Name of Journal: Artificial Intelligence in Gastroenterology
Manuscript NO: 57498
[bookmark: OLE_LINK3][bookmark: OLE_LINK4]Manuscript Type: MINIREVIEWS

Application of artificial intelligence for the diagnosis, treatment, and prognosis of pancreatic cancer

Lin HM et al. AI in pancreatic cancer

Hai-Min Lin, Xiao-Fei Xue, Xiao-Gang Wang, Sheng-Chun Dang, Min Gu

Hai-Min Lin, Sheng-Chun Dang, Department of General Surgery, the Affiliated Hospital, Jiangsu University, Zhenjiang 212001, Jiangsu Province, China

[bookmark: _GoBack]Xiao-Fei Xue, Xiao-Gang Wang, Sheng-Chun Dang, Department of General Surgery, Pucheng Hospital, Weinan 715500, Shaanxi Province, China

Min Gu, Department of Oncology, Zhenjiang Hospital of Traditional Chinese and Western Medicine, Zhenjiang 212000 Jiangsu Province, China

Author contributions: Lin HM and Dang SC designed and drafted the manuscript; Xue XF reviewed the literature; Wang XG and Dang SC discussed and edited the manuscript; Dang SC revised the manuscript.

Supported by grants from the Zhenjiang Science and Technology Committee, No. SH 2019061.
[bookmark: OLE_LINK98][bookmark: OLE_LINK91]
Corresponding author: Min Gu, Chief Doctor, Department of Oncology, Zhenjiang Hospital of Traditional Chinese and Western Medicine, No. 18, Tuanshan Road, Zhenjiang 212000, Jiangsu Province, China. dangscjda@163.com
Received: June 12, 2020
Revised: July 12, 2020
Accepted: July 16, 2020 
Published online: 


Abstract
Pancreatic cancer is a complex cancer of the digestive tract. Diagnosis and treatment can be very difficult because of unclear early symptoms, the deep anatomical location of cancer tissues, and the high degree of cancer cell invasion. The prognosis is extremely poor; the 5-year survival rate of patients with pancreatic cancer is less than 1%. Artificial intelligence (AI) has great potential for application in the medical field. In addition to AI-based applications, such as disease data processing, imaging, and pathological image recognition, robotic surgery has revolutionized surgical procedures. To better understand the current role of AI in pancreatic cancer and predict future development trends, this article comprehensively reports the application of AI to the diagnosis, treatment, and prognosis of pancreatic cancer.
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Core tip: There are few unified reports on the use of artificial intelligence (AI) with regard to pancreatic cancer. By collating information on AI’s application in this field in recent years, this article systematically reports the use of AI for the diagnosis, treatment, and prognosis of pancreatic cancer. Accordingly, this article fully depicts the current status of AI in this field and predicts future development trends.


INTRODUCTION
Pancreatic cancer has a high degree of malignancy. Given the difficulty of early diagnosis, pancreatic cancer often metastasizes after diagnosis. Despite significant progress in pancreatic cancer research in the past decade, treatment and prognosis still tend to be unsatisfactory[1,2].
Artificial intelligence (AI) has greatly progressed in recent years. AI can avoid the influence of subjective thinking; deal with large data volumes; and support diagnosis, treatment, and prognosis[3]. Therefore, medical AI is a topic of considerable interest. AI is also widely used in the field of pancreatic cancer. Applications include diagnosing cancer by processing image data[4] and using machine learning to accurately distinguish cancer subtypes[5]. Robotic surgery is also widely applied to make up for the shortcomings of traditional laparoscopic surgery[6]. Artificial neural networks (ANNs) are able to predict the maximum probability of survival of patients with pancreatic cancer 7 mo after surgery[7]. Therefore, AI has great prospects for further application in the diagnosis, treatment, and prognosis of pancreatic cancer. This article summarizes the current role and application of AI in medical work related to pancreatic cancer.

AI’S ROLE IN PANCREATIC CANCER DIAGNOSIS
Application of AI to the molecular diagnosis of pancreatic cancer
In bioinformatics research, researchers often need to collect, screen, process, and summarize large amounts of data. As such, the question of whether machine learning can simplify the process and achieve good results has been a hot research topic[8]. There are many specific molecules related to pancreatic cancer such as microRNA (miRNA) 10b[9], cell-free DNA[10], and ZIP4[11]. Research on the molecular mechanism and diagnosis of pancreatic cancer has become a mature, standardized field, with a large number of relevant articles in recent years[11,12]. However, the need to collect and process data manually can consume a great deal of time and energy.
Machine learning helps researchers spend less time on data processing through one-time modeling. The steps for using machine learning typically include the following: collecting the basic data, dividing data into an experimental group and a verification group, establishing a screening and processing model, inputting the experimental group data into the model, calculating the output results, and verifying the model’s feasibility using the verification group. The verification group can be used to test the specificity and sensitivity of the experimental group while the experimental group can make the model more intelligent[10]. The steps are illustrated in Figure 1.
Using network representation learning and convolutional neural networks, the correlation between miRNA and pancreatic cancer disease can be analyzed, and the potential disease miRNA can be found[13]. Machine learning has been used to process large exocrine RNA data and generate predictive templates that can identify cancer in individuals[14]. An ANN can imitate the human neural meridian system. It is divided into three parts: input layer, hidden layer, and output layer. “Deep learning” (Figure 2) refers to an ANN with multiple hidden layers. Using this technique, cyst tumor markers, amylase, cytology, and other information are inputted and then combined with two data; the output layer outputs whether the pancreatic cystic lesions are benign or malignant[15]. Some researchers have also proposed an extensible supervised classifier technical framework that can diagnose pancreatic cancer provided the expression profile of a single cell can be input to reveal its identity[9].
Although machine learning can save researchers a lot of time on data processing, machine learning still has many limitations. The first concerns data collection and processing. Specific input projects at the beginning of modeling are needed for machine learning and neural network analysis. However, for researchers who have not carried out data analysis, it is unknown which raw data are necessary and unnecessary. Useless data simply increase the workload and can also become the specificity and sensitivity of the model. Meanwhile, editing the model also poses a significant problem. Although AI can save time, the threshold and workload in the establishment of AI programs are prohibitive for nonprofessionals who lack a foundation in math and programming.
The occurrence and development of pancreatic cancer is complex and changeable, and the patient’s condition has a large degree of variability. In this regard, AI can be applied to the molecular diagnosis of pancreatic cancer and can obtain objective data processing results. However, AI is not independent and mostly can only be used as an auxiliary tool. Yet, with continuous development and improvement, AI might eventually have a more universal application.

Application of AI in the imaging diagnosis of pancreatic cancer
AI algorithms (especially deep learning) have made great progress in medical image recognition; convolutional variational autoencoders and other methods have numerous applications in this field[16]. In fact, as early as 2001, neural networks were used to analyze endoscopic ultrasound images to distinguish pancreatic cancer from focal pancreatitis. A program was designed that could distinguish pancreatitis from pancreatic cancer by extracting pixel features from images, showing a high accuracy rate of 89%[17]. Given the state of image diagnosis technology at that time, the images were relatively simple, but with the help of computer neural networks, differential diagnosis became easier and achieved higher accuracy. Since then, neural network analysis images have been used in research to differentiate pancreatic cancer from chronic pancreatitis. This method involves collecting image data into a vector form and then converting it into a hue histogram. The sensitivity, specificity, and accuracy of this method in the differential diagnosis of benign and malignant pancreatic lesions were 91.4%, 87.9%, and 89.7%, respectively[18].
Pancreatic cystic lesions are often considered an important sign of pancreatic cancer. Machine learning is used to extract the imaging features of these cystic lesions, select and classify those features, and then use them to predict benign or malignant pancreatic cystic lesions. In this process, first, image acquisition is conducted uniformly, the edge of the suspected lesion object is delineated, and the three-dimensional (3D) shape of the variant is obtained. Then the features of suspected diseases in the image are extracted including the structure, density, and shape. AI software is used for in-depth learning, the features are screened and analyzed, and the imaging output results are obtained. The obtained results, proteomics, and patient data are entered into the machine learning model as the input layer to generate a predictive model, which can help clinicians in the differential diagnosis of benign and malignant pancreatic cysts[19].The entire process is shown in Figure 3.
Over the past 20 years, with the popularization and development of computed tomography (CT), magnetic resonance imaging, and positron emission tomography-CT, medical staff has been able to obtain more clear imaging data. However, because of human limitations, they cannot achieve zero errors, and diagnostic efficiency is not high. Furthermore, it is time consuming to train professional radiologists. Moreover, the image itself can only reflect the internal structure of the patient at a certain time and from a certain angle; thus, slight changes can be difficult to be detect with the naked eye. As such, reliable AI can improve the accuracy of image diagnosis.
As mentioned above, manual diagnosis has shortcomings such as subjective judgment, a lack of repeatability, and low accuracy. Recent research on using convolutional layer neural networks to recognize CT in pancreatic cancer diagnosis may provide a way to overcome such shortcomings. An AI designed for one related study consisted of two parts: training and verification. First, a patient data database is established, image data are collected, and an image database is established. Then the feature extraction, area generation (RPN), and classification and regression networks are established. In the AI network, the input image is first converted into a convolutional feature graph, and the RPN parameters are adjusted through the feature map to generate the ROI feature vectors. Then the RPN parameters are put into the convolutional layer, and a certain model is used for regression and classification. Next, the regression parameters are generated into new RPN parameters, and the two RPN parameters are updated only for the unique network layer of RPN through machine learning. The RPN parameters are then generated by the regression parameters to fine-tune the unique convolutional layer. Using a reserved verification group input model, the Secure Global Desktop network is trained by back-propagation and random gradient descent, and the network weights and parameters can be constantly updated and optimized. Finally, the final model is obtained as an AI diagnosis system. The receiver operating characteristic curve of the experimental results reached 0.9632. The AI in that study needed only 20 s to identify images and was more objective and effective than traditional diagnosis methods. It was noted, however, that while this method showed high accuracy in the diagnosis of pancreatic cancer, it does not mean AI can replace specialists; rather, it provides an auxiliary tool for diagnosis[20].
Although AI has good prospects for image diagnosis, it also has limitations, and the process of model training is inseparable from the assistance of artificial diagnosis. In theory, the ultimate goal of diagnostic accuracy is infinitely close to the imaging doctor. Therefore, how to make good use of this to make AI more intelligent may be an important problem to be solved in future research. In fact, the application of AI in imaging has been investigated by experts in many fields, and it also requires knowledge from many fields. Such projects create a platform for imaging experts to communicate with computer experts. The result is that an AI system is established that uses a deep learning algorithm to collect and analyze CT images of the pancreas. The experimental group image data and the normal control image data are imported into the program. Through two matrices and the application of a filter, statistics, texture, shape, and other data are obtained. Then the pancreatic ductal adenocarcinoma and the normal control are distinguished by data processing, statistical analysis, and the random forest model.
The relationship between AI and imaging involves knowledge from various fields such as pathology, radiology, oncology, and computer science. Thus, a more intelligent AI system may be built through the combined work of experts from multiple fields[21]. The AI image acquisition discussed above is based on segmenting the pancreas from the image. The traditional segmentation method is a top-down simulation fitting method based on a large amount of map input and fixed pancreatic label fusion. However, there is also a bottom-up pancreatic segmentation method that subdivides the aggregated image region into a pancreatic region and a nonpancreatic region. The segmentation is based on the visual features of the image itself, which can improve the accuracy of pancreatic segmentation. It has been reported that the bottom-up pancreas segmentation method has been optimized. With the improvement of deep convolutional neural networks, this method can deal with the highly complex appearance of the pancreas in CT images[22].
Based on the above, we can see that the application of AI in the imaging diagnosis of pancreatic cancer has made considerable advances and is constantly improving.

Application of AI in the pathological diagnosis of pancreatic cancer
Pathologists need to identify diseased tissues in different tissue sections, which is a time-consuming and laborious process. Even experienced professionals may have the risk of subjective judgment. As with the application of AI in imaging diagnosis, AI is also important in the field of pathology, wherein tissue sections are digitized by a computer[23]. First, the AI system divides the lumen and nucleus from tissue fragments and extracts feature vectors from tenfold epithelial nuclei. Different cells have different feature vectors. An epithelial nucleus algorithm is used to identify epithelial nuclei. Then, the morphological features of the diseases that can be diagnosed are extracted. Finally, AI classifiers are used for classification. These classifiers include Bayesian classifiers, k-nearest neighbors, support vector machines, and ANNs[24]. Based on an automatic learning framework, cells can be segmented more accurately by combining bottom-up and top-down information. After collecting patient tissue samples, the tissue photographs are uniformly collected. A convolutional neural network model of a deep convolutional neural network is used to generate a probability map of tissue nuclear distribution. Then the iterative region merging method is used to initialize the shape of the probability graph. Next, combining a sparse shape model with stable selection and a local repulsive deformation model, a new segmentation algorithm is proposed to separate a single nucleus.
A significant advantage of this framework is that it is suitable for different stained histopathological images. Because of the feature-learning characteristics of deep cellular neural networks and the characteristics of high-level shape prior modeling, this proposed method is sufficiently universal and can be applied to different staining specimens and various types of histopathological identification. This model is not only less affected by the overlap of pathological tissues and cells but is also relatively insensitive to image noise and uneven intensity. Different tissue-staining datasets are tested, which can identify and label the concentrated area of the nucleus[25].
In addition to AI classifiers, neural networks also play an important role in image analysis to determine whether the pathology is benign or malignant. After collecting a certain amount of fine-needle aspiration pathology of the pancreatic tumor, a pathological image is captured for preprocessing (image gray conversion and noise reduction). Then, the K-means clustering algorithm is used to extract the highest value of pixels until all of the pixels are equal. The part of the image that needs to be identified is segmented so the tissue can obtain the basic nuclear features, which can be used to evaluate cellular morphological features. These features are input into the AI multilayer perceptron (a feedforward nonlinear neural network) as input vectors, and the decisions made by this perceptron are sent to the second layer perceptron using image evaluation. Because there are a certain number of validated cases, the diagnostic accuracy of benign and malignant lesions can be evaluated using statistical methods (logistic regression, multiple regression, area under the curve, and R-squared)[26]. Different from imaging diagnosis, pathological diagnosis pays more attention to accuracy. Thus, AI has a lot of room for improvement in the accuracy of auxiliary diagnosis, which will inevitably take a long time to develop.

APPLICATION OF AI IN THE TREATMENT OF PANCREATIC CANCER
Application of AI in radiotherapy for pancreatic cancer
It takes a long time to accurately delineate the target area of pancreatic cancer in radiotherapy. A recent study used machine learning to target unlabeled pancreatic cancer. The deep learning neural network included the following steps. Input of the complete X-ray image obtained by the vehicle imager, after which the image was processed by the computer. Then changes were simulated between the target tissue and normal tissue. Finally, the accuracy of the model was reevaluated through a retrospective study of patients with pancreatic cancer. The output was the position of the verified plan target in the projected image[27]. Target planning can also be conducted by imitating the human brain through AI. This AI is based on abdominal magnetic resonance (MR)-ART for automatic contour rendering through two steps. The first step is to compare the patient’s MR image with a normal MR image. Because of the high MR resolution, it can roughly outline the object. In the second step, information is directly obtained from the pixel data through a supervised, adaptive, active, learning-based support vector machine, and the target is sketched out from the features of the pixels. The information obtained through these two steps is then integrated by the AI, resulting in the final output. This approach can obtain data science institute values of more than 0.86[28].
Since the pancreas is located deep in the abdomen, radiation therapy requires not only a standard and accurate location but also an appropriate dose. An ANN dose model can be used to determine the appropriate dose. The data are processed by the input + the hidden layer + the output, which is continuously weighted. After training, errors are understood, and the weight distribution of the hidden layer is adjusted. The inputs in ANN data mining are geometric planning parameters [including CT images, treatment plans, structures, and dose distribution calculated by treatment planning systems (TPS)]. A single output is a prediction of the dose calculated by TPS for the voxel[29].

Application of AI in chemotherapy for pancreatic cancer
Different subtypes of pancreatic cancer cells are sensitive to different chemotherapy regimens[30]. The best way to determine cell subtypes is to make a diagnosis through pathology. However, invasive access to pathology will undoubtedly cause some pain for the patient. Due to the heterogeneity and cystic structure of pancreatic cancer tumors, the puncture results are often not ideal, sometimes even producing false-negative results. Machine learning has been applied for the noninvasive determination of pancreatic cancer cell types, including revealing the disease subtypes and molecular characteristics of pancreatic cancer. Using machine learning, pancreatic cancer-related protein expression, mRNA transcription, DNA methylation, and miRNA are integrated. Pancreatic cancer is divided into two categories. The determined subtypes have a clear response to the corresponding drug therapy and can therefore guide chemotherapy[5].
In a retrospective observation cohort study matched with histopathological tumor subtypes, after collecting the patients’ clinical and imaging data, the images were classified using a double-blind method. After image processing, feature extraction, feature preprocessing, feature engineering, and machine learning modeling, 70% of the queues were used for training, and 30% of the queues were tested. This study showed that radiological analysis combined with machine learning modeling can make high-sensitivity, high-specificity distinctions between the two groups of pancreatic ductal adenocarcinoma (PDAC) molecular subtypes defined by histomorphology. The analysis of radiological characteristics through machine learning can predict the subtypes of PDAC. This is highly related to responses to chemotherapy and patient survival[31]. AI can also simulate the effect of tumor targeted therapy drugs on tumor targeted genes. By combining machine learning, pharmacogenomics, and metabolomics, the efficacy of targeted drugs does not depend solely on the status of individual genes. It is also related to the degree of quantification of the Wahlberg effect, which leads to the emergence of the treatment window in vivo[32].

Application of AI in the surgical treatment of pancreatic cancer
The first reports of laparoscopic pancreatectomy were published in the early 1990s[33], and the first laparoscopic pancreaticoduodenectomy was reported in 1994[34]. Laparoscopic distal pancreatectomy (LDP) is feasible and safe. Compared to open distal pancreatectomy, LDP has the advantages of less bleeding, shorter hospital stays, lower postoperative complication rates, and short-term oncology effects. LDP is also increasingly used for patients with high BMI, a history of abdominal surgery, complications, and large tumors[35]. Compared to open surgery for pancreatic cancer, laparoscopic surgery also has some limitations, such as a two-dimensional surgical field of vision, a limited range of motion, the fulcrum effect, and the enhanced tremor of effectors[6]. However, robot-assisted pancreatic cancer surgery (RDP) can make minimally invasive surgery more effective while maintaining the advantages of laparoscopic surgery (e.g., less trauma, rapid postoperative recovery, and little bleeding).
There is a question of whether robot-assisted surgery for pancreatic cancer can optimize laparoscopic surgery without increasing the side effects. Some studies have found that RDP is as safe and feasible as laparoscopic DP. The intraoperative blood loss, hospital stay, incidence of postoperative complications, perioperative mortality, and incidence of postoperative pancreatic fistula in RDP were similar to those in LDP[36-38]. Compared to open distal pancreatectomy, the probability of pancreatic fistula in RDP was not increased, and the probability of operative complications, readmission rate, mortality, and hospitalization days were similar. Robot-assisted distal pancreatectomy and pancreatectomy are comparable to traditional surgery in terms of safety and almost all outcome indicators[39,40]. RDP is relatively safe, but compared to traditional surgery and laparoscopic minimally invasive surgery, it improves the preservation rate of splenic vessels and reduces the risk of conversion to open surgery[38,41].
The Da Vinci robotic surgery system has unique characteristics, reflecting the main advantages of laparoscopic surgery. There is a stable 3D view, a wrist-like movement of the effector instrument (seven degrees of freedom), no fulcrum effect, no tremor, and no proportional adjustment of instrument motion[41]. Although robot-assisted distal pancreatectomy has potential benefits for spleen preservation, the cost of robotic surgery is very high, which is one of the obstacles to its widespread use[42]. Robotic surgery also lacks tactile sensory feedback and has a higher learning curve. Studies have shown that it takes 80 cases for a chief surgeon to reach a skilled level, and the experience of laparoscopic surgery can shorten this process[41,43]. In some complex cases, robotic surgery performs better than traditional laparoscopic surgery, such as spleen-preserving surgery with the preservation of splenic vessels[37,44]. For example, for patients with high BMI, robotic surgery may reduce intraoperative blood loss and shorten hospital stay[45]. The summary is revealed in Table 1.

APPLICATION OF AI IN PANCREATIC CANCER PROGNOSIS
Pancreatic cancer is highly malignant. Although it can be cured through radical resection, the 5-year survival rate is still very low[46]. One study used population models and machine learning algorithms to predict the risk of recurrence in patients with pancreatic cancer 2 years after surgical resection. After collecting features considered having the most influence on recurrence, the most representative feature variables were selected, which were then used to train the machine learning algorithm. After repeated training, logistic regression was found to be the best prediction algorithm after cross-validation. This model had high accuracy in predicting the recurrence probability for a patient 2 years after surgery, suggesting that the machine learning algorithm may be helpful for identifying high-risk patients and developing adjuvant treatment strategies[47]. However, the sample size of that study was small, and there was no unified standard for treatment. Thus, this machine learning algorithm could be improved in future research by using larger samples and unified treatment.
Machine learning can also be used to develop prognostic classifiers to predict the survival of pancreatic cancer patients by integrating multiple DNA methylation statuses of pancreatic cancer–related mucin genes[48]. As a nonparametric machine learning method, ANN is also used to evaluate the survival rates of patients with pancreatic cancer. Similar to the working mode of the brain, patient variables are collected as processing elements, and interrelated processing elements are arranged and connected layer upon layer. Each connection has a related weight, each weight value can be transferred to the next ganglion layer, each lower layer can aggregate the input values of the upper layer, and the last layer is the output value. The output value is generally binary and can be used to determine whether the patient survives after 7 mo[7]. The malignancy degree of pancreatic cancer is closely related to the invasiveness of its tumor cells. Mathematical modeling represents the growth process of the tumor as a physiological and biomechanical model and personalizes the model according to the clinical measurements of target patients. The volume of the whole tumor, including its size, shape, and involved area, can be predicted[49].

CONCLUSION
Pancreatic cancer is a major cancer that threatens human health. Although there are systematic treatment plans, the effect of radiotherapy is poor because of the deep location of the pancreas and the tissue characteristics of the cancer. The special characteristics of pancreatic cancer also lead to drug resistance after chemotherapy, and surgical treatment is difficult because of the large number of important organs around the pancreas and its anatomical complexity. AI has the ability to replace or assist people in clinical work. It has great application prospects for the diagnosis, treatment, and prognosis of pancreatic cancer. Regarding molecular diagnosis, imaging diagnosis, and chemotherapy, machine learning can help researchers process data, perform analysis, and obtain experimental results. In radiotherapy, AI is mainly used for the automatic planning of radiation targets and radiation dose prediction. The development of robotic pancreatic surgery has increased the accuracy of pancreatic surgery and reduced complications, but automation cannot be fully achieved without continuous training and verification. Therefore, for a long time in the future, most AI applications for pancreatic cancer will continue to be used as practical auxiliary tools.
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Figure Legends
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Figure 1 The common steps in machine learning. A similar pattern was used for prognostic analysis of pancreatic cancer.
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Figure 2 Algorithm of deep learning. Data were passed from layer to layer: from the input layer to the output layer.
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Figure 3 The entire process. Machine learning is used to extract the imaging features of these cystic lesions, select and classify those features, and then use them to predict benign or malignant pancreatic cystic lesions. In this process, first, image acquisition is conducted uniformly, the edge of the suspected lesion object is delineated, and the three-dimensional shape of the variant is obtained. Then, the features of suspected diseases in the image are extracted, including the structure, density, and shape. AI software is used for in-depth learning, the features are screened and analyzed, and the imaging output results are obtained. The obtained results, proteomics, and patient data are entered into the machine learning model as the input layer to generate a predictive model, which can help clinicians in the differential diagnosis of benign and malignant pancreatic cysts.



Table 1 Comparison of advantages and disadvantages of open distal pancreatectomy, laparoscopic distal pancreatectomy, and robot-assisted pancreatic cancer surgery
	Class
	ODP
	LDP
	RAP

	History
	Oldest
	Modern
	Recently

	Bleeding
	More
	Less
	Less

	Hospital stay
	Long
	Short
	Short

	Postoperative complication rates
	High
	Low
	Low

	Short-term oncology effects
	Normal
	Litter
	Litter

	Trauma
	More
	Less
	Less

	Application prospect
	Patients with high BMI, a history of abdominal surgery, complications, and large tumors
	Approach to ODP
	Preserve splenic vessels, for patients with high BMI

	Vision
	3D
	2D
	3D

	Tactile sensory feedback
	Good
	Worse
	None

	Learning curve
	Low
	High
	Higher


ODP: Open distal pancreatectomy; LDP: Laparoscopic distal pancreatectomy; RAP: Robot-assisted pancreatic cancer surgery; BMI: Body mass index.
 22/27

image2.png
Tumor markers

Amlyase

Cytology

Sex

Other information

Input layer

Wl

V'V ‘",
Y

\4"‘»/
SRR (i
L0\ g

i\

Hidden layer

- Predictive value of disease

Output layer




image3.png
Edge

Image . ED
acquisition E> automatically ’:> modeling
delineate
Features Features
selection and <] <j extracting and|
analysis engineering
Image Dulp;l.l r:s;li +> pmlt::.n prediction
genomics, patient data > machine > model

learning





image1.png
‘ Collect date

Experimental
group

Verification
group

|:> Al model |:>
r

o

Verify the
result

O lewe]

Specificity and
sensitivity

-

Result





