. Image analysis and multi-layer perceptron artificial neural networks for the discrimination between benign and malignant endometrial lesions. Diagn. Cytopathol. 2017, 45, 202–211. [Google Scholar] [CrossRef]

	



Sun, H.; Zeng, X.; Xu, T.; Peng, G.; Ma, Y. Computer-Aided Diagnosis in Histopathological Images of the Endometrium Using a Convolutional Neural Network and Attention Mechanisms. IEEE J. Biomed. Health Inform. 2020, 24, 1664–1676. [Google Scholar] [CrossRef]

	



The American Society for Bone and Mineral Research. Issue Information-Declaration of Helsinki. J. Bone Miner. Res. 2018, 33, BM i–BM ii. [Google Scholar] [CrossRef]

	



Yu, M.; Xiang, Y.; Ma, X.X. Advices on standards of endometrial cancer screening. Zhonghua Fu Chan Ke Za Zhi. 2020, 55, 307–311. [Google Scholar] [PubMed]

	



Margari, N.; Pouliakis, A.; Anoinos, D. A reporting system for endometrial cytology: Cytomorphologic criteria-Implied risk of malignancy. Diagn. Cytopathol. 2016, 44, 888–901. [Google Scholar] [CrossRef]

	



Norimatsu, Y.; Shimizu, K.; Kobayashi, T.K. Cellular features of endometrial hyperplasia and well differentiated adenocarcinoma using the Endocyte sampler: Diagnostic criteria based on the cytoarchitecture of tissue fragments. Cancer 2006, 108, 77–85. [Google Scholar] [CrossRef] [PubMed]

	



Yanoh, K.; Norimatsu, Y.; Hirai, Y. New diagnostic reporting format for endometrial cytology based on cytoarchitectural criteria. Cytopathology 2009, 20, 388–394. [Google Scholar] [CrossRef] [PubMed]

	



Cunningham, M.L.; Seto, M.L.; Hing, A.V.; Bull, M.J.; Hopkin, R.J.; Leppig, K.A. Cleidocranial dysplasia with severe parietal bone dysplasia: C-terminal RUNX2 mutations. Birth Defects Res. Part A Clin. Mol. Teratol. 2006, 76, 78–85. [Google Scholar] [CrossRef] [PubMed]

	



Dance, A. AI spots cell structures that humans can’t. Nature 2021, 592, 154–155. [Google Scholar] [CrossRef]

	



Yamamoto, Y.; Tsuzuki, T.; Akatsuka, J. Automated acquisition of explainable knowledge from unannotated histopathology images. Nat. Commun. 2019, 10, 5642. [Google Scholar] [CrossRef]

	



Araujo, T.; Aresta, G.; Castro, E. Classification of breast cancer histology images using Convolutional Neural Networks. PLoS ONE 2017, 12, e0177544. [Google Scholar] [CrossRef]

	



Xu, Y.; Jia, Z.; Wang, L.B. Large scale tissue histopathology image classification, segmentation, and visualization via deep convolutional activation features. BMC Bioinform. 2017, 18, 281. [Google Scholar] [CrossRef]

	



Papaefthimiou, M.; Symiakaki, H.; Mentzelopoulou, P. Study on the morphology and reproducibility of the diagnosis of endometrial lesions utilizing liquid-based cytology. Cancer 2005, 105, 56–64. [Google Scholar] [CrossRef]

	



Wang, Q.; Wang, Q.; Zhao, L. Endometrial Cytology as a Method to Improve the Accuracy of Diagnosis of Endometrial Cancer: Case Report and Meta-Analysis. Front. Oncol. 2019, 9, 256. [Google Scholar] [CrossRef] [PubMed]

	



Song, Z.; Zou, S.; Zhou, W. Clinically applicable histopathological diagnosis system for gastric cancer detection using deep learning. Nat. Commun. 2020, 11, 4294. [Google Scholar] [CrossRef] [PubMed]

	



Denny, J.C.; Collins, F.S. Precision medicine in 2030-seven ways to transform healthcare. Cell 2021, 184, 1415–1419. [Google Scholar] [CrossRef] [PubMed]








[image: Cancers 14 04109 g001 550] 





Figure 1. The process of obtaining images and recognition. (a) Sampling procedure; (b) cytological slides diagnosis; (c) classification using endometrial cytological images feature. 
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Figure 2. Segmentation network. The blue box represents the feature map. The yellow arrow represents 3 × 3 convolution and striding of 1 used for feature extraction; we set the padding as 1 to ensure that the size of the convolutional image at the same steps was stable. The gray arrow indicates skip-connection, which is used for feature fusion, and pure up-sampling will cause the loss of information. The red arrow indicates the 2 × 2 maximum pooling, which is used to reduce the dimensionality. The green arrow indicates up-sampling, which is used to restore the dimension. The cyan arrow indicates the convolution plus activation function, which is used to output the result. 
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Figure 3. The effect of segmentation. (a) Variation of segmentation accuracy with training epochs. Compared with the ground truth (mask was manually marked by the physician), the red areas were not predicted in the mask of the model training; compared with the ground truth, the green areas represent other predicted areas in the mask of model training. (b) The process of ECC acquisition. 
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Figure 4. The recognition network architecture for classifying endometrial cell clusters. The size of the input image is 256 × 256, and each 3 × 3 convolution is preceded by a 1 × 1 convolution operation. 
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Figure 5. The performance of our model and four other common DL models on the same validation set. (a) Description of the AUC corresponding to the network with different numbers of iterations. (b) Description of the AUC corresponding to the network with different image input sizes. (c) The confusion matrix of different networks under the same hyperparameter conditions. The horizontal axis was a true label, the vertical axis was the predicted label, and the lower false-negative rate was preferred. (d) The ROC curves of different models. (e) The precision, accuracy, sensitivity, and specificity of different models. 
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Figure 6. Presentation of true and false results. (A) A 100% consistency of results was achieved in the training set. Patches (a–c) showed the true positive, and patches (d–h) showed the true negative. (B) Analysis of false results in test set. The two false-positive (over diagnosis) patches (a,b) are exhibited. The six false-negative patches included one well-differentiated endometrial adenocarcinoma (c), three atypical hyperplasia (d–f), and two poorly differentiated adenocarcinomas (g,h). 
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Table 1. Patients characteristics.
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	Characteristics
	n





	Source
	



	Inpatient Department
	66



	Outpatient Department
	47



	Age
	



	<40 years old
	13



	≥40 years old
	100



	Menstrual Status
	



	Premenopausal
	51



	Postmenopausal
	66



	Abnormal uterine bleeding
	35



	Other Disease
	



	Ovarian cancer
	0



	Hypertension
	10



	Diabetes
	4



	Hormone replacement therapy
	1
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file4.png
Input image Output image
Wre 1 64

3? ~. 256 256
R
256x256 _ ,
¥ 128 128 256 256 4 256x256

8CI * 8C1
8C1 % 8C1

*|—>I*|*I

» Conv 3x3, RoLU

9 X ¥9
9 * 9

256 256 256 256 ‘
* Copy and Crop

» Max pool 2x2

I ‘ l ‘ I » Max pool 2x2

512 512 ‘ Conv + Sigmoid

Z‘E"Z‘E





nav.xhtml


  cancers-14-04109


  
    		
      cancers-14-04109
    


  




  





media/file2.png
r [ N By (R L
u- L B B

Ao S

: > ' ’.!., ..
e !- .‘ ll
....1\.4 -l- i« i‘.f f
My e .’ > v,.. "yy
NS ..r_ 2 FB AR
aAn G Sy
g B, Ta v B
e e B 4 NESE P

r‘l

N..

Dense Block 2

S

_%é,.wma ._

Oo:< _

Dense Block 2

Dense Block |

Prediction

Transition layers






media/file5.jpg





media/file3.jpg





media/file1.jpg
l\ié&ﬁ





media/file7.jpg
DensoBlock | . 56)| con [1 X 1] X6 ’
B

®
!

Transition | Input: | (56,56)
Layer 1) | Qutput: | (28,28)

conv | 2x2  average pool






media/file10.png
NV

o€nyv

aeraanisod am,

1.0 0.951
0.927 0914
0.9
0.808
0.8 —&—DenseNet
0.7
50 100 150 500
Training epochs
10 0.946 0.951

0.909
0.9 0.875

=@ DenscNet
0.8
0.7
32 64 128 256
Input size
A ROC curve
e
1.0
0.8
0.6
—— Densenet AUC=0.951
0.4 — Resnet AUC=0.924
— TInceptionV3 AUC=0.937
0.2 — VGG16 AUC=0.590
’ — PCV+SVM
AUC=0.513
O-O L 1 1 1 1 =
00 02 04 06 08 1.0

False positive rate

1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0

InceptionV3

Vgg-16 InceptionV3

Benign Benign

Malignant Malignant

Benign Malignant Benign Malignant

ResNet DenseNet

Benign Benign

Malignant Malignant

Benign  Malignant Benign Malignant

DenseNet

PCA+SVM VGGI16 ResNet

M Precision
= Accuracy
w Sensitivity

m Specificity





media/file12.png





media/file9.jpg





media/file0.png





media/file8.png
‘ DenseNet architecture ‘

v

I Convolution ‘
B;rnse Block Outpat: | (56, 56) | conv [; z é <6

v

Transition Input: | (36, 56)
Laver (1) Output: | (28, 28)

conv | 2x2 average pool

Classification Laver






media/file11.jpg





media/file6.png
origim

.

Epoch 30

Epoch 100 Epoch 200 Epoch 500

morphological
operation

segmentation result mask

’ 4
Wy
4" PR

pathological

Mimmum enclosing rectangle

Cell commumity





